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Abstract

This paper concerns formal theories for reasoning
about the knowledge and belief of agents. It has
seemed attractive to researchers in artificial intelli-
gence to formalise these propositional attitudes as
predicates of first-order predicate logic. This al-
lows the agents to express stronger introspective
beliefs and engage in stronger meta-reasoning than
in the classical modal operator approach. Results
by Montague[1963 and Thomasoh198d show,
however, that the predicate approach is prone to in-
consistency. More recent results by des Bigs

& Levesque[1989 and Morreau & Kraug1994
show that we can maintain the predicate approach if
we make suitable restrictions to our set of epistemic
axioms. Their results are proved by careful transla-
tions from corresponding modal formalisms. In the
present paper we show that their results fit nicely
into the framework of logic programming seman-
tics, in that we show their results to be corollar-
ies of well-known results in this field. This does
not only allow us to demonstrate a close connec-
tion between consistency problems in the syntactic
treatment of propositional attitudes and problems in
semantics for logic programs, but it also allows us
to strengthen the results of des Rikés & Levesque
[1989 and Morreau & Krau$1999.

Introduction

This formula has no counterpart in the classical modal op-
erator approach, since K; and K, were modal operators,

we would not be able to apply them directly to the variable
(modal operators only apply to well-formed formulas). Thus
the predicate approach gives us more expressive power and
the ability of agents to refer to the totality of their own and
others beliefs, which is important in meta-reasoning.

Unfortunately, the predicate approach easily becomes in-
consistent, since the added expressive power allows the
agents to express self-referential beliefs that in some cases
turn out to be paradoxical. This was proved by Montague
[1963 and Thomasofi198d. They prove that certain axiom
schemes describing natural properties of knowledge and be-
lief are inconsistent with formal arithmetic. Their results are
reviewed in Section 3. Des Ridies & Levesqué1984 and
Morreau & Kraug 1994 have shown there to be a way out of
these inconsistency results: to suitably restrict the set of sen-
tences that we instantiate our axiom schemes of knowledge
and belief with. These results are reviewed in Section 3 as
well.

In this paper we will show that the results of des Ries,
Levesque, Morreau and Kraus can be reduced to well-known
results in logic programming semantics. This is carried out
in Section 4. In Section 5 we give a strengthening of their
results, using again the connection to logic programming se-
mantics.

2 Terminology and Notation

We will be using theories of first-order predicate logic to for-
malise propositional attitudes of agents. To prove the consis-

The approach most often used in constructing formal theotency of these first-order theories, we use results from logic
ries for reasoning about multiagent systems is to formalis@rogramming semantics. Below we introduce the kinds of
the agents’ beliefs and knowledge through modal operalogic programs and first-order languages we will be consider-
tors. An alternative approach is to formalise these proposiing.

tional attitudes as predicates of a first-order predicate logic .

This has several advantages, which have been widely di-1 Logic Programs

cussed in the literatuf@®avies, 1990; Attardi and Simi, 1995; All logic programs considered in this paper will be proposi-
Carlucci Aiello et al, 1995; McCarthy, 1997; Grardt al,  tional. Thus, amatom is simply a propositional letter, and
200d. Most importantly, it allows us to quantify over the aliteral is either a propositional letter or its negationp.
propositional objects of knowledge and belief as for instancéVe take the symbolg-ue andfalse to be among our propo-

in “agent 1 believes thaverythingknown by agent 2 is also sitional letters with the obvious intended interpretation. A

known by agent 1", formalised by

Bi("Vz(Ky(x) — Ki(2))7).
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whereH is an atomp > 1 and allL; are literals. Aproposi-  ¢. The intended interpretation of a formuly"¢™) is that
tional program (or simply aprogram) is a (possibly infinite)  “¢ is known” or “p is believed”. We assume all first-order
set of clausesHerbrand models of programs are defined in languagesL to contain the language of Peano arithmetic.
the usual way. We require that all models assign the truthThroughout the paper, fgprmal arithmeticwe mean Robin-
value true to the propositional letterue and false tdfalse. son’s arithmetic, though any other standard formalisation of
Given a programP, comp(P) denotes its Clark comple- arithmetic could have been used in its place. We identify first-
tion. Since we work only with propositional programs, the order languages with their sets of sentences. Bysantence

Clark completion is particularly simple. Th&lark comple- in L we understand a closed formula, that is, a formula with-
tion of P is the following set of equivalences in infinitary outany occurrences of free variables. The set of ground terms
propositional logic: for each atom in P, of L is denotedlerms(L).

To avoid confusion between formulas of propositional pro-
grams and formulas of first-order languages we will use Latin
letters for the former and Greek letters for the latter.

e if A does not appear as head of any clausé jrthen
A < false € comp(P).

e otherwise we havel < \/,_; B; € comp(P), where
{A — B, | i€ I} is the set of clauses i with head 2.3 Regular Formulas and RPQ Formulas
A. We now define the sets of first-order sentences which we in-
Let P be a propositional program. Thiependency graph tendto prove that our axiom schen_1es of knowledge and belief
of P is the directed graph with signed edges defined as fol6@n consistently be instantiated with.
lows. The nodes of the graph are the atoms (propositiondDefinition 1. Let L be a first-order language. The setrefy-
letters) occurring inP excluding the special atomsue and  ular formulas of L is the least set satisfying:

false. There is a positive edge from to B, denoted by  (j Any atomic formula of. — {T'} is a regular formula.
(A, B,+), ifand only if there isa clausd — Ly A--- A L, N d lar f | . iable. th
in P such thatZ; = B for somel < i < n. If L; = —B (i) If ¢ andey are regular formulas and is a variable, then

then there is a negative edge frofito B, denoted 4, B, —). ¢ N, ~p and3zy are regular formulas.
We say thatd dependson B, denoted byd < B, ifthereisa (i) If ¢ is a regular formula ther¥’("¢™) is a regular for-
proper path fromd to B in the graph. We say that depends mula.

negativelyon B, denoted by <; B, if there is a path from gy definition differs slightly from the one given by Mor-

A'to B containing at least one negative edge. Aprogfale  yeay and Krau§1994. Instead of using a parametrised cod-
calledlocallly stratified if the relation<; in the dependency ing, they have an(n + 1)-place predicate symbd™ for
graph of P is well-founded. eachn, such that instead of writing’("p(z1,...,2,)7),

. wherex,,...,z, are the free variables af, they would

2.2 First-Order Languages be writing T"("¢ ™, z1,...,2,) Where™ 7 is then a stan-
We useL to range over languages of first-order predicatedard (non-parametrised)d@el coding. To simplify matters,
logic. We take the connectives of first-order logic to-he\  we have chosen to take care of the free variables by using
and3. When usingv, —, <> andV in formulas, these formu- a parametrised coding rather than by introducing infinitely
las are simply abbreviations of formulas containing orly\  many predicate symbols of different arities.

andd. We require all languagek to contain the one-place  As an example of a regular formula we have, for a suitable
predicate symbol§” andP. P will be used as a predicate choice ofL,
that picks out a set of (codes of) formulasiin 7" will, de- :
pending on the context, be used to express one of our syntac- 3zT("telephoneMike) = =),

tic attitudesbelief or knowledge By L — {T'} we denote the expressing that the agent knows Mike’s telephone number. If
languageL with the predicate symbdl’ removed. We will  we have more than one agent, we can of course introduce a
assume that all considered languages contain a parametrispredicate symbdl’; for each agent. In that case the follow-
coding. By aparametrised codingin L we understand an ing sentence also becomes regular:

injective map - from the formulas of_ into the terms ofL

satisfying: T, ("Vx(T,("departure-timétrain, z)7) —
(i) For any formulay in L, the term” o™ has the same free departure-timetrain, x)) ),
variables ag (but" ' is not itself a variable). expressing that agent 1 believes agent 2 to have correct beliefs

(i) For any formulap(x) in L and any termr which is free about the departure time of the train. As an example of a hon-
for  in (), "¢(7)is the term obtained by substitut- regular formula we have
ing 7 for all free occurrences af in "o (z) ™. Tused "V (utter(systema) — Teysten()) ),

(i) The coding iswell-founded that is, there is no infinite
sequence of formulagy, p1, @2 ... suchthat p;,17is
aterming; foralli € N,

expressing that the user believes that the system only utters
what it believes to be the case. It is non-regular because
Tsystemis applied directly to a variable and not to the code of
We refer to [Feferman, 1984 for the construction of a aformula. To allow expressing beliefs such as this one, Mor-
parametrised coding. Feferman’s coding does not satisfy (iiieau and Krauk1999 extended the set of regular formulas to
but a simple variant of it will. "7 is called thecode of = a more inclusive class called the RPQ formulas.
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Definition 2. LetL be a first-order language. The setRPQ  Theorem 5 (Morreau and Kraus [1994). Theorem 4 still
formulas of L is the least set satisfying: holds when we replace “regular sentences” with “RPQ sen-

(i) Any atomic formula of. — {T'} is an RPQ formula. tences”.

(i) If ¢ andy are RPQ formulas and is a variable, then
® A1, ¢ and 3z are RPQ formulas.

Theorem 4 is proved ifdes Riveres and Levesque, 1988
by a careful translation from a corresponding first-order
modal logic. Theorem 5 is proved [Morreau and Kraus,
(iii) If ¢ is an RPQ formula theff’("¢ ™) is an RPQ formula. 1994 by a similar translation from a corresponding second-
; ; i ; order modal logic. In the following section we give proofs
) ]Icg;pn:ls“?y formulain L, thendz (P(x) A ¢) is an RPQ of their results taking a completely different route. We show
. o . ) that the problems can be reduced to problems of consistency
This definition also differs from the one given by Morreau of particular logic programs.
and Kraug1999. It defines a slightly more inclusive set of  |nstead of working directly with the axiom schemes Al—

formulas, and at the same time it is simpler, since it avoidsag we will most of the time be working with théruth
Morreau and Kraus’ use of two distinct collections of vari- schemavhich is the following axiom scheme:

ables.
By regular sentencewe understand a closed regular for- T("pT) < .

mula, and bRPQ sentencea closed RPQ formula. This is often sufficient since, as the following lemma shows,

instances of axiom schemes A1-A6 are logical consequences

3 Review of Previous Results of corresponding instances of the truth scheme. To prove that
Consider the following axiom schemes in a first-order lan-the axiom schemes A1-A6 instantiated over a set of sentences
guageL: S are consistent, it thus suffices to prove the consistency of

the truth schema instantiated over that same set.
AL T("eM) — '
e - . Lemma 6. Let L be a first-order language, and Iétbe a set
A2. T("T("p) — ) of sentences it satisfying:
A3. T(Tp =) = (T("¢") = T (7))
Ad. T ("), if ¢ is atheorem in formal arithmetic.

if o andy are in S thenT("¢7), ~p andp A ¢ arein S.

-4 e A Let M be a model of. in whichT'("¢™) < ¢ holds for all
AS. T("p) = T("T (")) @ in S. Then all of A1-A6 hold ioM for all ¢, in S.

AB. “T ("o A=pT) . o .

) o ) Proof. That Al holds inM wheny is in S is a trivial con-
As already mentioned]'("¢™) is intended to denote either sequence of the fact th&t (") < ¢ holds in M. To
“¢ is known” or “p is believed”. Thus, for instance, the first see that A2 holds in\, we first note that ifp is in S then
axiom scheme expresses that everything known (believed) is (T("¢7) A —p) is in S as well, by assumption ofi. This
true. It seems reasonable to characterise knowledge by the agentence is an abbreviation "¢ ) — ¢, so we get that
iom schemes A1-A4 and belief by A2—A6. But the following the following instance of the truth schema holds\itt
theorem shows that this is not always possible.

r oAl a |
Theorem 3 (Montague[1963, Thomason[198Q). Let L TTCeT) =) < (T0eY) = ¢).
be a first-order language. Formal arithmetic extended withUsing this together with the fact that A1 holds.M, we get
any of the following sets of axiomsifeonsistent thatT ("T'("¢") — ) holds inM. Thatis, A2 holds inM.

(a) The axiom schemes of knowledge, A1—A4, instantiate@3—A6 are proved to hold i\ in a similar manner. [
over the sentences &f

(b) The axiom schemes of belief, A2—AB6, instantiated oveLr1 From LP Semantics to Consistent

the sentences df. Treatments of Knowledge and Belief

The inconsistency of (a) is Montague’s result, and the in-The results of this paper are based on the following lemma.

consistency of (b) is Thomason's result. A way out of these_emma 7 (Przymusinski[1987, Sato[1990). If a pro-
inconsistency results is to restrict the set of sentences that wtam P is locally stratified thercomp(P) has a Herbrand
instantiate A1-A6 with. This strategy gives us the following model.

positive results. Our formulation is taken froniSato, 1990 It should be

Theorem 4 (des Riveres and Levesqu¢198d). LetLbea noted that Sato is not considering infinite programs in his pa-

first-order language. Formal arithmetic extended with any ofper, but his proof carries over without modification to this

the following sets of axioms e®nsistent more general framework. This is because Sato is consider-

() The axiom schemes of knowledge, A1—-A4, instantiatelfd the set of ground instances of non-propositional programs
over the regular sentences bf rather than th_es_e programs th_e_mselves. The set of ground in-

_ ] _ ) stances of a finite non-propositional program is in general an

(b) The axiom schemes of belief, A2—A6, instantiated ovehfinite propositional program, that is, the kind of logic pro-

the regular sentences &f. gram we are considering in this paper.
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Definition 8. Let L be a first-order language, and It be
a set of sentences ih. We define an infinite prografi;, s
as follows. For every sentengein L, the programP;, g
contains a propositional atom denotgg. The clauses of
Pr, ¢ are given by:

DPonw < Do N py, forall 9 € L.

D-p < "Dy, forall p € L.

PIzp(a) < Pyo(r), Torall 3zp(x) € Landr € Terms(L).
DT (o) < Pys forall p € S.

The relation between models of the progrdm s and
models of the first-order languadseis given by the following
lemma.

Lemma9. Let L and S be as above. léomp(P; ) has a
Herbrand modelM thenL has a Herbrand modeV/ satisfy-

ing:
(i) For every sentence in L,
MEp, & NEo
(i) NET( ") < ¢, foralyeS.

Proof. AssumeM is a model ofcomp(Py s). comp(Pr. )
is the following set of equivalences:

1)

Pony < Dy A Py, Torall g, € L. 2)
Dy < Dy, forallp € L. (3)
pﬂwg&(a;) > vTGTerms(L) Py(r)) for all E'l(p(l) c L. (4)
pT(rwﬂ) = Dy, for all (NS S. (5)

Let \V be the following Herbrand model df:
N ={peL|gpisanatomand = p,}.

(i) is proved by induction on the syntactic complexityafIf

© is an atom then (1) holds by definition &f. To prove (1)
for sentences of the form A ¢, ¢ and3zp(x) we simply
use (2), (3) and (4), respectively. For the case@fthe proof
is:

MEp&ME-p, o MEp, S
NEeeNE -y,

(p A, p,+) and{(p A, 1, +), for all p, 9 € L.
o (—p,p,—), forallp e L.

(Fra(z), a(t), +), for Jza(x) € Landr € Terms(L).
(T("¢™), @, +), forallp € R.

Edges of the first type are callededgesedges of the second
type are called--edgesedges of the third type are calléd
edgesand edges of the last tyfge-edges

We have to prove thaPy, r is locally stratified. Actually,
we will be proving something slightly stronger. We will prove
that the relation< in the dependency graph &%, r is well-
founded. That is, we will prove that there does not exist any
path of infinite length in the graph. Assume the opposite, that
is, assume the existence of an infinite path

Claim. o contains infinitely many’-edges.

Proof of claim. Assume the opposite. Then there will be
an infinite subpatly’ of o containing ndl'-edges. Thus all
edges o’ must beA-, —- or 3-edges. But note that for any
such edge, the start node will have higher syntactic complex-
ity than the end node. Thus, aloagthe syntactic complexity
will be strictly decreasing, which contradietsbeing infinite.
This proves the claim. O

With every formulap in L we now associate a natural num-
berd(y), called theT-degreeof . TheT-degree is defined
recursively by

e d(p) =1+d(¥),if o =T("") for somey.
e d(p) =0, if ¢ is any other atomic formula.
e d(p) = max{d(y)) | v isasubformulaof}, other-

wise.

The well-foundedness of the parametrised coding ensures that
d is well-defined. By the above claim, contains an infinite
number ofT'-edges. Letp be the end node of such an edge.
Theny is regular. Lets’ be the infinite subpath af having

 as its start node. Then every nodegmmust be a regular
formula (c.f. the definition of a regular formula). This implies
that every edge oa’ is

(i) either an-, —- or T-edge,

where the first equivalence is by (3) and the third is by induc- (ii) or of type (3za(x), a(7), +), wherea(x) does not con-

tion hypothesis. The two remaining cases are proved simi-

tain T'(z) as a subformula.

larly. Thus (i) holds. Furthermore, using (i) and (5), we getjiem (iji) follows from that fact that whem is a variable then

forall p € S:

NET(¢) e MEprrey & MEp, &N Eo,
and thus\V = T("¢™) < ¢, proving (ii). O
Lemma 10. Let L be a first-order language and Iét be the

set of regular sentences in L. The propositional progiam:
is locally stratified.

Proof. To simplify matters we will throughout this proof be
identifying every propositional letter, with the correspond-
ing first-order sentencgin L. It should always be clear from

T'(x) is not a regular formula, and therefore no formula hav-
ing T'(z) as a subformula can be regular either. Now note
that on any edge of type (i) or (ii), thE-degree of the end
node will be less than or equal to tliédegree of the start
node. Thus thd'-degree will be monotonically decreasing
alongos’ and must therefore be constant from some point. But
then from this point it can not contain affitedges, since the
T-degree of the end node of such an edge is always one less
than thel'-degree of the start node. This contradicts the claim
above. O

the context whethep is used to denote the first-order sen- Lemma 11. Let L be a first-order language and Iet be a
tence or the corresponding propositional letter. Thus, by thé€t of sentences ib. If Py s is locally stratified then any

identification, the nodes of the dependency grapRof are
all sentences it.. The edges are:

446

Herbrand model of.—{T'} can be expanded into a Herbrand
model ofL in whichT'("¢™) < ¢ holds for all in S.
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Proof. Let M denote a Herbrand model &f— {T}. LetP 5 Strengthening the Results

be the prograr-IPL? extendedlwnh the following clauses: We now strengthen the results obtained above. We want to
P, — true, if pisanatominL — {T'} andM [= . define a set of formulas more inclusive than the RPQ formulas

p, — false, if o is an atom inl — {T} and M = —. that the truth schem&("¢™) < ¢ can safely be instantiated

. . : with. For this we need a couple of new definitions.
P ¢ is assumed to be locally stratified, and sineehas P

the same dependency graph Bs g, then P must be lo- Definition 14. Let L be a first-order language and letbe a
cally stratified as well. Thereforemp(P) has a Herbrand formulainL. The set of formulasccurring in ¢ is defined
modelM’, by Lemma 7. Finally, Lemma 9 gives us the exis- as the least set containingand satisfying:

T("¢™) < ¢ hold for all in S. To see that\" expandsMm 3 is occuring ing.

we just have to note that f is an atom inL — {T'} then ) . _ .
o If T'("a™) is occurring iny, thena is occurring ine.

!/

MEe=p, —trecP=MEp, =N Assumaey is a formula occurring inp. The occurrence is said
and to benegativeif i) occurs in a formulax where—« occurs in
M = = p, « false € P = M = —p, = N | —p, . Otherwise the occurrence is calledsitive An occurence
of ¢ in ¢ is said to beprotectedif i) occurs in a formulax
where3z (P(x) A «) occurs ing.

Theorem 12. Let L be a first-order language and 1&f be a Thus, for instancep occurs in formulas such &™) A

theory inL — {T'} containing formal arithmetic. IV has a —~ andT("=T (") A ¥7) but not in A("7) when A” #
Herbrand model ther/ extended with any of the following 7 ¢ has positive occurrence ifi("™) A — but negative

sets of axioms has a Herbrand model. occurrence ifl("=T ("o ™) A 7).

0 Igeugf'gglé%hceerggr@j) < ¢ instantiated over the  pogniion 15, Let I be a first-order language. A formula
i 9 ) ' ) ~ @in L is said to beweakly RPQif, for any variablez, the
(i) The axiom schemes of knowledge, A1-A4, |nstant|ate¢brmu|aT(x) only occurs positively or protected in

over th_e regular sentencespf ) _ Note that in an RPQ formula, every occurrencd ¢f) for

(i) The axiom schemes of belief, A2—-A6, instantiated ovegome variable: is protected, so every RPQ formula is also
the regular sentences &f weakly RPQ. Thus the set of RPQ formulas is a subset of

Proof. Assumel/ has a Herbrand mode\t. Let R denote  the set of_ weakly RPQ formulas. It is furthermore a proper

the set of regular sentences in By Lemma 10,P x is subset, since among the Wgakly RPQ formulas we _have e.g.

locally stratified. So by Lemma 12\{ can be expanded into =% (@boutlove(z) AT'(x)), which is not RPQ. The previously

a Herbrand modeN in which T("¢™) < ¢ holds for all obtained results can be extended to the weakly RPQ formulas.

regulary. This proves (i). (i) and (iii) then immediately Theorem 16. Let L be a first-order language and léf be

follow, using Lemma 6. U atheoryinL — {T'}. If U has a Herbrand model, thefl

fxtended with the axiom scheme

where the last implications are by (i) in Lemma 9. O

Theorem 4 is an immediate consequence of Theorem 1
when takingU to be formal arithmetic. The machinery we T(TpT) <

have introduced can also be applied to prove Theorem 5. Itis

an immediate consequence of the following corollary to The4instantiated over the set of weakly RPQ sentences has a Her-
orem 12, brand model.

Corollary 13. Theorem 12 still holds when we replace “reg-
ular sentences” with “RPQ sentences”. Furthermore, the ex-Froof. Let 5 denote the set of weakly RPQ formulas. Us-

tension ofP in the Herbrand model constructed will be the N9 Lemma 11, it suffices to prove th s is locally strat-
set of codes of regular sentences. ified. As in the proof of Corollary 13, we can consider the

modified programy); s instead. To obtain a contradiction,
Proof. Let S denote the set of RPQ sentenced.ofModify ~ assume&); s is not locally stratified. Ther:; in the depen-

the programP;, s by removing every clause of the form dency graph of);, s is not well-founded, that is, there must
- exist an infinite pathr containing infinitely many negative
PIz(P(2)Ap(@) T PP(r)Ae(r)) edges. As in the proof of Lemma 10, we get thahust con-

wherer is not the code of any regular sentence. Call the newain infinitely manyZ-edges. Lety be the end node of such
program@y, s. It is easy to see thap,, s is locally strat- an edge. Theip is weakly RPQ. Let’ be the infinite sub-
ified, using the argument given in the proof of Lemma 10.path ofos having this node as its start node. Then every node
Lemma 11 still holds when we ugg;, s instead ofP, s, SO ono’ must be weakly RPQ. As noted in the proof of Lemma
any Herbrand model off can be expanded into a model of 10, if every edge on” is

LinwhichT("¢7) < ¢ holds for all RPQ sentences. This .. .
proves (i) in Theorem 12 with “regular sentences” replaced (i) either aA-, —- or T-edge,

by “RPQ sentences”. (ii) and (iii) then follows from Lemma (i) or of type (3za(z), o), +) wherea(z) does not con-
6. O tain T'(z) as a subformula,
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thens’ can not be infinite. Thus, every node @hmust have
an occurrence df'(z) for some variabler. Since all nodes
are weakly RPQ, in each of the§&z) is either positive or
protected. But ifl'(x) occurs protected ip, there can be no
infinite path starting a. Thus, in every formula on ¢”,
T'(z) must occur positively (for some variablg. But this
implies that all edges in the path are positive, which contra
dicts our assumption. O

The above theorem also relates to a result by PEYBSH.
Perlis showed that a modified truth scheffi¢ ¢7) — ¢*
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Abstract

Inverse (or identification) problems involve decid-
ing whether or not an explicitly given set of data
points have an implicit description, for instance,
in the form of a constraint network. Such prob-
lems provide insight into the relationships among
various representations of knowledge, which may
have differing computational properties. This pa-
per formalizes and studies the inverse circumscrip-
tion problem, which (roughly speaking) is to de-
cide, given a set of models, if there exists a formula
whose circumscription describes the input set.

1 Introduction

The relationship between implicit and explicit descriptions
of information is a central theme in knowledge representa-
tion and reasoning. For example, the core reasoning task of
propositional satisfiability is to decide, given a propositional
formula, whether or not the explicit set of models described
implicitly by the formula is non-empty.

Recently, Kavvadias and Sideri [1998] studied a comple-
mentary task, which they called inverse satisfiability: given
a set of models, is there a propositional formula with exactly
the given set as its satisfying assignments? Without any re-
strictions on the class of formulas considered, the question is
trivial, since for a given set of models M, it is always possible
to create a formula in disjunctive normal form (DNF) captur-
ing exactly M. Kavvadias and Sideri consider this question
with respect to the class of formulas expressible by a pre-
specified constraint language — a set of relations which can
be used to express constraints. Their intriguing main result
is that the complexity of the inverse satisfiability problem re-
flects exactly that of the classical satisfiability problem: for a
fixed constraint language, inverse satisfiability is intractable if
and only if satisfiability is intractable! For instance, INVERSE
3-SAT is intractable, as 3-SAT is intractable; but, INVERSE
2-SAT is tractable, as 2-SAT is tractable.

The inverse satisfiability problem is akin to the identifica-
tion problems studied by Dechter and Pearl [1992], which
involve deciding whether or not explicitly given relational
data in the form of tuples has an implicit description as a
constraint network with particular features. Studying such
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inverse or identification problems is valuable for a vari-
ety of reasons, as articulated in [Dechter and Pearl, 1992;
Kavvadias and Sideri, 1998]. First, certain restricted forms
of propositional formulas, such as Horn formulas, facilitate
efficient reasoning. Hence, the ability to decide when an ex-
plicitly given set of models can be represented in such a re-
stricted form, is desirable. Second, model-based represen-
tations of information have been proposed as a viable alter-
native to formula-based representations [Kautz et al., 1995;
Khardon and Roth, 1996]; inverse problems address the rel-
ative expressibility of these two types of representations.
Third, discovering structure in empirical data is a crucial
component of scientific activity, and so understanding when
structure discovery is computationally feasible sheds light on
the nature of such activity.

In this paper, we further investigate the relationship be-
tween implicit and explicit descriptions of data by consid-
ering the complexity of inverse circumscription, an analog
of the inverse satisfiability problem for circumscription. Cir-
cumscription is a well-studied non-monotonic reasoning for-
malism intended to embody common sense, and provides an
alternative semantics for propositional formulas [McCarthy,
1980]. Intuitively, the models of the circumscription of a for-
mula are those models of the original formula which make as
few “assumptions” as necessary. The inverse circumscription
problem addresses the expressiveness of circumscription: this
problem involves deciding, roughly speaking, if a set of mod-
els can be described by a circumscribed formula (over some
constraint language). Studying the complexity of this prob-
lem is natural not only for the aforementioned reasons, but
also because circumscribed formulas are more space-efficient
than uncircumscribed formulas: knowledge can be repre-
sented more succinctly with the former than with the latter,
in a sense made precise in [Cadoli et al., 1997].

There are at least two generalizations of the inverse satis-
fiability problem to the context of circumscription. One gen-
eralization is the problem of deciding, given a set of models,
whether or not there exists a circumscribed formula (over a
specified constraint language) with exactly the input set as its
models. A second generalization is the problem of deciding,
given a set of models, whether or not there exists a formula
such that all models of the input set are models of the circum-
scribed formula — in other words, the problem is to decide the
existence of an approximating formula whose circumscribed
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models covers the input set of models. We note that the tight-
ness of the approximating formula is not what is at stake. In
our formulation of this problem, it is possible to efficiently
compute a candidate formula 1 such that if there is any for-
mula ¢ covering the input set of models, then ¢ also covers
the input set and v has fewer models than ¢ (that is, the model
set of 1) is a subset of the model set of ¢).

As we will show, the complexity of the first generaliza-
tion, for almost all constraint languages, can be characterized
fairly easily using previous results. Consequently, the focus
of this paper is on the complexity of the second generaliza-
tion, which we call the inverse circumscription problem. Our
main result is a dichotomy theorem in the complexity of in-
verse circumscription, which states that for all constraint lan-
guages, inverse circumscription is either in P, or is co-NP-
complete.

Complexity dichotomy theorems are important because
they demonstrate a full understanding of the complexity of
a problem, with respect to a particular form of problem re-
striction (in our case, a restriction on the constraint language).
The first dichotomy theorem was obtained by Schaefer, who
showed that the propositional satisfiability problem over a
fixed constraint language is either in P, or is NP-complete.
The non-trivial tractable cases of satisfiability given by this
result are 2-SAT, HORN SAT, and XOR-SAT (where each
constraint is a linear equation in the field with two elements).
Since Schaefer’s result, many other dichotomy theorems have
been established [Creignou et al., 2001].

Kirousis and Kolaitis [2001a] very recently established a
dichotomy theorem in the complexity of model checking for
circumscription. The model checking problem is to decide,
given an assignment and a formula, whether or not the assign-
ment is a model of the circumscribed formula. Their theorem
states that, for any constraint language, the model checking
problem is either in P or is co-NP-complete. Interestingly,
we show that (for any constraint language) the complexity
of inverse circumscription is exactly the complexity of this
model checking problem, giving a correspondence analogous
to that between the complexity of inverse satisfiability and
the complexity of satisfiability. In fact, to establish hardness
of inverse circumscription, we will reduce from the model
checking problem.

2 Preliminaries

In this section, we present the definitions and notation that
will be used throughout the paper. We first introduce the no-
tation of a constraint; constraints will be the building blocks
of the propositional formulas we consider.

Definition 2.1 A subset of {0, 1}* (for some k > 1) is called
a logical relation, and is said to have arity k.

A constraint over variable set V is a logical relation R
paired with a list of variables x1, ...,z € V where k is the
arity of R, and is written R(x1, . .., Tk).

A constraint with constants over variable set V' is a logical
relation R and a list of variables or constants yi,...,yx €
V U {0,1} where k is the arity of R, and is written

R(yla s ayk)'
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We next introduce the notion of a S-formula, which is a
propositional formula built using the relations of a constraint
language S as “templates.”

Definition 2.2 A constraint language S is a finite set of log-
ical relations (which may contain relations of different ar-
ities).! The maximum arity of S is the maximum over the
arities of the relations in S.

An S-formula over variable set V is a set of constraints
(over V') where the logical relation of each constraint is in S.

An S-formula with constants over variable set V' is a set of
constraints with constants (over V') where the logical relation
of each constraint is in S.

We move on to describe the set of models associated with
a formula. Intuitively, a model of a formula is an assignment
to the variable set which obeys all constraints.

Definition 2.3 Let ¢ be an S-formula (possibly with con-
stants) over variable set V.

An assignment to ¢ is a function f : V — {0,1}. When W
is a subset of V, fw denotes the restriction of f to W and,
f:Vu{0,1} — {0,1} denotes the extension of f where
f(0)=0, f(1) =1, and f(v) = f(v) forallv € V.

The assignment | satisfies a constraint R(x1, ..., xy) of ¢
if the tuple (f(x1), ..., f(zy)) isin R.

The assignment f satisfies ¢ if it satisfies all constraints
in @; in this case, it is said to be a satisfying assignment or
model of ¢.

Define Models(9) to be the set containing all models of ¢.

For a fixed 9, the problem of deciding whether or not an in-
put S-formula has a satisfying assignment is in NP, since in
non-deterministic polynomial time, a satisfying assignment
can be guessed and verified. The following example demon-
strates that there is an .S for which this satisfiability problem
is equivalent to that for 3-SAT, and hence NP-complete.

Example 2.4 Let S® = {Ry, Ri, R2, R3}, where Ry =
{0,113\ {(0,0,0)}, By = {0,1}* \ {(1,0,0)}, Ry =
{07 1}3 \ {(17 1, 0)}’ and R3 = {Oa 1}3 \ {(17 1, 1)} Every
3-SAT formula can be efficiently converted into a S*-formula
with exactly the same set of satisfying assignments, and vice-
versa. For example, the 3-SAT formula

(xVyV-2z)A(rwVyV-z)A(zV-yV-w)
is equivalent to the S®-formula
{Rl(za xz, y)v RQ(’LU, 2, y)a RZ(Z/, w, Z)}

We generalize the definition of S in Example 2.4 as fol-
lows.

Definition 2.5 Ler S* (for k > 1) be the set of relations
{RF i € {0,...,k}} where RF = {0,1}F \ {tF}, and
th € {0,1}¥ is the tuple with 1 in the first i coordinates, and
0 in the remaining k — i coordinates.

'"Throughout this paper, we assume that all logical relations and
constraint languages are non-empty.
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Having defined the notion of a model of a formula, we now
define what it means for a model to be minimal. The circum-
scription of a formula is considered to have, as its models, the
minimal models of the original formula [McCarthy, 1980].
We consider minimality with respect to a subset P of the vari-
able set: a model is minimal if there is no model “below” it
in a comparison based on the variables in P.

Definition 2.6 Let ¢ be an S-formula (possibly with con-
stants) over variable set V, and let P be a subset of V. Let <
denote the standard total ordering on {0, 1} where 0 < 1.

Supposethat « : V — {0,1} and 3 : V — {0, 1} are both
assignments over the same variable set V. We write o« =p 3
if forallv € P, a(v) = B(v). We write « <p (3 if for all
v € P, a(v) < B(v). Wewriteaw <p Bifa <p [ anditis
not the case that o =p (3. We write a L p(3 if neither o <p (3
nor B <p « holds. When the set P is equal to V (the entire
domain of o and (3), we sometimes omit it when writing the
above relations.

We say that (3 is a minimal satisfying assignment (or min-
imal model) of ¢ with respect to P if 3 is a model of ¢; and,
for all models o of ¢, o <p [ implies o =p (.

Define MinModels(¢, P) to be the set containing all mini-
mal models of ¢ with respect to P.

We now introduce some terminology that can be used to
describe constraint languages; this terminology will prove
to be quite wieldy in describing many of the complexity di-
chotomy theorems presented in the next section. As usual, we
define a CNF-SAT formula over variable set V' to be a con-
junction of clauses, where each clause is the disjunction of
literals from V. (A literal from variable set V' is either a vari-
able v € V itself, or the negation of a variable —wv. Literals of
the former type are called positive, whereas those of the latter
type are called negative.) An assignment f : V — {0,1}
satisfies a CNF-SAT formula ¢ if every clause of ¢ contains
a literal evaluating to true under f.

Definition 2.7 A bijunctive formula is a CNF-SAT formula
where each clause contains exactly two literals.

A (dual) Horn formula is a CNF-SAT formula where each
clause contains at most one positive (negative) literal.

An affine formula is a conjunction of equations of the form
21D DXy, = ¢, where the x; are variables and ¢ € {0,1}
is a constant. (The symbol & denotes the logical “exclusive
or”

Definition 2.8 Ler R be a logical relation of arity n, and S
be a constraint language.

The relation R is 0-valid if it contains the all-zeroes tuple
(0,...,0) of arity n, and is 1-valid if it contains the all-ones
tuple (1,...,1) of arity n.

The relation R is bijunctive (Horn, dual Horn, affine) if
there exists a bijunctive (respectively Horn, dual Horn, affine)
Jormula over {v1, ..., v, } with the same set of satisfying as-
signments as the { R}-formula { R(vy, ... ,v,)}

The constraint language S is 0-valid (1-valid, bijunctive,
Horn, dual Horn, affine) if every relation contained in S is
0-valid (respectively 1-valid, bijunctive, Horn, dual Horn,
affine).

The constraint language S is Schaefer if at least one of the
following four conditions hold: S is bijunctive, S is Horn, S
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is dual Horn, S is affine. The constraint language S is non-
Schaefer if it is not Schaefer.

3 Related Work

This section reviews relevant work done previously; through-
out, S is used to denote a constraint language. We first men-
tion the seminal work of Schaefer, who proved a complex-
ity dichotomy theorem on the satisfiability problem for S-
formulas.

Definition 3.1 The SAT(S) decision problem.

Input: An S-formula ¢.

Question: Is ¢ satisfiable?

The SAT (S) decision problem is identical, except the in-
put S-formula can have constants.

In other words, the SAT(S) problem is to decide, for a
given S-formula ¢, if the set Models(¢) is non-empty. Re-
markably, Schaefer proved that for any constraint language
S, SAT(S) is either in P or is NP-complete; in addition, he
gave a precise description of which constraint languages yield
a tractable satisfiability problem, and which do not.

Theorem 3.2 [Schaefer, 1978] Let S be a constraint lan-
guage.

If S is 0-valid, 1-valid, or Schaefer, then SAT(S) is in P;
otherwise, SAT(S) is NP-complete.

If S is Schaefer, then SATC(S) is in P; otherwise, SATc (S)
is NP-complete.

Kavvadias and Sideri [1998] studied the “inverse satisfia-
bility problem” (denoted here by INVERSE SAT¢(.S)). In the
“standard” satisfiability problem the goal is to decide, given a
formula, whether or not there exists a satisfying assignment.
In the “inverse” problem, the given input is a set of assign-
ments, and the goal is to determine whether or not there ex-
ists a formula with exactly the given assignments as its set of
satisfying assignments.

Definition 3.3 The INVERSE SAT(S) decision problem.
Input: Set A of assignments over the same variable set V.

Question: Is there an S-formula ¢ with constants such that
A = Models(¢)?

A dichotomy theorem was established by Kavvadias and
Sideri, which shows that the inverse satisfiability problem is
always in P, or is co-NP-complete. Intriguingly, the com-
plexity of the inverse problem reflects exactly the complexity
of the satisfiability problem: SATc(S) is intractable if and
only if INVERSE SATc(.S) is intractable!

Theorem 3.4 [Kavvadias and Sideri, 1998] Let S be a con-
straint language.

If S is Schaefer, then INVERSE SATc(S) is in P; other-
wise, INVERSE SAT¢(5) is co-NP-complete.

We now formalize the model checking problem for cir-
cumscription, which was called “minimal satisfiability” in
[Kirousis and Kolaitis, 2001al.

Definition 3.5 The MIN SAT(S) decision problem.
Input: An S-formula ¢ over variable set V., an assignment
a 'V — {0, 1} satisfying ¢, and a subset P of V.
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Question: Is the assignment o a minimal model of ¢ with
respect to P?

The MIN SATc(S) decision problem is identical, except
the input S-formula can have constants.

The MIN SAT(S) problem is in co-NP, as deciding
whether or not « is a minimal model of a formula amounts
to verifying — for all assignments (3 — that if 3 is a model,
then [ is not strictly below « in the ordering <p. Cadoli
[1992] showed that this problem is co-NP-complete in gen-
eral, and also identified some tractable cases. More recently,
the following full dichotomy theorem was proved concerning
the complexity of MIN SAT(SS).

Theorem 3.6 [Kirousis and Kolaitis, 2001a, Theorem 4.2]*

Let S be a constraint language.

If S is Schaefer, then MIN SAT(S) is in P; otherwise,
MIN SAT(S) is co-NP-complete.

If S is 0-valid or Schaefer, then MIN SAT(S) is in P; oth-
erwise, MIN SAT(S) is co-NP-complete.

4 The Inverse Circumscription Problem

The inverse satisfiability problem (defined formally in the
previous section) is to decide, given a set of assignments,
whether or not there is a formula with precisely the given
input set as its models. The inverse circumscription problem,
denoted by INVERSE MIN SAT(.S), is similar in that the input
is also a set of assignments and the task is to decide whether
or not there is a formula describing the input set. However, in
the inverse circumscription problem, the question is whether
there exists a formula ¢ such that all of the given assignments
are minimal models of ¢.

Definition 4.1 The INVERSE MIN SAT(S) decision prob-
lem.

Input: Set A of assignments over the same variable set V,
and a subset P of V.

Question: Is there an S-formula ¢ such that A C
MinModels(¢, P)?

The INVERSE MIN SAT(S) decision problem is identi-
cal, except the question is to decide if there is an S-formula
with constants satisfying the stated condition.

As mentioned in the introduction, there is a natural variant
of the INVERSE MIN SAT¢(.S) problem which has an iden-
tical description, except the C symbol is replaced with an
= symbol in the “question.” Let us denote this variant by
INVERSE EXACT MIN SATc(S). We have the following re-
sults concerning this question.

Theorem 4.2 Let S be a constraint language.
If S is bijunctive or Horn, then
INVERSE EXACT MIN SATc(S) is in P.

2We note that the notation of [Kirousis and Kolaitis, 2001a]
is different from ours. In particular, their decision problem
MIN SAT(S) involves checking, given an assignment and formula,
if the assignment is minimal with respect to all variables. It is eas-
ily verified that our definition of MIN SAT¢(S) is equivalent to their
(P;@Q; Z) — MIN SAT(S), and that our definition of MIN SAT(S) is
equivalent to their (P;@; Z) — MIN SAT(S). The theorem is stated
here with respect to our notation.
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If S is non-Schaefer, then INVERSE EXACT MIN SATc(.S)
is co-NP-complete.

For non-Schaefer constraint languages S, hardness of
INVERSE EXACT MIN SATc(S) can be shown by first es-
tablishing the hardness of INVERSE EXACT MIN SAT¢(S?)
by reduction from INVERSE SATc(S®), and then re-
ducing  from  INVERSE EXACT MIN SATc(S?)  to
INVERSE EXACT MIN SATc(S), using a technique in
[Kavvadias and Sideri, 1998]. For Schaefer constraint
languages S, the existence of an output polynomial time
algorithm for computing minimal models of a S-formula
implies the tractability of INVERSE EXACT MIN SAT¢(5);
see [Kavvadias er al., 2000] for such algorithms in the case
of constraint languages S that are bijunctive or Horn.

For the remainder of this paper, we focus on the
INVERSE MIN SAT(S) decision problem. Given an input set
A of this problem, it is possible to efficiently compute a “can-
didate formula” having the property that if there is any for-
mula containing A in its set of minimal models, then the can-
didate formula is such a formula. That is, the candidate for-
mula serves to witness that “yes” is the answer to the decision
question of Definition 4.1 — so long as some formula does.

Definition 4.3 Suppose that S is a constraint language and
that A is a set of assignments over the same variable set V.
Define the candidate S-formula for A to be the set containing
all constraints (over V' and with relation in S) that are satis-
fied by every assignment in A. Similarly, define the candidate
S-formula for A with constants fo be the set containing all
constraints with constants (over V' and with relation in S)
that are satisfied by every assignment in A.

Lemma 4.4 Suppose that S is a constraint language and
that A is a set of assignments over a variable set V. Let
P be a subset of V, and let 1¢ be the candidate S-formula
(with constants) for A. There exists an S-formula (with con-
stants) ¢ such that A C MinModels(¢, P) if and only if
A C MinModels(1c, P).

For a fixed constraint language S, the candidate S-
formula for a set of assignments A can be computed in
polynomial time (measured with respect to the size of the
representation of A). By the key property of the candidate
formula (Lemma 4.4), it follows that INVERSE MIN SAT(S)
is in co-NP: an assignment 8 which is not included in
A, satisfies the S-candidate formula of A, and is strictly
below an assignment in A (with respect to <p), serves as
a succinct and efficiently checkable proof that A is a “no”
instance of INVERSE MIN SAT(S). (By similar reasoning,
INVERSE SATc(S) and INVERSE EXACT MIN SAT¢(S)
can be shown to be in co-NP, as discussed in [Kavvadias and
Sideri, 1998].)

Whenever the model checking problem MIN SAT(S) is
in P, the inverse problem INVERSE MIN SAT(S) will be in
P. This is because deciding whether or not an input set A
to the INVERSE MIN SAT(S) problem is a “yes” instance
amounts to verifying that every assignment in A is a min-
imal model of the candidate formula for A; clearly, this
can be done in polynomial time when MIN SAT(S) is in
P. To prove a full dichotomy theorem on the complexity of
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INVERSE MIN SAT(S), it remains to describe the complex-
ity of INVERSE MIN SAT(S) for the constraint languages S
such that MIN SAT(S) is not in P.

S Dichotomy Theorem

In this section, we describe completely the complexity pro-
file of the “inverse circumscription problem.” In partic-
ular, we show that for those constraint languages S such
that MIN SAT(S) is co-NP-hard, INVERSE MIN SAT(S)
is also co-NP-hard (and similarly for MIN SAT¢(.S) and
INVERSE MIN SATC(S)).

Our first step is to prove hardness of the
INVERSE MIN SAT(S) problem for 9-SAT formulas,
where the circumscription is performed with respect to all
of the variables. This initial hardness result is then used to
establish the hardness of INVERSE MIN SAT(S) for other
constraint languages S.

Theorem 5.1 The problem INVERSE MIN SAT(S?) s
€0-NP-hard, even with the restriction that the subset P must
be equal to the entire variable set.

The proof of this theorem is sketched in Appendix A; the
hardness result claimed by the theorem is achieved by re-
duction from the MIN SAT(S) problem. The hardness of
INVERSE MIN SAT(S?) can then be leveraged to establish
the hardness of INVERSE MIN SATc(.S), for the remaining
constraint languages S.

Theorem 5.2 Let S be a constraint language. If S is non-
Schaefer, then INVERSE MIN SAT¢(.S) is co-NP-hard.

Then, constants can be “removed” in such a way that
allows the hardness of INVERSE MIN SAT(S) to be estab-
lished, based on the hardness of INVERSE MIN SAT(S).

Theorem 5.3 Let S be a constraint language. If S is neither
0-valid nor Schaefer, then INVERSE MIN SAT(S) is co-NP-
hard.

Collecting together the theorems of this section as well as
the discussion at the end of Section 4, we have the following
dichotomy theorem.

Theorem 5.4 Let S be a constraint language.

If S is Schaefer, then INVERSE MIN SAT¢(S) is in P; oth-
erwise, INVERSE MIN SAT¢(S) is co-NP-complete.

If S is O-valid or Schaefer, then INVERSE MIN SAT(S) is
in P; otherwise, INVERSE MIN SAT(S) is co-NP-complete.

6 Conclusions and Future Work

In this paper, we formalized and studied inverse circumscrip-
tion. We established a full dichotomy theorem in the com-
plexity of this problem (Theorem 5.4). A fascinating phe-
nomenon is that the complexity of inverse circumscription
reflects exactly the complexity of model checking for circum-
scription (Theorem 3.6). This correspondence in complex-
ity parallels the intimate relationship between the complexity
of inverse satisfiability (Theorem 3.4) and that of satisfiabil-
ity (Theorem 3.2). The resemblance between the results on
circumscription and those on propositional logic seems quite
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strong, as the hardness of inverse circumscription is estab-
lished by reduction from model checking for circumscription
— just as the hardness of inverse satisfiability is established by
reduction from satisfiability [Kavvadias and Sideri, 1998].

It would be of great interest to investigate further the re-
lationship between “inverse” problems (mapping an explicit
description to an implicit description) and more classical “for-
ward” problems (mapping an implicit description to an ex-
plicit description). A concrete goal for future work is to
study inverse problems for other non-monotonic reasoning
formalisms.
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A Proof Sketch of Theorem 5.1

Definition A.1 Let A be a set of assignments over the vari-
able set V. For k > 1, we say that an assignment b : V. —
{0,1} is k-compatible with A if for every size k subset W of
V, there exists an assignment a € A such that a|yy = by .

Lemma A.2 Let S be a constraint language with maximum
arity k, and let A be a set of assignments over the variable set
V. Suppose that ¢ is the candidate S-formula for A (with
k > 1). If bis r-compatible with A forallr = 1,.. .k, then
b satisfies 1)c. Moreover, the converse holds if S = S*.

Definition A.3 Let S be a constraint language. For r > 1,
an r-pattern of an S-formula ¢ over V' is a pair (W, T) such
that | W| =r, W CV, T : W — {0,1} is an assignment
to the variables of W, and for all clauses R(z1,...,x) €
¢, if T is defined on the variables of R(x1, . ..,x) (that is,
{z1,..., 2} C W), then T satisfies R(x1,...,xx).

In other words, an r-pattern for a formula ¢ is a subset W
of the variable set of ¢ of size r along with an assignment to
W which does not falsify any clause of ¢.

Before giving the proof, we introduce the following nota-
tion. A vector Z of length k is an ordered list of variables
(z1,...,7k). If @ is a bit vector (by, ..., b;) € {0,1}¥ and #
is a vector of length k, we let 6(Z) denote the function map-
ping x; to b; foralls = 1,... k. If p: V3 — {0,1} and
v: Va — {0,1} are assignments with disjoint domains (that
is, Vi N V5 = ), by u U v we denote the function with do-
main V; U V5 equal to i on V7, and equal to v on V5. When
Z is a vector of variables and f is an assignment defined on
the variables of Z, we let f|> denote the restriction of f to the
variables of Z. For a positive integer k, we let [k] denote the
set {1,...,k}.

Proof. By [Kirousis and Kolaitis, 2001a, Theorem 3.8], the
version of MIN SAT(.S3) where the variable set P is promised
to be the entire variable set is co-NP-complete. To prove
hardness of INVERSE MIN SAT(S?), we give a reduction
from this version of MIN SAT(S?). In particular, given a S3-
formula ¢ and an assignment a satisfying ¢, we create a set
of assignments A over a variable set X such that there is an
S formula 1) with A C MinModels(v, X) if and only if a is
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a minimal model of ¢. (By a minimal model of ¢, we mean a

minimal model with respect to the entire variable set of ¢.)
We let V = {v1,...,v,} denote the variable set of ¢, and

we assume without loss of generality that n > 9. For all

i € [n], let x:l, x:z, and x_g” be vectors of length 3. For all

i € [n]and j € [m], let y] be a vector of length 2. Let X;
denote the set containing all 9 + 2m variables in the vectors
zl, 22, 2 and y!, ...y Let X = Uje ) X

Let « = (0,0,1), 8 = (1,0,1), and v = (0,1,0). Let
o = (0,1) and 7 = (1,0). The essential properties of these
vectors that we will use are that for any vector Z’ of length
3, a(2) < B(2), a(2)Ly(2), and (Z)L~(Z); and, for any
vector 2 of length 2, 0(2) L7(Z2).

For ¢ € |[n], define «; X; — {0,1} to be

{a(a:?),a(x?),a(a:?)} U Usepm) T(y}) Similarly, for i €

[n]. define §; : X; — {0,1} to be {B(x}), B(z?), B(z?)} U
Urkepm T(y}) For i € [n] and j € [m], define 7

Xi = {0.1) 10 be {3(a).7(a}) 2 (@)} U {ol))} U

Uke[m],k;ﬁj 7(yy)-

Let (W1,Th),. .., (W, Ty,) be all of the 9-patterns of ¢.
Our set of assignments A will be of size m + 1: it will have
one assignment a’ : X — {0,1} for each of the 9-patterns
(W3, T;), as well as one assignment a : X — {0, 1} encoding
the assignment @ : V' — {0,1}. The partial assignments
{7/}, {ci}, and {3;} will be used as building blocks to define
the assignments in A.

Define
’}/f if (7 ¢ Wj
a; ifwv; € Wj and Tj(’l}i) =0
ﬂi ifv; € Wj and Tj (1}1) =1

Define @/ = Ujcp) al.
Also, for any assignment f V. — {0,1}, define
f+ X — {0,1} to be the assignment ;¢ f(0s)=0 @i U

Uie[n]j(vi):l Bi.

Define A, the output of the reduction, to be the set
{a',...,a™} U {a}.

Let us say that a pair of assignments (d : X — {0,1},¢:
X — {0,1}) is a violating pair if the following four con-
ditions are met: 1) d ¢ A, 2)c € A, 3)d < ¢, and
4) d is 9-compatible with A. Intuitively, a violating pair
(d,c) is evidence that there is no S°-formula % such that
A C MinModels(%), X).

More formally, observe that a violating pair exists if and
only if there exists a d ¢ A and ¢ € A such that d <
c and d satisfies the candidate S°-formula 1) for A, by
Lemma A.2. This occurs if and only if it is not the case
that A C MinModels(v¢, X), since (as is easily verified)
the assignments in A are pairwise incomparable. By Lemma
4.4, it is not the case that A C MinModels(¢¢, X) if and
only if for all S2-formulas 1), it is not the case that A C
MinModels(¢, X ). Hence, a violating pair exists if and only
if there is no S9-formula ¢ such that A C MinModels(3, X).

The remainder of the proof, omitted due to space con-
straints, establishes that a violating pair exists if and only if ¢
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is not a minimal model of ¢. This implies the correctness of
our reduction, as then we have that there exists no S°-formula
1 such that A C MinModels(¢, X) if and only if @ is not a
minimal model of ¢. [
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Abstract

Compilability is a fundamental property of knowl-
edge representation formalisms which captures
how succinctly information can be expressed. Al-
though many results concerning compilability have
been obtained, they are all “worst-case” results.
We develop a theory of average-case compilability
which allows for the formal comparison and clas-
sification of knowledge representation formalisms
“on average.”

1 Introduction

By now, a multitude of knowledge representation formalisms
have been proposed and studied in the literature, for exam-
ple, propositional logic, default logic, and circumscription
— to name a few. The comparison of these formalisms has
been a major research theme over the past decade. In par-
ticular, many results have been obtained on the computa-
tional complexity of inference and model checking — core
reasoning tasks associated with each formalism. The funda-
mental property of compilability, which measures how effi-
ciently or succinctly a formalism represents knowledge, has
also been studied.! There is now a rich body of results
concerning compilability; however, all of these results ad-
dress the “worst-case”, and are thus susceptible to the com-
plaint that they do not address “average” or “typical” com-
pilability. The main contribution of this paper is a theoret-
ical framework providing a language and tools for compar-
ing and classifying the compilability of formalisms on aver-
age. Our framework is built on notions and insights from the
theory of compilability clases due to Cadoli et al. [2000a;
2000b] and the theory of average-case time complexity due
to Levin [1986].

1.1 Background

Compilability. Informally, a formalism A is compilable to
a formalism B if for every knowledge base z in formalism
A, there is a knowledge base in formalism B representing
the same information as x with size polynomial in the length

'In previous work, compilability has also been called space effi-
ciency and succinctness.
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of 2.2 Intuitively, this means that formalism B is at least as
space efficient as formalism A: whatever can be expressed in
formalism A can be expressed, with about the same level of
succinctness, in formalism B.

A number of papers compared the compilability of dif-
ferent formalisms [Kautz et al., 1995; Gogic et al., 1995;
Khardon and Roth, 1996; Cadoli et al., 1996; 1997; 1999;
2000a; 2000b]. In many cases, these papers rigorously prove
that one formalism B is strictly more succinct than another
formalism A - that is, A is compilable to B, but B is not
compilable to A. This means that there is no way to trans-
late knowledge bases in B to knowledge bases in A, unless
the translation is allowed to increase the size of knowledge
bases by a super-polynomial amount. In other words, any
translation of knowledge bases in B to knowledge bases in
A is inherently exponential in size.> Observe that this state-
ment has the same flavor as the famous “P does not equal NP”
conjecture from classical complexity theory. This conjecture
holds that no algorithm can solve an NP-complete problem,
unless the algorithm is allowed to take super-polynomial time
on some inputs — or, put differently, any algorithm solving a
NP-complete problem is inherently exponential in time.

Notice that the above definition of “formalism A is com-
pilable to formalism B” does not take into account the dif-
ficulty or complexity of computing the translation between
knowledge bases in A and knowledge bases in B. This non-
uniformity is a key feature of the definition: the existence of
a succinct translation is sufficient; an efficiently computable
translation is not necessary. It turns out that many proofs of
non-compilability — that is, proofs of statements of the form
“formalism B is not compilable to formalism A” —rely on re-
sults from non-uniform complexity theory. Such proofs often
are not unconditional, but are contingent upon the widely be-
lieved complexity-theoretic assumption that the polynomial
hierarchy does not collapse.*

*In the technical portion of this paper, this definition will be cap-
tured formally by the <, —comp reducibility.

*Here, by “exponential” we mean exceeding every polynomial
infinitely often.

“The polynomial hierarchy is a collection of complexity classes
which includes P, NP, co-NP, and other classes which are in essence
generalizations of these three classes. For the intents and purposes
of this paper, this assumption can be thought of as being similar to
the (perhaps better known) assumption that P does not equal NP. (In
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Compilability classes. The initial papers that demonstrated
non-compilability results [Kautz er al., 1995; Gogic et al.,
1995; Khardon and Roth, 1996; Cadoli et al., 1996; 1997,
1999] were based on ad hoc proofs, each of which iso-
lated two particular formalisms and then demonstrated non-
compilability of one to the other. In [Cadoli et al., 2000a;
2000b], new complexity classes measuring compilability,
called compilability classes, were introduced; for every clas-
sical complexity class C, it is possible to define a compil-
ability class analog of C'. The theory of compilability classes
made it possible to systematize proofs of non-compilability
much in the way classical complexity theory makes it pos-
sible to systematize proofs of intractability. A proof that a
language is NP-complete is demonstration that there is no
polynomial-time algorithm for the language, and that the lan-
guage has the same time complexity (up to a polynomial) as
all other NP-complete languages. Likewise, a proof that a for-
malism is complete for the compilability class analog of NP
is demonstration that it is not compilable to any formalism in
the compilability class analog of P, and that the language is
compilable to and from all other formalisms complete for the
compilability class analog of NP.> (More generally, when C
is a class from the polynomial hierarchy, a proof that a for-
malism is complete for the compilability class analog of C'is
demonstration that it is not compilable to any formalism in
the compilability class analog of C”, if C’ is below C' in the
polynomial hierarchy.)

In addition to providing a methodology for comparing
formalisms with respect to compilability, the compilability
classes capture formally the notion of off-line preprocessing.
Preprocessing a knowledge base off-line can be of great util-
ity if the resulting, processed knowledge base is in a form
that allows for quick, on-line response to queries (and if many
queries are expected). Membership of a formalism A in the
compilability class analog of P will mean that any knowledge
base x of A can be preprocessed into a form that does not un-
reasonably increase the size of x, but permits queries to x to
be processed efficiently (that is, in polynomial time).

The compilability classes are part of a formal framework
for discussing compilability, which includes robust notions
of reduction and completeness. Not only is this framework
extremely appealing from a theoretical point of view, but the
compilability classes are rife with natural complete problems
— the sine qua non of complexity classes purporting to be use-
ful in performing problem classification. Indeed, there do not
appear to be any knowledge representation formalisms which
defy classification as complete for a compilability class. On
the downside, many of the existing classification results are
quite negative, showing that a formalism is complete for (the
compilability class analog of) NP, coNP, or a higher level of
the polynomial hierarchy.

fact, if the polynomial hierarchy does not collapse, then P does not
equal NP.)

3Qur discussion presumes that the polynomial hierarchy does not
collapse.
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1.2 Motivations and Approach

Worst-case versus average-case. Although crisp theo-
retical results can be obtained concerning compilability
and non-compilability, these are worst-case notions: non-
compilability of formalism B to formalism A implies that
there is an infinite family of knowledge bases in B that can-
not be succinctly translated into knowledge bases in A. Non-
compilability does not say anything about the density or fre-
quency of instances from the family of untranslatable knowl-
edge bases. This observation calls into question the real-
world utility of studying compilability (as defined above);
if formalism B is compilable to formalism A for all but a
pathological family of knowledge bases arising infrequently
in practice, then formalism B is, for pragmatic purposes,
compilable to formalism A. Therefore, a theory which per-
mits formal results of compilability on average is necessary.
This paper lays the foundations for a theory of average-case
compilability.

Notice that our objection to the worst-case nature of non-
compilability is not truly novel. It has long been observed
that NP-completeness of a language L does not imply hard-
ness of L on typical or real-world instances. Our objection is
really this old observation, masquerading in the new context
of compilability.

One theory that was developed in response to this old
observation is the theory of average-case time complexity
(ACTC), initiated by Levin [1986]. Our theory of average-
case compilability will be built on a key notion of ACTC —
that of “polynomial on average.” Moreover, there are useful
analogies between our theory and the theory of ACTC. Con-
sequently, we provide a brief overview of ACTC.

Average-case time complexity. By definition, a language
L (consisting of strings) is in P if there is an algorithm decid-
ing membership for L in polynomial time. The idea behind
ACTC is to relax the requirement in this definition that a suit-
able algorithm is one that always runs in polynomial time;
this is done by placing a probability distribution on all strings
and allowing an algorithm to take super-polynomial times on
unlikely strings.

A language paired with a probability distribution over all
strings is called a distributional language. While languages
are the objects classified by classical complexity theory, dis-
tributional languages are the objects classified by ACTC. A
distributional language (L, 1) is in the average-case version
of P, average-P, if there is an algorithm deciding member-
ship for L in time polynomial on p-average — a concept to be
discussed formally later in this paper.

There is a vast literature on ACTC; for more information,
we recommend the overviews/surveys [Johnson, 1984; Gure-
vich, 1989; 1991a; 1991b; Impagliazzo, 1995; Wang, 1997,
Goldreich, 1997] as starting points.

Average-case compilability. In laying down a theory for
average-case compilability, we want to “soften” the definition
of “formalism A is compilable to formalism B” by relaxing
the requirement that there needs to be a translation of knowl-
edge bases of strictly polynomial size. This is done roughly in

KNOWLEDGE REPRESENTATION



analogy to the described development of ACTC. We first de-
fine a distributional formalism to be a formalism paired with
a probability distribution over all knowledge bases. Then, a
distributional formalism (A, p) is (informally) compilable on
average to a formalism B if there is a translation of knowl-
edge bases of size polynomial on j-average.®

Using the notion of “compilable on average,” we de-
fine average-case analogs of compilability classes. These
average-case analogs contain distributional formalisms, in
contrast to the compilability classes themselves, which con-
tain pure formalisms. Intuitively, membership of a distri-
butional formalism (A, 11) in the average-case compilability
class analog of P will mean the following: any knowledge
base x of A can be preprocessed in a way that tends not to in-
crease the size of x by more than a polynomial (with respect
to 1), and that allows for rapid processing of queries to x.

2 Preliminaries

In this section, we present notation and assumptions that will
be used throughout the paper.

We assume X to be a fixed finite alphabet which is used
to form strings. We will at times assume that pairs of strings
(that is, elements of >* x X*) are represented as strings (that
is, elements of 3*); when this assumption is made, we as-
sume that the representation is via a pairing function (-, -)
such that the length of (z, y) is linear in |x| + |y|. For a string
x € ¥*, we let ||, denote 11zl that is, the length of x written
in unary notation.

We assume that the reader has familiarity with basic no-
tions of computational complexity theory — in particular, the
classes of the polynomial hierarchy (P, NP, co-NP, X8 | II%,
etc.) and the polynomial many-one reduction <P [Balcdzar
et al., 1995]. A language is a subset of ¥, that is, a set of
strings. A complexity class is a set of languages. When C
is a complexity class and < is a reduction, we say that C'is
compatible with < if for all languages A and B, A < B and
B € C imply that A € C. We will assume throughout that
every complexity class C' is compatible with the polynomial
many-one reduction <P . We say that a language B is com-
plete for a complexity class C' under < reductions if B € C'
and forall A € C, A < B.

A function f : ¥* — X* is polynomial-size if there exists
a polynomial p such that for all z € X*, |f(x)| < p(|z]).
A function f : ¥* — X* is polynomial-time computable if
there exist a polynomial p and a Turing machine M such that
for all x € ¥*, the Turing machine M, on input x, produces
f(x) in time less than p(|x|).”

Definition 2.1 A knowledge representation formalism (KRF)
is a subset of ¥* x ¥X*. When F is a KRF and x € X%, we let
F, denote the set {y € ¥* : (z,y) € F}.

Intuitively, each x € X* can be thought of as a knowledge
base (KB), representing the information F,.. The following

®In the technical portion of this paper, this definition will be cap-
tured formally by the <gist—nu—comp reducibility.

"Notice that every polynomial-time computable function is
polynomial-size, but not every polynomial-size function is
polynomial-time computable.
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are examples of KRFs which capture model checking and in-
ference for 3-SAT formulas.

Propositional-Logic-MC Lef
{(z,y) : x is a 3-SAT formula and y is a model of z}

def
Clause-Inference =

{(z,y) : = is a 3-SAT formula, y is a 3-clause, and = = y}

Notice the generality of the definition of a KRF; the knowl-
edge represented (the various F);) may be models, formulas,
or some altogether different combinatorial structures.

3 Compilability classes and reductions

This section reviews the theory of compilability classes.
There are two different types of compilability classes, uni-
form and non-uniform, but our focus is on the latter, for rea-
sons discussed below. We emphasize that none of the defini-
tions, theorems, or insights in this section are our own, but
rather, are due to [Cadoli et al., 2000a; 2000b], on which our
presentation is based.

The formal definition of non-uniform compilability may
by itself look non-intuitive, so we first attempt to describe
some of the ideas behind this definition, before giving the
actual definition. Intuitively, we want to say that a KRF F
is compilable if membership queries y € F), can be decided
efficiently after the KB « is preprocessed into anew KB f(z).
We want to constrain the size of the new KB f(x); otherwise,
it may be prohibitively large to store. We arrive at a candidate
definition of compilability: say that a KRF F' is in comp-C
if for some polynomial-size function f and a second KRF
F’ € C, the property

for all pairs (z,y) € ¥* x ¥*, (z,y) € F if and only if
(f(z),y) € F'
holds. Notice that the class C constrains the difficulty of de-
ciding a post-processing query y € F}(z); of course, such
queries can be decided efficiently when C' = P. However, to
permit fine classification of KRFs, we leave C' as a parameter
to the definition of comp-C.

The above definition misses one important detail — non-

uniformity. If F' is a KRF such that F} is always a finite
set, F' can never be complete for comp-C' when C'is a class
of the polynomial hierarchy above P. At the same time,
there are KRFs with this “finiteness” property that are prov-
ably not in comp-P. As an example, Clause-Inference is
in comp-co-NP, but is neither comp-co-NP-complete nor
in comp-P.® Hence, the classes comp-C fail to capture the
compilability of some very natural KRFs. (For more informa-
tion on these matters, as well as proofs of the claims, we refer
the reader to [Cadoli et al., 2000a].) To resolve this issue, we
allow the length of a query to be known to the compilation
mapping f.
Definition 3.1 (nu-comp-C) Let C be a complexity class.
A KRF F belongs to nu-comp-C' if there exists a binary
polynomial-size function f : ¥* x 1* — ¥* and a KRF F' in
C such that the following property holds:

8This discussion presumes that the polynomial hierarchy does
not collapse.
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Jor all pairs (x,y) € ¥* x ¥*, (x,y) € F if and only if
(f(T7 |y|u),y) € F/'

The fact that the compilation mapping may use the length
of y may seem a bit strange; after all, we wish to capture,
after preprocessing on a knowledge base x, the difficulty of
answering queries of the form y € F,. However, it is rea-
sonable to assume that we will never be interested in such
a query when the length of y greatly exceeds that of x —
since such a query requires a large amount of time to even
write down. Under this assumption, Definition 3.1 is equiv-
alent to the “uniform” definition given above. (Formally, if
there exists a polynomial p such that (z,y) € F implies that
lyl < p(]z|), then F is in nu-comp-C if and only if F' is in
comp-C'.)

The following notion of reduction, associated with the
nu-comp-C' classes, allows one to compare the compilability
of different KRFs.

Definition 3.2 (nu-comp reducibility) A KRF F' is nu-comp
reducible to a KRF F' (denoted by F' <,y_comp F") if there
exist binary polynomial-size functions f1, fo : X* x 1% — ¥*
and a binary polynomial-time computable function g : ¥* X
¥* — X* such that the following property holds:

Sor all pairs (x,y) € ¥* x ¥*, (x,y) € F ifand only if
(fl(xv |y|u)ag(f2($a |y|u),y)) € F.

Theorem 3.3 The nu-comp reduction is transitive and is
compatible with the class nu-comp-C' (for every complexity
class C).

We note that Clause-Inference is nu-comp-co-NP-
complete, under nu-comp reductions.

Finally, we observe that the nu-comp-C' analog of the
polynomial hierarchy does not collapse.

Theorem 3.4 If C and Cs are classes of the polynomial hi-
erarchy such that Cy is higher than C1, then nu-comp-Cy
is properly contained in nu-comp-Cy (under the assumption
that the polynomial hierarchy does not collapse).

4 Average-case compilability

In this section, we present our new theory of average-case
compilability.

Definition 4.1 A probability distribution g is a real-
valued function from X* x 1* to [0,1] such that

Z(r,l)eE*xl* (@, 1) =

The nu-comp-C classes are used to classify and compare
KRFs; our new classes will be used to classify and compare
what we call distributional KRFs.

Definition 4.2 A distributional KRF (DKRF) is a pair (F, u1)
consisting of a KRF F' and a probability distribution L.

We now define the notion of “polynomial on average.” This
definition is exactly that used in the theory of average-case
time complexity (up to appropriate changes of the domain
and range of the functions whose size we wish to measure).
Definition 4.3 Let pu be a probability distribution. A
function f : ¥X* x 1* — ¥* is of size polyno-
mial on p-average if there exists an € > 0 such that
> ety wi L@ D)< D] (e, 1) < oo

458

We are now ready to define our new “average-
compilability” classes; formally, each class is a set of DKRFs.
The definition can be viewed as a relaxation of Definition 3.1.
The difference is that the translation mapping f : ¥* x 1* —
>* need no longer be of strictly polynomial size, but is now
only required to be of size polynomial on average.

Definition 4.4 (avg-nu-comp-C) Let C' be a complexity
class. A DKRF (F, u) belongs to avg-nu-comp-C' if there
exists a binary function [ : 3* x 1* — X* of size polynomial
on p-average and a KRF F' in C such that the property of
Definition 3.1 holds.

There is an alternative way to define avg-nu-comp-C,
in terms of the following type of reduction, which relates
DKRFs to KRFs.

Definition 4.5 (dist-nu-comp reducibility) A DKRF (F, )
is dist-nu-comp reducible to a KRF F’' (denoted by
F <dist—nu—comp F") if there exist binary polynomial-size
functions f1, fo : * x 1* — ¥* and a binary polynomial-
time computable function g : X* x X* — X* such that
(f1, f2) is of size polynomial on pi-average® and the property
of Definition 3.2 holds.

Theorem 4.6 Suppose that (F, 1) is a DKRF and that C'is a
complexity class. The DKRF (F, p) is in avg-nu-comp-C
if and only if (F,p) <dist—nu—comp F' for some F' in
nu-comp-C'.

This theorem has an important corollary: if nu-comp-C
has a complete KRF F’, then the DKRFs contained in
avg-nu-comp-C are exactly those which reduce to F’. In or-
der to establish the corollary, the following lemma is needed.

Lemma 4.7 Suppose that (F, 1) is a DKRF and that F' and
F" are KRFs. If (F, ) <dist—nu— comp F'and F' <
F"| then (F ,U«) <dist—nu— comp F".

Roughly, Lemma 4.7 can be viewed as a proof of transitiv-
ity: if (F, p) reduces to F’ and F’ reduces to F"/, then (F, u)
reduces to F”’ (under the right notions of reduction).

Corollary 4.8 Suppose that (F, i) is a DKRF, C' is a com-
plexity class and the KRF F' is nu-comp-C-complete un-
der nu-comp reductions. Then, the DKRF (F,u) is in
avg-nu-comp-C' if and only if (F, 1) <dist—nu—comp £ -

It is worth noting here that the class nu-comp-C' has a
complete KRF under nu-comp reductions whenever the un-
derlying complexity class C has a complete language under
<P reductions [Cadoli et al., 2000al.

We now give a notion of reduction for the comparison of
DKRFs. When p and v are probability distributions, we say
that v dominates p if there exists a polynomial p such that for
all (z,1) € 3* x 1%, p(z,1) < p([(z, ) )v(=,1).

Definition 4.9 (avg-nu-comp reducibility) A DKRF (F, ) is
avg-nu-comp reducible to a DKRF (F', i) if there exist a nu-
comp reduction (f1, fa, g) from F to F’ and a probability dis-
tribution pi; dominating p such that /' (y, m) > > 1 (x, 1),
where the sum is over all (x,l) such that [ f1(x,l) = y and
there exists z € X* with |z| =l and |g(f2(z,1), 2)| = m].

9By (f1, f2), we denote the function which maps a pair (x,y) €
T x 170 (fi(x,y), f2(2, y)).

nu comp
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Theorem 4.10 The avg-nu-comp reduction is transitive and
is compatible with the class avg-nu-comp-C' (for every com-
plexity class C).

5 Discussion

We now discuss some of the considerations behind the defi-
nitions in the previous section. When p : ¥* x 1* — [0, 1]
is a probability distribution and S is a subset of ¥* x 1%,
let (14|S) denote the conditional distribution of 4 on .S, that
is, the function defined on (x,l) € S, with value equal to
(/13,5 ls)]

e Why is Levin’s notion of polynomial-on-average used in-
stead of the naive formulation of expected polynomial size?

According to the naive formulation, a function f : ¥* x
1* — ¥* has expected polynomial size (with respect to ) if
there exists k > 1 such that for all n,

o @Dl D@ 1) : (@ 1)] = n}) = O(n").
{z,0)|=n
It is well known that this notion of expected polynomial is
not closed under polynomials (see for example [Goldreich,
19971). For instance, there exist functions f, f/ : ¥* x 1* —
¥3* and a distribution p such that |f/(x,1)| = |f(z,1)|? and
/ has expected polynomial size, but f’ fails to have expected
polynomial size.

In our average-case compilability theory, this “lack of clo-
sure under polynomials” problem manifests itself in the fol-
lowing way. Suppose that, using the alternative definition of
avg-nu-comp-C' given in Theorem 4.6, the KRF F” is wit-
ness to the membership of DKRF (F), 1) in avg-nu-comp-C,
that is, (F, 1) <dist—nu—comp F . Surely, if £ is at least as
space efficient as F” (thatis, F/ <,,_comp F"), then one ex-
pects that £ would also witness the membership of (F, i) in
avg-nu-comp-C'; this is the content of Lemma 4.7, on which
Corollary 4.8 relies. However, if expected polynomial size
is used instead of polynomial on average in Definition 4.3,
Lemma 4.7 breaks down — then, there would exist a DKRF
(F, ) and KRFs F’ and F" such that (F, 1) <dist—nu—comp
F/’ F’ Snu—comp Flla and (F7 ,LL) does not Sdist—nu—comp'
reduce to F”.

o Why does a DKRF have one probability distribution —
over all elements of ¥* X 1* — as opposed to an ensemble
of distributions, each of which is over some finite subset of
XX 1*?

Defining a DKRF to be a KRF paired with an ensemble
of distributions (each of which is, say, defined on a different
string length) may seem more natural than the given defini-
tion, where there is only one distribution, on all strings.

However, the literature on ACTC contains many alterna-
tive formulations of “polynomial on average” (equivalent to
that given in Definition 4.3) and sufficient conditions for a
function to be polynomial on average. (For example, there is
a different formulation of Definition 4.3 in terms of ensem-
bles of distributions, each having finite support, in [Impagli-
azzo, 1995].) These give rise to alternative formulations of
avg-nu-comp-C, and so the particular characterizations we
give for avg-nu-comp-C' (in Definition 4.4 and Theorem 4.6)
were, in some sense, chosen over provably equal characteri-
zations on purely aesthetic grounds.
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e Why is a probability distribution over * X 1* as opposed
to over X2* ? After all, the knowledge bases are represented by
elements of X%, and an element of X* x 1* is just a “slice”
of a knowledge base.

Let F' be a KRF conforming to the “bounded-query-
length” assumption discussed in Section 3, that is, suppose
that there exists a polynomial p such that (z,y) € F implies
ly| < p(|x|). Then, a distribution over ¥* naturally induces a
distribution over ¥* x 1* for the padded version of F' defined
as F' = {(z,2) : z = yOF, |2| = p(|z]), (z,y) € F} (where
[ is an extra padding symbol), which has the property that all
strings in F, have the same length, for any . Note that all of
the example KRFs in this paper already have this property.

6 Example: model checking for
circumscription

In this section, we illustrate the use of our new the-
ory by showing that model checking for circumscription
on 3-SAT formulas (formalized below and denoted by
Circumscription-MC(d)) is in avg-nu-comp-P, under a nat-
ural probability distribution where formulas are generated
by including each clause independently with identical prob-
ability. Since Circumscription-MC(d) is nu-comp-co-NP-
hard,!? this result gives a natural DKRF which is contained
in avg-nu-comp-P, but which has a KRF which is provably

not in nu-comp-P (Theorem 3.4).

Suppose that ¢ is a 3-SAT formula over V, Lef

{v1,...,v,}, and S is a subset of V,,. We say that a model
a:V, — {0,1} of ¢ is a S-minimal model (of ¢) if for all
other models b : V,, — {0,1} of ¢, [b(s) < a(s) for all
s € S]implies that [b(s) = a(s) forall s € S].!! In addition,
amodel a : S — {0,1} of ¢ is said to be a minimal model if
it is the restriction of a S-minimal model « : V;, — {0, 1} (of
).
We define Circumscription-MC(d) to be the set

{(¢,a) : ¢ is a 3-SAT formula on variable set on V,, and
a:{v1,...,04n)} — {0, 1} is a minimal model of ¢}.

Let W, denote the set {o :
¢ is a3-SAT formulaon V,, anda  :  {v1,...,04n)} —
{0,1} is an assignment)}, which is the set of all syn-
tactically well-formed pairs that may or may not be in
Circumscription-MC(d).

Theorem 6.1 Let v, . denote the distribution on 3-SAT for-
mulas over V,, where a formula is generated by including
each of the 8(;’) 3-clauses independently with probability

c/n? (for all real numbers ¢ > 0 and natural numbers
n > 1). Let pic.q (withc > 0 and d € (0,1)) be any dis-
tribution such that

o (te,a|Wh) = vn,c forall n, and
. /fé,djw, y) = 0 if ¢ is a 3-SAT formula on V;, and |y| #
n|.

10This can be shown using a result in [Gogic et al., 1995].
"Here, < denotes the usual total ordering on {0, 1} where 0 < 1.
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If the inequality 2'~%e=°/%(2 — ¢=¢/2)® < 1 holds, then
(Circumscription-MC(d), jic.q4) is in avg-nu-comp-P.

In particular, (Circumscription-MC(0.9), i3.73.0.9) is in
avg-nu-comp-P.

This theorem is established using techniques from proba-
bilistic combinatorics. It is worth noting that at ¢ = 3.73,
the expected number of satisfying assignments that a random
3-SAT formula has is exponential.

7 Conclusions and future work
In [Papadimitriou, 19961, Papadimitriou writes:

The ultimate and most conclusive criterion for
comparing knowledge representation formalisms is
to compare their expressive power not on arbitrary
sets of models, but on the “interesting” sets of mod-
els, the ones that come up in the “real world.” We
still hope that a meaningful and convincing formu-
lation of this important problem may be possible.

In this paper, we presented a robust and flexible theory of
average-case compilability in which the intuitive notion of
“interesting sets of models” can be formalized as a DKRF
(Definition 4.2), DKRFs can be classified (Definition 4.4),
and DKRFs can be compared (Definition 4.9). We illus-
trated the use of this theory by showing that, under a natural
probability distribution, model checking for circumscription
is compilable to the analog of the complexity class P, in our
theory.

There are many open questions for future investigation; to
conclude the paper, we list a few.

e Can additional DKRFs be classified as being inside
avg-nu-comp-P?  We conjecture in particular that
Circumscription-MC(d) — along with the “standard” 3-
SAT probabilistic model with p = ¢/n? for a sufficiently
low ¢ —is in avg-nu-comp-P.

e Are there DKRFs complete for avg-nu-comp-C' (where
C' is from the polynomial hierarchy) under the avg-nu-
comp reduction, or some other notion of reduction com-
patible with the avg-nu-comp-C classes?

e Can any questions concerning the new avg-nu-comp-C'
classes defined here be related to better known
complexity-theoretic hypotheses?
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Abstract

We have created LADDER, the first language to
describe how sketched diagrams in a domain are
drawn, displayed, and edited. The difficulty in cre-
ating such a language is choosing a set of prede-
fined entities that is broad enough to support a wide
range of domains, while remaining narrow enough
to be comprehensible. The language consists of
predefined shapes, constraints, editing behaviors,
and display methods, as well as a syntax for spec-
ifying a domain description sketch grammar and
extending the language, ensuring that shapes and
shape groups from many domains can be described.
The language allows shapes to be built hierarchi-
cally (e.g., an arrow is built out of three lines), and
includes the concept of “abstract shapes”, analo-
gous to abstract classes in an object oriented lan-
guage. Shape groups describe how multiple do-
main shapes interact and can provide the sketch
recognition system with information to be used
in top-down recognition. Shape groups can also
be used to describe “chain-reaction” editing com-
mands that effect multiple shapes at once. To
test that recognition is feasible using this language,
we have built a simple domain-independent sketch
recognition system that parses the domain descrip-
tions and generates the code necessary to recognize
the shapes.

1 Introduction

To date, sketch recognition systems have been domain-
specific, with the recognition details of the domain hard-
coded into the system. Developing such a sketch interface is a
substantial effort. We propose instead that recognition be per-
formed by a single domain-independent recognition system
that uses a domain specific sketch grammar (an approach used
with some success in speech recognition [Zue et al., 1990;
Hunt and McGlashan, 2002]). Programmers could then cre-
ate new sketch interfaces simply by writing a sketch grammar
describing the domain-specific information.

We have created LADDER, a sketch description language
that can be used to describe how shapes and shape groups are
drawn, edited, and displayed. These descriptions primarily
concern shape, but may include other information helpful to
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the recognition process, such as stroke order or stroke direc-
tion. The specification of editing behavior allows the system
to determine when a pen gesture is intended to indicate edit-
ing rather than a stroke. Display information indicates what
to display after strokes are recognized.

The language consists of predefined shapes, constraints,
editing behaviors, and display methods, as well as a syntax
for specifying a domain description and extending the lan-
guage. The difficulty in creating such a language is ensur-
ing that domain descriptions are easy to specify, and that
the descriptions provide enough detail for accurate sketch
recognition. To simplify the task of creating a domain de-
scription, shapes can be built hierarchically, reusing low-
level shapes. Shapes can extend abstract shapes, which de-
scribe shared shape properties, preventing the application de-
signer from having to redefine these properties several times.
The language has proven powerful enough to describe shapes
from several domains. The language enables more accurate
sketch recognition by supporting both top-down and bottom-
up recognition. Descriptions of how shapes may combine
can aid in top-down recognition and can be used to describe
“chain-reaction” editing commands.

Our contribution is in creating LADDER, the first sketch-
ing language to incorporate editing, display, and shape group
information. To test our language, we have built a simple
domain-independent sketch recognition system that parses
the domain description and successfully recognizes shapes
based on these descriptions.

Section 2 describes the components of the language, in-
cluding the predefined shapes, constraints, editing behaviors,
and display methods available. Section 3 describes the syn-
tax and content of a sketch grammar designed in the language.
Section 4 describes a system we have implemented to test the
language and ensure that shapes in a domain can be recog-
nized based on their descriptions. Section 5 describes related
work done in the development in sketch languages.

2 Language Contents

The language consists of predefined shapes, constraints, edit-
ing behaviors, and display methods. Figure 2 shows an ex-
ample description for OpenArrow drawn in (Figure 1). The
description of a shape contains a list of components (the el-
ements from which the shape is built), geometric constraints
on those components, a set of aliases (hames that can be used

461



to simplify other elements in the description), editing behav-
iors (how the object should react to editing gestures), and dis-
play methods indicating what to display when the object is

recognized.
head%g shaft
headl

Figure 1: An open arrow.

(define shape OpenArrow
(description "An arrow with an open head")
(conmponent s
(Line shaft)
(Li ne headl)
(Li ne head2))
(constraints
(coincident shaft.pl headl. pl)
(coincident shaft.pl head2.pl)
(coi ncident headl. pl head2. pl)
(equal -1 ength headl head2)
(acute-nmeet headl shaft)
(acut e-neet shaft head2))
(aliases
(Point head shaft.pl)
(Point tail shaft.p2))
(editing
( (trigger (click_hold_drag shaft))
(action
(translate this)
(set-cursor DRAG
(show handl e MOVE tail head)))
( (trigger (click_hold_drag head))
(action
(rubber-band this head tail)
(show handl e MOVE head)
(set-cursor DRAG)))
( (trigger (click_hold_drag tail))
(action
(rubber-band this tail head)
(show handl e MOVE tail)
(set-cursor DRAG))))
(display (original-strokes)))

Figure 2: The description for an arrow with an open head

The power of the language is derived in part from carefully
chosen predefined building blocks.

2.1 Predefined Shapes

The language includes a number of predefined primitive and
non-primitive shapes, usable as building blocks in describing
other shapes. The primitive shapes are Shape, Point, Path,
Line, Bezier Curve, and Spiral. Circle, Arc, and Ellipse are
examples of non-primitive shapes included in the language
library; all three are more specific versions of the primitive
shape Spiral. The OpenArrow in Figure 2 is a non-primitive
shape built out of three primitive shapes.

The language uses an inheritance hierarchy; Shape is an
abstract shape which all other shapes extend. Shape provides
a number of components and properties for all shapes, includ-
ing boundingbox, centerpoint, width, and height. Each prede-
fined shape may have additional components and properties; a
Line, for example, also has p1, p2 (the endpoints), midpoint,
length, angle, and slope. Components and properties for a
shape can be used hierarchically in shape descriptions. When
defining a new shape the components and properties are those
defined by Shape, and those defined by the components and
aliases section.
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2.2 Predefined Constraints

New shapes are defined in terms of previously defined shapes
and constraints between them. For instance, the OpenArrow
in Figure 2 contains the constraint (acute-meet headl shatft),
which indicates that headl and shaft meet at a point and form
an acute angle in a counter-clockwise direction from headl
to shaft. (Angles are measured in a counter-clockwise direc-
tion.)

A number of predefined constraints are included in the lan-
guage, including: perpendicular, parallel, collinear, same-
side, opposite-side, coincident, connected, meet, intersect,
tangent, contains, concentric, larger, near, draw-order, equal-
length, =, <, <=, angle, angle-dir, acute, obtuse, acute-
meet, and obtuse-meet. If a sketch grammar consists of only
the constraints above, the shape is rotationally invariant.

There are also predefined constraints that are valid only
in a particular orientation, including horizontal, verti-
cal, pos-slope, neg-slope, left-of, right-of, above, below,
same-H-pos, same-V-pos, above-left, above-right, below-left,
below-right, centered-below, centered-above, centered-left,
centered-right, and angleL, where (angleL linel degrees)
specifies that the angle between a horizontal line pointing
right and linel is degrees.

There is an additional constraint: is-rotatable, which im-
plies the shape can be found in any orientation. If is-rotatable
is specified along with an orientation-dependent constraint,
there must be an angleL, horizontal, or vertical constraint
specified, which serves to define the orientation and set a rel-
ative coordinate system. For example, the two angle-meet
constraints could have been replaced with:

(is-rotatable) (horizontal shaft)(neg-slope headl) (pos-slope
head2) (left-of shaft.pl shaft.p2) (left-of headl.p2 shaft.p2)
(left-of head2.p2 shaft.p2),

in which case the shaft is the reference line.

2.3 Predefined Editing Behaviors, Actions, and
Triggers

Describing editing gestures permits the recognition system
to discriminate between sketching (pen gestures intended to
leave a trail of ink) and editing gestures (pen gestures in-
tended to change existing ink), and permits us to describe the
desired behavior in response to a gesture.

In order to encourage interface consistency, the language
includes a number of predefined editing behaviors described
using the actions and triggers above. One such example is
Draglnside, defines that if you click-hold-drag the pen start-
ing inside of the bounding box of a shape, the entire shape
automatically moves with it.

When defining a new editing behavior particular to a do-
main, there are two things to specify: the trigger — what sig-
nals an editing command — and the action — what should hap-
pen when the trigger occurs. The language has a number of
predefined triggers and actions to aid in describing editing
behaviors.

For instance, in Figure 2, the OpenArrow contains three
editing behaviors. The first editing behavior says that if you
click and hold the pen over the shaft of the OpenArrow,
when you drag the pen, the entire OpenArrow will translate
along with the movement of the arrow. The second editing be-
havior states that if you click and hold the pen over the head
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of the arrow, the head of the arrow will follow the motion of
the pen, but the tail of the arrow will remain fixed and the
entire OpenArrow will stretch like a rubber band (translat-
ing, scaling, and rotating) to satisfy these two constraints and
keep the OpenArrow as one whole shape. All of the edit-
ing behaviors also change the pen’s cursor as displayed to the
sketcher, and display moving handles to the sketcher to let the
sketcher know that she performing an editing command.

The possible editing actions include wait, select, deselect,
color, delete, translate, rotate, scale, resize, rubber-band,
show-handle, and set-cursor. To give an example:
(rubber-band shape-or-sel ection fixed-point nove-point
[ new point])
translates, scales, and rotates the shape-or-selection so
that the fixed-point remains in the same spot, but that the
move-point translates to the new-point. If new-point is not
specified, move-point translates according to the movement
of the pen.

The possible triggers include: click, double-click, click-
hold, click-hold-drag, draw, draw-over, scribble-over, and
encircle. Possible triggers also include any action listed
above, to allow for “chain-reaction” editing.

Shape groups allow designers to define “chain-reaction”
editing behaviors. For instance, the designer may want to
specify that when we move a rectangle, if there is an arrow
head inside of this rectangle, the arrow should move with the
rectangle.

2.4 Predefined Display Methods

An important part of a sketching interface is controlling what
the user sees after shapes are recognized. The designer can
specify that the original strokes should remain, or instead that
a cleaned version of the strokes should be displayed. In the
cleaned version, the original strokes are fit to straight lines,
clean curves, clean arcs, or a combination.

Another option is to display the ideal version of the strokes.
In this case, lines that are supposed to connect at their end
points actually connect and lines that are supposed to be par-
allel are actually shown as parallel. In the ideal version of the
strokes, all of the noise from sketching is removed.

It may be that we don’t want to show any version of the
strokes at all, but some other picture. In this case, we can ei-
ther place an image at a specified location, size, and rotation,
or we can create a picture built out of predefined shapes, such
as circles, lines, and rectangles.

The pre-defined display methods include: original-strokes,
cleaned-strokes, ideal-strokes, circle, line, point, rectangle,
text, color, and image. Each method includes color as an op-
tional argument.

3 Specifying a Domain Description

A domain description contains a list of the domain shapes
and shape groups, as well as definitions for each of them. De-
scriptions can be hierarchical and can refer to other shapes
in the language. This section provides examples from the
domain description sketch grammar of UML (Unified Mod-
elling Language) class diagrams [Booch et al., 1998].
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3.1 Indicating Domain Definitions

The compiler uses a list of domain shapes and shape groups
to confirm that each shape is properly defined and to speed
recognition by creating recognizers only for sub-shapes
needed by the domain.

3.2 Defining Shapes

A domain shape is a shape that is meaningful in the do-
main. Geometric shapes usually occur in several domains and
are the building blocks of the domain shapes. For instance,
in the domain of UML class diagrams, the domain shapes
(followed by their geometric shape component) are: general
classes (represented by rectangles), interface classes (circles),
interface associations (lines), dependency associations (open-
headed arrows), aggregation associations (diamond-headed
arrows), inheritance associations (triangle-headed arrows),
information associations (dotted lines or dotted open arrows).

A shape definition includes primarily geometric informa-
tion, but can include other drawing information that may be
helpful to the recognition process, such as stroke order or
stroke direction. A shape definition is composed of seven
sections. All sections are optional except the components sec-
tion.

1. The description contains a textual description of the
shape, e.g., “an arrow with a triangle-shaped head.”

2. The is-a section specifies any class of abstract shapes
(Section 3.3) that the shape may be a part of. This is
similar to the extends property in Java. All shapes extend
the abstract shape Shape.

3. The components section lists the components of the
shape. For example, the TriangleArrow in Figure 3 is
built out of the OpenArrow from Figure 2 and a Line.
Components can be accessed hierarchically.

4. The constraints section specifies relationships between
the components. For example, in the TriangleArrow in
Figure 3, (coincident head3.pl headl.p2) specifies that
an endpoint of head3 and an endpoint of headl are lo-
cated at the same point.

The constraints section can specify both hard con-
straints, such as the one listed above, and soft con-
straints, which are specified by the keyword soft. Hard
constraints are always satisfied in the shape, but soft con-
straints may not be. Soft constraints can aid recognition
by specifying relationships that usually occur. For in-
stance, in Figure 3 the shaft of the arrow is commonly
drawn before the head of the arrow, but the arrow should
still be recognized even if this constraint is not satisfied.

5. The aliases section allows us to compute certain prop-
erties and name them for use later. For instance, in Fig-
ure 3, headl is defined and used in a constraint for sim-
plicity. Components specified in the aliases section can
be accessed hierarchically. For instance, TriangleAr-
row uses head and tail from the OpenArrow in Fig-
ure 2.

6. An editing section specifies how the shape can be
edited. Common editing commands involve movement
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and deletion of the shape. Each editing behavior must
specify a trigger and an action listed in Section 2.3.

Shapes can be defined to be moved as a whole rather
than having to move individual lines. For instance, in
Figure 3, one editing behavior for the TriangleArrow
indicates that if the user presses and holds the pen on
the shaft for a brief period, the pen will drag the entire
TriangleArrow when moved.

7. A display section specifies what should be displayed on
the screen when the shape is recognized. This section is
generally included only for domain shapes, not for ge-
ometric shapes. In the UMLInheritanceAssociation in
Figure 4, the arrow will be displayed using straight lines
for the arrow head and the original stroke for the shaft.

(define shape Triangl eArrow
(description "An arrow with a triangle-shaped head")
(conmponent s

(OpenArrow oa)
(Li ne head3))
(aliases
(Line shaft oa.shaft)
(Li ne headl oa. headl)
(Li ne head2 oa. head2)
(Poi nt head oa. head)
(Point tail oa.tail))
(constraints
(coi nci dent head3. pl headl. p2)
(coi nci dent head3. p2 head2. p2)
(soft draw order shaft headl)
(soft draw order shaft head2))
(editing
( (trigger (click_hold_drag shaft))
(action
(translate this)
(set-cursor DRAG
(show handl e MOVE tail head)))...))

Figure 3: The description for an arrow with a triangle-shaped
head.

(define shape UM.I nheritanceAssoci ation
(i s-a UM.General Associ ati on)
(component s

(Triangl eArrow arrow))
(aliases
(Poi nt head arrow head)
(Point tail arrowtail)
(Line shaft arrow shaft))
(di spl ay
(original _strokes arrow. shaft)
(cl eaned_strokes arrow headl arrow head2 arrow. head3))

Figure 4: The domain shape UML Inheritance Association is
defined by the geometrical shape TriangleArrow from Fig-
ure 3.

3.3 Defining Abstract Shapes

In the UML InheritanceAssociation defined in Figure 4, the
is-a section specifies that the UM L InheritanceAssociation
is an extension of the abstract shape UML General Associa-
tion. Abstract shapes have no concrete shape associated with
them; they represent a class of shapes that have similar at-
tributes or editing behaviors. These attributes can be defined
once in the abstract shape description rather than for each do-
main shape. For instance, in Figure 2 and Figure 3, notice that
the OpenArrow and the TriangleArrow have identical edit-
ing behaviors defined. Rather than repeatedly listing these
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editing behaviors in each shape, we could create an abstract
shape which specifies these editing behaviors.

An abstract shape is defined similarly to a regular shape,
except it has a required section instead of a components sec-
tion. Each shape that extends the abstract shape must define
each variable listed in the required section, in its components
or aliases section.

Figure 5 presents a diagram of the inheritance hierarchy for
the abstract and non-abstract shapes in the UML class dia-
grams domain. In UML, UML DependencyAssociation, the
UML InheritanceAssociation, the UML AggregationAsso-
ciation, the UMLInformationAssociation, and the Inter-
faceAssociation are all links represented by arrows or lines
and all have the same editing behavior. Thus, we can create
the abstract shape UM L Association, which lists the editing
behavior of these shapes. Figure 6 shows the abstract shape
description of the UM L Association. Notice that the required
variables are used when defining editing behaviors.

(define abstract-shape UMLAssoci ati on
(i s-a Shape)
(required
(Poi nt head)
(Point tail)
(Li ne shaft))
(editing
( (trigger (click_hold_drag shaft))
(action
(translate this)
(set-cursor DRAG
(show handl e MOVE tail head)))...))

Figure 6: The description for the abstract class UMLASssoci-
ation.

3.4 Defining Shape Groups

A shape group is a collection of domain shapes that are
commonly found together in the domain. Defining shape
groups provides two significant benefits. Shape groups can be
used by the recognition system to provide top-down recogni-
tion, and “chain-reaction” editing behaviors can be applied to
shape groups, allowing the movement of one shape to cause
the movement of another.

In the domain of UML class diagrams, there are six le-
gal shape groups that describe the visual relationship between
UML associations and UML classes. For example, one shape
group consists of an association combined with a general
class, such that the tail of the association is inside or near the
general class shown in Figure 7 and described in Figure 8. A
shape group definition is similar to that of a shape definition.

I

Figure 7: An association attached to a class at its tail.

If a single shape in a sketch can be part of many instances
of a shape group, then we place the key word multiple before
the component shape of the shape group. In UML Class Dia-
grams, for example, a single UM L Association can be part of
only one instance of a shape group, while a single UM L Class
can be part of many instances of UM L GenClassGenAssoci-
ationTail.

KNOWLEDGE REPRESENTATION



Shape

sgociatio

InterfaceClass

GeneralAsgociatio,

InterfaceAssociatio

‘AggregatlonAssocmtlon

GoneralClass rnform ationAssociation|

{DependencyAssociation‘

nterfaceAssociationl)

[nheritance Assagiation| nterfaceAssociationA

Figure 5: The inheritance diagram of UML Class Diagram shapes.

(define shape-group
UMLCGend assGenAssoci ati onTai |
(description "A general class attached to
the tail of a general association")
(is-a UMLAssoci ati onAttachedTail)
(conmponent s
(nmul tiple (General O ass ct))
(General Association r)))

Figure 8: Description of the shape group from Figure 7.

3.5 Defining Abstract Shape Groups

Abstract shape groups definitions allow the reuse of shared
properties across multiple shape groups. The definition of a
UML AssociationAttachedTail in Figure 9 indicates that the
tail, but not the head, of the association is inside the class,
preventing us from having to redefine the constraints many
times, and allows us to define one general editing behavior
for many shapes. An editing behavior for the UM L Associa-
tionAttachedTail indicates that whenever you move a UML -
Class that is attached to the tail of a UMLAssociation, the
head of the UM L Association remains fixed in its original lo-
cation, but the tail of the UML Association remains attached
to the UM L Class as it moves; the UM L Association acts like
a rubber band (translating, scaling, and rotating) to satisfy
these constraints.

(define abstract-shape-group
UMLAssoci ati onAttachedTai |
(required
(Association r)
(Cass ct))
(constraints
(contains ct r.tail)
(!contains ct r.head))
(editing
(trigger (translate ct))
(action (rubber-band r r.head r.tail))))

Figure 9: Definition for an abstract shape group.

3.6 Defining Constraints

We believe the language contains sufficient constraints to de-
fine a broad range of domains. When an additional con-
straint is needed, it can be defined using a macro facility. The
sections of a sketch-constraint definition include description,
components, and constraints.

4 Testing
4.1 Examples of Shapes Described in the
Language

We have evaluated the language by showing that it can de-
scribe a wide variety of symbols from a number of different
domains. We have used it to describe over a hundred shapes
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(define constraint centered-in
(description "Tests if shapel is centered inside shape2")
(conponent s
(Shape s1)
(Shape s2))
(constraints
(contains s2 s1)
(coincident sl.center s2.center)))

Figure 10: Definition for the constraint centered-in.

from the domains of UML class diagrams, mechanical engi-
neering diagrams, course of action diagrams, and letters of
the alphabet. lllustrative examples are given below.

Polygon

A PolyLine (shown in Figure 11a), may contain a variable
number of line segments. A variable number of components
is specified by the key word vector and must specify the min-
imum and maximum number of components. If the maxi-
mum number can be infinite, the variable n is listed. For in-
stance the PolyL ine must contain at least two lines, and each
line must be connected with the previous. The definition of a
Polygon easily follows from the definition of the PolyLine

(2)

_® ©

——

Figure 11: (a)Poly Line (b) Dashed Open Arrow (c) Stick
Figure
(define shape Pol yLi ne

(conponents (vector Line vi[2,n]))

(constraints (coincident vI[i].p2 vl[i+1].p1))
(aliases (Point head vl[0].pl)(Point tail vi[n].p2)))

(define shape Pol ygon
(conponent s(Pol yLi ne poly))
(constraints(coincident poly.head poly.tail)))

Figure 12: Shape Description of a Polygon.

Dashed Open Arrow

A DashedOpenArrow (Figure 11b) is made from a Ope-
nArrow, and a Dashedline, which in turn contains at least
two line segments. When given a third argument specifying
a length, the constraint near states that two points are near to
each other relative to a given length.

Stick Figure
The definition of a stick figure (Figure 11c) shows how we
can create new components to help describe shapes. It creates
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(define shape DashedLine
(conponents (vector Line vi[2,n]))
(constraints (collinear vi[i].pl vli[i].p2 vI[i+1].pl)
(!(intersect vI[i] vI[i+1])
(near vl[i].p2 vli[i+1].pl vI[i].length))
(aliases (Point head vI[0].pl)(Point tail vi[n].p2)))

(define shape DashedOpenArrow
(conponents (OpenArrow oa) (DashedLi ne dl))
(constraints (near oa.tail dl.head oa.shaft))
(aliases
(Poi nt head oa. head) (Point tail dl.tail)))

Figure 13: Description of a dashed line and a dashed open
arrow.

a new line between the feet for use in defining constraints,
ensuring that both feet lie below the body.

(define shape StickFigure

(description "a stickfigure with two arns and two | egs
al |l sloping down at 45 degrees")

(conponents (G rcle head)(Line body)
(Line larm(Line rarnm)(Line Ileg)(Line rleg))

(alias (Line feet_space (new Line (Ileg.p2 rleg.p2))))

(constraints (nmeet head body. pl) (! (intersect body head))
(is-rotatable) (vertical body) (nmeet body |arm pl)
(nmeet body rarm pl) (coincident |armpl rarm pl)
(acute | arm body) (acute body rarm (left-of larmrarm
(coincident body.p2 |leg.pl)(coincident body.p2 rleg.pl)
(obtuse body |1eg)(obtuse rleg body)
(perpendicular larmrarn (perpendicular |leg rleg)
(near body.pl rarmpl)(parallel rarmrleg)
(parallel larmlleg)(!(intersect feet_space body))
(equal -length Ileg rleg)
(equal -length larmrarm)

Figure 14: Description of a stick figure.

4.2 System Implementation

We built a simple domain-independent recognition system to
test whether sketches can be recognized from our domain
descriptions. The system parses a domain description into
Java code and Jess (a rule-based system that interfaces with
Java) [Friedman-Hill, 1995] rules, and uses them to recog-
nize sketches. For example, using the domain description
for UML, the system successfully recognized hand-drawn
sketches of all of the shapes in Figure 5 regardless of over-
lap.

Domain Description Parsing

The domain description is parsed to create recognition code,
creating at least one Jess rule (containing the shape recogni-
tion information), and one Java file (describing the shape), for
each shape description. The system then uses the Jess rules
to recognize sketches.

Jess Rule Example

The rule automatically generated for the TriangleArrow
from Figure 3 is shown in Figure 15. If a shape description
contains a vector, such as that of the DashedArrow in Fig-
ure 13, two Jess rules are created, one containing the base
case, and the second containing a recursive rule.

Stroke Preprocessing

The recognition system has several stages of recognition.
First, each time a stroke is drawn, the stroke is pre-processed
[Sezgin et al., 2001] into either Point, Line, Curve, Arc, or a
combination thereof, allowing users to draw objects in a sin-
gle stroke or with multiple strokes. These primitive shapes
are then asserted to a Jess database.
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(defrul e Triangl eArrowCheck
;;CGet the parts of the triangle arrow
?f0 <- (Subshapes OpenArrow ?oa $?oa_list)
?f1 <- (Subshapes Line ?head3 $?head3_|ist)
(OpenArrow ?o0a ?oa_shaft ?oa_headl ?oa_head2 ?oa_head ?oa_tail)
(Li ne ?head3 ?head3_pl ?head3_p2)

;; Make sure that the openarrow and |ine don't share any subparts.
(test (uniquefields $?0a_list $?head3_list))

;7 Get the subpart of the open arrow since they are referenced
(Li ne ?oa_shaft ?shaft_pl ?shaft_p2)
(Li ne ?0a_headl ?headl_pl ?headl_p2)
(Line ?oa_head2 ?head2_pl ?head2_p2)

;; test for that the constraints hold
(test (coincident ?head3_pl ?headl_p2))
(test (coincident ?head3_p2 ?head2_p2))

;5 Triangle Arrow has been successfully found
;; Set the aliases

(bind ?shaft ?oa_shaft)(bind ?headl ?oa_headl)
(bi nd ?head2 ?o0a_head2) (bi nd ?head ?oa_head)
(bind ?tail ?oa_tail)

;7 Tell the recognition systemthat there is a Triangle Arrow
(bi nd ?nextnum (addshape Triangl eArrow ?0a $?head3_list ?shaft
?headl ?head2 ?head ?tail))

;7 Tell the Jess systemthat there is a Triangle arrow

(assert (Triangl eArrow ?nextnum ?oa ?head3 ?shaft ?headl ?head2
?head ?tail))

(assert (Subshapes Triangl eArrow ?nextnum (union$ $?oa_|ist
$?head3_list)))

;5 Triangle Arrow is a domain shape. Assert it.

;5 Conflicts will be resolved el sewhere.

(assert (Domai nShape Triangl eArrow ?nextnum (time)))
(assert (Conpl et eSubshapes QpenArrow ?oa $?oa_list)))

Figure 15: Automatically generated Jess Rule for the Triangle
Arrow.

Recognition of Shapes

Recognition is handled by the Jess rule based system. We
have automatically generated templates for the Jess system to
fill in. Once Jess finds the appropriate components, the rule is
fired and the constraints are tested. The constraints are Java
functions with which Jess interacts. All possible shapes are
found, even if the shapes share lines or other components. If
the shape can be a domain shape (i.e., a final shape in the
domain), the shape is asserted as a domain shape.

Domain Shapes

When domain shapes are created, a rule fires in Jess confirm-
ing that no two found domain shapes share the same sub-
components. If two domain shapes do share subcomponents,
one domain shape is retracted. The domain shape chosen
to remain is the one containing more primitive components
(following Ockham’s Razor); if the two shapes contain the
same number of components, the shape created first is cho-
sen, since previously chosen recognitions have higher prece-
dence. If a domain shape is found, then the recognition sys-
tem displays the shape as the designer specified and editing
commands can then be performed on the shape.

5 Redated Work

Shape description languages, such as shape grammars, have
been around for a long time [Stiny and Gips, 1972]. Shape
grammars are studied widely within the field of architecture,
and many systems are continuing to be built using shape
grammars [Gips, 1999]. However, shape grammars were
developed for shape generation rather than recognition, and
don’t provide for non-graphical information, such as stroke
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order, that may be helpful in recognition. They also lack ways
for specifying shape editing.

Within the field of sketch recognition, there have been
other attempts to create languages for sketch recognition.
Bimber et. al [2000] describe a simple sketch language using
a BNF-grammar. The language describes three-dimensional
shapes hierarchically. This language allows a programmer to
specify only shape information and lacks the ability to spec-
ify other helpful domain information such as stroke order or
direction and editing behavior, display, or shape interaction
information.

Mahoney [2002] uses a language to model and recognize
stick figures. The language currently is not hierarchical, mak-
ing large objects cumbersome to describe. Caetano et. al.
[2002] use fuzzy relational grammars to describe shape. Both
Mahoney and Caetano lack the ability to describe editing, dis-
play, or shape grouping information.

The Electronic Cocktail Napkin project [Gross and Do,
1996] allows users to define domain shapes by drawing them.
A shape is described by the shapes it is built out of and the
constraints between them. The Cocktail Napkin’s language is
able to describe only shape.

Jacob [Jacob et al., 1999] has created a software model
and language for describing and programming fine-grained
aspects of interaction in a non-WIMP user interface, such as
avirtual environment. The language is very low-level making
it difficult to define new interactions, and, in the domain of
sketching, does not provide a significant improvement to cod-
ing the domain-dependent recognition system from scratch.

The language described in this paper is being used in sev-
eral other systems, including sketch learning from example
[Veselova, 2002], smart compiling using HMM’s [Sezgin,
2002], and an intelligent Bayesian network context oriented
sketch recognition system [Alvarado et al., 2002].

6 Conclusion
6.1 Future Work

We plan to examine more domains to ensure that the language
contains the appropriate primitives. We would also like to
test our syntax on a wide user base. Large domains benefit
from visual diagrams, such as the one in Figure 5. We plan to
automatically generate some of these visual diagrams to help
with the grammar-writing process.

6.2 Contributions

We have created LADDER, the first language to describe how
sketched diagrams in a domain are drawn, displayed, and
edited. The language consists of pre-defined shapes, con-
straints, editing-behaviors, and display methods, as well as
a syntax for specifying a sketch grammar and extending the
language, ensuring that shapes and shape groups from many
domains can be described. The syntax simplifies the defini-
tion of new shapes by allowing shapes to be built hierarchi-
cally and by providing abstract shapes to contain common
shape properties. Shape groups describe how domain shapes
interact, and can provide information to be used in top-down
as well as bottom-up recognition. Shape groups can also
be used to describe “chain-reaction” editing commands. We
have built a simple domain-independent sketch recognition

KNOWLEDGE REPRESENTATION

system for testing that recognition is feasible based on the
descriptions provided.
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Abstract

Inconsistencies frequently occur in knowledge
about the real-world. Some of these inconsis-
tencies may be more significant than others, and
some knowledgebases (sets of formulae) may con-
tain more inconsistencies than others. This creates
problems of deciding whether to act on these in-
consistencies, and if so how. To address this, we
provide a general characterization of inconsistency,
based on quasi-classical logic (a form of paracon-
sistent logic with a more expressive semantics than
Belnap’s four-valued logic, and unlike other para-
consistent logics, allows the connectives to appear
to behave as classical connectives). We analyse in-
consistent knowledge by considering the conflicts
arising in the minimal quasi-classical models for
that knowledge. This is used for a measure of co-
herence for each knowledgebase, and for a measure
of significance of inconsistencies in each knowl-
edgebase. In this paper, we formalize this frame-
work, and consider applications in managing het-
erogeneous sources of knowledge.

1 Introduction

An approach to measuring inconsistency is to use proposi-
tional quasi-classical (QC) logic [Hunter, 2002]. In this, each
inconsistent set of formulae is reflected in the QC models for
the set, and then the inconsistency is measured in the models.
Obviously, this is not possible in classical logic, or indeed
many non-classical logics, because there is no model of an
inconsistent set of formulae. QC logic, a form of paraconsis-
tent logic, can model inconsistent sets of formulae. There are
other paraconsistent logics that we could consider, for exam-
ple Belnap’s four-valued logic [Belnap, 19771, or Levesque’s
3-interpretations [Levesque, 1984], or Grant’s generalizations
of classical satisfaction [Grant, 1978], but these, as we will il-
lustrate, involve the consideration of too many models. This
increases the number of models that need to be analysed and
it underspecifies the nature of the conflicts.

However, the original proposal for measuring inconsis-
tency based on QC logic does not provide an evaluation of
the significance of inconsistencies. As an illustration of the
need to evaluate significance, consider two news reports on a
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World Cup match, where the first report says that Brazil beat
Germany 2-0, and the second report says that Germany beat
Brazil 2-0. This is clearly a significant inconsistency. Now
consider two news reports on the same football match, where
the first report says that the referee was Pierluigi Collina and
the second report says that the referee was Ubaldo Aquino.
This inconsistency would normally be regarded as relatively
insignificant.

In this paper, we extend the idea of measuring inconsis-
tency via QC models by giving a new framework for measur-
ing the significance of inconsistencies in a knowledgebase.
To do this, we review aspects of QC logic and a measurement
of inconsistency based on it. We then present our frame-
work for evaluating the significance of inconsistencies. We
show this leads to a generalization of a four-valued seman-
tics where instead of a single truth value to denote inconsis-
tency, we have an infinite sequence of inconsistent truth val-
ues B; where ¢ € [0, 1]. We then discuss how we can use QC
logic together with significance functions for reasoning and
analysing with heterogeneously sourced information such as
news from different newsfeeds.

2 Review of QC Logic

We review the propositional version of quasi-classical logic
(QC Logic) [Besnard and Hunter, 1995; Hunter, 2000].

Definition 1 The language of QC logic is that of classical
propositional logic. We let L denote a set of formulae formed
in the usual way from a set of atom symbols A, and the con-
nectives {—=,V,\}. IfT' € (L), then Atoms(T") returns the
set of atom symbols used in T

Definition 2 Let o be an atom, and let ~ be a complementa-
tion operation such that ~ o is —« and ~ (—«) is . The ~
operator is not part of the object language, but it makes some
definitions clearer.

Definition 3 Let o1 V .. V «,, be a clause that includes a
disjunct a; and n > 1. The focus of a1 V .. V ay, by «,
denoted @ (a1 V ..V au, «p), is defined as the clause obtained
by removing o; from a1 V .. V .

Example 1 Let oV 3V 7y be a clause where «, 3, and v are
literals. Hence, @(aV BV v,8) =a V.

Focus is used to capture a form of resolution in the seman-
tics of QC logic. A model in QC logic is a form of Herbrand
model.
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Definition 4 Let A be a set of atoms. Let O be the set of
objects defined as follows, where 4+ is a positive object, and
—a is a negative object.

O={+a|lac A}U{-a|ac A}

We call any X € p(O) a QC model. So X can contain both
+a and —a for some atom c.

For each atom « € £, and each X € p(0), +a € X
means that in X there is a reason for the belief o and that
in X there is a reason against the belief —«. Similarly,
—a € X means that in X there is a reason against the be-
lief o and that in X there is a reason for the belief —«. This
effectively gives us a four-valued semantics. Though for non-
atomic formulae the semantics, defined next, is significantly
different to [Belnap, 1977].

Definition 5 Let |=; be a satisfiability relation called strong
satisfaction. For a model X, we define |=, as follows, where
Qq, ...,y are literals in L, n > 1, and o is a literal in L.

X |5 aiff there is a reason for the belief o in X

XEsa1V..Va,
iff X Esayor...or X 5 ap)
andVist. 1 <i<n
(X FEs~a; implies X =5 @(a1 V... V ap, a;)]

For o, 3, € L, we extend the definition as follows,

XEsanBif X Esaand X =5 3

X s —aVyiff X Fs aVy

X Es 2(aAB)VAYIF X s ~aV =BV y
X s (VB VYiff X = (haA=B) vy
XEsaV(BAY)iff X Es (aVB)A(aVy)
XEaNBVY)IFFX s (@npB)V(aAy)

Definition 6 For X € p(O) and A € p(L), let X =5 A
denote that X =5 « holds for every a in A. Let QC(A) =
{X € p(0) | X |5 A} be the set of QC models for A.

A key feature of the QC semantics is that there is a model
for any formula, and for any set of formulae.

Example2 Let A = {-~a V =8V v,-a V ~v,—y}, where
a,B,v € A and let X = {—a,—08,—}. So X s —aq,
X Es "fand X =5 . Also, X [Eg~7. Hence, X =,
—a V7, and X s ~aV —f, and so, X s ~aV -8V 7.
Hence every formula in A is strongly satisfiable in X.

Strong satisfaction is used to define a notion of entail-
ment for QC logic. There is also a natural deduction proof
theory for propositional QC logic [Hunter, 2000] and a
semantic tableau version for first-order QC logic [Hunter,
2001]. Entailment for QC logic for propositional CNF for-
mulae is coNP-complete, and via a linear time transformation
these formulae can be handled using classical logic theorem
provers [Marquis and Porquet, 2001].

The definitions for QC models and for strong satisfaction
provide us with the basic concepts for measuring inconsis-
tency. QC logic exhibits the nice feature that no attention
needs to be paid to a special form that the formulae in a set
of premises should have. This is in contrast with other para-
consistent logics where two formulae identical by definition
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of a connective in classical logic may not yield the same set
of conclusions. For example, in QC logic, ( is entailed by
both {(—a — ), ~a} and {a V §, ~a} and 7 is entailed by
{y A =} and {7, —y}. QC logic is much better behaved in
this respect than other paraconsistent logics such as C,, [da
Costa, 1974], and consistency-based logics such as [Benfer-
hat et al., 1993]. Furthermore, the semantics of QC logic
directly models inconsistent sets of formulae.

Definition 7 Ler A € p(L). Let MQC(A) C QC(A) be the
set of minimal QC models for A, defined as follows:

MQC(A) ={X € QC(A) | Y C X, thenY & QC(A)}
Example 3 Consider the following sets of formulae.

MQC{a A ~a,a Vv B,—a Vv})

= {{+a, —a, +8, +7}}
MQC({~a A e, BV 7})

= {{+a, —a,+8}, {+a, —a, +7}}
MQC({a V B, ~a Vv})

= {{+/87 +7}7 {+a7 +’Y}7 {—CY, +ﬁ}}

Whilst four-valued logic [Belnap, 1977] also directly mod-
els inconsistent sets of formulae, there are too many Bel-
nap models in many situations. Consider for example {a V
B,—«a}. There is one minimal QC model {—a«,+/3}, but
there are a number of Belnap models that satisfy this set.
QC logic has a reduced number of models because of the
constraint in the definition of strong satisfaction for disjunc-
tion that ensures that if the complement of a disjunct holds in
the model, then the resolvent should also hold in the model.
This strong constraint means that various other proposals for
many-valued logic will tend to have more models for any
given knowledgebase than QC logic. In particular, the short-
comings of Belnap’s four-valued logic also apply to three-
valued logics such as 3-interpretations by [Levesque, 19841,
and a similar proposal by [Grant, 1978].

3 Measuring coherence of QC models

We now consider a measure of inconsistency called coher-
ence [Hunter, 2002]. The opinionbase of a QC model X is
the set of atomic beliefs (atoms) for which there are reasons
for or against in X, and the conflictbase of X is the set of
atomic beliefs with reasons for and against in X.

Definition 8 Let X € p(O).

Conflictbase(X) = {a | +a € X and —a € X}
Opinionbase(X) ={a|+a € X or —a € X}

In finding the minimal QC models for a set of formu-
lae, minimization of each model forces minimization of
the conflictbase of each model. As a result of this min-
imization, if A € p(£), and X, Y € MQC(A), then
(1) Conflictbase(X) = Conflictbase(Y) and (2) either
Opinionbase(X) = Opinionbase(Y") or Opinionbase(X) is
not a subset of Opinionbase(Y).

Increasing the size of the conflictbase, with respect to the
size of the opinionbase, decreases the degree of coherence, as
defined below.
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Definition 9 The Coherence function from p(O) into [0, 1],
is given below when X is non-empty, and Coherence() = 1.

_ |Conflictbase(X)|
|Opinionbase(X)]

If Coherence(X) = 1, then X is a totally coherent, and if
Coherence(X) = 0, then X is totally incoherent, otherwise,
X 1is partially coherent/incoherent.

Example 4 Let X € MQC({—aAa,BA-8,vA—}), Y €
MQC({a, ~a V =3, 8,7}), and Z € MQC({—«a, 3,—y A
~v}). So Coherence(X) = 0, Coherence(Y) = 1/3, and
Coherence(Z) = 2/3.

Different minimal QC models for the same knowledgebase
are not necessarily equally coherent.

Example 5 Let A = {«a,—-a,0 V v, V 8}, and let
X = {+a,—a,+0} and Y = {+a,—a,+v,+6}. So
MQC(A) = {X,Y}, and Coherence(X) = 1/2 and
Coherence(Y) = 2/3.

We extend coherence to knowledgebases as follows.

Definition 10 Let A € p(L). Assign Coherence(A) the
maximum value in {Coherence(X) | X € MQC(A)}.

Example 6 Let A = {a A —a,0 A —=8,aV BV (v A9d)
and A’ = {a A -a,a V }. Here Coherence(A) =
Coherence(A’) = 1/2.

Example 7 Let A = {¢ A —p,aV (BAY A} and A" =
{6 A=, (aAB)V (yAd)} Also let X1 = {+¢, —d, +a},
X2 = {+¢7 _¢a +ﬁa +r>/7 +6}’ Yi = {+¢7 _¢7 +Oé, +ﬁ}’
and YQ = {+¢,7¢, +")/, +5} SO, MQC(A) = {X17X2}
and MQC(A") = {¥1,Ys}. Aliso, Coherence(X;) =
1/2, Coherence(X3) = 3/4, Coherence(Yy) = 2/3, and
Coherence(Y3) = 2/3. So Coherence(A) > Coherence(A").

Coherence(X) =1

4 Significance functions

We now present a new framework for measuring the signif-
icance of inconsistencies arising in QC models, and thereby
in sets of formulae. The approach is based on specifying the
relative significance of incoherent models using the notion of
a mass assignment which is defined below.

Definition 11 Let Q2 € p(O) such that Coherence(2) = 0. A
mass assignment m for Q) is a function from () into [0, 1]
such that:

(1) If X C Q and Coherence(X) = 1, then m(X) =0

(2) Xxcam(X) =1

We have the constraint Coherence(£2) = 0 to ensure that
for all « € A, we have +«a € Q iff —a € Q. Condition 1
ensures mass is only assigned to models that contain conflicts
and condition 2 ensures the total mass distributed sums to 1.
Given some 2 € p(O), a mass assignment can be localized
on small subsets of (2, spread over many subsets of (2, or lim-
ited to large subsets of €. A mass assignment can be regarded
as a form of metaknowledge, and so it needs to be specified
for a domain, where the domain is characterized by §2, and so
the possible models of the domain are subsets of €.
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Example 8 Let Q@ = {+a,—a,+0,—8}. A mass as-
signment m is given by m({+a,—a}) = 0.2 and
m({+8, —F} = 0.8. Another mass assignment m/' is given
by m'({+a,—a}) = 0.2, m'({+a, —a, —5}) = 0.6, and
m/({+a7 —Q, +ﬁ> _B}) =0.2.

A significance function gives an evaluation of the signifi-
cance of the conflicts in a QC model. This evaluation is in the
range [0, 1] with O as least significant and 1 as most signifi-
cant.

Definition 12 Let m be a mass assignment for ). A signif-
icance function for Q, denoted Sq, is a function from p(2)
into [0,1]. A mass-based significance function for m, de-
noted S¢}, is a significance function defined as follows for

each X € p(9).
53 (X) =Zycxm(Y)

The definitions for mass assignment and mass-based sig-
nificance correspond to mass assignment and belief functions
(respectively) in Demspter-Shafer theory [Shafer, 1976].
However, here they are used to formalise significance rather
than uncertainty. To ease reading in the following, we drop
the superscript and subscript for significance functions.

Proposition 1 Let m be a mass assignment for Q. If S is
a significance function for m, then the following property
of simple cumulativity holds for all XY € p(Q): X C
Y implies S(X) < S(Y).

Given that simple cumulativity holds, we see that specify-
ing significance in terms of mass assignment is more efficient
than directly specifying the significance.

Proposition 2 Let m be a mass assignment for S). Let S be
a mass-based significance function for m. For all X,Y €

p(92),

(1) S(XUY) > (S(X) + S(Y) - S(XNY))
(2) S(X) + S(X°) < 1

So mass-based significance is not additive. Also the re-
maining significance need not be for the complement of X
(ie, X°). Some may be assigned to models not disjoint from
X. We now consider some constraints on mass assignments
that give useful properties for mass-based significance.

Definition 13 Let m be a mass assignment for ). m is focal
iff for all X € () m(X) > 0 when Coherence(X) = 0
and m(X) = 0 when Coherence(X) > 0. m is solo iff for
all {+a,—a} € () m({+a, —a}) > 0 and for all other
X € p(R2), m(X) =0.

A focal mass assignment puts the mass onto the totally in-

coherent models, and a solo mass assignment puts the mass
on the smallest totally incoherent models.

Proposition 3 If m is a solo mass assignment for €, then m
is focal mass assignment for §).

Significance is additive for totally incoherent models when
the mass assignment is solo.

Proposition 4 Let m be a solo mass assignment for Q). Let
S be a mass-based significance function for m and let X €
©(Q). If Coherence(X) = 0, then S(X) + S(X¢) = 1.
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A useful feature of a focal mass-based significance func-
tion is that as the number of conflicts rises in a model, then
the significance of the model rises. This is formalized by the
following notion of conflict cumulativity. It does not hold in
general (see Example 9).

Proposition 5 Let m be a focal mass assignment for Q. If
S is a significance function for m, then the following prop-
erty of conflict cumulativity holds for all XY € p(Q):
Conflictbase(X) C Conflictbase(Y') implies S(X) < S(Y).

Example 9 Let Q = {+a,—a,+3,—0,+7v,—7} Let X =
{+a,—a,+7} and Y = {+a,—a,+8,—F} Let m be an
mass assignment for Q such that m(X) = 0.6 and m(Y') =
0.4. So we have Conflictbase(X) C Conflictbase(Y), but
S(X) £ 5(Y).

In general, S(X) < S(Y) holding does not necessar-
ily imply Conflictbase(X) C Conflictbase(Y'), nor does
it necessarily imply Conflictbase(Y) C Conflictbase(X).
Also Opinionbase(X) C Opinionbase(Y’) does not neces-
sarily imply S(X) < S(Y), nor does it necessarily imply
S(Y) < S(X). This is illustrated in the next example.

Example 10 Let @ = {+«o,—a,+8,—F} and let m be
an mass assignment for ) where m(X) = 0.2 and
m(Y) = 0.8 We consider four cases: (1) If X =
{+a,—a} and Y = {+8,—p}, then S(X) < S(Y
but Conflictbase(X) ¢ Conflictbase(Y); (2) If X
{+a,—a} and Y = {+a,—a,+8,—p5}, then S(X)
S(Y) but Conflictbase(Y) ¢ Conflictbase(X),; (3) If
X = {+a,—a,+8,—p} and Y = {+a,—a,+3}, then
Opinionbase(X) C Opinionbase(Y) but S(X) £ S(Y);
(4)If X = {+a,—a} and Y = {+a,—a,+3}, then
Opinionbase(X) C Opinionbase(Y") but S(Y') £ S(X).

We now extend the significance functions to knowledge-
bases. Since MQC(A) is not necessarily a singleton, the sig-
nificance for a set of formulae A is the lowest significance
obtained foran X € MQC(A). This means we treat the infor-
mation in A as a “disjunction” of QC models, and we regard
each of those models as equally acceptable, or equivalently
we regard each of those models as equally representative of
the information in A.

Definition 14 Let A € p(L). We extend the definition for a
significance function S to knowledgebases as follows:
S(A) =min({S(X) | X € MQC(A)})
Some knowledgebases have zero significance. Clearly, if
A/ L, then S(A) = 0.

Example 11 Let Q@ = {+a,—a,+5, -6, +v,—7}. Let
m({+a,—a}) = 0.6, m({+a,—a,+08}) = 0.3, and
m{+8,—-06,+v}) =0.1. So S{a A -, 3V ~}) =0.6

In order to determine the set €2 for which a mass function
is defined, we can use the delineation function as follows.

Definition 15 For A € p(L), Delineation(A) = {+a, —«a |
a € Atoms(A)}.

Example 12 Let Ay = {—~a,a V 3,76}, Ay = {aV
B,~a A a}, and A3z = {B,-~a V =8} Let Q =

~

IA I
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Delineation(A; U Ag U Ag) = {+a, —a,+3,—3}. Also
let m({+a, —a,+8,—0}) = 0.2 and m({+a, —a}) = 0.8.
SO S(Al) = 1, S(AQ) = 08, and S(Ag) = 0

Since the conflictbase is common for all minimal QC mod-
els for a knowledgebase, we obtain the following.

Proposition 6 Ler A € (L) and let m be a focal mass as-
signment for Delineation(A). If S is a significance function
for m, then for all X, Y € MQC(A), S(X) = S(Y).

The next two results capture notions of monotonicity for
mass-based significance.

Proposition 7 Ler A € p(L) and o € L. Let m be a mass
assignment for Delineation(A U {a}). If S is a significance
Sunction for m, then S(A) < S(AU{a}).

Proposition 8 Let ¢, € L. Let m be a mass assignment
for Delineation({¢,}). Let S be a significance function for
m. Ifforall X € p(O), X = ¢ implies X =, 1, then

S{v}) < S{}).

In this section, we have augmented the measurement of in-
consistency in QC models with an evaluation of significance.
In the next section, we provide a semantics.

S Semantics for mass-based significance

A mass assignment can be regarded as transforming the four-
valued semantics of QC logic into a many-valued logic.

Definition 16 The knowledge lattice is a pair (K, <) where
K ={N,T,F}UB* and B* = {B,, | n € [0,1]}, and +
is a (commutative and associative) addition operation over
truth values, and the ordering relation =< is defined by condi-
tions (1) to (4) below, where x ~ y denotes x < yandy <X x
and x < y denotes ¢ < yand y £ x.

(1) N<Tand N <FandT A F
and F AT andT < By and F' < By
(2) forallBi,Bj € B*,Z S]lffBi j Bj
(3) forall B;,Bj,By, € B*,k =1+ jiff B, ~ B; + B,
(4) forall B, € B*,B; ~ (B; +T)
and B; ~ (B; + F) and B; ~ (B; + N)

The knowledge lattice is illustrated in Figure 1. It is a dis-
tributive lattice. The key difference between Belnap’s lattice
and ours is the value Both has been split into a chain of truth
values By, .., B;. If we equate the truth values { N, T, F', By}
with the Belnap truth values { Neither, True, False, Both},
respectively, then Belnap’s four-valued lattice is a sublattice
of the knowledge lattice.

Definition 17 A many-valued model is a muple (K, =,t)
where (K, =) is the knowledge lattice and t is a truth as-
signment function from the set of atoms A to K.

In the following, we restrict consideration to solo mass as-
signments, though this restriction can be relaxed with slightly
more complex definitions.

Definition 18 Let m be a solo mass assignment for €, and
let (K, =, t) be many-valued model. We describe (X, m) and
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Figure 1: The Knowledge Lattice

(K, =, t) as being isomorphic models when X C ) and the
following conditions hold:

tae€Xand —a ¢ Xifft(a) =T

+a ¢ Xand —a € X ifft(a)=F

t+ad Xand —a g X ifft(e) =N
+a,—a € X and m({+a, —a}) = i ifft(a) = B;

We can define a valuation function that extends a truth as-
signment to any formula by an inductive definition on the
structure of . However, for brevity, we will adopt a shortcut
based on the |=; relation.

Definition 19 Let (X, m) and (K, <, t) be isomorphic mod-
els. A valuation function, denoted Vi, from L to K is defined

so that Vi(a)) = t(«) when « is an atom, and as follows when
o is non-atomic.

Vila) 2B, iff X s aand X =5 ~a
and Atoms(a) = {71, .., Vn}
and B; ~ t(v1) + ... + t(Vn)
Vila) 2T  iff X s aand X -5 ~a
Vila) > F  iff X s cand X |5 ~«
Vi) ~ N iff X s cand X s~

Since we could have defined the valuation function equiv-
alently in an inductive definition on the structure of the for-
mulae, we can obtain propositions such as the following that
relate the valuation function applied to a formula and applied
to its subformulae.

Proposition 9 [f (K, <,t) is a many-valued model and o1 V
ag is a clause, then: (1) Vi(a1Vas) ~ B; iff Atoms({aq }) #
Atoms({az}) and t(a1) = B;, and t(as) = B;, and B; ~
(Bi, + Bi,); (2) Vi(an V ag) ~ T iff t(aq) = T or t(as) ~
T; (3) Vi(a1 V ag) = Fiff [t(a1) = F and t(as) ~ F] or
[t(a1) = F and t(ag) = F); and (4) Vi(a1 V ag) ~ N iff
[t(a1) ~ N and t(ag) £ T) or [t(an) # T and t(az) ~ NJ.
Example 13 Let X = {+a,—a,+3,—0,+7} with mass
m({+a,—a}) = 0.2 and m({+3,—8}) = 0.8. Lett be a

truth assignment where (X, m) and (K, <, t) are isomorphic
models, then t(a)) = By .o, t(8) = Bo.s, and t(y) = T.
Vi(aV B) ~ Bio Vi(B) ~ Bo.g
Vi(=8) ~ By s Viyva) ~T
Vt(a/\—'a) >~ B0,2 V;(Ck/\ﬂ) ~ Bl.O
Vi(BA=B) ~Bos Vi(BV ) >~ F
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Example 14 Let X = {+«, —a, +3} with mass assigned by
m({+a,—a}) = 0.2 and m({+8,—05}) = 0.8. Lett be a
truth assignment where (X, m) and (K, <, t) are isomorphic

models, then t(o) = Bo.o, t(8) =T, t(y) = N.

VilaVv @) ~T Vi(B) =T
Vi(=8) =~ F Vi(y) = N
Vila AN—a) ~Byy VilaNB)~T

Vi(a) =~ By.o VilaVy) ~N

This semantics relates to QC logic strong satisfaction rela-
tion with the mass-based significance function as follows.

Proposition 10 Let m be a solo mass assignment for (). Also
let X C Q and t be a truth assignment where (X, m) and
(K, =, t) are isomorphic models. If ¢ € L, then Vi(¢) = T
i X s 6.

Proposition 11 Ler ¢ € L. Let X € MQC({¢}), where
Coherence(X) = 0, and let m be a solo mass assignment
for Q. Let (K, <,t) be a many-valued model where X C 2
and (X, m) and (K, <, 1) are isomorphic models. Let S be a
significance function for m.

Vi(9) = Biiff S({¢}) = i
The semantics therefore extends QC logic so that in case
of inconsistency, the B; truth value reflects the significance
of the inconsistency, where B is the least significant and B,
is the most significant. It is straightforward to extend this
semantics to focal mass assignments.

6 Significance of inconsistencies in news

In this section, we consider news reports. Having some un-
derstanding of the “degree of inconsistency” of a news report
can help in deciding how to act on it. Moreover, inconsisten-
cies between information in a news report and domain knowl-
edge can tell us important things about the news report. For
this we use a significance function to give a value for each
possible inconsistency that can arise in a news report in a
given domain. We may also use significance in the follow-
ing ways: (1) to reject reports that are too inconsistent; (2) to
highlight unexpected news; (3) to focus on repairing signifi-
cant inconsistencies; and (4) to monitor sources of informa-
tion to identify sources that are unreliable.

How we use the significance function depends on the ap-
plication. In our simple example below, we assume a news
report is a set of ground predicates. Each term is used to rep-
resent a piece of information in a news report and may be
equivalent to a word, or number, or a simple phrase. The
predicate symbol is used to tag or categorise each piece of
information.

Example 15 Each of 'y — I's is a news report:

I'y = {temp(30C), pptn(snow),pollen(high)}
I'; = {temp(30C), pptn(snow), pollen(low)}
I's = {temp(10C), pptn(snow),pollen(high)}
I'y = {temp(10C), pptn(snow),pollen(low)}
I's = {temp(0C), pptn(snow),pollen(high)}

A potential inconsistency that can arise in a news report is
any set of literals that may be rebutted by the domain knowl-
edge.
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Definition 20 Let ® be a news report and let /A be domain
knowledge. For {¢1,..,0n} C @, {¢1,.., ¢} is rebutted by
AfFAE (LA A ).

Example 16 Domain knowledge for weather reports may in-
clude:

(clause 1) —temp(30C) V —pptn(snow)
(clause 2) —temp(10C) V —pptn(snow)
(clause 3) —pollen(high) V —pptn(snow)

So with the report T'y in Example 15, we get that
{temp(30C), pptn(snow)} is rebutted by clause 1, and that
{pollen(high), pptn(snow)} is rebutted by clause 3.

Example 17 Continuing Example 15, we adopt the mass as-
signment as follows:

m({+temp(30C), —temp(30C),

+pptn(snow), —pptn(snow)}) = 0.6
m({+temp(10C), —temp(10C),

+pptn(snow), —pptn(snow)}) = 0.3
m({+pollen(high), —pollen(high),

+pptn(snow), —pptn(snow)}) = 0.1

So the reports I'1 to I's in Example 15, together with the do-
main knowledge in Example 16, denoted here by A, gives
the following significance evaluations. S(A UT1) = 0.7,
S(AUTy) =06 SAUTs) =04, S(AUTY) = 0.3
S(AUT5) = 0.1. If we set the threshold of acceptability for
a news report 1'; at a significance evaluation of 0.3, then only
T'y and T's would be acceptable, the others would be rejected.

This small example illustrates how we may find some in-
consistencies acceptable and others unacceptable, thereby se-
lect some news reports in preference to others. For larger
examples, it may be necessary to specify a mass assignment
for many possible incoherent models. One solution for this
is to generate a mass assignment from a partially specified
mass assignment. Mass is assigned to particular models and
then mass for further models is obtained by interpolation. In
particular, domains with some numerical data, such as sport
reports or weather reports, can be addressed with this ap-
proach. For example, if we are only interested in inconsisten-
cies about temperature, and we have a range of possibilities
from rain(1lcm),..., to rain(50cm), then the mass could be
assigned to two models such as {+rain(1cm), —rain(lcm)}
and {4+rain(50cm), —rain(50cm)}, and then the remaining
mass assigned by interpolation.

7 Discussion

Whilst a number of approaches to handling inconsistent in-
formation touch on the issue of measurement of inconsis-
tency, the topic is underdeveloped. Information theory can be
used to measure the information content of sets of inconsis-
tent formulae [Lozinskii, 1994]. This increases with additions
of consistent information and decreases with additions of in-
consistent information. However, it does not provide a direct
measure of inconsistency since for example, the value for {a}
is the same as for {«, v, G}. Another approach to handling
inconsistent information is that of possibility theory [Dubois
et al., 1994]. Let (¢, «) be a weighted formula where ¢ is a
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classical formula and « € [0, 1]. A possibilistic knowledge-
base B is a set of weighted formulae. An a-cut of a possibilis-
tic knowledgebase, denoted B>, is {(¢, 5) € B | f > a}.
The inconsistency degree of B, denoted Inc(B), is the max-
imum value of «a such that the a-cut is inconsistent. How-
ever, this approach does not discriminate between different
inconsistencies. For this, there is a need for an underlying
paraconsistent logic such as QC logic.
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Abstract

We present a coherent framework for data cluster-
ing. Starting with a Hopfield network, we show
the solutions for several well-motivated cluster-
ing objective functions are principal components.
For MinMaxCut objectives motivated for ensuring
cluster balance, the solutions are the nonlinearly
scaled principal components. Using scaled PCA,
we generalize to multi-way clustering, construct-
ing a self-aggregation network, where connection
weights between different clusters are automati-
cally suppressed while connection weights within
same clusters are automatically enhanced.

1 Introduction

Principal component analysis (PCA) is widely adopted as an
effective unsupervised dimension reduction method. PCA is
extended in many different directions [Hastie and Stuetzle,
1989; Kramer, 1991; Lee and Seung, 1999; Scholkopf et al.,
1998; Collins et al., 2001].

The main justification is that PCA uses singular value de-
composition (SVD) which is the best low rank approxima-
tion in Ly norm to original data due to Eckart-Young theo-
rem. However, this results alone is inadequate to explain the
effectiveness of PCA. Here, we provide a new derivation of
PCA based on optimizing suitable clustering objective func-
tions and show that principal components are actually cluster
indicator vectors in clustering.

Hopfield network[Hopfield, 1982] provide a convenient
framework of our study. In particular, the self-aggregation
network proposed in this work uses Hebb rule to encode pat-
tern vectors. One feature of Hopfield associative-memory
networks is that it can be adopted to solve hard combinato-
rial problems[Haykin, 1998 2nd ed].

Another thread of this work is the spectral graph partition-
ing [Fiedler, 1973; Pothen et al., 1990; Hagen and Kahng,
1992; Shi and Malik, 2000; Ding et al., 2001a; 2001b;
Ng et al., 2001; Meila and Shi, 2001], which uses Laplacian
matrix of a graph. This arises naturally for balancing the clus-
ters (see §2.4). Our approach differs from others mainly in

*Work supported by Department of Energy (Office of Science,
through a LBNL LDRD) under contract DE-AC03-76SF00098.
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well-motivated clustering objective functions. A further point
is the recognition that spectral graph clustering is embedded
in the scaled PCA thus leading to self-aggregation networks.

This paper combines above three threads and develop a
coherent framework for clustering. We begin with two-way
clustering in §2 and generalize to multi-way clustering in §3.

2 Two-way clustering

We start by formulate two-way clustering as a Hopfield net-
work and derive PCA as cluster indicator vectors.

2.1 Hopfield Network and PCA

Given n data points and properly defined similarity or associ-
ation w;; = w;; > 0 between points 7, j, we form a network
(a weighted graph) G with w;; as the connection between
nodes 7, 7. We wish to partition it into two clusters cy, C;.
The result of clustering can be represented by an indicator
vector g, where

. 1 if
a(0) = { -1 if

Consider the clustering objective,
Ji = q'Wq=s(ci,c1) +s(c2, ) — 2s(cr, ) (2)

where s(c,c) =

1 € Cy
1 € Cy

ey

Ziecl.jecz w;; is the overlap between
ci,0; s(cy,cr) =), jec, Wii is the within-cluster similar-
ity of ¢y, and analogously for s(c;, ).

Now we propose a min-max clustering principle: data
points are grouped into clusters such that the overlap s(cy, ¢;)
between different clusters are minimized while within-cluster
similarities s(cy, 1), s(cz, ¢z) are maximized

mins(cy, ), maxs(cy,cr), maxs(cy, ) (3)

These conditions can be simultaneously satisfied by maximiz-
ing the energy (objective function) J;. Using Hopfield model
[Hopfield, 1982], the solution is obtained by the update rule

g (i) = sgn[z wijq ™ (5)).

or in vector form q(*t1) = sgn[Wq*]. If one relaxes ¢(i)
from discrete indicators to continuous values in (—1, 1), the
solution q is given by

Wq = \q. ()
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Since the matrix entries in ¥/ are non-negative, the first prin-
cipal eigenvector q; has all positive (or all negative) entries.
Thus the desired solution is qs.

2.2 Hopfield network for bipartite graph

Here we extend the Hopfield networks for clustering bipar-
tite graph. An example of bipartite graph is a m X n term-
document association matrix B = (b;;), where each row rep-
resents a word, each column represents a document, and b;;
the counts of co-occurrence of row r; and column c;. We
show that the solution for clustering indicators is precisely
the Latent Semantic Indexing[Deerwester et al., 1990].

We wish to partition the r-type nodes of R into two parts
Ry, Ry and simultaneously partition the c-type nodes of C' into
two parts Cp, C, based on the clustering principle of mini-
mizing between-cluster association and maximizing within-
cluster association. We use indicator vector f to determine
how to split R into r;,Ry: f(i) = 1, or -1 depending on
r; € R] Or 7; € Ry. We use g to determine how to split C' into
c1,¢: g(i) = 1, or -1 depending on ¢; € ¢y or ¢; € Cp.

(For presentation purpose, we index the nodes such that
nodes within same cluster are indexed contiguously. The
clustering algorithms presented are independent to this as-
sumption. Bold face lower case letters are vectors. Matri-
ces are denoted by upper case letters.) Thus we may write

+ (+)
f= (f( )> , g= (g > With this indexing, the asso-

£ g(—)
ciation matrix is
_ ( Bricp Brio
B = (BRz,Cl BRz,CZ (5)

It is convenient to convert the bipartite graph into an undi-
rected graph. We follow standard procedure and combine the
two types nodes to one by setting

f 0 B

This induces an undirected graph GG, whose adjacency matrix
is the symmetric weight matrix W.
Consider the following objective function,

1
J2(C1,Co5R1, Ry) = §qTWq (7

= s(Ry,C1) + 8(Ra, 2) — 8(R1,C2) — 8(Ra, C1)

where s(Rj,C2) = ZmeRl,cjecz
between r; and ¢, and s(Ry, ;) is the sum of association
between r; and ¢;. s(Ry,C;) and s(Rp, ¢;) should be mini-
mized. s(ry, ) is the sum of association within cluster 1 (see
Fig.1), and s(r,, ;) is the sum of association within cluster
2. s(ry,¢1) and s(Ry, ¢3) should be maximized. These condi-
tions are simultaneously satisfied by maximizing J.

We can write down the Hopfield network update rule for q.
If one relaxes ¢(i) from discrete indicators to continuous val-
ues, the solution q satisfies Eq.(4). Now utilizing the explicit
structures of W and q, we have

o 9) () =)o

bi;, the sum of association
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The solutions to this equation are the singular value decom-
position (SVD) of B: {f;} are left singular vectors and {g;}
are right singular vectors of the SVD of B,

B =) fi\gh = FnAnGl,. )
k=1

Again, since the matrix entries in W are non-negative, the
first principal components u;, vy have entries of same sign;
thus the desired solutions are us, vo. Note that this is also the
SVD employed in LSI. We summarize these results in
Theorem 1. Principal components are solutions for clus-
tering indicators for clustering undirect graphs and bipartite
graphs under appropriate Hopfield network models.

2.3 Principal component clustering

In the objective J;, we may explicitly enforce a balance of
clusters ¢y, c;. From Eq.1, we need to minimize | ), q(7)|.
Thus we consider the clustering objective,

J=dWa—p(d_q(i))> =d" (W - pee’)q  (10)

K3

where p > 0 is a parameter and e = (1,---,1)". We adjust u
to control the levele of balance between c;, ¢;. The principal
eigenvector q; of W = W — pee’ is the desired indicator
vector.

What is the reasonable choice of ;1?7 A natural choice is to
set 1 =w_/n? w =3, wij, the average of w;;. With this
choice, the modified weight matrix satisfies the sum-to-zero
condition:

> =Y (wiy —w, [n®) = 0. (11)
ij ij

This condition can be further refined by centering each col-
umn and each rows, such that

> Wi =0,V5; > Wi =0,Vi. (12)
i J
where
Wij = wij —w;, /n—w; /n+w_ /n® (13)
(here column and row sums, w; = >_; wj, w; = > Wij

and w_ are standard notations in statistics.) Now the desired
cluster indicator vector is the principal eigenvector of

Wq=\q

The fully centered W has a useful property that all eigen-
vectors of W with nonzero eigenvalues have the sum-to-zero
property: Y. q(i) = 0. This is because (1) qo = e is an
eigenvector of W with Ay = 0; (2) all other eigenvectors are
orthogonal to qq, i.e, q"e = 0.

The sum-to-zero condition ) . g(¢) = 0 does not necessar-
ily imply that the sizes of the two cluster, n, no, should be
equal. In fact, the cluster indicator vector should be refined to

iy Vna/ny if iecq
= 14
a) { —+/n1/n9 if i€ec (14
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(in this paper, all vectors are implicitly normalized to 1 using
Ly norm). Correspondingly, the clustering objective becomes
T = W = nng s(c1,2c1) n s(cz,ch) B 2s(cl,cz)
ni n5 ning

(15)
Clearly, the first two terms represent the average within-
cluster similarities which are maximized, and the 3rd term
represent average between-cluster similarities which are min-
imized. The factor niny encourages cluster balance, since
ny + ne = n, and max(nins) is reached when ny = ny =
n/2. We summarize these results in

Theorem 2. Solution for clustering objective J; is given by
q1; and solution for clustering objective Jiis qu.

We call these clustering schemes with objective functions
Ju, Ji, Ji as principal component clustering methods because
of the use of principal components.

All above discussions apply to bipartite graphs. For exam-
ple, J1 becomes

J2 = \/nRr NRyNC  NC, (16)
s(ry, C1) n 5(R2, C2) _ 5(R1, C2) _ 5(Ra, C1)
TR ¢y MRyNC,  MRNC,  MRyTC
where NR,; MR, are sizes of row clusters (an +nr, = total
row size); and nc,; Nc, are sizes of column clusters (nc1 +
nc, = total column size). Again, the first two terms represent
the average within-cluster similarities which are maximized,
and the last two terms represent average between-cluster sim-
ilarities which are minimized.

We note that J; is partially motived by the classic scal-
ing (also called principal coordinate analysis) in statistics
[Borg and Gronen, 1997]. Suppose we are given pairwise
distances d;; for a dataset, define the pairwise similarity as
Wij = — %dfj, follow through the same centering procedures
and solve for the eigenvectors of W. The classic scaling the-
orem proves that if d;; are the Euclidean distances, the first
K eigenvectors of W will recover the original coordinates.
This theorem justifies the use of the K principal eigenvec-
tors as the coordinates in multidimensional scaling. However,
our clustering approach does not emphasize the recovery of
original coordinates, and the objective function Jq is well-
motivated for clustering only.

2.4 Cluster balance and MinMaxCut

Principal component clustering of §2.3 is motivated for bal-
ancing clusters by adding a panelity term to J;. Here we
balance clusters through a divisive approach.
Maximizing .J; of Eq.2 is equivalent to'
s(cy, )

min (17)
s(cy,cr) + s(ca, 02)

Although s(cy,¢;) + s(c, ;) are maximized, it often oc-
curs that one cluster is much larger than another, s(cy,cy) >
s(ca,C2) or vice versa.

'Since exp(x) is monotonic, max J; = max exp(Ji), which
is minexp [s(Cy, C2)]/ exp [s(C1,C1) + s(Ca,C2)]. This is approx-
imately Eq.17.
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To overcome this problem, we seek to prevent either
s(cy,¢p) or s(cz, cz) become very small. We optimize[Ding
et al.,2001b]

minJy, Jy = 20 sle) (18)
s(cr,cr) s, )
One can show that
. . q'(D-W)gq
J3(q) = min I~ 9 19
mcin 3(q) mcin < Da (19)

subject to q'We = q'De = 0, where D = (w;_ ) is a diago-
nal matrix. We relax ¢(¢) from discrete indicators to real val-
ues in (—1, 1). The solution of q for minimizing the Rayleigh
quotient of Eq.(19) is given by

(D — W)q = ADq, (20)
which can be written as
Wq=(Dq, (=1-— A\ 21

Again, the desired solutions is the eigenvector associated
with the second largest eigenvalue. Note that by comparing
Eq.(21) with Eq.(4), the net effect for cluster balance is di-
agonal scaling. This diagonal scaling, however, leads to an
important feature of self-aggregation (see §3.2).

2.5 Cluster balance for bipartite graphs

For balanced clustering of bipartite graphs, object function of

Eq.(7) becomes

s(R1,C2) + s(Ra, C1)
25(Ra, 2)

s5(r1,C2) + 5(Ry, C1)
25(ry, 1)

Jy = (22)

Using the representation 11 and q of Eq.6, and similar deriva-
tion [Ding, 2003; Zha et al., 20011, the solution for optimiza-
tion of Jy is also given by Eq.21. Let D, = diag(Be) and
D, = diag(BTe), we have

D, 0 u DY/?f
0 D, v D ?g

Substituting into Eq.(21), we have

(3 0) () =e(v) e

B =D '?BD;'/2. (25)

The solutions to Eq.(24) are SVD of B: B = Dok WALV

The clustering indicator vectors are f, = D, Y

where

Quk for row
objects and g, = D, Y 2vk for column objects. Note that
Eq.(24) is identical Eq.(8), with the corresponding relation-
ship B = B , (é) = (3) . Therefore, the net effect of

clustering balancing using MinMaxCut objective of Eq.(22)
over the simple objective Eq.(7) is the scaling of the associ-
ation matrix B in Eq.(25). However, with this scaling, the
self-aggregation property emerges (see §3.4).
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3 K-way clustering

The above mainly focus on 2-way clustering. Below we gen-
eralize to K-way clustering, K > 2. The generalization is
based on the key observation that the solution for cluster in-
dicator vectors (see §2.4 and §2.5) are scaled principal com-
ponents, as we discuss next.

3.1 Scaled principal components

Associations among data objects are mostly quantified by a
similarity metric. The scaled principal component approach
starts with a nonlinear (non-uniform) scaling of W. Noting
that W = DY2(D~'/2WD~1/2)D'/2, we apply spectral
decomposition on the scaled matrix

W =D~ '/2wp-1/?
instead of on V. This leads to

W =D'"2(3 " z,Gz)D'? =D aquGeai D (26)
k k

Here we call q;, = D~'/?z, the scaled principal compo-

nents. they are obtained by solving the eigenvalue system
Wz = (D V2WD )z = (z. 27)

Note Eq.(27) is identical to Eq.(20), or Eq.(21), thus scaled
principal components are cluster indicator vectors in Min-
MaxCut (see §2.3).

3.2 Self-aggregation network

In Hopfield networks, a pattern q; is encoded into the net-
work as q1q! (the Hebb rule); multiple patterns are encoded
additively. In our problem, a pattern is a cluster partitioning
indicator vector. We define a self-aggregation network with
the connection weights

Wsa =aqiq) + - + qeqy, = QxQx. (28)

Qx = (d1,---,d,). Here we highlights several important
properties of Wg4 and provides several example applica-
tions. (Self-aggregation is first studied in [Ding et al., 2002].)
W 4 has an interesting self-aggregation property enforced
by within-cluster association (connectwlty) To 0 prove, we ap-
ply perturbatlon analysis by writing W =wo 4 W(l)
where W(© is the similarity matrix when clusters are well-
separated (zero-overlap) and W accounts for the overlap
among clusters and is treated as a perturbation[Ding er al.,
2001al. This perturbation approach is standard in quantum
physics[Mathews and Walker, 19711].
Well-separated clusters

First, we consider the case where clusters are well sepa-
rated, i.e., no overlap (no connectivity) exist between dif-
ferent clusters. Let W = (W,q), p,q¢ = 1,---,k. be the
subblock decomposition of WW. No overlap is represented by
the fact that off-diagonal blocks are zero: W, = 0,p # q.
NOW, W —-D = diag(WH — Dlla s 'aWKK — DKK) The
eigenvalue problem decouples into K independent system
(Wi — Drr)d = ADgrq. Clearly, e = (1,---,1)" with
the size of cluster G, is the eigenvector for Gj. Let 5,4 =
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Zier ZjGGq Wiy, and C =
mal matrix. Then

(cke) be an arbitrary orthonor-

qr = (Clkel/si{Qv Ty CKkeK/Sll(I/(Q)Ta k= 17 LK, (29)

are the K eigenvectors with eigenvalue (, = 1. q is a lin-
ear combination of K step functions, i.e., piece-wise constant
function. Clearly, all data objects within the same cluster have
identical elements in q. The coordinate of object 7 in the K-
dim SPCA space is r; = (q1(4), -+, qx(7))". Thus objects
within a cluster are located at (self-aggregate into) the same
point in SPAC space.

Scaled principal components are not unique, since C' could
be any orthogonal matrix. However,

QxQy = diag(quqi/s11, - - -, Ak /5xx), (30)

is unique. Thus, self-aggregation of cluster member is equiv-
alent to the fact that QxQ% has a block diagonal structure,
where elements within the same diagonal block all have the
same value.

It happens that two objects ¢, j within the same cluster are
not initially connected, ie., w;; = 0. However, (QKQIE)U
gets the same connection strength as any other pairs within
the same cluster, i.e., SA network performs a transitive clo-
sure on each connected component. Thus, in SA network, the
within-cluster connections are enhanced.

Clusters overlap

Consider the case when overlaps among different clusters
exist. The overlaps are treated as a perturbation. Theorem
3. At the first order, the K scaled principal components and
their eigenvalues have the form

a=D""2Xgy, A=1-¢,
where y and ( satisfy the eigensystem Iy = Ay. The matrix

I has the form T = Q12T Q~1/2 where
hi1 —S812 —Si1k
_ —S21 has —S2k
= ) 3D
—Sk1 —Sk2 hik

hike = 32, psr, Skp and Q = diag(s11, - - -, s). This analysis

is accurate to order |[TWWM[|2/|[W(©)]|2 for eigenvalues and

to order ||[W ]| /||W©|] for eigenvectors. O
Several features of SPCA can be obtained from Theorem 3:
Corollary 3.1. SA network QxQZ% has the same block di-
agonal form of Eq.(30), within the accuracy of Theorem 2.
This assures that objects within the same cluster will self-
aggregate as in Theorem 1.

Corollary 3.2. The first scaled principal component is q; =
D™ V2Xgy; = (1,---,1)"with \; = 0,¢; = 1. A\; and q;
are also the exact solutions to the original Eq.(20).
Corollary 3.3. When K = 2, the second principal compo-
nent is

Q=D 2 Xoy, = [522 (1) _ [51L (2) (32)
11 522

Its eigenvalue is

Ao = 224 22 (33)
S11 522
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Note that this is precisely .J3 of Eq.18, the clustering objective
we started with: our clustering framework is consistent.
Example 1. A dataset of 3 clusters with substantial ran-
dom overlap between the clusters. All edge weights are 1.
The similarity matrix and results are shown in Fig.1, where
nonzero matrix elements are shown as dots. The exact Az and
approximate Az from Theorem 3 are close:

A2 = 0.300, Ay = 0.268.

Wsa is much sharper than the original weight matrix W
clearly due to self-aggregation: connections between differ-
ent clusters are substantially suppressed while connections
within same clusters are substantially enhanced.

nz= 8832 nz=7190

Figure 1: Left: similarity matrix 1. Diagonal blocks repre-
sent weights inside clusters and off-diagonal blocks represent
overlaps between clusters. Right: Computed Ws,.

Application 1. In DNA micro-array gene expression pro-
filing, responses of thousands of genes from tumor tissues
are simultaneously measured. We apply SPCA framework
to gene expression profiles of lymphoma cancer samples[Al-
izadeh er al., 2000]. Three cancer and three normal subtypes
are shown in Fig.2. This is a difficult case due to the large
variations of cluster sizes (the number of samples in each sub-
type are shown in parentheses in Fig.2B). Self-aggregation is
evident in Figure 2B and 2C. The computed clusters corre-
spond quite well to the normal and cancer subtypes identified
by human experts.

3.3 Dynamic aggregation

The self-aggregation process can be repeated to obtain
sharper clusters. Wy is the low-dimensional projection that
contains the essential cluster structure. Combining this struc-
ture with the original similarity matrix, we obtain a new sim-
ilarity matrix containing sharpened cluster information:

WD = (1 — )W + oW ®, (34)

where W,gt) = DWsaD for W(t), the weight matrix at ¢-th
iteration, Setting A\, = 1 is crucial for enforcing the cluster
structure. W) = W and o = 0.5.

Applying SA net on W (?) leads to further aggregation (see
Figure 2C). The eigenvalues of the 1st and 2nd SA net are
shown in the insert in Figure 1C. As iteration proceeds, a clear
gap is developed, indicating that clusters becoming more sep-
arated.
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Figure 2: Gene expression profiles of cancerous and normal lym-
phoma tissues samples from Alizadeh et al. in original Euclidean
space (A), in scaled PCA space (B), and in scaled PCA space after
one iteration of Eq.34 (C). In all 3 panels, objects in original space
are shown in 2D-view spanned by the first two PCA components.
Cluster structures become clearer due to self-aggregation. The in-
sert in (C) shows the eigenvalues of the 1st and 2nd SA network.

Noise reduction

SA net has noises. For example, Ws, has sometimes nega-
tive weights (Ws,),; whereas we expect them to be nonnega-
tive. However, by Corollaries 2.1 and 3.1, Wi, has a diagonal
block structure and every elements in the block are identical
(Eq.30) even when overlaps exit. This property allows us to
interpret Ws, = QQT as the probability that two objects 7, j
belong to the same cluster:

pij = (Wan)ig/ (Wan)il* (Wer) 5™

To reduce noise in the dynamic aggregation, we set

(Wk)ij =0 if pi; < 3, (35)
where 0 < 3 < 1 and we chose # = 0.8. Noise reduction
is an integral part of SA net. In our experiments, final re-
sults are insensitive to «, 3. The above dynamic aggregation
repeats self-aggregation process and forces data objects move
towards the attractors, which are the desired clusters and their
principal eigenvalues approach 1 (see insert in Fig.2C). Usu-
ally, after one or two iterations the cluster structure becomes
evident.
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3.4 Bipartite graphs

SPCA applies to bipartite graph problems as well. The non-
linear scaling factors are D, and D, (cf. Eq.23). Let B =

D}/? (B\)Diﬂ, where B is given in Eq.(25). Applying SVD
on B, we obtain

B =D} urGvi)DY? =D, > fiegiDe.  (36)
k k

Scaled principal components are fy, = D, v uy, for row

objects and g = D. 1 2vk for column objects. They
have the same self-aggregation and related properties. We
note that SPCA on bipartite graph leads to correspondence
analysis[Greenacre, 1984] from a new perspective.

The structure of self-aggregation network QxQ% can be
meaningfully further decomposed:

FxFE
e

where Fx = (f1,--,fx) and Gx = (g1, -+,8k). FxFL
provides the cluster structure for row objects, while GxkG%
provides the cluster structure for column objects. The off-
diagonal block matrix FxG% provides the sharpened associa-
tion between row and column objects[Ding, 2003].

FeGT
GxGY )

4 Discussions

In this paper, we present a data clustering framework based
on properly motivated Hopfield network, and show the clus-
tering indicators are principal components. Further motivated
by cluster balance, we extend the framework to MinMaxCut
that utilized the Laplacian matrix of a graph. The frame-
work is generalized to multi-way clustering, by using scaled
principal components, and self-aggregation networks are con-
structed. We prove the cluster member self-aggregation prop-
erty of the network. This framework extends naturally to bi-
partite graphs which leads to row-row, column-column and
row-column SA nets that simultaneously cluster the row and
column objects.

In self-aggregation, data objects move towards each other
guided by connectivity. This is similar to the self-organizing
map [Kohonen, 1989], where feature vectors self-organize
into a 2D feature map while data objects remain fixed. All
these have a connection to recurrent networks [Hopfield,
1982; Haykin, 1998 2nd ed]. In Hopfield network, features
are stored as associative memories. In more complicated net-
works, connection weights are dynamically adjusted to learn
or discover the patterns. The self-aggregation network pro-
vides a new mechanism to realize this unsupervised learning.
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Abstract tributed data into alata warehous@n which to apply the

usual data mining techniques. Data warehousing is a popular
technology which integrates data from multiple data sources
into a single repository in order to efficiently execute complex
analysis querieBMoro and Sartori, 2001 However, despite

its commercial success, this approach may be impractical or
even impossible for some business settings, for instance:

Huge amounts of data are stored in autonomous,
geographically distributed sources. The discov-
ery of previously unknown, implicit and valuable
knowledge is a key aspect of the exploitation of
such sources. In recent years several approaches
to knowledge discovery and data mining, and in

particular to clustering, have been developed, but » when huge amounts of data are (frequently) produced at
only a few of them are designed for distributed data different sites and the cost for their centralization cannot
sources. We propose a novel distributed clustering scale in terms of communication, storage and computa-
algorithm based on non-parametric kernel density tion;
estimation, which takes into account the issues of e whenever data owners cannot or do not want to release
privacy and communication costs that arise in a dis- information, for instance to protect privacy or because
tributed environment. disclosing such information may result in a competitive
advantage or a considerable commercial added value.
1 Introduction One of the most studied data mining techniques in central-

Knowledge discoveris a process aiming at the extraction '2€d €nvironments igata clustering The goal of this tech-
nique is to decompose or partition a data set into groups such

of previously unknown and implicit knowledge out of large . e . IR
databases, which may potentially be of added value for somiat Poth intra-group similarity and inter-group dissimilarity
y are maximized. Despite the success of data clustering in cen-

given applicatiorfFayyadet al., 1994. : ,
Data mining which is devoted to the automated extrac-f[ral'zed environments, only a few approaches to the problem

tion of unknown patterns from given data, is a central element” ? dtﬁ.t”bmelg enwronmetn:(a[\)rggvallable }0 date. h to di
among the steps of the overall knowledge discovery proces "bnt (;detor Iwet p_resebn don. a nol\_/e %pprqtac tc') 'f'
the steps include preparation of the data to be analyzed as w?ﬂ uted data ﬁ 38 €ring based on sampling densi yfe?] ima ebs.
as evaluation and visualization of the discovered knowledge ' KDEC €ach data source transmits an estimate of the prob-
The large variety of data mining techniques which have bee bility density function _of its local data toa helpe_r site, and_
developed over the past decade include: methods for patterrpc egecm;]tes a d?lnj'ty based clustenr;]g ﬁlgokr)ltr_}mbth:?]t IS
based similarity search, cluster analysis, decision-tree bas |}/en fyt ehovera I ensf|tyhes|t|ma|1te, which is built by the
classification, generalization taking the data cube or attribute?©.Per from the samples of the local densities.

; . g - - The paper is organized as follows. In Section 2 we de-
?gﬁg;ee? ;leigtg'cén approach, and mining of association rUIeSscribe related work and highlight differences with respect to

The increasing demand to scale up to massive data segéjr aé)prodagh. Selcuon .3 and_4 r;lresent t_he KDEC lsc(l;emerz]to
which are inherently distributed over networks with limited d'Striouted data clustering. Finally, Section 5 concludes the
bandwidth and computational resources has led to method¥?Pe" and outlines ongoing and future research work.
for parallel and distributed knowledge discovdiargupta
et al, 2004. The related pattern extraction problem in dis- 2 Related work
tributed knowledge discovery is referred totistributed data  In [Johnson and Kargupta, 199%tree clustering approach is
mining Distributed data mining is expected to perform par-taken to build a global dendrogram from individual dendro-
tial analysis of data at individual sites and then to send thgrams that are computed at local data sites subject to a given
outcome as partial result to other sites where it is sometimeset of requirements. In contrast to the approach presented in
aggregated to the global result. this paper, the distributed data sets are assumed to be hetero-
One of the most common approaches of business applicgeneous, therefore every site has access only to a subset of
tions to perform distributed data mining is to centralize dis-the features of an object. The proposed solution implements
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a distributed version of the single-link clustering algorithm of density estimation based clustering.

which generates clusters that are substantially different from ) ) i )

the ones generated by density-based methods. In particula¥;2 Density estimation based clustering

it suffers from the so-called chaining effect, by which anyIn density estimatiofDE) based clustering the search for
of two well separated and internally homogeneous groups ofiensely populated regions is accomplished by estimating a
objects connected only by a dense sequence of objects are &p-called probability density function from which the given
garded as a single clustéKarguptaet al, 2001 proposes a data set is assumed to have arisen. Many techniques for
technique for distributed principal component analysis, Col-DE-based clustering are available from the vast KDD liter-
lective PCA. Itis shown that the technique satisfies efficiencyature[Ankerstet al., 1999; Esteet al., 1996; Schikuta, 1996;
and data security requirements and can be integrated with exinneburg and Keim, 199&nd statistic§Silverman, 1985
isting clustering methods in order to cluster distributed, high4n both areas, the proposed clustering methods require the
dimensional heterogeneous data. Since the dimensionaligomputation of a non-parametric estimation of the density
of the data is reduced prior to clustering by applying PCA function from the data. One important family of non-
the approach is orthogonal to ours. Another related researqharametric estimates is known lesrnel estimatorsThe idea
direction deals with incremental clustering algorithms. Theis to estimate a density function by defining the density at
BIRCH [Zhanget al, 1994 and related BUBBLE method any data object as being proportional to a weighted sum of
[Ganti et al, 1999, compute the most accurate clustering, all objects in the data set, where the weights are defined by
given the amount of memory available, while minimizing the an appropriately chosen kernel function. In the following
number of 1/O operations. It uses a dynamic index strucwe introduce kernel-based density estima{iBarzen, 1962;
ture of nodes that store synthetic, constant-time maintainablgilverman, 198p and our approach to density estimation
summaries of sets of data objects. The method is sufficientlpased clustering.

scalable requirin@(NlogN) time and linear I/O. However, Let us assume a s&= {X |i=1,...,N} C R" of data
since it uses the centroid to incrementally aggregate objectgoints or objects. Kernel estimators originate from the in-
the method exhibits a strong bias towards globular clustersuition that the higher the number of neighbouring data ob-
IncrementalDBSCANEsteret al, 1999 is a dynamic clus- jects% of some given objeck € R", the higher the density
tering method supporting both insertions and deletions, whichit this objectX. However, there can be many ways of cap-
is shown to be equivalent to the well-known static DBSCAN turing and weighting the influence of data objects. When
algorithm. Since in turn DBSCAN can be shown to be equiv-given the distance between one data objeahd anotheg;
alent to a method based on density estimation when the kerngk an argument, the influencesfmay be quantified by us-
function is the square pulse and the clusters are density-baséfg a so called kernel function. Rernel function KXx) is
IncrementalDBSCAN is less general than methods based aa real-valued, non-negative function &which has finite

kernel density estimates. Its time complexityd@NlogN). integral overR. When computing a kernel-based density es-
timation of the data se$, any elemen¥; in Sis regarded
3 Data Clustering as to exert more influence on sorke= R" than elements
i which are farther fronX than the element. Accordingly,
3.1 The cluster analysis problem kernel functions are often non-increasing wiih. Promi-

Cluster analysisis a a descriptive data mining task which nent examples of kernel functions are the square pulse func-
aims at decomposing or partitioning a usually multivariatetion %(sign(er 1) —sign(x— 1)), and the Gaussian function
data set into groups such that the data objects in one gro L exp(—%xz). 1

Tt

oo et groups. Theraors. 3 s Aoty |y kemelbased densiy estimal | ): B . i
' ! defined, modulo a normalization factor, as the sum over all

is a mapping from any data sBof objects to alusteringof data objectg; in Sof the distances betwe&nandX, scaled by

S that is, a collection of pairwise disjoint subsetsofClus- . : ;
tering techniques inherently hinge on the notion of distanc%];i(iitgm&,Ca”edwmdow width and weighted by the kernel

between data objects to be grouped, and all we need to know
is the set of interobject distances but not the values of any of N d(%.%)
the data object variables. Several techniques for data cluster- dx.n[S(X) = Z\K ( i ) ) (1)
ing are available but must be matched by the developer to the ' i= h

objectives of the considered clustering td€cabmeier and  The influence of data objects and the smoothness of the
Rudolph, 2002 In partition-based clustering, for example, estimate is controlled by both the window widthand the

the task is to partition a given data set into multiple disjointshape of kernek: h controls the smoothness of the estimate,
sets of data objects such that the objects within each set ajghereask determines the decay of the influence of a data
as homogeneous as possible. Homogeneity here is capturggject according to the distance. Even if the nunief data

by an appropriate cluster scoring function. Another optiongpjects is very large, in practice it is not necessary to compute
is based on the intuition that homogeneity is expected to bg distances for calculating the kernel density estimate at a
high in densely populated regions of the given data set. Corgjyen object. In fact, the value of commonly used kernel

sequently, searching for clusters may be reduced to searchifgnctions is negligible for distances larger than a feunits;
for dense regions of the data space which are more likely to

be populated by data objects. That leads us to the approach Wherevx € R\ {0} : sign(x) = x/|x|, and sigri0) = 0.
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it may even be zero if the kernel has bounded support, as Algorithm 1 DE-cluster: Clustering based on density estima-
is the case, for example, for the square pulse. Using kernetion

based density estimation, it is straightforward to decompos@nct DEGradjent(K SK(), h) =
the clustering problem into three phases as follows. foreachi € SNQ (k,X) do

1. Choose a window width and a kernel functiok. g:=9g+ (X —X)*K(d(X,%)/h) od

2. Compute the kernel-based density estinmixtg,[S/(X) 9. o B
from the given data set. fu%ct Ué?hﬂi((il)a SK(),h) =
=Sge

3. Detect regions of the data space where the value of the ._ DEGradient(%,S K, h) / | DEGradient(%,S K, h)||
estimate is high and group all data objects of space re- g o (1 X+6*SR’ad1’u7 (K.%) #V). T

gions into corresponding clusters. proc FixedPoint(i SK(),h C)
In the literature, many different definitions of cluster have C.setVisited (i)
been proposed formalizing the clusters referred to in step 3 j:= Uphill (i,S K, h)

above. Adensity-basedluster[Esteret al, 1994 collects if C.clustered ()

all data objects included in a region where density exceeds  then C.setLabel (i,C.getLabel (j))

a threshold. Center-definedtlusters[Hinneburg and Keim, elseif C.visited(j) then C.setLabel(i, j)

1999 are based on the idea that every local maximunp of elseFixedPoint(j,S K,h,C)
corresponds to a cluster including all data objects which can C.setLabel (i,C.getLabel (j))
be connected to the maximum by a continuous, uphill path in fi

the graph off. Finally, anarbitrary-shapecluster[Hinneb- fi B

urg and Keim, 199Bis the union of center-defined clusters  C.setClustered(i).

having their maxima connected by a continuous path whosgroc DECluster (SK (),h,k,C)

density exceeds a threshold. _ for i := 1to S.count do
Algorithm 1 (DE-cluster) implements the computation of if =C.clustered (i) then FixedPoint (i, S K,h,C) fi

center-defined clusters by a climbing procedure driven by the 4.

density estimate. The main procedureDECluster, taking T

as inputs an instancgof the class of data objects, the kernel

function K, the window widthh, and returning a clustering o . ) )

represented b, which stores a mapping from eaghto ~ €duipping the class @with a spatial access method Ilk_e the

the unique integer label of’s cluster. It is assumed th& KD-, or MVP-, or M-tree. Therefore, the time complexity of

is an instance of a class which provides the following meth-PECluster is O(NG(N)), whereq(N) is the cost of & near-

ods: get(i) to access object; given indexi, NQ (k,X) and est nelghbqur query in any such access method. Note that in

Radius(k,X) to retrieve, giverk € R, the indexes and maxi- Many practical caseg(N) is very close to log\.

mum distance oK's k nearest neighbourdJphill computes

the steepest direction on the graph of the estimated density & Distributed Data Clustering

the versor of its gradient, computed by functibEGradient The bod P P

. . ) X y of work on applications of data clustering in dis-
(cf. [I—_hnneburg and Keim, 199;.3 Uphill then movesinthat i teq environments, the problem of so callgidtributed
direction a fractiord < 1 of the distanc&Radius(k,X) ofthe a5 clustering(DDC), is comparatively small. In this sec-
kth nearest neighbour &f and finally returns the index of the i \ye adopt the kernel density estimation based clustering

nearest neighbour i of the reached position. Every nested approach presented above for the distributed case assuming

call to FixedPoint marks the current objea} as visited and - 5 q4eneous data, which means that a data object cannot be
calls Uphill to get the index of the next data objegt If ?plit across two sites.
a

such object has already been visited, the proximity of a loc
maximum has been reached ani taken as new clusterla- 4.1 The DDC Problem
bel. Otherwis€; is inductively assumed to lie at the bottom
end of a path leading to the proximity of a local maximum
and to be already labeled accordingly.Xjfis not marked as ; .
clustered, a recu¥sive call ensures tgh)étxt!he assumption holdd 7= 1:-:--N} € R" be a data set of objects. Léj,j =
The complexity of the DE-cluster algorithm is that of call- =:---+M, beé afinite set obites Each S'td,\;i stores one data
ing N = ScounttimesFixedPoint. At the beginning of every setDj, and it will be assumed th&= (JjZ; Dj. The DDC
iteration in DECluster, the sets of clustered and visited ob- Problem is to find a site clustering; residing in the data
jects are equal FixedPoint is never called with a clustered spaceoLj, for j=1,...,M, such that
object as argument, and visits unclustered objects at mostj). Cj = {CNDj:Cec 4(S)} (correctness requirement
once. Therefore, even if the number of visited data object?.. i o o i
in one call ofFixedPoint is bounded only by, the number  ()- TImeé and communications costs are minimizesifi¢
of visited data objects in all calls is still on. For each ciency requiremeit
visited object a singlé&-nearest neighbour query suffices to(iii). Atthe end of the computation, the size of the subse$ of
compute the gradient and the next uphill object. The methods  which has been transferred out of the data space of any
NQ(-,-) andRadius(-,-) can be efficiently implemented by siteLj is minimized privacy requirement

We define the problem dfomogeneous distributed data clus-
"tering for a clustering algorithn? as follows. LetS= {X; |
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The traditional solution to the homogeneous distributed datés immediate to see by (2) that addivity holds for the sampled
clustering problem is to simply collect all the distributed dataforms:

setsD; into one centralized repository where their unisn M
is computed, and the clustering of the unionS is com- b9 = Z 4(Dj] i=1,...,M. (4)
puted and transmitted to the sites. Such approach, however, =i

does not satisfy our problem’s requirements both in terms of o
privacy and efficiency. We therefore propose a different ap-Therefore, after receiving the sampled forfiD;] of the
proach yielding a kernel density estimation based clusterind! density estimates, the helper site can compute by (4) the

scheme, called KDEC. sampled form of the overall estimate and transmit it to the
sitesLj. SitesL; can then cluster local data with respect to the
4.2 The KDEC Scheme for DDC overall density estimate, using the gradient of the sampling

The key idea of the KDEC scheme is based on the follow-series
ing observation: Although the density estimate computed on
each local data set gives information on the distribution of
the objects in the data set, it conceals the objects themselves.
Moreover, the local density estimate can be coded to provid@here Sin¢x) = M, singx?), and
a more compact representation of the data set for the purpose
of transmission. In the sequel, we tacitly assume that all sites ) 1 if x=0,
L; agree on using a global kernel functighand a global sing(x) = {slm‘lx otherwise
window width h. We will therefore omitk andh from our . o ) ’
notation, and writdp[S|(X) for $x n[S(X). Density estimates &S needed in the hill-climbing function. .
in the form of Equation (1) are additive, i.e. the global den- We briefly discuss the extent to which the series (5) can
sity estimateh[S(X) can be decomposed into the sum of thebe used to represedtfS(x). It is well known that, under
site density estimates, one estimate for every datB set mild conditions, sampling a functiog(x) is an invertible
M M transformation if, for every coordinate=1,...,n, there is
D=3 3 K (M) =y eDI®. @ @ frequencyf () such that the Fourier transform gfdiffers
=1% €D, h = from zero only in the interval—f() ()], and the samples

Thus, the local density estimates can be transmitted to an@f€ computed with a period not greater thidh= 1/(2f())
summed up at a distinguishéelper siteyielding the global ~ (cf. [Higgins, 199¢). Under these assumptions, the value of
estimate which can be returned to all sites. Eachlsitmay the sampling series computedkaqualsg(X). Unfortunately,
then apply, in its local data space, the hill-climbing techniquemost popular kernel functions (hence summations of kernel
of Algorithm 1 (DE-cluster) to assign clusters to the local datafunctions) do not satisfy these hypotheses since the support
objects. There is nevertheless a weakness in such a plan: tRétheir Fourier transform is unbounded. Consequently sam-
definition of a density estimate explicitly refers to all the datapPling density estimates yields an information loss. However,
objects%. Hence, knowing how to manipulate the estimateit can be shown that the Fourier transform of a kernel density
entails knowing the data objects, which contradicts the priestimate is negligible everywhere except fof)| not greater
vacy requirement. However, only an intensional, algebrai¢han 1/h. Therefore, the global density estimate can be re-
definition of the estimate includes knowledge of the data ob€onstructed from its samples by (5) introducing only a small
jects. Multidimensional sampling theory provides the basiserror if 1) < h/2.
for an alternative extensional representation of the estimate It is worth noting that the infinite series (5) need not be ap-
which makes no explicit reference to the data objects. proximated, if it has finitely many nonzero terms. The latter
The theoretical idea of sampling is to represent a functiorcase holds if the used kernel function has a bounded support,
f by asampling serigsthat is, a summation of suitable ex- since the density estimate will also have bounded support. If,
pansion functions weighted by the valuesfoht a discrete however, the kernel function has unbounded support, like the
subset of its domaifHiggins, 1996. In the following, letthe  Gaussian kernel, then the density estimate can be approxi-

> #s9SinaDiag[t] *-(X-DiaglZ-1)),  (5)

2e7n

i th coordinate ok € R" be denoted by, and letDiag[td],  mated by regarding its value to be zero everywhere except
d=[u®,...,uMT e R", denote then x n diagonal matrix inside an appropriately chosen bounded region. _
having diagonall, i.e., defined byDiag[t]ij = 0 if i # |, According to this approach, we propose the following al-

gorithmic KDEC scheme for computing the kernel density es-

i =yl =W (MT e r"
Diag[Ul = u™V. Further left = [T'%,..., T*] € R" a vector timation based clusters for local data spacdsl alistributed

of sampling periodsThesampled formof §[S (X) at intervals data sited j (see Algorithm 2). Every local site runs the pro-

e N o
Uis the sequencgdz[S}, 2€ Z ideﬂneﬁd by cedureSiteDECluster whereas the helper site ruiielper.

62 = ¢[S/(Diag[Z - 7), (3)  SiteDECluster is passed a referente to the helper and the
where- is the inner product between vectors. Theref¢§  |ocal data seD, and returns a clustering in a class instance
is the sequence of the values ®fS|(X) at all the real,n-  C. Helper is passed a list of referencésto the local sites.
dimensional vectors whoseh coordinates are spaced by a The procedureSiteNegotiate carries out a negotiation with
multiple of thei th sampling period(),i =1,...,n. Thesam- the other local sites througHelperNegotiate at the helper
pled forms of the local density estimates are defined in a simsite to determine the sampling periotisthe bounding cor-
ilar way by §;[Dj] = §[Dj|(Diag[Z - T), for j =1,...,M. It ners of the sampling rectangte, 7, < Z", the kerneK, and
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Algorithm 2 KDEC: distributed clustering based on density vances a fractiod of the gradient in its direction, if the gradi-

estimation

funct Sample(D,T,71,7%,K(),h) =
s.setCorners(Z1,7)
foreachZ € Rectangle(s.getCorners())
do s.Add(Z, DE(Diag[Z - T,D,K,h)) od
S.
funct Uphill (X, T, GlobalSam) =
if || SeriesGradient (X,T, GlobalSam)|| > €
then X+ &« SeriesGradient (X, T, GlobalSam)
elsex fi.
funct FixedPoint (X, D, GlobalSam, C)
y := Uphill (X, T, GlobalSam)
g:= D.RangeQ (3,Y)
if Ji € q: C.clustered(i) then Id := C.getLabel (i)
elsify =X
then Id := D.Add (X)
elseld := FixedPoint (Y, D, GlobalSam,C)

fi
foreachi € D.RangeQ (9,X)
do C.setLabel (i,Id); C.setClustered(i) od
Id.
proc SiteDECluster(D,H,C) =
SiteNegotiate(H,T,71,7,K, h)
Send(H,Sample(D,_fil,_Z'z, K, h))
GlobalSam := Receive(H)
for i :=1to D.count do
if = C.clustered(i)
then FixedPoint (X,D, GlobalSam,C) fi

od.
proc Helper(L) =
HelperNegotiate(L)
for j:=1to L.count do
Sam := Receive(L.get(]))
foreachZ € Rectangle(Sam.getCorners())
do GlobalSam.Sum(Z, Sam.get(Z)) od

od

for j :=1to L.count do Send(GlobalSam, L.get(j)) od.

ent’s norm exceeds a threshealdf a 3-neighbourhood of the
object returmed byJphill contains an already clustered data
object, the current cluster labkl is set from that object’s la-
bel. Otherwise, checking whethélphill returned the same
space object signals tBixedPoint that the proximity of the
local maximum has been reached. The maximum is marked
by adding the current space obj@cts a dummy object to the
local data set; this ensures that subsequent paths converging
to the same local maximum will use the same cluster label
as the current path. Methdd.Add(-) returns the identifier

of the added object, which is used as current cluster label. If
neither case holds, the laklel is obtained by a recursive call.
Finally, all objects in a small neighbourhood of the current
object are labeled byd. Note that adding dummy objects
has effect only on the range queries, and does not modify the
density estimate.

4.3 Complexity of the KDEC scheme

In terms of the complexity in computation and communica-
tion one crucial point of the KDEC scheme is how many sam-
ples have to be computed and transferred among the sites. In
most cases, to obtain good density estimatesust not be

less than a small multiple of the smallest object distance. As
1 ~ h/2, the number of samples should rarely exceed the
number of objects, if only space regions where the density
estimate is not negligible are sampled. Since the size of a
sample is usually much smaller than the size of a data ob-
ject, the overall communication costs of our DDC approach
will be in most cases significantly lower than in a centralized
approach. Of course, the precise humber of samples depends
on the bounding region that is being sampled by every site. In
Algorithm 2 the sitd_; determines autonomosly the rectangle
that contains the computed samples.

The computational costs of the KDEC scheme in terms of
used CPU cycles and 1/0O do not exceed the one in the cen-
tralized approach where clustering is performed on data col-
lected in a single repository. The computational complexity is
linear in the number of samples. The precise cost of compu-
tation of any KDEC-based DDC algorithm as an instance of
the proposed scheme largely depends also on the used kernel

the window widthh. The negotiation procedures contain ap-function and local clustering algorithm. The DE-cluster algo-
propriate handshaking primitives to ensure that all sites parrithm we developed for the KDEC scheme in Section 3.2 is

ticipate and exit negotiations only if an agreement has beegf complexityO(Ng(N)), whereq(N) is the cost of a nearest
reached. Each local site computes the sampled form of thgeighbour query (which in practical cases is close td\pg
estimate ofD, by calling functionSample, and sends it to  Algorithm 2 implements a slightly different approach in the
the helper. (FunctioE computes the density estimate and pj||-climbing function than Algorithm 1, since the function
is omitted for brevity.) The helper receives the sampled esgoes not use data objects to direct the uphill path. How-
timates, sums them by sampling indexes into a global samever, preliminary results of experiments conducted on a pro-
ple, and returns it to all sites. Procedusesid andReceive  totype implementation show good scalability of the approach,

implement appropriate blocking and handshaking to ensurg, terms of number of executed range queries.
the transmission takes place. Each local site uses the global

sample in functiongFixedPoint and Uphill to compute the :
values of the gradient of the global density estimate. Func—5 Conclusion
tion SeriesGradient can be easily derived from (5). Local Due to the explosion in the number of autonomous data
sites perform a DE-cluster algorithm to compute the corresources there is a growing need for effective approaches to
sponding local data clusters. The details of the hill-climbingdistributed knowledge discovery and data mining. In this pa-
strategy are however different from Algorithm 1 because theer we have presented KDEC, a hovel scheme for distributed
sites are allowed access to local data objects dimill ad-  data clustering which computes the density estimation, to per-
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form the clustering, from sampled forms of local densities afHinneburg and Keim, 1998Alexander

each data source site.

The approach exploits statistical density estimation and in-
formation theoretic sampling to minimize communications
between sites. Moreover, the privacy of data is preserved
to a large extent by never transmitting data values but ker-

Hinneburg and
Daniel A. Keim. An efficient approach to clustering in
large multimedia databases with noise. Rroceedings
of the Fourth International Conference on Knowledge
Discovery and Data Mining (KDD-98)pages 58-65,
New York City, New York, USA, 1998. AAAI Press.

nel based density estimation samples outside the site of Or[:Johnson and Kargupta, 199€rik Johnson and Hillol Kar-
gin. The approach does not require CPU and I/O costs sig- gypta. Collective, hierarchical clustering from distributed

nificantly higher than a similar centralized approach and its heterogeneous data. In M. Zaki and C. Ho, editbesge-
communication costs may be lower. Ongoing research fo- gcgle Parallel KDD Systemgecture Notes in Computer

cuses in particular on implementations of a multiagent system
for KDEC-based distributed data clustering in a peer-to-pee

Science, pages 221-244. Springer-Verlag, 1999.

network, and investigation on methods to mitigate the risk OIKarguptaet al, 2004 H. Kargupta, B. Park, D. Hersh-

security and privacy violations in distributed data mining en-
vironments.
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Abstract

Bayesian network models are widely used for dis-
criminative prediction tasks such as classification.
Usually their parameters are determined using ‘un-
supervised’ methods such as maximization of the
joint likelihood. The reason is often that it is un-
clear how to find the parameters maximizing the
conditional (supervised) likelihood. We show how
the discriminative learning problem can be solved
efficiently for a large class of Bayesian network
models, including the Naive Bayes (NB) and tree-
augmented Naive Bayes (TAN) models. We do this
by showing that under a certain general condition
on the network structure, the discriminative learn-
ing problem is exactly equivalent to logistic regres-
sion with unconstrained convex parameter spaces.
Hitherto this was known only for Naive Bayes mod-
els. Since logistic regression models have a con-
cave log-likelihood surface, the global maximum
can be easily found by local optimization methods.

1 Introduction

In recent years it has been recognized that for discriminative
prediction tasks such as classification, we should use a ‘su-
pervised’ learning algorithm such as conditional likelihood
maximization [Friedman et al., 1997; Ng and Jordan, 2001;
Kontkanen et al., 2001; Greiner and Zhou, 2002]. Neverthe-
less, for Bayesian network models the parameters are cus-
tomarily determined using ordinary methods such as maxi-
mization of the joint (unsupervised) likelihood. One of the
main reasons for this discrepancy is the difficulty in finding
the global maximum of the conditional likelihood. In this pa-
per, we show that this problem can be solved, as long as the
underlying Bayesian network meets a particular additional
condition, which is satisfied for many existing Bayesian-
network based models including Naive Bayes (NB), TAN
(tree-augmented NB) and ‘diagnostic’ models [Kontkanen et
al.,2001].

We consider domains of discrete-valued random variables.
We find the maximum conditional likelihood parameters by
logarithmic reparametrization. In this way, each conditional
Bayesian network model is mapped to a logistic regression
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model, for which the likelihood surface is known to be con-
cave. However, in some cases the parameters of this logis-
tic regression model are not allowed to vary freely. In other
words, the Bayesian network model corresponds to a subset
of a logistic regression model rather than the full model.

Our main result (Thm. 3 below) provides a general condi-
tion on the network structure under which, as we prove, the
Bayesian network model is mapped to a full logistic regres-
sion model with freely varying parameters. Therefore, in the
new parametrization the conditional log-likelihood becomes
a concave function of the parameters that under our condi-
tion are allowed to vary freely over the convex set R*. Now
we can find the global maximum in the conditional likelihood
surface by simple local optimization techniques such as hill
climbing.

The result still leaves open the possibility that there are no
network structures for which the conditional likelihood sur-
face has local, non-global maxima. This would make our con-
dition superfluous. Our second result (Thm. 4 below) shows
that this is not the case: there are very simple network struc-
tures that do not satisfy our condition, and for which the con-
ditional likelihood can exhibit local, non-global maxima.

Viewing Bayesian network (BN) models as subsets of lo-
gistic regression models is not new; it was done earlier in
papers such as [Heckerman and Meek, 1997a; Ng and Jor-
dan, 2001; Greiner and Zhou, 2002]. Also, the concavity
of the log-likelihood surface for logistic regression is known.
Our main contribution is to supply the condition under which
Bayesian network models correspond to logistic regression
with completely freely varying parameters. Only then can
we guarantee that there are no local maxima in the likelihood
surface. As a direct consequence of our result, we show for
the first time that the supervised likelihood of, for instance,
the tree-augmented Naive Bayes (TAN) model has no local
maxima.

This paper is organized as follows. In Section 2 we in-
troduce Bayesian networks and an alternative, so-called L-
parametrization. In Section 3 we show that this allows us
to consider Bayesian network models as logistic regression
models. Based on earlier results in logistic regression, we
conclude that in the L-parametrization the supervised log-
likelihood is a concave function. In Section 4 we present
our main results, giving conditions under which the two
parametrizations correspond to exactly the same conditional
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distributions. Conclusions are summarized in Section 5;
proofs of the main results are given in Appendix A.

2 Bayesian Networks and the L-model

We assume that the reader is familiar with the basics of the
theory of Bayesian networks, see, e.g., [Pearl, 1988].

Consider a random vector X = (X, X1, ..., Xam),
where each variable X; takes valuesin {1,...,n;}. Let B be
a Bayesian network structure over X, that factorizes P(X)
into M’

P(X) = [[ P(Xi | Pay), )
i=0
where Pa; C {Xo,...,
in B.

We are interested in predicting some class variable X,
for some m € {0,..., M’} conditioned on all X;, i # m.
Without loss of generality we may assume that m = 0 (i.e.,
Xy is the class variable) and that the children of Xy in B
are {X1,..., X} for some M < M’'. For instance, in the
so-called Naive Bayes model we have M = M’ and the chil-
dren of the class variable X are independent given the value
of Xy. The Bayesian network model corresponding to 5 is
the set of all distributions satisfying the conditional indepen-
dencies encoded in B. It is usually parametrized by vectors
©F with components of the form 67 \pa; defined by

o7 = P(X; = z; | Pa; = pa;), ()

X} is the parent set of variable X

ilpa;

where pa; is any configuration (set of values) for the par-
ents Pa; of X;. Whenever we want to emphasize that
each pa; is determined by the complete data vector x =
(o, ..., xpm), We write pa;(x) to denote the configuration
of Pa; in B given by the vector z. For a given data vec-
tor x = (zo,21,...,TMm ), We sometimes need to consider
a modified vector where g is replaced by z; and the other
entries remain the same. We then write pa;(z(,z) for the
configuration of Pa; given by (), z1,...,Tp/).

We let MP be the set of conditional distributions

P(Xo | Xi,...,Xar,©OB) corresponding to distributions
P(Xo,...., XM | ©5) satisfying the conditional indepen-
dencies encoded in B. The conditional distributions in M?%
can be written as

P(.’L‘O | ;L'l,...,ZUM/,GB)
B M’ B
_ ewolpao(w) Hi:l gxilpai (z) 3)
no B MI B )
Ez6=1 9w6|pag(m) Hi:l ezi|pai(w6,z)
extended to N outcomes by independence.
Given a complete data-matrix D = (z!, ..., ™), the con-

ditional log-likelihood, SB(D' 058), with parameters 058 is

given by
5(D;0°) : ZsB («7;05), )
where

SB(z;08) .= ,zp,00). 5)

Note that in (3), and hence also in (4), all 65 Ipas with
t > M (standing for nodes that are neither the class variable

In P(zg | 1, ..
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nor any of its children) cancel out, since for these terms we
have pa;(x) = pa;(xy,z) for all ;. Thus the only relevant
parameters for determining the conditional likelihood are of
the form 67 pa; Withi € {0,..., M}, @ € {1,...,n;} and
pa; any conﬁguration of parents Pa;. We order these param-
eters lexicographically and define ©7 to be the set of vectors
constructed this way, with 5 > 0and Y =1

zi|pa; ;=1 z,lpa,
foralli € {0,..., M}, x; and all values (configurations) of
pa;. Note that we require all parameters to be strictly positive.

The model M? does not contain any notion of the joint dis-
tribution: Terms such as P(X; | Pa;), where 0 < i < M',
are undefined and neither are we interested in them. Our
task is prediction of Xg given Xi,...,Xpr. Heckerman
and Meek call such models Bayesian regression/classification
(BRC) models [Heckerman and Meek, 1997a; 1997b].

For an arbitrary conditional Bayesian network model M5,
we now define the so-called L-model, another set of con-
ditional distributions P&XU | Xi,...,Xp). This model,
which we denote by M*, is parametnzed by vectors ©F in
some set O that closely resembles ®B. Each different M5
gives rise to a corresponding M¥, although we do not nec-
essarily have MZ = MZ%. For each component 65 1pa; Of

each vector 8 € @5, there is a corresponding component
oL ‘pas Of the vectors oL ¢ OV, The components §~ 1pas take

values in the range (—o0, 00) rather than (0, 1). Each vector
O € O defines the following conditional distribution:

P(xo | 1,...,21,0%) :=
(eXp9x0|pao(w))Hl 1 exp by i|pai(x) )
Zzg 1 (exp 9x0|1)ao(x)) H’ 1 €Xp 9%\1’“1(%7%)

(6)

The model M’ is the set of conditional distributions
P(Xy | X1,...,Xnm,0L) indexed by ©L € OL, extended
to N outcomes by independence. Given a data-matrix D, let
SL(D; ©L) be the conditional log-likelihood with parameters
OF, defined analogously to (4) with (6) in place of (3).

Theorem 1. MZ C ML

Proof From (3) and (6) we get that O defined by setting
9$z|paz = ln0 Ipai for all 4, z; and pa;, indexes the same

conditional distribution as ©5. 1

In words, all the conditional distributions that can be rep-
resented by parameters ©F € ©F can also be represented
by parameters O € ®¥. The converse of Theorem 1, i.e.,
ML C MB. s true only under some additional conditions
on the network structure, as we explain in Section 4. First we
take a closer look at the L-model.

3 The L-model Viewed as Logistic Regression

Although L-models are closely related to and in some cases
formally identical to Bayesian network models, we can also
think of them as predictors that combine the information of
the attributes using the so-called softmax rule [Heckerman
and Meek, 1997b; Ng and Jordan, 2001]. In statistics, such
models have been extensively studied under the name of lo-
gistic regression models, see, e.g. [McLachlan, 1992, p.255].
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More precisely, let Xo = {1,...,n0} and let Y7,...,Y}
be real-valued random variables. The multiple logistic re-
gression model with dependent variable X and covariates

Y1,...,Y} is defined as the set of conditional distributions
k
exp E i Baoli Vi
P(l'o |y1,...,yk) = - i=1 MPzoli Yi 7

k
Z%:l €xp Z,‘:1 Bzi)\i Yi

where the 3, are allowed to take on all values in R. This

defines a conditional model parameterized in R™° 'k Now, for
i€40,...,M},x; € {1,...,n;} and pa; in the set of parent
configurations of X, let
1 1sz =T; andPai = pa;

Yerpar) = {0 otherwise. ®
The indicator random variables Y, ,,;) thus obtained can
be lexicographically ordered and renamed 1, ..., %, which
shows that each L-model corresponding to a Bayesian net-
work structure B as in (6) is formally identical to the logistic
model (7) with dependent variable X, and covariates given
by (8). So, for all network structures 3, the corresponding L-
model M is the standard multiple logistic model, where the
input variables for the logistic model are transformations of
the input variables to the L-model, the transformation being
determined by the network structure B.

It turns out that the conditional log-likelihood in the L-
parametrization is a concave function of the parameters:

Theorem 2. The parameter set @Y is convex, and the con-
ditional log-likelihood S*(D;©%) is concave, though not
strictly concave.

Proof. The first part is obvious since each parameter can take
values in (—00, 00). Concavity of S¥(D; ©1) is a direct con-
sequence of the fact that multiple logistic regression models
are exponential families; see, e.g., [McLachlan, 1992, p.260].
For an example showing that the conditional log-likelihood is
not strictly concave, see [Wettig et al., 2002]. 1

Remark. Non-strictness of the proven concavity may pose
a technical problem in optimization. This can be avoided by
assigning a strictly concave prior on the model parameters
and then maximizing the ‘conditional posterior’ [Griinwald
et al., 2002; Wettig et al., 2002] instead of the likelihood.
One may also prune the model of weakly supported parame-
ters and/or add constraints to arrive at a strictly concave con-
ditional likelihood surface. Our experiments [Wettig et al.,
2002] suggest that for small data samples this should be done
in any case, in order to avoid over-fitting; see also Section 5.
Any constraint added should of course leave the parameter
space a convex set, e.g. a subspace of the full @L.

Corollary 1. There are no local, non-global, maxima in the
likelihood surface of an L-model.

The conditions under which a global maximum exists are
discussed in, e.g., [McLachlan, 1992] and references therein.
A possible solution in cases where no maximum exists is to
introduce a strictly concave prior as discusssed above.

The global conditional maximum likelihood parameters
obtained from training data can be used for prediction of

LEARNING

future data. In addition, as discussed in [Heckerman and
Meek, 1997al, they can be used to perform model selec-
tion among several competing model structures using, e.g.,
the BIC or (approximate) MDL criteria. In [Heckerman and
Meek, 1997al it is stated that for general conditional Bayesian
network models M?©, “although it may be difficult to deter-
mine a global maximum, gradient-based methods [...] can be
used to locate local maxima”. Theorem 2 shows that if the
network structure B is such that the two models are equiva-
lent, MB = MY, we can find even the global maximum of
the conditional likelihood by reparametrizing M? to the L-
model, and using some local optimization method. Thus, the
question under which condition M5 = M’ becomes cru-
cial. It is this question we address in the next section.

Remark. Because the log-transformation is continuous, it
follows (with some calculus) that, if MB = ML, then all
maxima of the (concave) conditional likelihood in the L-
parameterization are global (and connected) maxima also in
the original parametrization. Nevertheless, the likelihood sur-
face as a function of ©% € ®% has some unpleasant proper-
ties (see [Wettig er al., 2002]): it is not concave in general
and, worse, it can have ‘wrinkles’: by these we mean con-
vex subsets @05 of ®F, such that, under the constraint that
08 € O35, the likelihood surface does exhibit local, non-
global maxima. This suggests that it is computationally pre-
ferrable to optimize over @ rather than ®%. Empirical evi-
dence for this is reported in [Greiner and Zhou, 2002].

4 Main Result

By setting 051_‘ pa; = 1 0?1_‘ pa,» it follows that each distribu-
tion in M5 is also in M’ (Thm. 1). This suggests that, by

doing the reverse transformation
68 = exp oL 9)

z;i|pa; xi|pa;’

we could also show that distributions in M’ are also in
MB. However, ®L contains distributions that violate the
‘sum-up-to-one constraint’, i.e., for some OL ¢ O we have
D omi_y exp Hilpai # 1 for some i € {0,...,M'} and pa;.
Then the corresponding O is not in ®%. But, since the L-
parameterization is redundant (many different © index the
same conditional distribution P(- | -) € MH¥), it may still
be the case that the distribution P(- | -, ©L) indexed by ©F
is in MB. Indeed, it turns out that for some network struc-
tures B, the corresponding MUY is such that each distribution
in M% can be expressed by a parameter vector ©% such that
domi_jexp Gilpai = 1foralli € {0,...,M'} and pa;. In
that case, by (9), we do have MZ = M. Our main result is
that this is the case if B satisfies the following condition:

Condition 1. For all j € {1,..., M}, there exists X; €
Pa; such that Pa; C Pa; U {X;}.

Remark. Condition 1 implies that the class Xy must be a
‘moral node’, i.e., it cannot have a common child with a node
it is not directly connected with. But Condition 1 demands
more than that; see Figures 1 and 2.
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() ()
Figure 1: A simple Bayesian network (the class variable is

denoted by Xj) satisfying Condition 1 (left); and a network
that does not satisfy the condition (right).

Figure 2: A tree-augmented Naive Bayes (TAN) model satis-
fying Condition 1 (left); and a network that is not TAN (right).
Even though in both cases the class variable X is a moral
node, the network on the right does not satisfy Condition 1.

Example 1. Consider the Bayesian networks depicted in Fig-
ure 1. The leftmost network, B;, satisfies Condition 1, the
rightmost network, B, does not. Theorem 4 shows that the
conditional likelihood surface of M52 can have local max-
ima, implying that in this case M5B £ ML,

Examples of network structures that satisfy Condition 1 are
the Naive Bayes (NB) and the tree-augmented Naive Bayes
(TAN) models [Friedman et al., 1997]. The latter is a gen-
eralization of the former in which the children of the class
variable are allowed to form tree-structures; see Figure 2.

Proposition 1. Condition 1 is satisfied by the Naive Bayes
and the tree-augmented Naive Bayes structures.

Proof. For Naive Bayes, we have Pa; C {Xo} forall j €
{1,..., M}. For TAN models, all children of the class vari-
able have either one or two parents. For children with only
one parent (the class variable) we can use the same argument
as in the NB case. For any child X; with two parents, let X;
be the parent that is not the class variable. Because X is also
a child of the class variable, we have Pa; C Pa;U{X;}. 1

Condition 1 is also automatically satisfied if Xy only has
incoming arcs! (‘diagnostic’ models, see [Kontkanen et al.,
2001]). For Bayesian network structures B for which the con-
dition does not hold, we can always add some arcs to arrive
at a structure 3’ for which the condition does hold (for in-
stance, add an arc from X; to X3 in the rightmost network
in Figure 2). Therefore, M?Z is always a subset of a larger
model MPB" for which the condition holds. We are now ready
to present our main result (for proof see Appendix A):

Theorem 3. If BB satisfies Condition 1, then MP = ML,

Together with Corollary 1, Theorem 3 shows that Condi-
tion 1 suffices to ensure that the conditional likelihood sur-
face of M?P has no local (non-global) maxima. Proposition 1

'Tt is easy to see that in that case the maximum conditional like-
lihood parameters may even be determined analytically.
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now implies that, for example, the conditional likelihood sur-
face of TAN models has no local maxima. Therefore, a global
maximum can be found by local optimization techniques.

But what about the case in which Condition 1 does not
hold? Our second result, Theorem 4 (proven in Appendix A)
says that in this case, there can be local maxima:

Theorem 4. Let Bo = X1 — Xo < Xy be the network
structure depicted in Figure 1 (right). There exist data sam-
ples such that the conditional likelihood has local, non-global
maxima over MP2.

The theorem implies that M # M52, Thus, Condition 1
is not superfluous. We may now ask whether our condition
is necessary for having M% = MP; that is, whether ME #
MB for all network structures that violate the condition. We
plan to address this intriguing open question in future work.

5 Concluding Remarks

We showed that one can effectively find the parameters max-
imizing the conditional (supervised) likelihood of NB, TAN
and many other Bayesian network models. We did this by
showing that the network structure of these models satisfies
our ‘Condition 1’°, which ensures that the conditional distri-
butions corresponding to such models are equivalent to a par-
ticular multiple logistic regression model with unconstrained
parameters. An arbitrary network structure can always be
made to satisfy Condition 1 by adding arcs. Thus, we can
embed any Bayesian network model in a larger model (with
less independence assumptions) that satisfies Condition 1.

Test runs for the Naive Bayes case in [Wettig ef al., 2002]
have shown that maximizing the conditional likelihood in
contrast to the usual practice of maximizing the joint (unsu-
pervised) likelihood is feasible and yields greatly improved
classification. Similar results are reported in [Greiner and
Zhou, 2002]. Our conclusions are also supported by theo-
retical analysis in [Ng and Jordan, 2001]. Only on very small
data sets we sometimes see that joint likelihood optimization
outperforms conditional likelihood, the reason apparently be-
ing that the conditional method is more inclined to over-
fitting. We conjecture that in such cases, rather than resorting
to maximizing the joint instead of the conditional likelihood,
it may be preferable to use a simpler model or simplify (i.e.
prune or restrict) the model at hand and still choose its param-
eters in a discriminative fashion. In our setting, this would
amount to model selection using the L-parametrization. This
is a subject of our future research.
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A Proofs

Proof of Theorem 3. We introduce some more notation. For
j € {1,...,M}, let m; be the maximum number in
{0,..., M} such that X,,,; € Paj, Paj C Pay; U{Xy,}.
Such an m; exists by Condition 1. To see this, note that
the X; € Pa; mentioned in Condition 1 must lie in the set
{Xo,X1,..., X} (otherwise Xg € Paj, Xo ¢ Pa;, so
Pa; ¢ Pa; U {X;}, contradiction).

Condition 1 implies that pa; is completely determined by
the pair (4, ,pam,). We can therefore introduce functions
() mapping (&, , Pam;) to the corresponding pa;. Hence,
forallz = (zo,...,zn ) and j € {1,..., M} we have

pbaj; = Qj(wmj‘7pam]‘)' (10)

We introduce, for all i € {0,..., M} and for each con-
figuration pa; of Pa;, a constant c;,,, and define, for any

oL c ®L,
9(0)

_ pL
zilpa; T ewi\l)ai

Z CjlQ; (i,pai)- an

Jimj=i

+ Cilpa; —

)

[pa
a vector ©(¢) which is clearly a member of L.

Having introduced this notation, we now show that no mat-
ter how we choose the constants c; ,,,, , for all ©F and corre-

sponding ©(¢) we have S*(D; 0(©) = S¥(D; 0L).

The parameters Hic _ constructed this way are combined to
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We first show that, for all possible vectors x and the corre-
sponding parent configurations, no matter how the c;,,, are
chosen, it holds that

S (c) J
c _ L
Z eﬂvilpai - Z owi\pai + Cojpao - (12)
i=0 i=0
To derive (12) we substitute all terms of Zf‘i 0 Q;i)lpai by their

definition (11). Clearly, for all j € {1,..., M}, there is ex-
actly one term of the form ¢;;,,; that appears in the sum with
a positive sign. Since for each j € {1,..., M} there exists
exactly one ¢ € {0,..., M} with m; = 4, it must be the case
that for all j € {1,..., M}, a term of the form ¢;\¢, (2;,pa;)
appears exactly once in the sum with a negative sign. By (10)
we have ¢;|Q; (z:,pa;) = Cjlpa, - Therefore all terms ¢;),,,; that
appear once with a positive sign also appear once with a neg-
ative sign. It follows that, except for ¢g|pq,, all terms c¢j)p,;
cancel. This establishes (12). By plugging in (12) into (6), it
follows that S¥(D; ©(©)) = SX(D; ©L) for all D.
Now set, for all z; and pa;,

B _ ()
O pa; = €XP ez,-\pa,-' (13)
We show that we can determine the constants ¢;|,,; such that
foralli € {0,..., M} and pa;, the ’sum up to one’ constraint
is satisfied, i.e., we have
ez
Z ofilpai =L (14)
xr;=1

We achieve this by sequentially determining values for ¢;,q,
in a particular order.

We need some additional terminology: we say ‘c; is deter-
mined’ if for all configurations pa; of Pa;, we have already
determined c;)p,,. We say ‘c; is undetermined’ if we have de-
termined ¢;p,,, for no configuration pa; of Pa;. We say ‘c; is
ready to be determined’ if c; is undetermined and at the same
time all ¢; with m; = ¢ have been determined.

We note that as long as some ¢; withi € {0,..., M} are
undetermined, there must exist ¢; that are ready to be de-
termined. To see this, first take any ¢ € {0,..., M} with
c; undetermined. Either c; itself is ready to be determined
(in which case we are done), or there exists j € {1,...M}
with m; = ¢ (and hence X; € Pa;) such that ¢; is undeter-
mined. If ¢; is ready to be determined, we are done. Oth-
erwise we repeat the argument, move forward in 3 restricted
to {Xo, ..., X} and (because B is acyclic) within M steps
surely find a ¢ that is ready to be determined.

We now describe an algorithm that sequentially assigns
values to ¢;|,q, such that (14) is satisfied. We start with all ¢;
undetermined and repeat the following steps:

WHILE there exists ¢;, 7 € {0, ..., M}, thatis undetermined
DO
1. Pick the largest ¢ such that ¢; is ready to be determined.
2. Set, for all configurations pa; of Pai, c;,,, such that
S 05 pa, = 1 holds.

z;=1

DONE
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The algorithm loops M + 1 times and then halts. Step 2 does
not affect the values of ¢;,,; for any j, pa; such that ¢;,,;
has already been determined. Therefore, after the algorithm
halts, (14) holds.

Let ©F € ®L. Each choice of constants Ci|pa; determines

a corresponding vector ©(¢) with components given by (11).
This in turn determines a corresponding vector ©F with com-
ponents given by (13). In Stage 2 we showed that we can take
the ¢;),q; such that (14) holds. This is the choice of c;pq;
which we adopt. With this particular choice, ©F indexes
a distribution in M%. By applying the log-transformation
to the components of ©F we find that for any D of any
length, SB(D;08) = S (D;0)), where SB(D;OF) de-
notes the conditional log-likelihood of ©F as given by sum-
ming the logarithm of (3). The result of Stage 1 now im-
plies that ©F indexes the same conditional distribution as
OL. Since ©F € O was chosen arbitrarily, this shows that
ME C MPB. Together with Theorem 1 this concludes the
proof. N

Proof (sketch) of Theorem 4. Use the rightmost network in
Figure 1 with structure Xg — X, < X;. Let the data be
D =((1,1,1),(1,1,2),(2,2,1),(2,2,2)). Note that X and
X7 always have the same value. We first show that with this
data, there are four local, non-connected suprema of the con-
ditional likelihood.

We are interested in predicting the value of X given X,
and X5. The parameter defining the distribution of X; has no
effect on conditional predictions and we can ignore it. For the
remaining five parameters we use the following notation:

02 = P(XO = 2),

Bop1 = P(Xo =2| Xo = 1,X; = 1),
Oaprn = P(Xo =2| Xo = 1,X; = 2),
Bapp1 = P(Xo =2 | Xy = 2,X; = 1),
Boppn = P(Xo = 2| Xo = 2,X; = 2). (15)

The conditional log-likelihood can be written as
SB(DQ 98) = 9(1 - 92792|1,1,92\271) + 9(92792|2,2,92\172)7
(16)

where

9(z,y,2) == f(z,y,2) + f(z,1 —y,1 - 2), 17)
and Ty
f(z,y,2) :==In wtr(l—2)z (18)

Figure 3 illustrates functions g(z,y, z) at z = 0.5. In (16)
each parameter except 6> appears only once. Thus, for a fixed
f, we can maximize each term separately. ;From Lemma 1
below it follows that the supremum of the log-likelihood with
0> fixed is In(1 — 62) + In(62), which achieves its maximum
value —2In 2 at @5 = 0.5. Furthermore, the lemma shows that
the log-likelihood approaches its supremum when 051 €
{0, ].}, 92‘172 S {0, ].}, 92‘171 — 02|271, and 02|272 — 02|172.
Setting y = 0.5 results in
x

sup g(z,0.5,2z) =1n 5 <lInz. (19)

0<2<1 - T
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Figure 3: Function g(x,y,z) given by (17) with z = 0.5.

Therefore setting either 05, or fy55 to 0.5 results in
a smaller supremum of the log-likelihood than the above
choices. Consequently, the four suprema are separated by ar-
eas where the log-likelihood is smaller, i.e., the suprema are
local and not connected.

To conclude the proof we still need to address two is-
sues: (a) the four local suprema give the same conditional
log-likelihood —21n 2, and (b), they are suprema, not max-
ima (not achieved by any ©8 ¢ ®%). To deal with (a),
consider data D' consisting of n; repetitions of (1,1,1),
ny repetitions of (1,1,2), ng repetitions of (2,2,1) and
n4 repetitions of (2,2,2). By doing a slightly more in-
volved analysis, one can show that, for some choices of
ni,ns2,ns,ny, the supervised log-likelihood still has four
suprema, but they have different likelihood values. To deal
with (b), let D" be equal to D' but with four extra data vec-
tors (1,2,1),(2,1,1),(1,2,2),(2,1,2). If ny,n2,n3 and ny
are chosen large enough, the supervised likelihood for D'’ has
four maxima (rather than suprema), not all of which achieve
the same supervised likelihood. We omit further details. |

Lemma 1. With 0 < = < 1 fixed and y and z both varying
between 0 and 1, the supremum of g(x,y, z) defined by (17)

is given by sup g(z,y,2) = In(z). (20)
0<y,z<1

The function approaches its supremum when z € {0,1}, and

y — z. That is, limy o g(x,y,0) = limy1 g(z,y,1) =Inz.

Proof. Differentiating twice wrt. z gives

R (k)
70OV = T o
(1— )

5, 2D

(z(1-y)+ (1 —2)(1-2))
which is always positive and the function achieves its maxi-
mum values at z € {0, 1}. At these two points derivating wrt.
y yields

0 z—1

a w? 70 :—7

5y O = T =)

0 1—=z

il = —— = 22
ayg(ﬂf,y, ) v (22)

Since in the first case the derivative is always negative, and
in the second case the derivative is always positive, g(z, y,0)
increases monotonically as y — 0, and g(x,y, 1) increases
monotonically as y — 1. In both cases the limiting value is

In(z). 1
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Monte Carlo Theory as an Explanation of Bagging and Boosting
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Abstract

In this paper we propose the framework of
Monte Carlo algorithms as a useful one to ana-
lyze ensemble learning. In particular, this
framework allows one to guess when bagging
will be useful, explains why increasing the mar-
gin improves performances, and suggests a new
way of performing ensemble learning and error
estimation.

1 Introduction

Ensemble Learning aims at combining learned hypothe-
ses for classification tasks instead of choosing one. It has
proved to be a valuable learning approach, and it is ac-
tively investigated in the Machine Learning community
[Freund 1995; Freund & Schapire 1997; Breiman, 1996;
Wolpert, 1992].

In addition to the advantages pointed out by Dietterich
[2000], what really attracts the great interest to ensemble
learning is its amazing effectiveness and robustness to
overfitting. In fact, ensemble classifiers, and specifically
AdaBoost, often show a drop in generalization error far
beyond the point in which the training error reaches zero.

In this paper we concentrate on two approaches, namely
Bagging [Breiman, 1996], and Boosting, as implemented
in the AdaBoost algorithm [Freund & Schapire, 1997],
and we propose an analysis of these two approaches by
exploiting links with Monte Carlo theory. This parallel
allows a deeper understanding of the basic process un-
derlying hypothesis combination. In particular:
* it suggests the conditions under which Bagging is
likely to be better than single hypothesis learning,
« it explains why reducing the margin [Schapire et al.,
1998] increases the performances,
» it allows some reasons for robustness to overfitting to
be conjectured.

The article is organized as follows: in Section 2 we
briefly review Bagging and AdaBoost algorithms, and in
Section 3 we introduce basic terminology and results
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from Monte Carlo theory. Section 4 is the core of the
paper: it introduces the link between Monte Carlo theory
and Ensemble Learning algorithms, and analyzes the two
algorithms in the ideal situation of having access to the
whole example and hypothesis spaces. Section 5 relaxes
the hypotheses of Section 4. In particular, it focuses on
AdaBoost’s case offering an intuitive accounting of the
generalization performances of the algorithm. Finally,
Section 6 concludes the paper and proposes future work.

2 Bagging and AdaBoost

Bagging [Breiman, 1996] is one among the most studied
Ensemble Learning algorithms. It takes in input a learn-
ing set Ly, an integer number T, and a (possibly weak)
induction algorithm A. At each iteration step t the algo-
rithm creates a bootstrap replicate L [Efron & Tibshirani,
1993] of the original learning set, and uses it in conjunc-
tion with A to form a new hypothesis h,, When T hy-
potheses have been learned, they are combined using a
simple majority voting rule.

Breiman [1996] found a significant increase of classifi-
cation accuracy, when the hypotheses are bagged, on dif-
ferent datasets from the UCI repository, for both regres-
sion and classification tasks. Moreover, in the same pa-
per, a theoretical analysis is carried on. The notion of
order correct classifier is introduced, and it is shown
that when A is order correct, then Bagging is expected to
behave almost optimally (i.e., it behaves like the Bayes
classifier). Throughout the paper it is claimed that “bag-
ging stable classifiers is not a good idea”. A “stable”
classifier is qualitatively defined as one that does not
show large variations in the learned hypotheses when the
training set undergoes small variations. Experimental
analysis of Bagging’s performances is provided by Bauer
and Kohavi [1999], Quinlan [1996], and Dietterich
[2000].

The simplest version of AdaBoost [Freund & Schapire,
1997] deals with binary classification problems, and this
is the one we refer to. AdaBoost maintains a weight dis-
tribution over the training examples, and adjusts it at
each iteration. The adjusted weights are chosen so that
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higher values are associated to previously misclassified
examples. As a main effect, the weighting scheme forces
A to focus on “more difficult” examples, ensuring thus
that all the examples will be, sooner or later, taken into
account by the weak learner. The hypothesis combination
rule is a weighted majority vote that puts more weight on
successful hypotheses (i.e., hypotheses that incur a low
weighted training error).

Despite its apparent simplicity AdaBoost solves a diffi-
cult problem: choosing example and hypothesis weights
in such a way to ensure an exponential decrease in the
training error committed by the boosted committee.
Moreover, the choice is made without any knowledge or
assumption on the weak learner itself (except that the
weak learner is always able to outperform random
guessing). In contrast, Bagging only works when “be-
nign” weak learners are used. On the other hand,
AdaBoost seems to be more sensitive to noise than Bag-
ging [Quinlan, 1996].

As mentioned earlier, AdaBoost shows the characteristic
of being robust with respect to overfitting [Schapire et
al., 1998; Drucker & Cortes, 1996; Quinlan, 1996; Bre-
iman, 1998; Freund & Schapire, 1998]. A rather con-
vincing account of this behavior imputes to AdaBoost
the ability to be very successful in increasing the final
classifier’s margin over the training examples [Schapire
etal., 1998].

In the effort of wunderstanding and/or explaining
AdaBoost’s behavior, boosting has been related to other
existing theories, such as Game Theory [Schapire, 2001],
logistic regression [Friedman et al., 1998; Collins et al.,
2000], optimization [Ratsch et al., 2002], and Brownian
motion [Freund, 1995].

3 Monte Carlo Algorithms

In this section we recall some basic notions from Monte
Carlo algorithms theory. In the literature, the name
Monte Carlo often denotes a generic stochastic algo-
rithm; in this paper we will refer to the more restrictive
definition given by Brassard and Bratley [1988]. Let []
be a class of problems, Y a finite set of answers for the
problems in [], and ¢ : [ — 2" be a function that maps
each problem into the set of its correct answers.

Definition 1 — A stochastic algorithm A, mapping [] into
Y, is said to be a Monte Carlo algorithm, if, when applied
to an instance n of [], it always terminates, providing an
answer to m, which may be occasionally incorrect.

Two properties of Monte Carlo algorithms turn out to be
relevant:

Definition 2 — A Monte Carlo algorithm is consistent if it
never outputs two distinct correct answers when run two
times on the same problem instance =.
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Definition 3 — A Monte Carlo algorithm is p-correct if
the probability that it gives a correct answer to m is at
least p, independently of the specific problem instance «
considered.

The great interest in Monte Carlo algorithms resides in
their amplification ability: given a problem instance =,
and a Monte Carlo algorithm MC, if MC is run multiple
times on n and the majority answer is taken as the result,
then, under mild assumptions, the probability of a correct
answer exponentially increases. The conditions are that
MC must be consistent for m and that p must be greater
than random guess. We note that, whenever c(n) reduces
to a mapping from [] to Y (instead of 2 ), the algorithm
is consistent. Let us denote by MCr the algorithm ob-
tained by combining with a majority vote the answers
given by multiple runs of a Monte Carlo MC.

4 Complete Information Case

In this section we provide a theoretical account of the
links between Monte Carlo theory and bagging or boost-
ing, in the case we have complete information on the
learning/classification problem. More precisely, let X be
a finite set of examples', o a target concept (binary clas-
sification), A a (weak) learner. Let |[X| = N and w be a
probability distribution over X. Let moreover W be the
power set of X. Any intensional concept description, be-
longing to a given language Z, will be mapped to an
element y of W, i.e., Y is the set of examples classified
by that description as belonging to w. In this way, we can
reduce ourselves to a finite set of (extensional) hypothe-
ses. Let ® C W be any subset of W. Let |®| = K. A prob-
ability distribution ¢ is associated to the elements of
®. The set @ can be thought of as the collection of the
hypotheses generated by a learning algorithm A applied
to a number of training sets, or a set of hypotheses pro-
vided by an oracle. Learning can then be simulated by
extracting with replacement elements from & according
to g (each extraction corresponds to a run of
A on some training set).

Let us represent the described situation by means of Ta-
ble 1. Here, let p;(xi) € {1,0}? be the probability that hy-
pothesis ¢; correctly classifies example x;. Let p(x;) be
the average of such probabilities for x;. Let 7; be the ac-
curacy of hypothesis ¢; over the whole X.

By using the given probability distributions, we can
compute the average accuracy for the whole table:

r=EW’<p(x’<)=2qj j=Equ w, p;(x,) (1

j=1k=1

! The finiteness of X is not essential; it is only assumed for
the sake of simplicity.
? This assumption implies that the Bayes error is zero.
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Table 1 — Theoretical setting

Q@ coes @i coes Qk
xX; | pixy) pi(x1) px(x) | p(x)
Xi | pi(x) Di(xy) Px(xr) | pOxw)
Xy | pi(xn) Dil(xn) Px(xn) | pCxy)
ry I’i g r

Given a subset Z of X, let ||Z|| the measure of Z w.r.t. w,

i.e.:
1= Y w,

x el
Analogously, if ®' C ®, we define:
@ = qu
@;ed'
Clearly the measures ||Z|| and ||®'|| reduce to |Z|/N and
|D'|/K, respectively, if ¢ and w are uniform distributions.

4.1 Monte Carlo and Bagging

We will now establish a link between Monte Carlo algo-
rithms and Bagging. Let L, be a training set, and 7 an
integer; let L be a generic bootstrap replicate of Ly. In
this case, @ is the set of all the different hypotheses that
can be obtained by applying A to L,’s replicates. The
frequencies with which each ; is generated determine q.

If we look at Table 1, Bagging proceeds, so to say, by
columns, by extracting T columns from ® and using them
to obtain a majority vote on each x;. Considering the
global average accuracy r, or even the exact distribution
of the r;, it is not easy to say how many of the x; will be
correctly classified by the majority voting procedure,
and, then, whether to perform Bagging will be rewarding.
It is generally said [Breiman, 1996] that bagging is useful
when A is “unstable”. We will show later that this notion
of “instability” can be made more precise.

Let us consider now a Monte Carlo interpretation of Ta-
ble 1. To the contrary of Bagging, a Monte Carlo algo-
rithm MCr proceeds by rows: for each x; (problem to be
solved), it extracts T hypotheses ¢; from @ and classifies
Xk b;/ majority voting. This process is repeated for each
row’. This procedure is necessary, because the compo-
nents of the Monte Carlo voting must be independent, but
the entries in each column are not. Monte Carlo theory
tells us that the correctness of MCr on x; can be amplified
if:

1. The T trials are independent

2. MC s consistent

3. plxp)>1/2
Condition (1) is true by construction of the process (ex-
traction with replacement of 7 hypotheses for each row).

3 Let us set apart, for the moment, the computational issues.
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Condition (2) is true as long as the Bayes error is zero.
Condition (3) may or may not be true, depending on the
set ©.

Let X, be the set of examples for which p(x;) > 1/2. Ac-
cording to the Monte Carlo theory, all these examples
will be “amplified”, i.e., they will be correctly classified
in the limit (for T — ). The application of MCr to all
the rows yields an asymptotic accuracy:
p =Xl (2)

By denoting by p; the expected Monte Carlo accuracy
when only a finite number T of extractions is performed,
we obtain:

limPr{p, =p } =1 (3)

Let now @, be the set of hypotheses whose accuracy is
greater than p . The value
T =] @y 4)

is the probability that a hypothesis “better” than bag-
ging is obtained in a single extraction. Then, in an infi-
nite number of trials, such a hypothesis will occur with a
frequency t . It is clear that, in the limit, Bagging is
surely convenient only when when ®, = &, because, in
this case, there is no single hypothesis better than Bag-
ging. When @&, # O a better hypothesis will surely ap-
pear, soon or later. The interesting case, however, occurs
when only a finite number 7 of extractions is performed.
Before approaching this case, let us make some consid-
erations on what has been described so far.

Let us first notice that ensemble learning claims that am-
plification occurs when the 7;‘s (accuracy of each of the
combined hypotheses) are greater than 1/2 (condition on
the columns). Actually it may not be the case. What is
really required is that, for each example x;, more than 1/2
of the learned hypotheses are correct on it (condition on
the rows). Then, Monte Carlo Theory suggests that Bag-
ging would be successful when it is possible to find a
subset of ® such that X,=X. Before looking with more
details into the relationship between the r;’s and the
p(xi)’s, let us consider some extreme cases.

Let A be a weak learner that always returns the same hy-
pothesis ¢, regardless of the training set. The lucky
situation in which that single hypothesis ¢ is quite accu-
rate over the training set does not imply anything about
the occurrence of Monte Carlo amplification. In fact, all
the p(x;) are equal to 1 on those examples which are cor-
rectly classified by ¢, and 0 otherwise. In other words,
whatever the accuracy of ¢, no amplification at all oc-
curs. This is an example of a perfectly stable learner.

Let us consider a situation in which the global average r
of the accuracy is a little more than 1/2. This value is at
the same time the average of the last column and on the
last row in Table 1, according to (1). For the sake of il-
lustration, let ¢ and w be uniform distributions. Let us
consider the following three extreme situations (a de-
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tailed analysis of several other interesting cases is pro-
vided by Esposito [2003]) :

(a) The p(x;)’s in the last column are distributed in such
a way that one half of the examples have p(x;) val-
ues close to one, and one half of the examples have
p(xi) values close to zero. The ;s in the last row,
on the contrary, have all almost the same value
around 1/2. (All hypotheses show the same per-
formances and they cover almost the same exam-
ples)

(b) The p(x;)’s in the last column have all almost the
same value around 1/2, whereas the 7;s in the last
row have, for one half, values close to one, and for
the other half close to zero. (Some hypotheses are
very good and other are very bad, but their coverage
is uniformly distributed on the examples).

(c) Both distributions are uniformly valued around 1/2
(Al the hypotheses are uncertain on all examples).

In case (a) half of the examples are amplifiable, but Bag-
ging is not useful, because any single hypothesis classi-
fies correctly half of the examples, so that nothing can be
gained by the Bagging process.

In case (b), the number of amplifiable examples depends
on how many of them have actually values a little over
1/2. But, even in the best case (X, = X, i.e., p = 1), Bag-
ging is again not convenient. In fact, half of the single
hypotheses have »; = 1; then, in one over two extractions
(on average) a perfect hypothesis is extracted.

In case (c), if the p(x;) values in the last columns are all a
little greater than 1/2, then p = 1. This is the case in
which Bagging is convenient, because the single hy-
pothesis have all accuracy close to 1/2. Actually, case (c)
is the ideal case for Bagging, because amplification can
be obtained with the minimum effort (with “bad” hy-
potheses we may obtain a large amplification).

The following theorem summarizes the above consid-
erations and establishes a link between Bagging and
Monte Carlo amplification (proof is provided by Esposito
[2003]):

Theorem 1 — The amplified accuracy p cannot be
greater than 2r, where r is the average accuracy of the
bagged hypotheses. a

Then, even by bagging single hypotheses with accuracy
less then 1/2 it is possible to obtain higher accuracies by
Monte Carlo amplification. However, in order to reach p
= 1, the value of » must be at least 1/2. Even in this case,
some of the combined hypotheses are allowed to have a
accuracy less than 1/2, without hindering amplification,
provided that X, = X and that » does not go below 1/2.

4.2 Monte Carlo and AdaBoost

Let us notice that, if the set ® of hypotheses coincides
with the power set 2% (all possible hypotheses are con-
sidered), we are in the situation in which all p(xy) = 1/2,
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r=1/2,and p = 1/2, so that no amplification is possible.
This means that the learning procedure was not able to
make any useful selection inside the hypothesis space.
On the contrary, we would like that the weak learner has
the nice property of focusing on the best hypotheses. In
the previous section we showed that the basic Monte
Carlo approach, implemented by Bagging, may fail due
to a number of reasons; this happens, for instance, in the
cases (a) and (b) of Section 4.1. Even if not explicitly
stated, the underling problem is that the weak learner
may not be suited enough for this kind of procedure. The
question we are now trying to investigate is what to do
when such a situation occurs, in particular when we do
not want or can modify the weak learner. Then, is it pos-
sible to convert case (a) or (b) into case (¢)? Or, said in
other words, is it possible to convert a learning problem
in which the Monte Carlo assumptions for amplification
do not hold into one in which they do?

The solution to this problem can be found by thinking
again of the role of the weak learner in the Monte Carlo
process. As mentioned earlier, the learner has the duty to
modify the distribution from which the hypotheses are
drawn (i.e., the g; of the columns) in such a way that
“better” hypotheses are more likely to be drawn. Moreo-
ver, we can actually change the behavior of the weak
learner through its input, i.e., by modifying the training
set. In particular, we have to force the weak learner to
extract hypotheses that make the minimum value of the
p(x)’s grow larger than 1/2 (in order to satisfy the Monte
Carlo conditions of amplifiability for all the examples).
Since the weak learner is influenced by the training set,
the solution is to modify the training set in such a way
that examples with low p(x;) values are more represented,
in the attempt to make the weak learner try harder to be
successful on them. What we obtain with this reasoning
is an AdaBoost-like algorithm. In other words, when the
weak learner is unable to satisfy Monte Carlo conditions
for amplification, AdaBoost forces it to satisfy them by
weighting the examples. More precisely, AdaBost tries to
increase the minimum p(x;) with the unconscious goal of
extending X,. In fact, when the weak learner satisfies
relatively mild conditions, it has been shown by Schapire
et al. [1998] that AdaBoost is actually effective in in-
creasing the minimal margin:

Definition 4 — For any particular example x;, the classifi-
cation margin u(x;) for x; is the difference between the
weight assigned to the correct label and the maximal
weight assigned to any single incorrect label.

In the case of binary classification, the margin is the dif-
ference between the weight assigned to the correct label
and the weight assigned to the incorrect one.

Theorem 2 — In the case of binary classification, the fol-
lowing relation holds between the margin and the Monte
Carlo p(xy)-correctness value:

#(x) = plxy) - (1 - p(x)) = 2p(x) - 1 (7N
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The proof of Theorem 2 derives immediately from the
definition of margin and p(x;). Formula (7) explains why
increasing the margin improves the performances of
boosting: in fact, increasing the minimum margin lets the
cardinality of the set X, increase, augmenting the number
of examples for which the Monte Carlo conditions for
amplifiability hold.

4.3 Non-Asymptotic Case

Let us consider a finite integer 7. Let tg denote the prob-
ability that a hypothesis “better” than Bagging is ob-
tained in R extractions. In order to compare Bagging with
hypothesis selection, let us consider a classification accu-
racy o. Given Table 1, and given a number 8 close to 0,
let T(a) be the minimum number of components of the
bagged hypothesis such that:

Pr{pT(u)E O(} >1-0 (8)

If a > p , then probability (8) is zero.

Analogously, let ®,be the set of hypotheses with 7; > a
and R(a) be the minimum number of hypothesis extrac-
tions such that:

Pr{Extracting ¢, € ®,} >1-9 9)
Again, if ® = J, probability (9) is zero.

We can draw a graph of T (ordinate) vs. R (abscissa),
parameterized by o. The graph is problem dependent.
What we can say in general is that points in the graph
above the diagonal correspond to situation for which se-
lection is better than Bagging (for the same accuracy a,
Bagging requires more trials), points below the diagonal
correspond to situation for which selection is worse than
Bagging (for the same accuracy o, Bagging requires less
trials), and points on the diagonal correspond to situa-
tions of indifference.

5 Problems with Partial Information

The setting discussed in Section 4 is useful for under-
standing the functioning of ensemble learning, but we
need to extend it to the case of real learning problems. In
concrete situation, neither the set ® nor the example
space X is available a priori. What we have is a training
set Ly (JLg| = M) and a test set Ty, both subsets of X, and a
learning algorithm A for generating hypotheses. We learn
hypotheses, possibly consistent with L), and estimate the
generalization error on T 04.

If we consider the problem from the Monte Carlo per-
spective and we go back to Table 1, we can think to pro-
ceed as follows. At the beginning we have, on the rows,
the training and the test examples, but the columns are
empty. Let us consider the first example x; € L,. Let A
run on 7 replicates of L, and let us compute p,.(x;), which

4 . . . .
In this paper we do not consider to use cross-validation or
leave-one-out.
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is an unbiased estimate of the Bernoulli probability p(x;).
Even though the T hypotheses generated are only used to
classify x;, and could then be discarded, nothing hinders
from recording them in the first T (or less, if there is du-
plication) columns of Table 1. When we consider x,, we
repeat the whole procedure, running again A on 7 new
replicates of L, and classifying x, Again we record the
new generated hypotheses (or update the probability dis-
tribution ¢ in case of repetitions). When we finish exam-
ining L,, we have also filled the part of the table corre-
sponding to the test set, which allows estimates p.(x;) for
the examples in the test set to be computed. Each p.(x;) is
based on T M experimental values, which is the number
of runs necessary to estimate the generalization accuracy
using the leave-one-out method on a number M of train-
ing examples.

What is interesting is that, during learning, we also learn
whether it is convenient or not to exploit Bagging for
classifying future unseen examples. It also turns out, ex-
perimentally”, that a much lower number of runs than
T-M is very often sufficient to obtain a stable estimate of
the sought probabilities.

5.1 AdaBoost’s generalization behavior

In this section we discuss AdaBoost’s generalization ca-
pabilities and their interpretation in the Monte Carlo
framework. Having related the margin of an example x;
with the average probability that it is correctly classified
by the hypotheses learned via the weak learner allows us
to transfer results provided by Schapire et al. [1998] to
the Monte Carlo framework. Interestingly enough, the
link may be used to give a new, more intuitive, interpre-
tation of the margin explanation of AdaBoost’s generali-
zation capabilities. Moreover a nice explanation of why
the test error is often observed to decrease even after the
training error reaches zero can be suggested.

To understand how generalization error can be inter-
preted in the Monte Carlo framework it is necessary to
deepen a little the discussion about the link between en-
semble learning and Monte Carlo algorithms. Let us
choose the randomization procedure (whatever it is).
Once this is done, the choice of the weak learner deter-
mines the distribution of the p(x,)’s. In other words,
when the two major parameters of the ensemble algo-
rithm are fixed, we can think of p(x,) as a theoretical
property of the examples.

Once the ensemble process starts, we compute the esti-
mations p.(x;). The accuracy of the estimates increases
with the number of iterations performed. Whether the
final rule will classify correctly or not any example, is a
matter of two things: the value of the underlying exact

* The datasets used, as well as part of the experimental results,
can be found at the URL:
http://www.di.unito.it/~esposito/mcandboost
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probability p(x,), and how lucky we were in the choice of
the rules used to perform the actual estimation.

The above argument might explain the finding of the test
error decreasing, for AdaBoost, beyond the point in
which training error reaches zero. In fact, as an effect of
the learning bias introduced by the weak algorithm, it is
likely that the p(x;)’s corresponding to examples in the
training set would be greater than the ones corresponding
to the other examples. It is then likely that those exam-
ples would be correctly classified with high probability
after a moderate number of iterations. On the contrary,
other examples would require a greater number of itera-
tions, and thus they may start to be correctly labelled
well beyond the point where the training error reaches
zero. In fact, even though any example with p(x,) > 1/2
will eventually be correctly classified, the number of it-
erations necessary to see this effect to emerge strongly
depends on 7. The observed effect of the test error de-
creasing is hence due to those examples for which p(x,) is
only slightly greater than 1/2. Initially, their p(x; ) is pos-
sibly underestimated by the observed p.(x;). For small
values of T, p.(x;) can be quite different from p(x,) and
greater values of 7 are necessary to let the choice of hy-
potheses converge toward a set for which p.(xi)= p(x,)
and, hence, to obtain a stable correct classification of x;
in the test set.

6 Conclusions and Further Work

In this paper we have proposed to analyze ensemble
learning (in particular Bagging and, partly, AdaBoost)
from the perspective of Monte Carlo algorithm theory.
We have shown that this theory can shed light on some
basic aspects of Bagging and boosting, and, also offers a
new way to actually perform ensemble learning and error
estimation. More research is nevertheless needed to
deepen our understanding of the presented framework. In
particular, it would be very interesting to investigate the
relationships between the Monte Carlo explanation of
Ensemble Learning and other well known ones (for in-
stance, the bias-variance decomposition). Moreover, it
would be very interesting to investigate how a particu-
larly aggressive class of Monte Carlo algorithms, namely
the one of biased Monte Carlos, relates to ensemble
learning.
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Abstract

Ensemble methods like bagging and boosting that
combine the decisions of multiple hypotheses are
some of the strongest existing machine learning
methods. The diversity of the members of an
ensemble is known to be an important factor in
determining its generalization error. This paper
presents a new method for generating ensembles
that directly constructs diverse hypotheses using
additional artificially-constructed training exam-
ples. The technique is a simple, general meta-
learner that can use any strong learner as a base
classifier to build diverse committees. Experimen-
tal results using decision-tree induction as a base
learner demonstrate that this approach consistently
achieves higher predictive accuracy than both the
base classifier and bagging (whereas boosting can
occasionally decrease accuracy), and also obtains
higher accuracy than boosting early in the learning
curve when training data is limited.

1 Introduction

One of the major advances in inductive learning in the past
decade was the development of ensemble or committee ap-
proaches that learn and retain multiple hypotheses and com-
bine their decisions during classification [Dietterich, 2000].
For example, boosting [Freund and Schapire, 1996], an en-
semble method that learns a series of “weak” classifiers each
one focusing on correcting the errors made by the previous
one, has been found to be one of the currently best generic
inductive classification methods [Hastie et al., 2001].
Constructing a diverse committee in which each hypothesis
is as different as possible (decorrelated with other members
of the ensemble) while still maintaining consistency with the
training data is known to be a theoretically important property
of a good committee [Krogh and Vedelsby, 1995]. Although
all successful ensemble methods encourage diversity to some
extent, few have focused directly on the goal of maximizing
diversity. Existing methods that focus on achieving diversity
[Opitz and Shavlik, 1996; Rosen, 1996] are fairly complex
and are not general meta-learners like bagging [Breiman,
1996] and boosting that can be applied to any base learner
to produce an effective committee [Witten and Frank, 1999].
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We present a new meta-learner (DECORATE, Diverse En-
semble Creation by Oppositional Relabeling of Artificial
Training Examples) that uses an existing “strong” learner
(one that provides high accuracy on the training data) to build
an effective diverse committee in a fairly simple, straightfor-
ward manner. This is accomplished by adding different ran-
domly constructed examples to the training set when building
new committee members. These artificially constructed ex-
amples are given category labels that disagree with the cur-
rent decision of the committee, thereby easily and directly
increasing diversity when a new classifier is trained on the
augmented data and added to the committee.

Boosting and bagging provide diversity by sub-sampling
or re-weighting the existing training examples. If the train-
ing set is small, this limits the amount of ensemble diversity
that these methods can obtain. DECORATE ensures diversity
on an arbitrarily large set of additional artificial examples.
Therefore, one hypothesis is that it will result in higher gen-
eralization accuracy when the training set is small. This pa-
per presents experimental results on a wide range of UCI data
sets comparing boosting, bagging, and DECORATE, all using
J48 decision-tree induction (a Java implementation of C4.5
[Quinlan, 1993] introduced in [Witten and Frank, 1999]) as a
base learner. Cross-validated learning curves support the hy-
pothesis that “DECORATEd trees” generally result in greater
classification accuracy for small training sets.

2 Ensembles and Diversity

In an ensemble, the combination of the output of several
classifiers is only useful if they disagree on some inputs
[Krogh and Vedelsby, 1995]. We refer to the measure of
disagreement as the diversity of the ensemble. There have
been several methods proposed to measure ensemble diver-
sity [Kuncheva and Whitaker, 2002] — usually dependent
on the measure of accuracy. For regression, where the mean
squared error is commonly used to measure accuracy, vari-
ance can be used as a measure of diversity. So the diver-
sity of the 7t" classifier on example z can be defined as
di(z) = [Ci(z) — C*(z)]?, where C;(z) and C*(z) are
the predictions of the i*" classifier and the ensemble respec-
tively. For this setting Krogh et al [1995] show that the gen-
eralization error, F/, of the ensemble can be expressed as
E = E — D, where E and D are the mean error and diversity
of the ensemble respectively.
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For classification problems, where the 0/1 loss function is
most commonly used to measure accuracy, the diversity of
the 3t classifier can be defined as:

di(z) = { 0: if Ci(z) = C*(x) )

- 1 : otherwise

However, in this case the above simple linear relationship
does not hold between E, E and D. But there is still strong
reason to believe that increasing diversity should decrease en-
semble error [Zenobi and Cunningham, 2001]. The underly-
ing principle of our approach is to build ensembles of classi-
fiers that are consistent with the training data and maximize
diversity as defined in (1).

3 DECORATE: Algorithm Definition

In DECORATE (see Algorithm 1), an ensemble is generated
iteratively, learning a classifier at each iteration and adding it
to the current ensemble. We initialize the ensemble to contain
the classifier trained on the given training data. The classifiers
in each successive iteration are trained on the original training
data and also on some artificial data. In each iteration artifi-
cial training examples are generated from the data distribu-
tion; where the number of examples to be generated is spec-
ified as a fraction, Rg;,., of the training set size. The labels
for these artificially generated training examples are chosen
so as to differ maximally from the current ensemble’s predic-
tions. The construction of the artificial data is explained in
greater detail in the following section. We refer to the labeled
artificially generated training set as the diversity data. We
train a new classifier on the union of the original training data
and the diversity data. If adding this new classifier to the cur-
rent ensemble increases the ensemble training error, then we
reject this classifier, else we add it to the current ensemble.
This process is repeated until we reach the desired committee
size or exceed the maximum number of iterations.

To classify an unlabeled example, z, we employ the fol-
lowing method. Each base classifier, C;, in the ensemble
C™* provides probabilities for the class membership of z. If
Pc; ,(z) is the probability of example x belonging to class
y according to the classifier C;, then we compute the class
membership probabilities for the entire ensemble as:

Z ; *PCi7 (x)
Py(x) = CZ€C|YC*| -

where P,(z) is the probability of = belonging to class y.
We then select the most probable class as the label for z i.e.
C*(z) = argmazycy Py(z)

3.1 Construction of Artificial Data

We generate artificial training data by randomly picking data
points from an approximation of the training-data distribu-
tion. For a numeric attribute, we compute the mean and stan-
dard deviation from the training set and generate values from
the Gaussian distribution defined by these. For a nominal
attribute, we compute the probability of occurrence of each
distinct value in its domain and generate values based on this
distribution. We use Laplace smoothing so that nominal at-
tribute values not represented in the training set still have a
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non-zero probability of occurrence. In constructing artificial
data points, we make the simplifying assumption that the at-
tributes are independent. It is possible to more accurately es-
timate the joint probability distribution of the attributes; but
this would be time consuming and require a lot of data.

In each iteration, the artificially generated examples are la-
beled based on the current ensemble. Given an example, we
first find the class membership probabilities predicted by the
ensemble, replacing zero probabilities with a small non-zero
value. Labels are then selected, such that the probability of
selection is inversely proportional to the current ensemble’s
predictions.

Algorithm 1 The DECORATE algorithm

Input:

BaseLearn - base learning algorithm

T - set of m training examples < (Z1,Y1), -, (Tm, Ym) >
with labels y; € Y

Clize - desired ensemble size

1,0 - maximum number of iterations to build an ensemble
Rg;e - factor that determines number of artificial examples
to generate

l.i=1

2. trials =1

3. C; = BaseLearn(T)

4. Initialize ensemble, C* = {C;}

* 1
ijeT:C (2)#y;
m

|91

. Compute ensemble error, € =
. While 7 < Cy;,e and trials < Ipes

Generate Rg;,. X |T'| training examples, R,
based on distribution of training data

e

8. Label examples in R with probability of class labels
inversely proportional to C'*’s predictions

9. T=TUR

10. C' = BaseLearn(T)

1. C*=C*|J{C"}

12. T =T — R, remove the artificial data
13.  Compute training error, €', of C* as in step 5
14. Ife <e

15. 1=1+1

16. e=¢

17. otherwise,

18. cr=C*-{C'}

19.  trials = trials +1

4 Experimental Evaluation

4.1 Methodology

To evaluate the performance of DECORATE we ran experi-
ments on 15 representative data sets from the UCI repository
[Blake and Merz, 1998] used in similar studies [Webb, 2000;
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Quinlan, 1996]. We compared the performance of DECO-
RATE to that of Adaboost, Bagging and J48, using J48 as the
base learner for the ensemble methods and using the Weka
implementations of these methods [Witten and Frank, 1999].
For the ensemble methods, we set the ensemble size to 15.
Note that in the case of DECORATE, we only specify a max-
imum ensemble size, the algorithm terminates if the number
of iterations exceeds the maximum limit even if the desired
ensemble size is not reached. For our experiments, we set
the maximum number of iterations in DECORATE to 50. We
ran experiments varying the amount of artificially generated
data, Rg;,e; and found that the results do not vary much for
the range 0.5 to 1. However, R,;,. values lower than 0.5 do
adversely affect DECORATE, because there is insufficient ar-
tificial data to give rise to high diversity. The results we report
are for R;,. set to 1, i.e. the number of artificially generated
examples is equal to the training set size.

The performance of each learning algorithm was evaluated
using 10 complete 10-fold cross-validations. In each 10-fold
cross-validation each data set is randomly split into 10 equal-
size segments and results are averaged over 10 trials. For each
trial, one segment is set aside for testing, while the remaining
data is available for training. To test performance on vary-
ing amounts of training data, learning curves were generated
by testing the system after training on increasing subsets of
the overall training data. Since we would like to summarize
results over several data sets of different sizes, we select dif-
ferent percentages of the total training-set size as the points
on the learning curve.

To compare two learning algorithms across all domains
we employ the statistics used in [Webb, 20001, namely the
win/draw/loss record and the geometric mean error ratio. The
win/draw/loss record presents three values, the number of
data sets for which algorithm A obtained better, equal, or
worse performance than algorithm B with respect to classi-
fication accuracy. We also report the statistically significant
win/draw/loss record; where a win or loss is only counted if
the difference in values is determined to be significant at the
0.05 level by a paired ¢-test. The geometric mean error ratio

is defined as ¢/ H?:l g—g, where E4 and Eg are the mean
errors of algorithm A and B on the same domain. If the ge-
ometric mean error ratio is less than one it implies that algo-
rithm A performs better than B, and vice versa. We compute
error ratios so as to capture the degree to which algorithms

out-perform each other in win or loss outcomes.

4.2 Results

Our results are summarized in Tables 1-3. Each cell in the
tables presents the accuracy of DECORATE versus another al-
gorithm. If the difference is statistically significant, then the
larger of the two is shown in bold. We varied the training
set sizes from 1-100% of the total available data, with more
points lower on the learning curve since this is where we
expect to see the most difference between algorithms. The
bottom of the tables provide summary statistics, as discussed
above, for each of the points on the learning curve.
DECORATE has more significant wins to losses over Bag-
ging for all points along the learning curve (see Table 2).
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DECORATE also outperforms Bagging on the geometric mean
ratio. This suggests that even in cases where Bagging beats
DECORATE the improvement is less than DECORATE’s im-
provement on Bagging on the rest of the cases.

DECORATE outperforms AdaBoost early on the learning
curve both on significant wins/draw/loss record and geomet-
ric mean ratio; however, the trend is reversed when given 75%
or more of the data. Note that even with large amounts of
training data, DECORATE’s performance is quite competitive
with Adaboost - given 100% of the data DECORATE produces
higher accuracies on 6 out of 15 data sets.

It has been observed in previous studies [Webb, 2000;
Bauer and Kohavi, 1999] that while AdaBoost usually sig-
nificantly reduces the error of the base learner, it occasionally
increases it, often to a large extent. DECORATE does not have
this problem as is clear from Table 1.

On many data sets, DECORATE achieves the same or higher
accuracy as Bagging and AdaBoost with many fewer training
examples. Figure 1 show learning curves that clearly demon-
strate this point. Hence, in domains where little data is avail-
able or acquiring labels is expensive, DECORATE has an ad-
vantage over other ensemble methods.

We performed additional experiments to analyze the role
that diversity plays in error reduction. We ran DECORATE at
10 different settings of Rg;,. ranging from 0.1 to 1.0, thus
varying the diversity of ensembles produced. We then com-
pared the diversity of ensembles with the reduction in gener-
alization error. Diversity of an ensemble is computed as the
mean diversity of the ensemble members (as given by Eq. 1).
We compared ensemble diversity with the ensemble error re-
duction, i.e. the difference between the average error of the
ensemble members and the error of the entire ensemble (as in
[Cunningham and Carney, 2000]). We found that the correla-
tion coefficient between diversity and ensemble error reduc-
tion is 0.6225 (p' < 1075°), which is fairly strong. Further-
more, we compared diversity with the base error reduction,
i.e. the difference between the error of the base classifier and
the ensemble error. The base error reduction gives a better in-
dication of the improvement in performance of an ensemble
over the base classifier. The correlation of diversity versus
the base error reduction is 0.1552 (p < 10~5%). We note that
even though this correlation is weak, it is still a statistically
significant positive correlation. These results reinforce our
belief that increasing ensemble diversity is a good approach
to reducing generalization error.

To determine how the performance of DECORATE changes
with ensemble size, we ran experiments with increasing sizes.
We compared results for training on 20% of available data,
since the advantage of DECORATE is most noticeable low on
the learning curve. Due to lack of space, we do not include
the results for all 15 datasets, but present five representative
datasets (see Figure 2). The performance on other datasets is
similar. We note, in general, that the accuracy of DECORATE
increases with ensemble size; though on most datasets, the
performance levels out with an ensemble size of 10 to 25.

"The p-value is the probability of getting a correlation as large as
the observed value by random chance, when the true correlation is
zero.
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5 Related Work

There have been some other attempts at building ensembles
that focus on the issue of diversity. Liu et al [1999] and Rosen
[1996] simultaneously train neural networks in an ensemble
using a correlation penalty term in their error functions. Opitz
and Shavlik [1996] use a genetic algorithm to search for a
good ensemble of networks. To guide the search they use
an objective function that incorporates both an accuracy and
diversity term. Zenobi et al [2001] build ensembles based
on different feature subsets; where feature selection is done
using a hill-climbing strategy based on classifier error and
diversity. A classifier is rejected if the improvement of one of
the metrics lead to a “substantial” deterioration of the other;
where “substantial” is defined by a pre-set threshold.

In all these approaches, ensembles are built attempting to
simultaneously optimize the accuracy and diversity of indi-
vidual ensemble members. However, in DECORATE, our goal
is to minimize ensemble error by increasing diversity. At no
point does the training accuracy of the ensemble go below
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Table 1: DECORATE vs J48

Dataset 1% 2% 5% 10% 20% 30% 40% 50% 75% 100%
anncal 75.29/7249  78.14/7531  85.24/32.08  92.26/39.28  96.48/95.57  97.36/96.47 _ 97.73973 _ 98.16/97.93  98.39/98.35 _ 93.71/98.55
audio 16.66/16.66 ~ 23.73/23.07  41.72/41.17  55.42/51.67  64.09/60.59  67.62/64.84  70.46/68.11  72.82/70.77  71.8/75.15  82.1/77.22
autos 24.33/24.33  29.6/29.01  36.73/3437  42.89/41.22  52.2/50.53  59.86/53.92  64.77/59.68  68.6/6524  7T8/73.15  83.64/81.72
breast-w 92.38/74.73  94.12/87.34  95.06/89.42  95.64/92.21  95.55/93.09  9591/9336  96.2/93.85  96.01/9424  96.28/94.65  96.31/95.01
credit-a 71.78/69.54  74.83/77.46  80.61/81.57  83.09/82.35  84.38/84.29  84.68/84.59  85.22/84.41  85.57/8478  85.61/85.43  85.93/85.57
Glass 31.69/31.69  35.86/32.96  44.5/38.34  55.4/46.62  61.77/54.16  66.01/60.63  68.07/61.38  68.85/63.69  72.73/67.53  72.77/67.77
heart-c 58.66/49.57  65.11/58.03  73.55/67.71  75.05/70.15  77.66/73.44  78.34/74.61  79.09/74.78  79.46/75.62  78.74/76.7  78.48/77.17
hepatitis 5233/52.33  71.95/65.93  76.59/72.75  78.85/78.25  80.28/78.61  81.14/78.63  81.53/79.35  81.68/79.57  82.37/79.04  82.43/79.22
colic 59.85/52.85  68.19/65.31  74.91/74.37  78.45/79.94  81.81/82.71  82.47/83.41  82.74/83.55  83.5/84.66  83.93/85.18  85.24/85.16
iris 33.33/3333  50.87/3333  80.67/59.33  91.27/84.33  93.07/91.33  94.4/92.73  95.07/93  94.07/9333  94.67/94.07  94.93/94.73
labor 54.27/5427  54.27/5427  61.7/5893  T147/6477  78.6/70.07  81.67/73.7  85.67/75.17  84.2/758 8153774  89.5/78.8
lymph 48.39/4839  53.49/46.64  65.73/60.39  72.79/68.21  74.57/70.79  78.84/73.58  78.37/74.53  7831/77334  78.06/75.63  78.74/76.06
segment 67.94/52.43  80.75/73.26  89.52/85.41  92.87/89.34  94.99/92.22  95.82/93.37  96.54/9434  96.93/94.77  97.56/95.94  98.02/96.79
soybean 1937/13.69  32.12/22.32  55.55/42.94  73.51/59.04  84.63/74.49  88.52/81.50  90.37/84.78  91.35/86.89  92.85/89.44  93.81/91.76
splice 63.48/59.92  67.56/68.69  77.34/77.49  82.62/82.58  88.2/87.98  90.46/90.44  91.82/91.77  92.5/92.4  93.41/93.47  93.92/94.03
Win/Draw/Loss 15/0/0 13/072 13/072 T4/071 147071 147071 147071 147071 13/072 147071
Sig. W/D/L /810 10/3/2 11/410 10/5/0 11/410 12/3/0 13/2/0 12211 10/4/1 10/4/1
GM error ratio 0.858 0.8649 0.8116 0.8098 0.8269 0.8103 0.7983 0.8305 0.8317 0.8293
Table 2: DECORATE vs Bagging

Dataset 1% 2% 5% 10% 20% 30% 40% 50% 75% 100%
anneal 752071457  78.14/7642  85.24/32.88  92.26/39.87  96.4895.67  97.36/96.80  97.73/97.34  98.16/97.78 _ 98.39/98.53 _ 93.71/98.83
audio 16.66/12.98  23.73/23.68  41.72/38.55  55.42/5134  64.09/61.76  67.62/66.9  70.46/70.29  72.82/73.07  77.8/77.32  82.1/80.71
autos 243312216 29.6/28  36.73/35.88  42.80/44.65  52.2/5432  59.86/59.67  64.77/65.6  68.6/69.88  78/77.97  83.64/83.12
breast-w 92.38/76.74  94.12/88.07  95.06/90.88  95.64/93.41  95.55/94.42  95.91/94.95  96.2/9495  96.01/9555  96.28/96.07  96.31/96.3
credit-a 71.78/69.54  74.83/77.99  80.61/82.58  83.09/83.9  84.38/85.13  84.68/85.78  85.22/85.59  85.57/85.64  85.61/86.12  85.93/85.96
Glass 31.69/24.85  35.86/31.47 4454087  554/49.6  61.77/589  66.01/6435  68.07/663  68.85/68.44 727372 72.77/74.67
heart-c 58.66/50.56  65.11/55.67  73.55/68.77  75.05/73.17  77.66/76.12  78.34/77.9  79.09/78.44  79.46/79.11  78.74/79.05  78.48/78.68
hepatitis 5233/52.33  72.14/63.18  76.8/752  79.48/78.64  80.7/80.42  81.81/81.07 81.65/81.22  83.19/81.06  82.99/80.87  82.62/81.34
colic 58.37/53.14  66.58/63.83  75.85/76.44  79.54/80.06  81.33/83.04  82.47/83.58  83.02/83.98  83.1/84.47  84.02/854  84.69/85.34
iris 33.33/33.33  50.27/33.33  80.67/60.47  91.53/81.4  93.2/90.67  94.2/92.33  94.73/92.87  94.4/93.6  94.53/94.47  94.67/94.73
labor 54.27/5427  5427/5427  67.63/56.27  70.23/65.9  79.77/7497  83/7567  84.17/7627  83.43/78.6  89.73/80.83  89.73/85.87
lymph 48.39/4839  53.62/47.11  65.06/60.12  71.2/69.68  76.74/73.6  T8.84/76.58  78.17/77.68  78.99/76.98  79.14/76.8  79.08/77.97
segment 67.03/55.88  81.16/76.36  89.61/87.42  92.83/91.01  94.88/93.4  95.94/94.65  96.47/95.26  96.93/95.82  97.58/96.78  98.03/97.41
soybean 19.51/14.56  32.4/24.58  55.36/47.46  73.06/65.45  85.14/79.29  88.27/85.05  90.22/87.89  91.4/89.22  92.75/91.56  93.89/92.71
splice 62.77/62.52  67.8/7236  77.37/80.5  82.55/85.44  88.24/89.5  90.47/91.44  91.84/92.4  92.41/93.07  93.44/94.06  93.92/94.53
Win/Draw/Loss 157070 13/072 12/073 1707 1170/ 12/073 1707 T0/075 10075 8I077
Sig. W/D/L 8/7/0 10/3/2 10/3/2 9/5/1 10/2/3 8/413 6/712 8/5/2 5713 4/9/2
GM error ratio 0.8727 0.8785 0.8552 0.8655 0.8995 0.9036 0.8979 0.9214 0.9312 0.9570

that of the base classifier; however, this is a possibility with
previous methods. Furthermore, none of the previous stud-
ies compared their methods with the standard ensemble ap-
proaches such as Boosting and Bagging ([Opitz and Shavlik,
1996] compares with Bagging, but not Boosting).

Compared to boosting, which requires a “weak” base
learner that does not completely fit the training data (boosting
terminates once it constructs a hypothesis with zero training
error), DECORATE requires a strong learner, otherwise the ar-
tificial diversity training data may prevent it from adequately
fitting the real data. When applying boosting to strong base
learners, they must first be appropriately weakened in order
to benefit from boosting. Therefore, DECORATE may be a
preferable ensemble meta-learner for strong learners.

To our knowledge, the only other ensemble approach to uti-
lize artificial training data is the active learning method intro-
duced in [Cohn et al., 1994]. The goal of the committee here
is to select good new training examples rather than to improve
accuracy using the existing training data. Also, the labels of
the artificial examples are selected to produce hypotheses that
more faithfully represent the entire version space rather than
to produce diversity. Cohn’s approach labels artificial data ei-
ther all positive or all negative to encourage, respectively, the
learning of more general or more specific hypotheses.
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6 Future Work and Conclusion

In our current approach, we are encouraging diversity using
artificial training examples. However, in many domains, a
large amount of unlabeled data is already available. We could
exploit these unlabeled examples and label them as diversity
data. This would allow DECORATE to act as a form of semi-
supervised learning that exploits both labeled and unlabeled
data [Nigam er al., 2000].

Our current study has used J48 as a base learner; how-
ever, we would expect similarly good results with other base
learners. Decision-tree induction has been the most com-
monly used base learner in other ensemble studies, but there
has been some work using neural networks and naive Bayes
[Bauer and Kohavi, 1999; Opitz and Maclin, 1999]. Exper-
iments on “DECORATing” other learners is another area for
future work.

By manipulating artificial training examples, DECORATE
is able to use a strong base learner to produce an effective,
diverse ensemble. Experimental results demonstrate that the
approach is particularly effective at producing highly accurate
ensembles when training data is limited, outperforming both
bagging and boosting low on the learning curve. The empir-
ical success of DECORATE raises the issue of developing a
sound theoretical understanding of its effectiveness. In gen-
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Table 3: DECORATE vs AdaBoost

Dataset 1% 2% 5% 10% 20% 30% 40% 50% 75% 100%
anneal 75.29/73.02  78.14/77.12  85.24/87.51  92.26/94.16  96.48/97.13  97.36/97.95  97.73/98.54 98.16/98.8 98.39/99.23  98.71/99.68
audio 16.66/16.66  23.73/23.41 41.72/40.24 55.42/52.7 64.09/64.15  67.62/68.91  70.46/73.07  72.82/75.92 77.8/81.74 82.1/84.52
autos 24.33/24.33 29.6/29.71 36.73/34.2 42.89/43.28 52.2/56.13 59.86/62.2 64.77/69.14 68.6/72.03 78/80.28 83.64/85.28
breast-w 92.38/74.73  94.12/87.84  95.06/91.15  95.64/93.75  95.55/94.85  95.91/95.72 96.2/95.84 96.01/95.87 96.28/96.3 96.31/96.47
credit-a 71.78/68.8 74.83/75.3 80.61/79.68  83.09/81.14  84.38/83.04  84.68/84.22  85.22/84.13  85.57/84.58  85.61/84.93  85.93/85.42
Glass 31.69/31.69  35.86/32.93 44.5/40.71 55.4/49.78 61.77/58.03  66.01/64.33  68.07/66.93  68.85/68.69  72.73/74.69  72.77/76.06
heart-c 58.66/49.57  65.11/58.65  73.55/70.71 75.05/72.5 77.66/76.65  78.34/78.26  79.09/78.96  79.46/79.55  78.74/79.06  78.48/79.22
hepatitis 52.33/52.33  72.14/65.93 76.8/73.01 79.48/76.95 80.7/79.44 81.81/79.22  81.65/81.27  83.19/82.63  82.99/83.24  82.62/82.71
colic 58.37/52.85  66.58/67.18  75.85/72.85  79.54/77.17  81.33/79.36  82.47/79.24  83.02/79.51 83.1/80.22 84.02/80.59  84.69/81.93
iris 33.33/33.33  50.27/33.33 80.67/66.2 91.53/84.53 93.2/90.73 94.2/93 94.73/93.33 94.4/93.53 94.53/94.2 94.67/94.2
labor 54.27/54.27  54.27/5427  67.63/58.93 70.23/65.1 79.77/73.2 83/76.9 84.17/79.57 83.43/80.1 89.73/84.07  89.73/86.37
lymph 48.39/48.39  53.62/46.64  65.06/60.54 71.2/69.57 76.74/74.16  78.84/78.62  78.17/80.35  78.99/79.88  79.14/80.96  79.08/81.75
segment 67.03/60.22  81.16/77.38 89.61/88.5 92.83/92.71 94.88/95.01 95.94/96.03 96.47/96.9 96.93/97.23 97.58/98 98.03/98.34
soybean 19.51/14.26 32.4/23.36 55.36/49.37  73.06/69.49  85.14/85.01 88.27/88.37  90.22/90.04 91.4/90.89 92.75/92.57  93.89/92.88
splice 62.77/65.11 67.8/73.9 77.37/82.22  82.55/86.13  88.24/88.27  90.47/89.82 91.84/90.8 92.41/90.78  93.44/92.63  93.92/93.59
‘Win/Draw/Loss 14/0/1 11/0/4 13/0/2 12/0/3 10/0/5 10/0/5 10/0/5 9/0/6 6/0/9 6/0/9
Sig. W/D/L 1711 8/6/1 117272 10/3/2 7/6/2 4/9/2 5/515 5/6/4 3/6/6 3/6/6
GM error ratio 0.8812 0.8937 0.8829 0.9104 0.9407 0.9598 0.9908 0.9957 1.0377 1.0964

eral, the idea of using artificial or unlabeled examples to aid
the construction of effective ensembles seems to be a promis-
ing approach worthy of further study.
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Abstract

Often the most expensive and time-consuming task
in building a pattern recognition system is col-
lecting and accurately labeling training and testing
data. In this paper, we explore the use of inexpen-
sive noisy testing data for evaluating a classifier’s
performance. We assume 1) the (human) labeler
provides category labels with a known mislabeling
rate and 2) the trained classifier and the labeler are
statistically independent. We then derive the num-
ber of “noisy” test samples that are, on average,
equivalent to a single perfectly labeled test sam-
ple for the task of evaluating the classifier’s perfor-
mance. For practical and realistic error and misla-
beling rates, this number of equivalent test patterns
can be surprisingly low. We also derive an upper
and lower bound for the true error rate when the
labeler and the classifier are not independent.

1 Introduction

The overall construction of a modern classification system
can be divided into four broad tasks: (1) specifying the clas-
sifier type, (2) collecting data, (3) training the classifier (i.e.,
learning), and (4) evaluating the classifier (i.e., testing) [Duda
et al., 2001]. The second stage, data collection, can further
be divided into two tasks: gathering samples and labeling
them. Recently, the machine learning community has real-
ized that in many practical cases the most expensive part of
the whole design process is the labeling of such samples.
For example, there is an enormous number of text docu-
ments on the internet that can be obtained at very low cost;
however, relatively few of these have been labeled — e.g.,
according to content topic, language, or style — in a con-
sistent way that would facilitate training a classifier. Like-
wise, there are large databases of recorded speech, handwrit-
ten digits, and printed characters but these databases, too,
are either not labeled accurately or not labeled at all [Stork,
1999]. To reduce the labeling expense, many researchers have
sought ways to modify training algorithms so as to utilize
both labeled and unlabeled data [Blum and Mitchell, 1998;
Nigam et al., 2000]. This approach has shown surprisingly
encouraging results, in some cases reducing the number of
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labeled samples by a few orders of magnitude [Nigam et al.,
2000].

In order to build up and extend this success in reducing the
labeling cost, we turn to the problem of reducing the need for
accurately labeled data in the classifier evaluation stage. In
fact, most of the experiments for learning with labeled and
unlabeled data use much more labels for testing than train-
ing [Nigam et al., 2000]. Thus we now need to address the
labeling cost for classifier evaluation.

As with many areas of commerce, the general economics
of labeling is such that the higher the quality (accuracy) of la-
beling, the greater the associated cost. This greater cost may
be due to greater expertise of the labeler, or the need for mul-
tiple passes of cross-checking, or both. There is thus an addi-
tional cost to “clean” or “truth” those data and labels. In some
situations, such as marking a text corpus, the labeling task is
complicated enough that even experts need several passes to
reduce labeling errors [Eskin, 2000]. Furthermore, in some
application domains, obtaining accurate labels is simply too
cost prohibitive. For example, for some medical diagnostics,
the true disease can only be known with expensive or inva-
sive techniques. Similarly, in remote sensing, one must send
measuring instruments to the ground location to obtain the
“ground truth,” and the transportation cost can be astronom-
ical. (It is quite literal for remote sensing of other planets
[Smyth, 1997].) For both situations in practice, one must rely
on the imperfect judgements of experts [Smyth, 1997].

We propose to lower the labeling cost in classifier evalu-
ation by using cheaper, noisy labels. This paper examines
methodologies of estimating the error rate and classifier con-
fusion matrix using test data with noisy labels. We shall see
that even a slight labeling inaccuracy (say, 1%) can have a
significant effect on the error rate estimate when the classi-
fier performs well. In addition, when data sets used to be
small and expensive to collect, it made sense to spend each
additional labeling effort to increase label accuracy on that
small data set. However, when data sets are large and cheap
to collect, it is no longer obvious how one should spend each
additional labeling effort. Should one spend it labeling the
unlabeled data, or should one spend it increasing the accuracy
of already labeled data? We present a preliminary analysis to
this question.
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2 Preliminaries and notation

Our formulation assumes an object x possessing a true label
y € Q, where Q = {w1,...,w.} is the set of possible states
of nature (e.g., category membership) for the object. The ob-
ject is presented to a labeler, who marks it with a label § € €2,
as his guess of y. The situation that y # ¢ is call a labeling
error (or a mislabeling). The classifier system, on the other
hand, is presented with the feature vector x that represents
certain aspects of the object, and the classifier outputs a la-
bel j(x) € , as its guess of y. For notational convenience,
we will call the classifier output g, and its dependence on the
feature vector x is implicit. The situation that y # ¢ is call a
classification error (or a misclassification).

The probability of the labeler making mistakes, Pr[y # 7],
is called the mislabeling rate. The probability of the classi-
fier’s label being different from the labeler’s label, Pr[g # 9],
is called the apparent error rate. Our goal is to estimate
Pr[y # 9], which is called the true error rate. Note that it
is possible to have a high apparent error rate even with a per-
fect classifier (with a true error rate of zero) simply because
of a high mislabeling rate. That is, the classifier can classify
all test data perfectly, but will often disagree with the test la-
bels because those labels are incorrect. On the other hand, it
is also possible to have a zero apparent error rate even with a
high true error rate if the classifier and the labeler make the
same kind of mistakes.

The confusion matrix for the human labeler is defined as

P(g =wly=w) P(g =wily = wc)
Py, = : :

P(ﬂzwclyZM) P(ﬂzwclyzwc)

which is the identity matrix for a perfect labeler. Similarly
the classifier’s confusion matrix is defined as

P(j = w1y =wi) P(j = wily = we)
Py, = : :

P(§ = wely = w1) P(§ = wely = w)

For many two-class cases where one class has a much
higher prior probability, the actual error rate is not a good
measure of classifer usefulness. For example, in detecting
email spams or network intrusions, the undesirable events
are so rare that one can easily get an error rate less than
1% by classifying all events as “desirable.” In those situa-
tions, then, one may want to compute the entire confusion
matrix or metrics such as precision and recall [Frakes and
Baeza-Yates, 1992]. We denote w- as the “rare” class (e.g.,
spams or network intrusions). For the classifier, precision
is defined as P(y = ws|§ = w») and recall is defined as
P(§ = ws|ly = wa), and analogously for the labeler. Note
that precision and recall can be derived from the confusion
matrix and the class prior probabilities.

3 Obtaining the true error rate

In examining the relationship between true and apparent error
rates, we make the constraint that we have a two-class prob-
lem, thatis, @ = {wi,w2}. Thus {§ # jUy # §} = {y =
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9}. Then we can rewrite the apparent error rate as
Prlg # ] Prlg # G,y # 9+ Pr[y # §,y = 7]
= Prly=9,y# 9+ Prly# 9,y =7]
= Prly =g]Prly # 7]
+ Prly # 9] Prly = 9]
= (1—"Prly #9]) Prly # 7]
+ Prly # §](1 — Prly # 7))
= Prly # g] + Prly # 9](1 — 2Pr[y # 7))

M

and thus

X Prly # §] = Prly # 9]
Prly # 9] 2Py # §] 2

The above derivation assumed that Pr[y # g] # 1/2; other-
wise the noisy labels are meaningless. In practice, Pr[y # g]
is always much less than 1/2. More important is the inde-
pendence assumption that the labeler and the classifier make
errors independently, or stated succintly, Prly # g,y # 9] =
Prly # 9] Prly # g]. That is, knowing that the labeler had
made an error on a pattern does not change the probability
that the classifier would also make an error, and vice versa.
Section 6 will deal with some situations in which the indepen-
dence assumption does not hold. In the meantime, we argue
for this idealization and simplification based on the fact that
human and computer generally classify samples using differ-
ent methodologies, and thus they may not make similar kinds
of mistakes.

3.1 Example: Apparent error rate for various true
error rates and mislabeling rates

Equation 2 gives us a way to account for noisy labels when
calculating the true error rate. A natural question, then, is
how important is it to correct for the influence of noisy la-
bels? Let’s consider some classification systems with error
rates between 2% and 10%?* and testing data sets with 1% to
5% incorrect labels. Table 1 shows the apparent error rate for
classifiers of different accuracy and testing data of different
mislabeling rates. The percentage increase over the true error
rate is also shown. For example, even when only 1% of the
testing labels are wrong, a classifier with true error rate of 6%
will have an apparent error rate 15% higher (at 6.88%). The
percentage increase is even more dramatic with noisier labels
or more accurate classifiers. A quick rule of thumb is that,
when the labels have relatively few errors, the denominator
in Eq. 2 is approximately 1.0 and can be ignored. The mis-
labeling rate of the testing labels (Pr[y # g]) is then just an
additive component to the true error rate. Continuing the pre-
vious example, a 1% mislabeling rate for a classifier with true
error rate of 6% makes the apparent error rate approximately
7%, when the actual is 6.88%.

4 Noisy labels for estimating true error rate

Above we assumed knowledge of the apparent error rate,
Pr[g # g], but in practice, we must estimate this rate us-
ing test data. In this section, we analyze the effects of

1We note that many classifi erson the UCI datasets have accuracy
within this range [Kaynak and Alpaydin, 2000].
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True Error Rate, Mislabeling Rate, Pr[y # ¢]
Prly # 9] 1% 2% 3% 4% 5%
2% 2.96% | 148% || 3.92% | 196% || 4.88% | 1144% | 5.84% | 1192% | 6.80% | 1240%
4% 4.92% | 123% || 5.84% | 146% || 6.76% | 169% 7.68% | 192% 8.60% | 1115%
6% 6.88% | 115% || 7.76% | 129% || 8.64% | 144% 9.52% | 159% 10.40% | 173%
8% 8.84% | 111% || 9.68% | 121% || 10.52% | 132% 11.36% | 142% 12.20% | 153%
10% 10.80% | 18% 11.60% | 116% || 12.40% | 124% 13.20% | 132% 14.00% | 140%

Table 1: The left sub-columns of the table show the apparent error rates (Pr[g # g]) for different true error rates (Pr[y # §])
and different mislabeling rates (Pr[y # g]), based on Eq. 2. It is assumed that the labeler and the classifier make errors
independently. The right sub-columns of the table, with up-arrow (1) signs, show the percentage increase of the apparent error

rate over the true error rate (i.e., (Pr[§ # 3] — Prly # 9])/ Prly # 9]).

True Error Rate, Prly+y] 2% 5%

=R
N

10%

[y
o

20%

Equivalent Number of Labels

N OB O

o

5% 10%  15%  20%  25%
Mislabeling Rate, Prly#y]

Figure 1: The figure shows the number of noisy labels needed
to achieve the same variance in the true error rate estimate as
a single perfect label (see Eq. 3). The four plots represent dif-
ferent true error rates. As the mislabeling rate increases, more
noisy labels are needed to achieve the same confidence. Note
that, in the ranges shown in the figure, when the mislabeling
rate is smaller than the true error rate, a single perfect label is
equivalent to less than four noisy labels.

such estimates. Assume we have [ objects in the test set,
each with a feature vector x;, true but unknown label y;,
noisy label g;, and classification g;. Assume further that
tuples {(x1,v1,91,91),---, (X1, 91, 31,91)} are independent

and identically distributed as (x,y,9,9). The apparent er-

ror rate estimate is Pr[j # §] = 7 Zi.:l I[9; # §i], in which

I[-] is the indicator function (i.e., I[event] = 1 if event is
true and O otherwise). An estimate of the true error rate is

Prlj # ] — Prly # 7]
1-2Piy#3]

It is straightforward to verify that E[Pr[j # §]] = Pr[j #
g] and E[Pry # §]] = Prly # ¢], thus the estimates are
unbiased. Intuitively we know that we have less confidence
when the error estimates are based on test data with noisy
labels. To formalize this intuition, we examine the variance
of the true error rate estimate,

Var[Prly # §]] =

Prly # §] =
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(PR + Prly # 911~ Prly #9)))

The variance of the error estimate given perfectly labeled data
is Prly # g9](1 — Pr[y # g])/l. Thus, to get the same vari-
ance, the ratio of noisy labels to perfect labels is

Prly # gl(1 — Prly # 9])
(1 —2Prly # §])* Prly # 9](1 — Prly # g])

This ratio will help us understand the economic trade-offs be-
tween using perfect and noisy labels. Collecting perfect la-
bels (or collecting noisy labels first and cleaning them) is of-
ten much more expensive than just collecting noisy labels it-
self. Therefore it may be economically justified to used noisy
labels, as long as one does not need too many more of them.

Unfortunately, applying Eq. 3 requires us to know the true
error rate of the classifier, which is exactly what one is trying
to estimate. However, we often already have a good idea of a
reasonable range for the true error rate. In any case, we exam-
ine the ratio for a wide range of true error rate and mislabeling
rate, and we found the ratio to fall within a relatively narrow
range, as shown in Fig. 1. Even for relatively noisy testing
data with 10% incorrect labels, unless the classifier is much
more accurate (with true error rate of less than 5%), cleaning
the testing data to be perfectly labeled increases its value by
less than a factor of four. In other words, one needs much less
than four such noisy labels to achieve the same effect as one
perfect label. Imagine that perfect labels need to be collected
from a domain expert, whereas noisy labels can be collected
from a non-expert, the high cost of a domain expert can often
justify the use of noisy labels.

+1. @)

4.1 Example: Evaluating with many noisy labels
or few reliable labels

In many labeling tasks, experts must make multiple passes
through samples to ensure accurate labeling [Eskin, 2000].
We now question the wisdom of that policy when the samples
are free but labeling cost is a constraint.

Consider a hypothetical labeling situation with two label-
ers, each paid to look at I samples, and both labelers have an
error rate of e. There are two choices in how to use these two
labelers. One is to have them look at completely different
samples, thus in the end we have a testing set of size 2! and
mislabeling rate e. Another choice is to have them look at the
exact same samples. Assuming that they make independent
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Figure 2: The figure shows which one of the two labeling
policies is optimal for a range of mislabeling rate € and true
classifier error rate, based on Eq. 4. The problem is posed
such that two labelers both have mislabeling rate € and are
paid to label  samples. One policy is that they label different
samples, creating a test set of “2/ labels on 2/ samples,” with
€ portion mislabeled. The other policy is that they both label
the same samples, creating a testing set of “2/ labels on [ sam-
ples,” with 2 portion mislabeled (after various assumptions).

labeling errors, and optimistically assume that a sample has
a wrong label only if both labelers err, then we have a test-
ing set of size I and mislabeling rate €2. Which is the better
policy?

Based on the previous discussion, we can have an unbi-
ased estimate of the true error rate from either testing set. We
then should prefer one that gives us a lower variance estimate.
That is, we go with the “21 labels on 2/ samples” policy if its
variance is lower than the “2/ labels on [ samples” policy,

4 (55 + Py # 11— Prly #9)))

< H(5S Py £ 910 - Prly £ ).
Which, after a little algebra, becomes
e2(1—€2 e(l—e ~ 2
(B0 - s 1) > (Pl £ 4] - 3)°. @)

(1—2¢2)2
An interesting observation is that in the realistic range of €
(0 < € < 0.5), the left hand side of Eq. 4 is negative for
€ > 0.166, which means that one should always choose the
“2[ labels on I samples” policy for such inaccurate labelers,
and such high mislabeling rate does occur in practice [Smyth,
1997]. For other cases, we have plotted the policy boundary

. €2(1—e2 e(l—e ATt .
(e, 1 - \/2(1_(1262)2) - (1(i2€))2 + 2 =Py # §]) in Fig. 2.
For fairly accurate labelers (say, e < 2.5%), Fig. 2 shows
that one should prefer the “2/ labels on 2/ samples” policy
unless the classifier error rate is very low. The hint for practi-

tioners is that time spent cleaning labels is often not as effec-
tive as time spent labeling extra samples.

5 Obtaining True Confusion Matrix

In evaluating classification systems, we often need to know
more than just the error rate. When the cost of different mis-
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precision/recall || precision/recall (Iabeler)
(classifier) 99% 98% 95%
70% 69.3% | 68.7% | 66.7%

80% 79.2% | 78.4% | 76.1%

90% 89.1% | 88.2% | 85.6%
100% 99% 98% 95%

Table 2: Apparent precision recall breakeven points (i.e.,
P(g = wal§ = wo)) for different actual classifier preci-
sion/recall and labeler precision/recall. The prior probabili-
ties for w; and w, are 90% and 10% respectively.

classifications (e.g., false positives and false negatives) are
not equal, we may want to know the full confusion matrix. In
addition, in some domains, such as classifying text or spam,
the distribution of classes is highly skewed, and the error rate
can be misleadingly low. In those situations, we are more
interested in precision and recall statistics, which can be esti-
mated from the confusion matrix.

We define the joint distribution matrix between labeler and
classifier as
P(g:wlag:wl) P(g:wlag:wc)
Py = : :
P(g:wm@:wl) P(?j:wc:@:wc)
which can be estimated from data. Note that unlike our anal-
ysis of the error rates, it is not necessary to assume two-class
problems.

Our goal is to recover the classifer’s confusion matrix given
the labeler’s confusion matrix and the joint distribution matrix
between labeler and classifier. If we make the independence
assumption that P(g,9ly) = P(9ly)P(gly), then we have
the decomposition P(7,9) = >, P(y)P(gly)P(gly). We
can rewrite the decomposition in matrix form and solve for
the classifier’s confusion matrix.

Py Py diag(p,)Py,
Py, = ((Pydiag(py)) ' Pyg)’
= (diag(py)_lP;lngyy)t, (5)

in which p,, is defined to be the column vector of prior prob-
abilities, (P(y = w1),..., Py = w.))*.

When p, is not given, it can be derived. To see this, define
the probability vector p; = (P(§ = w1), ..., P(§ = w.))".
It is the case that p; = P 41, in which 1, is a column vec-
tor of ¢ 1’s. It is also the case that p; = Py, p,. Combining
those two equations we have

Py = P?;‘;Pﬁ,ﬁlc (6)

5.1 Example: Precision/recall breakeven points

As mentioned earlier, one benefit of being able to recover
the confusion matrix is that one can then work with preci-
sion and recall measures. We analyze the following system to
see some effects of noisy labels on those measures. To reduce
the number of variables examined, we only look at precision

LEARNING



recall breakeven points, defined as the points where precision
and recall are equal. They will simply be denoted as preci-
sion/recall. For a given p, and precision/recall, the confusion
matrix is uniquely determined. Table 2 shows the apparent
precision/recall (i.e., P(§ = wa|§ = w2) OFr P(§ = wa|§ =
w-)) for different actual classifier precision/recall and labeler
precision/recall. Table 2 assumes p, = (.9,.1), although the
values are almost exactly the same for both p,, = (.8, .2)" and
py = (.999,.001)".

6 Bounds on true error rate when the
classifier and labeler are not independent

In deriving the true error rate (Eq. 2), we have made the as-
sumption that the labeler and the classifier make errors in-
dependently. We argue for this assumption because human
and computer use different methodologies to classify sam-
ples. Even for algorithms inspired by human reasoning (e.g.,
neural networks), they still do not learn human intuition but
they do avoid psychological biases. It is even harder to imag-
ine algorithms based on more abstract models (e.g., support
vector machine) to err in similar ways as humans. Further-
more, in many application domains (e.g., speech recognition),
humans label the samples based on a full presentation of the
object, whereas the feature vector x used for classification
are mathematical notions (e.g., linear vector coefficients) that
have little neurological basis. In many other application do-
mains (e.g., statistical text classification), assumptions that
blatantly violate how human reasons are often made (e.g., as-
sume words in a text are independently generated, rather than
in a grammatical way). Lastly, to make a stronger argument,
we can require the training data to be labeled independently
from the testing data (or better yet, be perfectly labeled), thus
avoiding the possibility that the computer would learn biases
and other “bad habits” from the training data that would cor-
relate with labeling errors in the testing data.

However, even with the above reasoning for the indepen-
dence assumption, it is still conceivable for one to be more
conservative and assume some non-negative dependency,

Prly # 9,y # 9] > Prly # 9] Pr[y # 7).

That is, the probability of a classifier misclassifying a sample
is higher if the labeler has also mislabeled that sample , and
vice versa. This can happen, for example, if the training data
have been mislabeled in the same way as the testing data, and
the classifier has learned to imitate those mislabelings. We
have deliberately ignored the case of negative dependency,
Prly # 4,y # ) < Prly # 4] Pily # g, as we are hard-
pressed to find a justification for it in practice.

The non-negative dependency assumption is easily incor-
porated into Eq. 1 by changing the equal sign to a less-than-
or-equal-to sign. Propagating that change through the deriva-
tion, we have a lower bound on the true error rate,

X Pr[g # g] — Prly # 7]
P >
R ) XTEZ)
> Prlg# ] —Prly # 9]
The second inequality can be tight if the mislabeling rate is

small, as the denominator of the first inequality becomes ap-
proximately one.
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Separately we derive an upper bound for the true error rate.

Prlg=9] = Prlg=9,y# 9l +Prlj=7,y=17]
< Prly # 9] + Prly = g
Prly #9] < Prly # 9]+ Prly # 9].

Note that no assumption is used in deriving the upper bound
(not even limiting to two-class problems). One can easily
verify that the bound is exact when the mislabeling rate is zero
. The bound is also exact when the apparent error rate is zero,
such that the true error rate is equal to the mislabeling rate.
Thus with the looser assumption of non-negative dependency,
the true error rate is in the range of Pr[g # g] + Prly # 7.

6.1 Example: Simulation of non-negative
dependency between classifier and labeler

In the above derivation, the lower bound is achieved ex-
actly when the mislabeling rate is small and the indepen-
dence assumption is true. We examine how tight the upper
bound is by simulation. We have taken pairs of classes from
UCI’s Opt-Digit dataset, which is a handwritten digit recog-
nition dataset, and trained both a naive Bayes classifier and a
nearest-neighbor classifier [Duda et al., 2001] on the training
set of each pair. The nearest-neighbor classifier is then used
to simulate a labeler and labeled the testing set. The naive
Bayes classifier is the classifier under evaluation. Since we
have the actual labels for the testing set, both the mislabel-
ing rate (of the nearest-neighbor “labeler”) and the true error
rate (of the naive Bayes classifier) can be determined. The
output of the naive Bayes classifier and the nearest-neighbor
“labeler”are compared to determine the apparent error rate.

We have chosen the Opt-Digit dataset and the nearest-
neighbor algorithm because we know that this combination
can give very low error rate [Kaynak and Alpaydin, 2000],
thus closely matching the accuracy of many human labelers.
In fact, for most pairs of classes, the nearest-neighbor algo-
rithm has zero error. The Opt-Digit dataset is also interesting
because the handwritten digit recognition task is a classical
example in which much human labeling effort has been ap-
plied. The naive Bayes classifier is chosen because it is a
popular classifier and is sufficiently different from nearest-
neighbor to give interesting results.

Table 3 shows the results for some pairs of classes where
the nearest-neighbor “labeler” has non-zero error. Note that
an insignificant positive dependence between the naive Bayes
classifier and the nearest-neighbor “labeler” should be ex-
pected since they both are trained from the same dataset, use
the same features, and assume independence of those features
(explicitly in naive Bayes and implicitly in nearest-neighbor
through its distance metric), even though they are different in
other aspects (e.g., naive Bayes is generative while nearest-
neighbor classifier is discriminative). The naive Bayes classi-
fier’s true error rate is almost exactly the upper bound for the
pairs (1,2) and (4,5), but it is much closer to the apparent error
rate for the pairs (7,8) and (8,9). The simulation thus shows
the upper bound to be tight in some non-trivial situations.

7 Discussion and Future Work

When designing classification systems there are frequently
parameters that are not learned automatically from the train-
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classes to discriminate (w; — ws)

1-2] 4-5] 7-8] 8-9
Upper bound (apparent error rate + mislabeling rate) || 9.20% | 1.11% | 2.27% | 6.77%
True error rate (Naive Bayes) 9.19% | 1.10% | 1.70% | 5.65%
Apparent error rate 8.64% | 0.83% | 1.70% | 5.08%
Lower bound (apparent error rate - mislabeling rate) || 8.08% | 0.55% | 1.13% | 3.39%
Mislabeling rate (Nearest Neighbor) 0.56% | 0.28% | 0.57% | 1.69%

Table 3: Error rates on pairs of digits from the UCI Opt-Digit dataset. The classifier under evaluation is a Naive Bayes classifier
(NB), and a nearest-neighbor classifier (NN) is used to simulate the (human) labeler. The error rate of the NB and NN classifiers
are considered to be the true error rate and mislabeling rate, respectively. The fraction of time the two classifiers disagree is the
apparent error rate. The upper and lower bounds are derived in Sec. 6, which are simply the apparent error rate plus or minus
the mislabeling rate. The true error rate does come very close to the upper bound in some cases (1 — 2 and 4 — 5).

ing data. Some examples are the number of hidden units in
a feedforward neural network, the number & in a k-nearest-
neighbor classifier, and the window width in a Parzen window
classifier [Duda et al., 2001]. Validation is one technique to
estimate those parameters. In validation, one conceptually
creates several classifiers with different values of the param-
eter and train them with the same training set. The trained
classifiers are evaluated on the validation data set, and the
best classifier is chosen. Our results for testing with noisy la-
bels is directly applicable to validation. In fact, validation is
not concerned with the actual value of the true error rates,
but just their ordering. Therefore the apparent error rate
Pr[j # 9] can work just as well, as long as the mislabeling
rate Pr[y # g] is less than 0.5.

In a world where (unlabeled) data is cheap, noisy labels are
easily obtained (e.g., the Open Mind Initiative [Stork, 1999;
Stork and Lam, 2000]), but perfect labels are expensive, the
findings in this paper allow one to confidently use noisy labels
for testing and validating. An obvious area for future work is
to use noisy labels for training as well. Although some works
do allow for training with noisy labels, this has not been an
active research area [Szummer and Jaakkola, 2000].

So far in our derivations we have assume either knowledge
of the mislabeling rate Pr[y # g] or the labeler’s confusion
matrix P . In practice those information must be estimated
and be treated as random. The effects of such estimates and
the cost/benefit analysis of obtaining more accurate estimates
are unknown. We hope to investigate them in the future.

8 Conclusion

Traditionally test data have been assumed to be perfectly la-
beled. Increasingly this assumption is becoming a burden.
We advocate the use of noisy labels as a cheaper alternative.
We have shown that, under the assumption in which the la-
beler and the classifier make mistakes independently, the true
error rate and true confusion matrix can be derived exactly.
We have also examined the number of noisy labels to achieve
the equivalent estimation confidence as one perfect label, and
we found that number to be less than four in many practi-
cal situations. Furthermore, if we loosen the independence
assumption to the non-negative dependence assumption, the
true error rate can be bounded to be between the apparent er-
ror rate plus or minus the mislabeling rate.
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Abstract

Predictive accuracy has been used as the main and
often only evaluation criterion for the predictive
performance of classification learning algorithms.
In recent years, the area under the ROC (Receiver
Operating Characteristics) curve, or simply AUC,
has been proposed as an alternative single-number
measure for evaluating learning algorithms. In this
paper, we prove that AUC is a better measure than
accuracy. More specifically, we present rigourous
definitions on consistency and discriminancy in
comparing two evaluation measures for learning al-
gorithms. We then present empirical evaluations
and a formal proof to establish that AUC is indeed
statistically consistent and more discriminating than
accuracy. Our result is quite significant since we
formally prove that, for the first time, AUC is a bet-
ter measure than accuracy in the evaluation of learn-
ing algorithms.

1 Introduction

The predictive ability of the classification algorithm is typi-
cally measured by its predictive accuracy (or error rate, which
is 1 minus the accuracy) on the testing examples. However,
most classifiers (including C4.5 and Naive Bayes) can also
produce probability estimations or “confidence” of the class
prediction. Unfortunately, this information is completely ig-
nored in accuracy. This is often taken for granted since the
true probability is unknown for the testing examples anyway.

In many applications, however, accuracy is not enough. For
example, in direct marketing, we often need to promote the
top X% of customers during gradual roll-out, or we often de-
ploy different promotion strategies to customers with differ-
ent likelihood of buying some products. To accomplish these
tasks, we need more than a mere classification of buyers and
non-buyers. We need (at least) a ranking of customers in terms
of their likelihoods of buying. If we want to achieve a more
accurate ranking from a classifier, one might naturally expect
that we must need the true ranking in the training examples
[Cohen et al., 1999]. In most scenarios, however, that is not
possible. Instead, what we are given is a dataset of examples
with class labels only. Thus, given only classification labels
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in training and testing sets, are there better methods than ac-
curacy to evaluate classifiers that also produce rankings?

The ROC (Receiver Operating Characteristics) curve has
been recently introduced to evaluate machine learning algo-
rithms [Provost and Fawcett, 1997; Provost ef al., 1998]. It
compares the classifiers’ performance across the entire range
of class distributions and error costs. However, often there is
no clear dominating relation between two ROC curves in the
entire range; in those situations, the area under the ROC curve,
or simply AUC, provides a single-number “summary” for the
performance of the learning algorithms. Bradley [Bradley,
19971 has compared popular machine learning algorithms us-
ing AUC, and found that AUC exhibits several desirable prop-
erties compared to accuracy. Forexample, AUC has increased
sensitivity in Analysis of Variance (ANOVA) tests, is inde-
pendent to the decision threshold, and is invariant to a pri-
ori class probability distributions [Bradley, 1997]. However,
no formal arguments or criteria have been established. How
can we compare two evaluation measures for learning algo-
rithms? How can we establish that one measure is better than
another? In this paper, we give formal definitions on the con-
sistency and discriminancy for comparing two measures. We
show, empirically and formally, that AUC is indeed a statisti-
cally consistent and more discriminating measure than accu-
racy.

One might ask why we need to care about anything more
than accuracy, since by definition, classifiers only classify ex-
amples (and do not care about ranking and probability). We
answer this question from two aspects. First, as we discussed
earlier, even with labelled training and testing examples, most
classifiers do produce probability estimations that can rank
training/testing examples. Ranking is very important in most
real-world applications. As we establish that AUC is a better
measure than accuracy, we can choose classifiers with better
AUC, thus producing better ranking. Second, and more im-
portantly, if we build classifiers that optimize AUC (instead
of accuracy), it has been shown [Ling and Zhang, 2002] that
such classifiers produce not only better AUC (a natural con-
sequence), but also better accuracy (a surprising result), com-
pared to classifiers that optimize the accuracy. To make an
analogy, when we train workers on a more complex task, they
will do better on a simple task than workers who are trained
only on the simple task.

Our work is quite significant for several reasons. First,
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we establish rigourously, for the first time, that even given
only labelled examples, AUC is a better measure (defined in
Section 2.2) than accuracy. Second, our result suggests that
AUC should replace accuracy in comparing learning algo-
rithms in the future. Third, our results prompt and allow us
to re-evaluate well-established results in machine learning.
For example, extensive experiments have been conducted and
published on comparing, in terms of accuracy, decision tree
classifiers to Naive Bayes classifiers. A well-established and
accepted conclusion in the machine learning community is
that those learning algorithms are very similar as measured
by accuracy [Kononenko, 1990; Langley et al., 1992; Domin-
gos and Pazzani, 1996]. Since we have established that AUC
is a better measure, are those learning algorithms still very
similar as measured by AUC? We have shown [Ling et al.,
2003] that, surprisingly, this is not true: Naive Bayes is sig-
nificantly better than decision tree in terms of AUC. These
kinds of new conclusions are very useful to the machine learn-
ing community, as well as to machine learning applications
(e.g., data mining). Fourth, as a new measure (such as AUC)
is discovered and proved to be better than a previous mea-
sure (such as accuracy), we can re-design most learning al-
gorithms to optimize the new measure [Ferri et al., 2002;
Ling and Zhang, 2002]. This would produce classifiers that
not only perform well in the new measure, but also in the pre-
vious measure, compared to the classifiers that optimize the
previous measure, as shown in [Ling and Zhang, 2002]. This
would further improve the performance of our learning algo-
rithms.

2 Criteria for Comparing Evaluation
Measures for Classifiers

We start with some intuitions in comparing AUC and accu-
racy, and then we present formal definitions in comparing
evaluation measures for learning algorithms.

2.1 AUC vs Accuracy
Hand and Till [Hand and Till, 2001] present a simple ap-
proach to calculating the AUC of a classifier GG below.

AI So—no(n0+1)/2’

ey
nomny

where n and n; are the numbers of positive and negative ex-
amples respectively, and S; = > r;, where r; is the rank
of 4,3, positive example in the ranked list. Table 1 shows an
example of how to calculate AUC from a ranked list with 5
positive examples and 5 negative examples. The AUC of the
ranked list in Table 1 is (5+7+8+9+150) 5x6/2 , whichis 24/25.
Itis clear that AUC obtained by Equation 1 is a measure for the
quality of ranking, as the more positive examples are ranked
higher (to the right of the list), the larger the term y _ r;. AUC
is shown to be equivalent to the Wilcoxon statistic rank test
[Bradley, 19971.

Intuitively, we can see why AUC is a better measure than
accuracy from the following example. Let us consider two
classifiers, Classifier 1 and Classifier 2, both producing prob-
ability estimates for a set of 10 testing examples. Assume that
both classifiers classify 5 of the 10 examples as positive, and
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- - - = - + + + +
? 1 2 3 4 5
T 7 8 9 10

Table 1: An example for calculating AUC with r;

Classifier 1
Classifier 2

————F[—F+++
F————[F+++-

Table 2: An Example in which two classifiers have the same
classification accuracy, but different AUC values

the other 5 as negative. If we rank the testing examples ac-
cording to increasing probability of being 4 (positive), we get
the two ranked lists as in Table 2.

Clearly, both classifiers produce an error rate of 20% (one
false positive and one false negative), and thus the two classi-
fiers are equivalent in terms of error rate. However, intuition
tells us that Classifier 1 is better than Classifier 2, since overall
positive examples are ranked higher in Classifier 1 than 2. If
we calculate AUC according to Equation 1, we obtain that the
AUC of C1a551ﬁer 1is 24 = (as seen in Table 1), and the AUC
of Classifier 2 is 25 Clearly, AUC does tell us that Classifier
1 is indeed better than Classifier 2.

Unfortunately, “counter examples” do exist, as shown in
Table 3 on two other classifiers: Classifier 3 and Class1ﬁer 4.
It is easy to obtain that the AUC of Classifier 3 is 25 , and the
AUC of Classifier 4 is %. However, the error rate of Classi-
fier 3 is 40%, while the error rate of Classifier 4 is only 20%
(again we assume that the threshold for accuracy is set at the
middle so that 5 examples are predicted as positive and 5 as
negative). Therefore, a larger AUC does not always imply a
lower error rate.

Classifier 3
Classifier 4

———FH[——F 7
F————[F+++-

Table 3: A counter example in which one classifier has higher
AUC but lower classification accuracy

Another intuitive argument for why AUC is better than ac-
curacy is that AUC is more discriminating than accuracy since
it has more possible values. More specifically, given a dataset
with n examples, there is a total of only n + 1 different clas-
sification accuracies (0/n, 1/n, ..., n/n). On the other hand,
assuming there are ny positive examples and n; negative ex-
amples (ng +n1 = n), there are ngny + 1 different AUC val-
ves (0/nony, 1/nony, ..., ngni/ngny), generally more than
n + 1. However, counter examples also exist in this regard.
Table 4 illustrates that classifiers with the same AUC can have
different accuracies. Here, we see that Classifier 5 and Clas-
sifier 6 have the same AUC(%) but different accuracies (60%
and 40% respectively). In general, a measure with more val-
ues is not necessarily more discriminating. For example, the
weight of a person (having infinitely many possible values)
has nothing to do with the number of siblings (having only a
small number of integer values) he or she has.
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Classifier 5
Classifier 6

——F+-[++——+
——F++——+—+

Table 4: A counter example in which two classifiers have
same AUC but different classification accuracies

How do we compare different evaluation measures for
learning algorithms? Some general criteria must be estab-
lished.

2.2 (Strict) Consistency and Discriminancy of Two
Measures

Intuitively speaking, when we discuss two different measures
f and ¢ on evaluating two learning algorithms A and B, we
want at least that f and ¢ be consistent with each other. That
is, when f stipulates that algorithm A is (strictly) better than
B, then ¢ will not say B is better than A. Further, if f is more
discriminating than g, we would expect to see cases where f
can tell the difference between algorithms A and B but g can-
not.

This intuitive meaning of consistency and discriminancy
can be made precise as the following definitions.

Definition 1 (Consistency) For two measures f, g on do-
mainV, f, g are (strictly) consistent if there existno a, b € ¥,
such that f(a) > f(b) and g(a) < g(b).

Definition 2 (Discriminancy) For two measures f, g on do-
mainV, f is (strictly) more discriminating than g if there exist
a, b € U such that f(a) > f(b) and g(a) = ¢(b), and there
exist no a, b € U such that g(a) > g(b) and f(a) = f(b).

As an example, let us think about numerical marks and let-
ter marks that evaluate university students. A numerical mark
gives 100, 99, 98, ..., 1, or O to students, while a letter mark
gives A, B, C, D, or F to students. Obviously, we regard A >
B > C > D > F. Clearly, numerical marks are consistent with
letter marks (and vice versa). In addition, numerical marks
are more discriminating than letter marks, since two students
who receive 91 and 93 respectively receive different numer-
ical marks but the same letter mark, but it is not possible to
have students with different letter marks (such as A and B) but
with the same numerical marks. This ideal example of a mea-
sure f (numerical marks) being strictly consistent and more
discriminating than another g (letter marks) can be shown in
the figure 1(a).

2.3 Statistical Consistency and Discriminancy of
Two Measures

As we have already seen in Section 2.1, counter examples on
consistency and discriminancy do exist for AUC and accu-
racy. Therefore, it is impossible to prove the consistency and
discriminancy on AUC and accuracy based on Definitions 1
and 2. Figure 1(b) illustrates a situation where one measure
f is not completely consistent with g, and is not strictly more
discriminating than ¢. In this case, we must consider the prob-
ability of being consistent and degree of being more discrimi-
nating. What we will define and prove is the probabilistic ver-
sion of the two definitions on strict consistency and discrim-
inancy. That is, we extend the previous definitions to degree
of consistency and degree of discriminancy, as follows:
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Figure 1: Illustrations of two measures f and g. A link be-
tween two points indicates that the function values are the
same on domain V. In (a), f is strictly consistent and more
discriminating than g. In (b), f is not strictly consistent or
more discriminating than g. Counter examples on consistency
(denoted by X in the figure) and discriminancy (denoted by Y)
exist here

Definition 3 (Degree of consistency) For two measures f
and g on domain ¥, let R = {(a,b)la,b € ¥, fla) >
f0)g(@) > g0} S = {(a,b)ab € ¥ f(a) >
f(b),g(a) < g(b)}. The degree of consistency ' of f and g

; — _1al
lSC(OSCSl),WhEVEC—W.

Definition 4 (Degree of discriminancy) For two measures
fand g on domain U, let P = {(a,b)|a,b € ¥, f(a) >

f(b),g(a) = g®)}, @ = {(a,b)|a,b € ¥, g(a) >
g(b), f(a) = f(b)}. The degree of discriminancy for f over
gisD = %.

There are clear and important implications of these defini-
tions of measures f and ¢ in evaluating two machine learning
algorithms, say A and B. If f and g are consistent to degree C,
then when f stipulates that A is better than B, there is a prob-
ability C that g will agree (stipulating A is better than B). If
f is D times more discriminating than g, then it is D times
more likely that f can tell the difference between A and B but
¢ cannot than that ¢ can tell the difference between A and B
but f cannot. Clearly, we require that C > 0.5 and D > 1 if
we want to conclude a measure f is “better” than a measure
g. This leads to the following definition:

Definition 5 The measure f is statistically consistent and
more discriminating than g if and only if C > 0.5and D > 1.
In this case, we say, intuitively, that f is a better measure than
g.

The statistical consistency and discriminancy is a special
case of the strict consistency and more discriminancy. For the
example of numerical and letter marks in the student evalua-
tion discussed in Section 2.2, we can obtain that C = 1.0 and
D = o0, as the former is strictly consistent and more discrim-
inating than the latter.

'Tt is easy to prove that this definition is symmetric; that is, the

degree of consistency of f and g is same as the degree of consistency
of gand f.
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To prove AUC is statistically consistent and more discrim-
inating than accuracy, we substitute f by AUC and ¢ by accu-
racy in the definition above. To simplify our notation, we will
use AUC to represent AUC values, and acc for accuracy. The
domain ¥ is the ranked lists of testing examples (with ng pos-
itive and n; negative examples). Since we require C > 0.5
and D > 1 we will essentially need to prove:

Theorem 1 Given a domain ¥, let R = {(a,b)|AUC(a) >
AUC(b),acc(a) > acc(b),a,b € ¥} S =
{(a,0)|AUC(a) < AUC(b),acc(a) > ace(b),a,b € ¥},
Then % > 0.50r |R| > |S|.

Theorem 2 Given a domain U, let P = {(a, b)|AUC(a) >
AUC(b),acc(a) = ace(b),a,b € ¥}, @ = {(a,b)|acc(a) >
ace(b), AUC(a) = AUC(b),a,b € V}. Then |P| > |Q)|.

3 Empirical Verification on AUC and
Accuracy

Before we present a formal proof that AUC is statistically con-
sistent and more discriminating than accuracy, we first present
an empirical verification. To simplify our notation, we will
use AUC' to represent AUC values, and acc for accuracy.

We conduct experiments with (artificial) testing sets to
verify the statistical consistency and discriminancy between
AUC and accuracy. The datasets are balanced with equal
numbers of positive and negative examples. We test datasets
with 4, 6, 8, 10, 12, 14, and 16 testing examples. For each
number of examples, we enumerate all possible ranked lists
of positive and negative examples. For the dataset with 2n ex-
amples, there are (2) such ranked lists.

We exhaustively compare all pairs of ranked lists to see how
they satisfy the consistency and discriminating propositions
probabilistically. To obtain degree of consistency, we count
the number of pairs which satisfy “AUC(a) > AUC(b)
and acc(a) > ace(b)”, and the number of pairs which sat-
isfy “AUC(a) > AUC(b) and acc(a) < acc(b)”. We then
calculate the percentage of those cases; that is, the degree of
consistency. To obtain degree of discriminancy, we count the
number of pairs which satisfy “AUC(a) > AUC(b) and
ace(a) = ace(b)”, and the number of pairs which satisfy
“AUC(a) = AUC(b) and acc(a) > ace(b)”.

Tables 5 and 6 show the experiment results for the balanced
dataset. For consistency, we can see (Table 5) that for vari-
ous numbers of balanced testing examples, given AUC'(a) >
AUC(b), the number (and percentage) of cases that satisfy
acc(a) > acc(b) is much greater than those that satisfy
ace(a) < acc(b). When n increases, the degree of consis-
tency (C) seems to approach 0.94, much larger than the re-
quired 0.5. For discriminancy, we can see clearly from Table 6
that the number of cases that satisfy AUC(a) > AUC(b) and
ace(a) = ace(b) is much more (from 15.5 to 18.9 times more)
than the number of cases that satisfy acc(a) > ace(b) and
AUC(a) = AUC(b). When n increases, the degree of dis-
criminancy (D) seems to approach 19, much larger than the
required threshold 1.

These empirical experiments verify empirically that AUC
is indeed a statistically consistent and more discriminating
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# | AUC(a) > AUC(H) | AUC(a) > AUC(H) || C
& acc(a) > acc(b) & acc(a) < ace(b)
4 9 0 1.0
6 113 1 0.991
8 1459 34 0.977
10 19742 766 0.963
12 273600 13997 0.951
14 3864673 237303 0.942
16 55370122 3868959 0.935

Table 5: Experimental results for verifying statistical consis-
tency between AUC and accuracy for the balanced dataset

# AUC(a) > AUC(b) acc(a) > ace(b) D
& acc(a) = acc(b) & AUC(a) = AUC(b)
4 5 0 00
6 62 4 15.5
8 762 52 14.7
10 9416 618 15.2
12 120374 7369 16.3
14 1578566 89828 17.6
16 21161143 1121120 18.9

Table 6: Experimental results for verifying AUC is statis-
tically more discriminating than accuracy for the balanced
dataset

measure than accuracy for the balanced datasets, as a measure
for learning algorithms.

4 Formal Proof

In our following discussion, we assume that the domain W is
the set of all the ranked lists with ng positive and n; nega-
tive examples. In this paper, we only study the cases where
a ranked list contains an equal number of positive and nega-
tive examples, and we assume that the cutoff for classification
is at the exact middle of the ranked list (each classifier classi-
fies exactly half examples into the positive class and the other
half into the negative class). That is, no = ny, and we use n
instead of ngy and n;.

Lemma 1 gives the maximum and minimum AUC values
for a ranked list with a fixed accuracy rate.

Lemma 1 For a given accuracy rate «, let AUClyqp(x)
max{ AUC(r)|ace(r) = a,r € U}, AUChHn(x)
min{ AUC(r)|ace(r) = o,r € U}, Then AUCpmin(ax)
a?, AU Crgr(a) = 1= (1 — )2

Proof: Assume that there are n, positive examples correctly
classified. Then there are n—n,, positive examples in negative
section. According to Equation 1, AUC value is determined
by Sy, which is the sum of indexes of all positive examples.
So when all n—n, positive examples are put on the highest po-

sitionsin negative section (theirindexesare n,n—1, - - -, ny+
1), and n,, positive examples are put on the highest positionsin
positive section (theirindexes are 2n, 2n—1, - - -, 2n—n,+1),
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AUC reaches the maximum value. So

n . 2n .
an+1 t+ ZZn—nP+1 = 77,(77, + 1)/2

AUC e () = 5

n

Similarly when all positive examples are put on the lowest po-
sitions in both positive and negative sections, AUC reaches
the minimum value. Thus

T S n(n 4 1)/2

_ n+1
AUCmm(Oz) = 77,2
Since « = -2, from above two formula, we can obtain

AUCpin(a) = a®, AUCpae(a) = 1 — (1 —a)*. O

Lemma 2 For given accuracy rates o > 3 and a domain ¥,
AU Caz (@) > AUCrraz(83), AUCmin(a) > AUCpin(5).

Proof: It is straightforward to prove it from Lemma 1. O

Lemma3 Let T'(«) = {AUC(v)|ace(r) = a,r € ¥},
Ry = {rlacc(r) = o, AUC(r) = B,r € ¥}, Ry =
{rlace(r) = o, AUC(r) = AU Cpar() + AUCppin(a) —

B,7 € U}, Then
(a)|T(a)| = 2nn, — 20,7 + 1.
(b)|R1| = |Ra.

Proof: (a) It is straightforward to prove it from Lemma 1.
(b) For any ranked list » € R; we can convert it to another
unique ranked list 7 € Ry by exchanging the positions of
examples. In the negative section, for any positive example
whose position is r;, we exchange it with the example in the
position of n 4+ 1 — r;. In the positive section, for any posi-
tive example in position r;, we exchange it with the example
in the position of n — (r; —n) + 1 4 n. It’s easy to obtain that
AUC(r"y = AUC a5+ AU Crin— . S0’ € Rs. Thus, we
have that |R;| < |R2|. Similarly, we can prove |Rs| < |R;|.
Therefore |Ry| = |R|. O

Theorem 1 Given a domain U, let R = {(a,b)|[AUC(a) >
AUC(b),acc(a) > acc(b),a,b € ¥} S =
{(a,0)|AUC(a) < AUC(b),acc(a) > ace(b),a,b € ¥},

R
Then |R||+||S| > 0.50r |R| > |S|.

Proof: To prove |R| > |S]|, first we prove for given accu-
racy rates o > /3, there are more ranked list pairs (a,b) to
satisfy AUC'(a) > AUC(b) than that to satisfy AUC(a) <
AUC(b), where ace(a) = o, ace(b) = p. Let Rag =
{(a,0)|AUC(a) > AUC(b),ace(a) = o, ace(b) = ,a,b €
U} and Sap = {(a,0)|AUC(a) < AUC(b),acc(a) =
a,ace(b) = B,a,b € U}. Then we should prove |Ryz| >

1[; If AUCpin(a) > AUChmas(3), then it is obvious
|Rap| > 0, [Sap| = 0. So [Ras| > |Sap|-

2) Otherwise, | Rnz| can be computed by adding two parts
together. |Rog| = |P1| + | P2|, where Pi = {(a, b)|acc(a) =
a,acc(b) = B,AUC(a) > AUCpes(f),a,b € ¥}, and
Py = {(a,b)|acc(a) = a,ace(b) = [, AUCnq:(5) >
AUC(a) > AUC(b), a,b € W},

For S.3, we have Sus = {(a, )|acc( ) =
a,acc(b) = B, AUCna(8) > AUC(b) > AUC(a) >
AUCpin(a),a,b € U},
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It can be proved that |R,gs| > [Saps|. We omit the details
due to the space limitation.

Since R = Ua,,@ Ra@, S = Ua,,@ Sa@, and Ra1ﬁ1 n
Ragﬁz = ¢’ Sozlﬁl N Sagﬁz = ¢’ for oy 7& Qz Or 61 7& 62’
where a > 3. So [R| = 3_, 5 |Rapl, [S] = 3_, 5 |Sas]|. For
any given accuracies o > 3, we have proved |Rqg| > |Sasl
therefore, |R| > |S|. O

Now let us explore the discriminancy of AUC and accuracy.
Lemma 4 to Lemma 5 are proposed as a basis to prove Theo-
rem 2. In the following lemmas, || stands for the number of
examples in ranked list r, and |r|4 stands for the number of
positive examples in r.

Lemma 4 Assume that R, and R are two sets of ranked lists
on a given domain U, and that Ry = {r||r| = n,|r|ly =
m,0 < m < Z,AUC()—CTE\I!},RQ = {r|]|r] =

nrly =n—m,0<m< g AUC(r) = C,r € W}. Then

|R1| = |Ral.

Proof: For any ranked list » € R;, we switch the examples
on position ¢ and n — ¢, to obtain another unique ranked list
s. Next we replace all positive examples in s by negative ex-
amples and all negative examples in s by positive examples to
obtain ranked list s". It is obvious that AUC'(s") = AUC(r).
Since |s'|+ = n— m, s’ € Ry. Thus, |R1| < |R2|. Similarly
we can prove |Rs| < |Ry|. Therefore |R1| = |R2|. O

Lemma 5 Given a domain VU, let o and 3 be accuracy rates

a < < % Consider a series of ranked list sets R; =
{rlace(r) = o, AUC(r) = n2,7° e T} where i =
0,---,n% S; = {slace(s) = B, AUC(s) = n2,7° e U},
where j = 0,---,n?; Let a; = ;= a; + b;.
Then , 2

ZQ"C]' > ZaioZbi

i#] i=0 i=0

Proof: We omit the proof due to the limitation of space. O
Theorem 2 Given a domainVU, let P = {(a,b)|AUC(a) >
AUC(b), acc(a) = ace(b),a,b € ¥}, @ = {(a,b)|acc(a) >
ace(b), AUC(a) = AUC(b),a,b € ¥}. Then |P| > |Q)|.
Proof: Since VU is the set of all the ranked lists with equal

number of positive and negative examples, ¥ can be parti-
tioned into ranked list sets F;; by different accuracy rates and

AUC values. P;j = {r|acc(r) = £, AUC(r) = 5,0 <i <
n?,0 < j < n}. Itisobvious ¥ = |J P;. Lett;; = | Pl
Then by Lemma 5 for any ¢ # j we have

Ztkz Ztl]

2
n

Z(tki + 1) (i + 1)
k£l
After we sum all ¢ and j, we have

Zztkz‘i‘tk] ty; +tl] >Zztlm Ztl]

125 kAl iZj k=0
Also forall ¢ # j and k # [, it’s easy to obtain

Z Z(tlm + i)t + 1) = Ztijtkk (3

i£j k£l i£k
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Therefore, from inequality 2 and equation 3, we will get

thytkl > Z Ztkz Ztk] (4)

itk i£] k=
On the other hand,
Tl2 n n Tl2
IDI=)_ > tii=) > ti
i=0 j=0 j=014=0
So
n Tl2 Tl2 n
O ) =0 tiy)
j=014=0 i=0 j=0

The above equation can also be written as

ST ) 31F thw

i=0 j=0 i#£k j=0 j=0

n n? n n? n?

YOt DDt ) tin). )
j=0 =0 j#k i=0 =0

According to formula 4, we have

Z th Ztky thtki > Z Zt” Ztlk

i#£k j=0 = i#k j#k i=0
(6)

Then by equation 5 and inequality 6, we have

DO )<Y O i) (M

i=0 j=0 j=0 i=0
Let .
Hi:Ztija
j:O
and ,
Vi=) ty
=0
Then
~(V ViV L 1
=Y ()= TR =g g
=0 =0 =0
Y CUH(H —1) 1 1
s=3 (5 ) =X == m - i
=0 =0 =0

Therefore, according to inequality 7, we have |R| > |.S|. O

5 Conclusions

In this paper, we give formal definitions of discriminancy and
consistency in comparing evaluation measures for learning al-
gorithms. We prove that AUC is statistically consistent and
more discriminating than accuracy. Our result is quite signif-
icant since we have established rigourously, for the first time,
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that AUC is a better measure than accuracy in evaluating and
comparing classification learning algorithms. This conclusion
has many important implications in evaluating, comparing,
and designing learning algorithms. In our future research, we
will extend the results in this paper to cases with unbalanced
class distribution and multiple classes.
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1

In the investigation of the algorithms for relational learning,
regarding induction as a refinement process allows to deco

Abstract

Refinement operators for theories avoid the prob-
lems related to the myopia of many relational learn-
ing algorithms based on the operators that refine
single clauses. However, the non-existence of ideal
refinement operators has been proven for the stan-
dard clausal search spaces based-sabsumption

or logical implication, which scales up to the spaces
of theories. By adopting different generalization
models constrained by the assumption of object
identity, we extend the theoretical results on the ex-
istence of ideal refinement operators for spaces of
clauses to the case of spaces of theories.

Motivation

gleton, 1995, adopt iterative covering strategiesgparate-
and-conquer[Fiurnkranz, 1990 based on the refinement
of clauses. Alternative methods are baseddoride-and-
conquer strategieg Bostiom and Asker, 1999 Although
these refinements may turn out to be optimal with respect
to a single clause, the result of assembling them in a theory
is not guaranteed to be globally effective, since the interde-
pendence of the clauses with respect to covering may lead to
better theories made up of locally non-optimal clauses. Only
some systems, e.g. MADe Raedtet al, 1993 or HYPER
[Bratko, 1999, cope with the problem of learning whole the-
ories rather than constructing them clause by clause.

This urges more complex refinement operators to be
adopted in algorithms obeying to a different strategy that is
able to take into account the possible interactions between
the single clausal refinements. Hence, the new problem is
defining operators that refine whole theories rather than single

glausedMidelfart, 1999; Badea, 2001 ALEPH is a system

ple search from heuristics. Therefore, the choice of the genvhere ideas otheory-leveinduction has been rudimentarily
eralization model for a search space plays a key role since lfnplementedSrinivasan, 2002 Of course, heuristics are re-
affects both its algebraic structure and the definition of refineduired to cope with the combinatorial complexity of the prob-

ment operators for that space. !
Logical implication andd-subsumption are the relation- count background knowledge that may be available, and then

ships that are commonly employed for inducing generali
tion models in relational learning (the latter turning out t
be more tractable with respect to the former). Yet, they ar

lem. The resulting extended setting would also take into ac-

zalt is also comparable tgeneralizedand relative subsump-
o tion[Plotkin, 1971; Buntine, 19§&rimplication[Nienhuys-
&£heng and de Wolf, 1997

not fully satisfactory because of the complexity issues that Weakening implication by assumimpject identity an ex-

the resulting search spaces present, although subspaces hig@sion of theunique names assumptidReiter, 1980, as

been found where the generalization model is more manag@ semantic bias has led to the definitiontgfsubsumption
able. Indeed, the effectiveness and efficiency of learning a@ndOl-implication[Espositoet al., 20018, clausal relation-

a refinement process strongly depends on the properties 8hips which induce more manageable search spaces. The ex-
the search space and, as a consequence, of the operators.isﬁﬁnce of ideal refinement operators in these generalization
some cases the important property to be required to operatorgodels is possiblgEspositoet al, 20014, while this does

is flexibility [Badea, 200}, meaning that they should be ca- not hold in clausal spaces orderedtgubsumption or impli-
pable of focussing dynamically on certain zones of the searchation[Nienhuys-Cheng and de Wolf, 1997The objective
space that may be more promising. Conversely, the proper@f this work is to extend the results obtained for spaces of

of ideality[Nienhuys-Cheng and de Wolf, 1997as been rec-

clauses and prove the existence of ideal refinement operators

ognized as particularly important for the efficiency of incre- for spaces of theories in those generalization models.
mental algorithms in search spaces wdignse solutionslt

is also possible to derivieon-redundanbperators from ideal

ones, the former being more suitable for spaces weitl so-
lutions[Badea and Stanciu, 1999

Most algorithms for relational learning, such as thoseered are defined and proven to be ideal. Section 5 summarizes
employed in FOIL[Quinlan, 1990 and PROGOL[Mug-

LEARNING

This paper is organized as follows. In Section 2, we recall
semantics and proof-theory adopted in the framework. Sec-
tion 3 deals with refinement operators and their properties.
Then, in Section 4, the operators for the search space consid-

the paper outlining possible developments.
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2 Generalization Models and Object Identity

The representation language adopted in the proposed fram

work concerns logic theories (whose space is denated

Definition 2.4 Given atheoryl’, theclosure of Ol-resolution
is recursively defined: R¢,(T) Unso R&i(T), with
RgI(T) =T andR&(T) = Rgl_l(T) U {R = Ra(C, D) |

made up of clauses (spa€k The background notions about C, D € Ro (1)} ) o
clausal representations in Inductive Logic Programming caff 3C € Rg (T') then there is arDl-derivationof C from T’

be found in[Nienhuys-Cheng and de Wolf, 1907

The framework relies essentially on the following bias pro-

posed inEspositoet al., 20014:

of lengthn.

With respect to the model theory under object identity,
more specific models are needed:

Assumption (Object Identity) In a clause, terms denoted pefinition 2.5 Given a non-emptydomain D, a pre-
with different SymbO|S must be distinct, i.e. they represent dlfmterpretationJ of the |anguag€ assigns each constant to

ferent entities of the domain.

a different element db and eachn-ary function symbof to

The intuition is the following: in spaces based on generald mapping fronD" to D.

ization models induced by-subsumption (or implication),
considered the two clauses = ¢(z) <« p(X,X) and
D = q(z) < p(X, X),p(X,Y),p(Y, Z),p(Z, X), they turn
out to be equivalent (in fadf’ is thereducedclause ofD);

AnOl-interpretation/ based onJ/ is a set of ground instances
of atoms with arguments mappedIinthrough.J.

Given a ground Ol-substitutiofy mappingvars(C) to D, an
instanceA~ of an atomA is truein I iff Ay € I otherwise it

this is not so natural as it may appear, since more elements falsein . A negative literah Ay is truein I iff Ay is not,

of the domain can be accounted foriinthan inC (indeed
in this frameworkC' is more general thaP). The expressive

otherwise it iffalsein I.
I is an Ol-model for the clauseC iff for all ground OlI-

power is not diminished by this bias, since it is still possi- _substitution_Sy there exists at Iea_lst a literal i6’y that is true
ble to convey the same meaning of a clause, although emn I, otherwise the clause falsein I.

ploying more clauses, e.g. when object identity is assumedence, the form of implication that is compliant with this se-
q(X) < p(X,Y) is equivalent to the pair of clauses (a the- mantics has been defin¢Bspositoet al, 2001 which, in

ory) {(¢(X) — p(X, X)), (¢(X) < p(X,Y))}.

Now it has to be specified how this bias affects the seman-

tics and proof theory of a clausal representation.

2.1 Proof Theory and Semantics

turn, induces a quasi-order on spaces of clauses and theories.

Definition 2.6 Let C, D be two clausesC implies D under
object identity(and thenC' is more generathan D w.r.t. Ol-
implication) iff all Ol-models forC' are also Ol-models for
D. This relationship is denoted withi}=, D.

Starting from substitutions, we recall the specification of theanalogously, a theor§ implies C' under object identityde-
proof theory under object identity. Since a substitution camoted with'|=,C, iff all Ol-models forT" are also Ol-models
be regarded as a mapping from the variables to the terms @ér C. Finally, a theoryT is more generathan a theoryl”
a language, we require these functions to satisfy additional.r.t. Ol-implication iffvC’ € T": T|=,C".

properties to avoid the identification of terms:

Definition 2.1 Given a set of termd” (omitted when ob-
vious), a substitutions is an Ol-substitution w.r.t. 7" iff
Vi, to € T: ty 7é to impliestla # too.

Based on Ol-substitutions, it is possible to define related nOQ(f(X)’ V), a(Y, f(

tions such aground and renaming Ol-substitutions, their
compositiorand also unification:

Definition 2.2 Given a finite set of clauses, we say that)
is anOl-unifieriff 3F such thatvE; € S : E;0 = E andé
is an Ol-substitution w.r.tterms(E;).

An Ol-unifierd for S is amost general Ol-unifiefior S iff for
each Ol-unifiers of S there exists an Ol-substitutionsuch
thato = 67. This is denoted witmguy(.5).

Ol-implication is a constrained form of logical implication
biased by the object identity assumption, as shown in the fol-
lowing example:

Example 2.1 Given the two theoried’ = {(p(X) «

X))), (¢(f(X), f(X)) < r(Z))} and
T = {p(X) « r(Z)}, observe thaf" = T" butT f=,T".
This depends on the disallowed bindiFig/(X) that would
identify terms within the same clause.

The proof-procedure was proven soundfspositoet al,
20014, thus bridging the gap from the proof-theory to the
model-theoretic definition of Ol-implication.

2.2 @,-subsumption and Ol-implication
A simpler syntactic relationship, thatdssubsumption biased

The following notions represent resolution and derivationPY the object identity assumption, has been defined based the

when exclusively Ol-unifiers are used.

Definition 2.3 Given the clause§’ and D that are supposed
standardized apart, a clausg is an Ol-resolventof C and
D iff there existM C C'and N C D such that{M, N} is
unifiable through thengw, 6 andR € ((C\M)U(D\N))#.
Raoi(C, D) is the set of the Ol-resolvents 6fand D.

notion of Ol-substitution.

Definition 2.7 Given two clause§’ and D, C @,-subsumes
D iff there exists an Ol-substitutiom w.r.t. terms(C') such
thatCo C D. In this case( is more generathan D w.r.t.
fo-subsumption, denote@>q, D. If also D>, C then they
are equivalentw.r.t. 6-subsumption, denotet~q, D.
Analogously, given the theori@sT’, T is more generathan

An Ol-derivationis obtained by successively chaining Ol- 77 w.r.t. éy-subsumption if¥D € 77 3C € T : C>y D,

resolutions.
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denotedl"™>qT".
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This quasi-order is weaker than Ol-implication as proven e VC € S:0(C)C{DeS|C <D}

by the following resul{ Espositoet al,, 20014: (upward refinement operator)
Theorem 2.1 Given a theoryT and a non-tautological A notion of closure upon refinement operators is required
clauseC, T C iff 3D € RE,(T) such thatD>,,C. when proving the completeness of the operators.

This result bridges the gap from model-theory to proof-Definition 3.2 In a quasi-ordered setS, <), let 7 be a re-
theory. It also suggests the way to decompose Ol-implicatiofinement operator. Thelosureof 7 for C' € S is recursively
that is exploited for defining complete refinement operators. defined:7*(C) = U, », 7"(C), wherer®(C) = {C} and
Similarly to standard implication, it is nearly straightfor- 7*(C) ={D € S |3E € ™ 1(C): D € 7(E)}.

ward to demonstrate some consequences of Theorem 2.1
originally due to Gottlod1987. Given a claus&’, let C*
andC~ denote, respectively, the sets of its positive and neg
ative literals. Then, it holds:

Proposition 2.1 LetC and D be clauses. 1€ =, D thenC* ] ]
f,-subsume®+ and C'~ @,-subsume® . 3.1 Properties of the Refinement Operators

Since Ol-substitutions map different literals of the sub-AS mentioned above, the properties of the refinement opera-
suming clause onto different literals of the subsumed clausd®rs depend on the algebraic structure of the search space. A
equivalent clauses undéj-subsumption have the same num- reéfinement operator traversessfinement grapin the search
ber of literals. Thus, a space ordereddysubsumption is SPace, that is a directed graph containing an edge ffam

Ultimately, refinement operators should construct chains of
refinements, i.e. a sequencg, C1, ..., C, of elements o5
such thatC; € 7(C;_1), 1 < i < n going from the starting
elements to target ones.

made up of non-redundant clauses. Indeed, it holds: T"in § in case the operatoris such thatl” € 7(T).

. A major source of inefficiency may come from refinements
Proposition 2.2 Let ¢ and D be two clauses. I b~ that turn out to be equivalent to the starting ones. Depend-
subsumes) then|C| < |D|. Moreover,C~o D iff they are  jng on the search algorithm adopted, computing refinements
alphabetic variants. that are equivalent to some element that has been already dis-

As a consequence of the propositions above, it is possicarded may introduce a lot of useless computation. As to the
ble to prove the following results giving lower bounds for the effectiveness of the search, a refinement operator should be
depth and cardinality of clauses in the generalization modeble to find a path between any two comparable elements of
based on Ol-implicatiobFanizzi and Ferilli, 200R the search space (or their equivalent representatives). It is de-
sirable that at least one path in the graph can lead to target el-
ements. This means that a complete refinement operator can
derive any comparable element in a finite number of steps.
The following properties formally define these concepts:

= . . Definition 3.3 In a quasi-ordered se(fS, <), a refinement
Proposition 2.3 Given the clauses’ and D, if Cl=o.D then  gperatorr is locally finite iff VC' € S : 7(C) is finite and

Definition 2.8 Thedepthof a termt is 1 whent is a vari-

able or a constant. It = f(t1,...,t,), thendepth(t) =

1 4+ maz?_, (depth(t;)). Thedepthof a clauseC, denoted
depth(C), is the maximum depth among its terms.

it holds thatdepth(C') < depth(D) and|C| < [D|. computable.
] ) ) A downward (resp. upward) refinement operagofresp.§)
3 Theory Refinement and Object Identity is properiff VO € S: D € p(C) impliesD < C (resp.

D € §(C) impliesC < D).
_A downward (resp. upward) refinement operatofresp. d)
completeiff VC,D € §, D < C'impliesdE € §: E €

A learning problem can be cast as a search prolpMitchell,
1984 where theory refinement is triggered when new evi is
dence made available is to be assimilated. The canonical inz R
ductive paradigm requires the fulfillment of the properties ofp:(c) and B ~ D (resp.C' < D implies3E € §: I €
completenesandconsistencyor the synthesized theory with (C)andE ~ D).
respect to a set of input examples. When an inconsistent (re- Let us observe that local finiteness and completeness en-
spectively, incomplete) hypothesis is detected, a specializasure the existence of a computable refinement chain to a tar-
tion (resp., generalization) of the hypothesis is required irget element, and properness ensure a more efficient refine-
order to restore this property of the theory. In the former casenent process, by avoiding the search of equivalent clauses.
the refinement operators must search the space looking fdthen, the combination of these properties confers more ef-
more specific theories (downward refinements); in the latterfectiveness and efficiency to an operator:
more general theories (upward refinements) are required.
The formal definition of the refinement operators for
generic search spaces, is based on the algebraic notion o
quasi-ordered sef that is a set endowed with an ordering As mentioned in the introduction, other important proper-
relationship (say<) that is reflexive and transitive. ties of refinement operators have been defined, yet they go
beyond the scope of this paper which focusses on ideality.

Definition 3.4 In a quasi-ordered setS, <), a refinement
]pgerator isidealiff it is locally finite, proper and complete.

Definition 3.1 Given a quasi-ordered sétS, <), a refine-

ment operatois a mapping fron® to 2° such that: 3.2 Minimal Refinements of Clauses
e VCeS: p(CYC{DeS|D=C} The existence of maximal specializations and minimal gener-
(downward refinement operator) alizations of clauses was proven for both ggesubsumption
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and the Ol-implication generalization modgfanizzi and  Proposition 3.2 LetC, D and E be clauses such that and
Ferilli, 2004. These results are briefly recalled here for be-D are standardized apart. f'|=, E and D=, E thenVF €
ing used in the construction of ideal refinement operators prei4, (C, D) : FloE.

sented in the following section. This result implies that4, (C, D) contains maximal special-

As a consequence of Theorem 2.1, some limitations arg, 5iions of the two clauses w.r.t. Ol-implication. For the proof
provable as concerns depth and cardinality for a clause thajgeality given in the next section, it is important to point out

implies (subsumes) another clause under object identity. Thig,5; this set of specializations is finite. Moreover, the defini-

yields a bound to the proliferation of possible generalizationsijon of U, and also Proposition 3.2 can be extended to the
Proposition 3.1 LetC and D be two clauses. The set of gen- case of multiple clausd§anizzi and Ferilli, 200R
eralizations ofC and D w.r.t. Ol-implication is finite.

The proof s straightforward since the depths and cardinaliie¢ ~ 1deal Operators for Theories

of the generalizations are limited as a consequence of Propdtonexistence conditions for ideal refinement operators for
sition 2.3. Now, given two clausés and D, let G be the set  generic spaces are given [[Nienhuys-Cheng and de Wolf,

of generalizations of C, D} w.r.t. Ol-implication. Observe 1997. A close relationship has been recognized between ide-
thatG # () sinceD € G. Proposition 3.1 yields that' is  ality and thecoversof elements in(S, <), a downward cover
finite. Thus, since the test of Ol-implication between clausesf C being aD such thatD < Cand AE: D < E < C

is decidabldFanizzi and Ferilli, 200 it is theoretically pos-  (resp.C' < D and AE: C < E < D for the upward case).
sible to determine the minimal elements@fby comparing A necessary condition for the ideality of refinement operators
the clauses id- and eliminating those that are overly general. is that they return supersets of the sets of covers.

For computing theories that are proper generalizations . :
the startingpone?s, an operator for ir?ve?tinggOI-resolutions g’h_eorem 4.11n the quaS|-ordere_d spatdC, <) an ideal
needed which is similar to thé-operatorfor the inversion of refinement operator does not exist.
resolution[Muggleton, 199k The non-existence of ideal refinement operators for spaces

- ; ; _of clauses ordered by implication can be proven as a conse-
gggné??r?:bﬁ_ggglntiﬁgzgﬁéébeoperator for the inver quence of this resufiNienhuys-Cheng and de Wolf, 1997
sinced-subsumption is weaker than logical implication. Be-

Vo(T) ={DeC|3CeT, D' eC: CeRa(D,D")} sides, this can be extended, proving the non-existence of
Note that there is a lot of indeterminacy in this definition. Yet"€finément operators for search spaces of theories endowed

with the ordering relationship induced b§rsubsumption

it suffices for our theoretical purposes. In fact, the specifi-. X R
cation of an actual operator to be implemented in a learningMidelfart, 1999 and the one induced by logical implication

system should consider also other information (such as exanyNienhuys-Cheng and de Wolf, 199Tonversely, within the

ples, background knowledge, etc.), to define the underlyin ramework we present, it is possible to exploit the definition
heuristic component. f the refinement operators for clausal spaces for demonstrat-

With respect to maximal specializations, the major diffi- ing the existence of ideal operators on spaces of theories.

culty comes from the fact that under standard implication, ) ;
C U D is a clause that preserves the models of either claus<§1'_1 Ideal Operators for &, subsump.tlon o
hence turning out to be a maximal specialization. In this setWith respect to the spaces of clauses in the generalization
ting, as expected, more clauses are needed than a single offg®del induced byb,-subsumption, we exploit the ideality of
indeed the following operator has been defined: the operators for clausal spad&spositoet al, 20014.

Definition 3.6 Let C; and C be two clauses such that,  Definition 4.1 In the quasi-ordered spad@‘, >o), given a
andC, are standardized apart anfl” a set of new constants theoryT’, letT,,,. be a non redundant theory equivalent to T.
such that: |K| > |vars(C; U Cs)|. A new set of clauses is Thedownward refinement operatgy; is defined as follows:

definedi, (C1,Cy) = {C| C = (Cyoy U Cyo)oy o5t} o (T, \S)U{D € m(C) | C e S} € m(T)
whereo; and oy are Skolem substitutions for, respectively, whereS C T,,,
C; andCs with K as their term sét o T\ {C} € po(T) With C € T,

Example 3.1 Given two clauses”; = {p(X,Y),q¢(X)}
and Cy = {p(X",Y’),r(X")}, the Ol-substitutionsr; =
(X/a,Y/b} and oo = {X'/a,Y’/b} yield the following ~ ® [(Tnr \S) U{D € &(C) | C € S}] € &(T)
clause: F, = {p(X,Y),q(X),r(X)}. Similarly o5 = whereS C T,

{X/a,Y/b} andoy = {X'/b, Y’ /a} yield the clauseF, = o I, U{C} e () withC & T,

{p(X,Y),p(Y, X),q(X),r(X)} and so on. The ideality of these operators is proven as follows:

- 1 -1
Itis easy to see that, clausesoy U C202)01 0 @€ Theorem 4.2 In the search spacé2’, >), the refinement
equivalent to those i6C 01 U Ca02)a, "o; . Besides, the  operatorsp, and, are ideal.

Theupward refinement operatdy; is defined as follows:

clauses iri, (C, D) preserve the Ol-models ¢f andD: Proof:
Theterm sewf a set of clause¥' by the Skolem substitution 2here <y denotes the order induced Bysubsumption and the
is the set of all terms occurring ific. language is supposed to contain at least a binary predicate.
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for:

(locally finite) obvious.

(proper) by the properness @i, for clauses.

(complete) SupposE>qT' andT” Fo/T.

LetT" = {D; | i« = 1,...,n}. The theories can be
supposed to be non redundant, otherwise the reduced
equivalent theory can be computed by removing clauses
by means of the second item of the operator.

By definition T>o T’ means thatvD;, € T’, i €
{1, ce 77’L}, HCZ eT: 0120|D71

By the completeness of the operaggr for clauses, it
holds thatvi € {1,...,n}3k;: D; € pki(Cy).

Starting from7; = T, the first component of the op-
erator is iterated, obtaining for eaclf’; a refinement
T;+1, by choosingS; as the subset df; made up of
the clauses that are not in the target thedFy while
being strictly more general than clausesH, that is
S;={CeT;\T'|3D €T'": C>3D}.

Eventually it holds thaBT}, € pk (T) for somek <
max!"_, (k;) such thatvi D; € Tj.

W v )
STERn)
1 2 h
¥ 4 T
\A Y Y
[ \ Dl,Dz, ...,]Dn \j R
1 2 n

Figure 1: The Refinement Graph

Theorem 4.3 In the search spac€®, =), the refinement
operatorsp, andd, are ideal.

T}, may be larger thari”. Thus the second component Proof:

of po, for theories can be employed for deleting the ex-
ceeding clauses froffi, yieldingT”.
Finally we have thaf” € p,(T).

di: Analogously.

4.2

Ideal Operators for Ol-implication

These operators above will be embedded in the definition of
the refinement operators for spaces of theories in the stronger
order induced by Ol-implication. Besides, notions and re-
sults given in Section 3.2 are also exploited. In particular,

these operators should be able to compute specializations and

generalizations that are able to reach those clauses involved
in Ol-resolution steps (and their inverse).

Definition 4.2 In the quasi-ordered spac€2°, =), the
downward refinement operatgy; is defined as follows, given
anyT € 2¢

U (C)cesC € po(T) whereS C T

Uces((T\ S) Ul (C)) € p(T)
whereS C T and a,’ denotes the downward refinement
operator for clauses wit,

T/ c [b|(T) if T/ S ﬁb|”(T)
where n,,” denotes the downward refinement operator
for theories wrt>,

Theupward refinement operatdy; is defined as follows:

TU{C} € &(T) where3R C T andC € Vo (T')

Uces(T\ S)U&/'(C)) € &i(T)
whereS C T and &,” denotes the upward refinement
operator for clauses wit,

T € &/ (T)if T" € &(T)
whered,” denotes the upward refinement operator for
theories wrt>g,

The ideality of these operators is stated by the following
result (Figure 1 depicts the related refinement graph):
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for:

dor:

(locally finite) by definition of the various operators and
the finiteness of the theories.

(proper) by the properness of the refinement operators
employed in the various items.

(complete) SupposE=xT" and T’ /=T with n =
|T’|. Since redundancy can be eliminated by remov-
ing redundant clauses (and tautologies) through the last
item of the operator, we will consider the theories as non
redundant.

Let us observe thaf'=,T" is equivalent t67C; € T":
TEaCyfori=1,...,n.

By Theorem 2.1, for eadh);, there exists &, such that

D; e R(’gf (T), for somek;, and D; 6,-subsumes’;.
Observe that, by using the first item of the refinement op-
erator, it is possible to produce the thedfy containing

the maximal specializations of the clausesSinC T'
employed in the Ol-derivation the @b;’s (by the ex-
tension of Lemma 3.2 to the case of multiple clauses
where each maximal specialization is more general wrt
Ol-implication than an Ol-resolver®;): Ts € m(T).
Observe thatvF' € Ts Fl=D;. Now, it is possible

to iterate (at mosk times for theD; that are properly

by someF") the second item of the operator, in order to
compute the theoryr = {D; | i = 1,...,n}, thus we
can write: T € pk (Ts), k < n.

By constructionVi D;>,C;, then Tr>oT’, then we
can exploit the ideal operator for theories wé,-
subsumption (third item of the operator for theories wrt
Ol-implication) writing: 7" € p&,(Tr).

Finally, by chaining these steps, it is possible to con-
clude that: 7" € p%,(T).

In the same hypotheses the previous proof, it is possi-
ble to invert thef,-subsumption off’ wrt T” using

the last item of the definition @, for theories wrt Ol-
implication: T € 65,(1").

Then, a number of Ol-resolutions are to be inverted by
using the first item of,. This number is finite due to
Proposition 2.3 and then can be done tentatively in a fi-
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nite number of steps. Théne 6;,(Tr). [Buntine, 1988 W. Buntine. Generalized subsumption and
Finally, by chaining these steps, it is possible to con- its application to induction and redundandutificial In-
clude that:T € &3,(7"). telligence 36(2):149-176, 1988.

Differently from the standard generalization models, in this[De Raedet al, 1993 L. De Raedt, N. Lavg and
framework the number of Ol-resolution steps is bounded be- S. Dzeroski. Multiple predicate learning. In R. Bajcsy,
cause, during Ol-implication of,-subsumption steps, the editor, Proceedings of the 13th International Joint Con-
sizes of the clauses increase (decrease) monotonically, as aference on Atrtificial Intelligengevolume 2, pages 1037—

consequence of Propositions 2.2 and 2.3. 1043. Morgan Kaufmann, 1993.
. [Espositoet al., 2004 F. Esposito, G. Semeraro, N. Fanizzi,
5 Conclusions and S. Ferilli. Multistrategy theory revision: Induc-

In this work the existence of ideal refinement operators was tion and abduction in INTHELEX. Machine Learning
proved in the search space of theories ordered by general- 38(1/2):133-156, 2000.

ization models based on object identity. Coupled with SOM§Egpositoet al, 20014 F. Esposito, N. Fanizzi, S. Ferilli,
heuristics, this allows for the definition of efficient refinement” 5,4 . semeraro. A generalization model based on OI-
algorithms that avoid the myopia of the traditional relational implication for ideal theory refinementundamenta In-

learning approaches. , , formaticae 47:15-33, 2001.
We focussed on the effectiveness of the refinement oper

tors, that is related to their static properties. In general thiiEsposnoet al, 20014 F. Esposito, N. Fanizzi, S. Ferill,
is not sufficient for defining a learning algorithm: efficiency ~and G. Semeraro. Ol-implication: Soundness and refu-
plays a key role when dealing with first order logics. The suc- tation completeness. In B. Nebel, editBroceedings of
cessive step is to investigate the dynamic properties of these t_he 17th International Joint Conference on Atrtificial Intel-
operators when they are to be guided by means of heuristics 19€Nnce pages 847-852, 2001.
based on the available examples and/or other criteria. [Fanizzi and Ferilli, 2002 N. Fanizzi and S. Ferilli. Mini-
We have also mentioned that in spaces with rare solutions it mal generalizations under Ol-implication. In M.-S. Hacid,
is more suitable to have an operator that is non redundant, be- Z. Ras, D. Zighed, and Y. Kodratoff, editorBroceedings
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not lead to a target theory. It should be investigated how to Intelligent Systemsolume 2366 of NAI. Springer, 2002.
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Minesweeper is a popular one—player computer game writt
nd Curt Johnson which was included i
in 1991. At the beginning of the game

by Robert Donner
Microsoft Window:

Learning Minesweeper with Multirelational Learning

Lourdes Pdia Castillo
Otto-von-Guericke-University
Magdeburg, Germany

Abstract

Minesweeper is a one-person game which looks
deceptively easy to play, but where average hu-
man performance is far from optimal. Playing the
game requires logical, arithmetic and probabilis-
tic reasoning based on spatial relationships on the
board. Simply checking a board state for consis-
tency is an NP-complete problem. Given the dif-
ficulty of hand-crafting strategies to play this and
other games, Al researchers have always been in-
terested in automatically learning such strategies
from experience. In this paper, we show that when
integrating certain techniques into a general pur-
pose learning system (Mio), the resulting system is
capable of inducing a Minesweeper playing strat-
egy that beats the winning rate of average human
players. In addition, we discuss the necessary
background knowledge, present experimental re-
sults demonstrating the gain obtained with our tech-
nigues and show the strategy learned for the game.

Introduction

the player is presented withpax ¢ board containingyq tiles

or squares which are all blank. Hidden among the tiles\ére
mines distributed uniformly at random on the board. The taslg
of the player is to uncover all the tiles which do not contain a
mine. At each turn the player can select one of three action
(moves): to mark a tile as a mine; to unmark a tile; and t
uncover a tile. In the last action, if the tile contains a mine,
the player loses; otherwise, the number of mines around th
tile is displayed. In thd x 4 board depicted in Fig. 1 left, the

numberl located on the second row from top indicates that
there is one and only one mine hidden among the eight blan

neighbouring tiles.

(0)

Stefan Wrobel
Fraunhofer AIS, Sankt Augustin
and University Bonn, Germany

wl|o|n|n

-
g [
|»
=i =1

Figure 1: Left: Available information on a board. Right:
Seven tiles can be determined safe (s) and one a mine(m)

a safe move cannot be done. Given the difficulty of hand-
crafting playing strategies for this and other games, Al re-
searchers have always been interested in the possibility of au-
tomatically learning such strategies from experience. How-
ever, with the exception of reinforcement learnifgsauro,
1999, most of the playing strategies and heuristics used in
game playing programs are coded and tuned per hand in-
stead of automatically learned. In this work, we use a gen-
eral purpose ILP system, Mio, to learn a playing strategy
for Minesweeper. Multirelational learning or ILP consists in
learning from examples usually within the framework pro-
vided by clausal logic.

The task of learning rules to deduce Minesweeper moves
proved itself to be an arduous test for current multirelational
learning systems. In this paper, we describe how recent opti-
mizations make possible for Mio to discover a Minesweeper

I,E/Ilaying strategy. Experimental results obtained by playing

inesweeper using this strategy show a better performance

’ than that obtained on average by non-expert human players.

The remainder of this paper is organized as follows. The
next section discusses the complexity of the game and de-
cribes the learning task. Section 3 describes the background
nowledge, the learning system and the new techniques used.
Section 4 shows our empirical results on the effectiveness of

the learning techniques, the strategy obtained and its perfor-

mance at game playing. Related work is surveyed in Section 5
Snd Section 6 concludes.

E Minesweeper
2.1 Why Is Minesweeper Interesting?

Although the simplicity of its rules makes Minesweeper Minesweeper has been shown to be NP-complete by simulat-

look deceptively easy, playing the game well is indeed chaling boolean circuits as Minesweeper positigkaye, 2000.
lenging: A player requires logic and arithmetic reasoning toKaye describes thBlinesweeper consistency probles the
perform certain moves given the board state, and probabiliggroblem of determining if there is some pattern of mines in
tic reasoning to minimize the risk of uncovering a mine whenthe blank squares that give rise to the numbers seen in a given
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board partially filled with numbers and marked mines, and 120 |4
thus determining that the data given is consistent. g y

One realizes the complexity of the game by calculating an 2 L|I n
estimate for the size of its search space. Conside¥ ar8 1i3i3:0

board withM = 10 mines; in this case at the beginning of

the game the player hag = 64 tiles from which to choose . ) . . .
amove (i.e., a tile to uncover) and in the last move, assuminé:'gure 2: The position of the last mine cannot be determined

the player does not uncover a mine, there Hrdiles from
which to choose one. This leadsi#! ~ 107! possible move %

sequences to win a game. Alternatively, one can calculate the N

probability of a random player winning a game. In the first Select an example € in ‘#*-7
move the probability that the random player chooses a tile 1

which does not contain a minefd /64, and in the last move Search for a clause C in the

it has1/11 chance to choose the only tile without a mine. {‘Oygﬁtlzgstﬁesgg‘gfd:‘ using g

Then, the probability of a random player winning a game is
1/(2}) ~ 10712 and that is only for the easiest playing level!
Another measure of the complexity of Minesweeper is the
number of games won on average by non-expert human play-
ers. To estimate the average human performance playing
Minesweeper, we carried out an informal study. In the study,

Remove examples in E
covered by C.
Y

‘ Add C to the theory T ‘

eleven persons who have played Minesweeper before were @, No
asked to play at least ten times in &rx 8 board with 10

mines. Every participant was told to aim for accuracy rather ves

than for speed. In this study, a person won on aveBagjeof c

the games with a standard deviatiorsés.

2.2 The Learning Task
In Minesweeper there are situations that can be “solved” with

nontrivial reasoning. For example, consider Fig. 1 left whereconcept such thaf = E+ UE~ andE+ N E~ = (), and has
the only available information about the board state are theg find a clausal theor§” which minimizes the classification

numbers. After careful analysis one finds that the squaregrror on future instances. Next we describe the background
with ans (see Fig. 1 right) do not contain a mine, the squarexnowledge and the system used.

with anm is a mine, and the state of the blank tiles cannot be

determined if we do not know how many mines are hidden ing ¢ Background Knowledge

the board. There are other Minesweeper situations where the

available information is not enough to identify a safe squarel'he background knowledge provides the system with infor-
or a mine, as in Fig. 2, and the best option available to thenation about the domain and is given in the form of logic
player is to make an informed guess, i.e., a guess that minpredicates (facts and rules, or clauses). A predicate is de-
mizes the risk of blowing up by uncovering a mine. scribed aswame(args, ..., arg,) and, in our casegrg; in-

In this work, we consider the learning task in Minesweeperdicates the argument’s type. The background knowledge pro-
to be the induction of rules to identify all theafe square’s  vided to the learning system about Minesweeper is shown
and squares with a mine which can be deduced given a boaid Table 1. The predicates in the background knowledge
state. For instance, we want the system to learn rules to clasvere defined by trying to abstract the concepts used by hu-

Figure 3: Example-driven covering algorithm

sify all the blank tiles in Fig. 1 either esafeor mine mans when explaining their own Minesweeper playing strate-
gies. These concepts were obtained from the first author’s
3 The Learning Tools Minesweeper playing experience and from Minesweeper

Jrages on the web.

In the predicates listed in Table 1T® is a determined or
uncovered tile, i.e., a numbeér. . .8 is shown on the tile; a

In machine learning it is possible to choose between a prop
sitional representation (in the form of attribute-value tuples)
and a multirelational representation (in the form of logic pred-=_. . ; o :
icates). A multirelational representation has the expressivel U IS @n unl_d?termmedhor blatmk@tna,%ard IS t.hze board slftatte
ness required to describe the concepts involved when re&iVen as alistop x ¢ characterd. .. 8,m, u; Zoneis a lis
soning about Minesweeper, and is thus more intuitive thar?f determined tiles, an8etis a set of undetermined tiles to-
the propositional one. For this reason we use multirelation ethdedr_ with thehnumbberl of m|n§s hidden amongdthose t'lﬁs'
learning for the learning task described above. Usuallyamulfﬂat ition, ezic hsyrl?j t? pre(t:e tm? %n a;gumeﬂp etnhotes gyv
tirelational learning system takes as input background know(:"at argument shouid be instantialed when caliing the predi-

edgeB, positive (E+) and negativek~) examples of a target cate. A+arg; is an input argument and should be instanti-
ger.p € 9 &) P g ated to a non-variable term;-aarg; is an output argument

IA safe square is a blank tile which given the current board stat@nd should be uninstantiated, angtarg indicates that the
cannot contain a mine. constant value of an output argument can appear in a rule.
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Predicate Description

zoneOflInterest(+TU, +Board, -Zone).. .. . . returns in Zone the tiles which are determined neighbours of TU and
the determined tiles which share an undetermined neighbour with them
(see Fig. 4 center).

totalMinesLeft(+Board,-Int) ............ returns how many mines remained to be marked.

allMinesInFringe(+Board, -Set) ......... gives the set of tiles in the frinahere all the remaining mines are.

setHasXMines(-TD, +Board, +Zone, -Setjyjives in Set the undetermined neighbours of TD (TD is in Zone),
and the number of mines hidden among them (see Fig. 4 right).

diffSetHasXMines(+Setl, +Set2, -Set) . . returns in Set all and only the tiles of Setl which are not also in Sef2
and the number of mines hidden among the tiles in Set.

inSet(+TU, +Set) ....................... is true when TU is a member of Set.
lengthSet(+Set,+Int) . ................... is true when Set contains Int tiles.
minesinSet(+Set,-#Int). ................. returns the number of mines hidden among the tiles in Set.

Table 1: Minesweeper background knowledge

3.2 The System too much in effectiveness. We implement a greedy search

troduced by P@a Castillo and Wrobef20028 which uses the macros are combined with each other and the best evalu-
a Progol-like declaration language and, the same as Pr@ted clauses are selected. Then if the selected clauses can be

gol [Muggleton, 199% lower bounds the search space with aextended (refined) the system tries to combine these clauses
most specific clausé (also called bottom clause). Thisis ~ With all the macros available and selects the best candidates.
a maximally specific clause which entails (covers) a positivel Nis last step is repeated until there is no clause which can be
examplee. Mio performs a general-to-specific (top-down) €xtended and the best candidates are returned.

IDA* [Korf, 1989 search to find a clause to add to the the- , _

ory. In addition, Mio selects stochastically the examples fromf\ctive Inductive Learning

which it learns, performs parallel search to increase the stabiln the covering algorithm a clause is learned which covers
ity of the example-driven approach, and enforces type strict(explains) some positive examples and none (or few) negative
ness. Three other techniques are implemented in Mio to albnes; however, in domains such as games and puzzles, thou-
low the learning of Minesweeper rules: macro-operators (osands of examples are required to contain most of the possible
macros, for short) to reduce the search space, greedy searghme situations; on the other hand, considering thousands of
with macros to speed up the learning process, and activexamples when evaluating a rule slows down the learning pro-

learning to guide the exploration of the instance space. cess. Thus, to improve the efficiency of the exploration of the
Macros :rrlsl\t/la}(r)\ce space, active learnif@ohnet al, 1994 is included

Macros in multirelational learninfPeia Castillo and Wro- o . . . .
bel, 2002k are a formal technique to reduce the hypothesis, ACtivé inductive learning consists of the following steps.
space explored by a covering system. A macro is a sequenéd thle beglgnmr?, Mlloriear?s frorg few randlomly drawn e’;}'
of literals, chosen from the bottom clause, which is created@'P/es and when it has learned some clauses gives these

based on provider-consumer relationships between the liteFlauses to an active learning server. The active learning server
als. A literal is a provider if it has output arguments, and jtreturns to Miocounterexamplés These counterexamples are

is a consumer if it receives as an input argument a variabl electeg from exalmple\s/\;gr:\_/lenwtl)_y a_\tran?om extar\]mple generator
provided by another literal in the bottom clause.i@@nd  (Of random sampler). While Mio iterates on the new exam-

Wrobel show that by adding macros instead of literals to aoles received, the server tests the rules obtained against ran-

clause, the number of clauses evaluated by the system is siggmly drawn examples, discards all the rules below a user-
nificantly reduced efined accuracy value and collects new counterexamples.

This validation step on the server side avoids overfitting
Greedy Search with Macros These steps are repeated until a user-defined maximum num-
In [Peia Castillo and Wrobel, 200Ranacros are used with ber of iterations is reached or no counterexample is found.
IDA*. It is well known that greedy search explores on av-  Active inductive learning is similar in spirit to integrative
erage less nodes than IDA*; however, greedy search coul@indowing [Fiirnkranz, 199Bwith two main differences: in
miss a solution because it underestimates the importangsur approach random sampling is done dynamically and a
of provider literals without discriminative power which are client-server architecture is used which allows to treat test-
nonetheless necessary to introduce new variables (this jag and learning as separated processes.

known as the myopia problem). Since macros add several

literals at once to a clause, they might reduce the myopia of “A counterexample is a positive example not covered by a set of

greedy search allowing us to gain in efficiency without losingclausesl” or a negative example covered by at least one clauge in
- - SOverfitting refers to obtaining results with high classification
3Fringe refers to all the blank tiles with a determined neighbour.error over new data despite null or almost null training error.

LEARNING 535



IZoneOfI nterest

J1 T Ji T J set([34,35],1)
1 1 g1 1_/1 1 1:1
%1 2".!5]2 ?_f_J'i;____szLJz e 1@ 3 Al
11 3]z DIEEE \J %1_"|J4LJ
sared] ] 2 LIl 3 Wz &l Be - iUl
N EEDnE | MEmnE /@ 2
1t 2}z 221 1 2iffz 2 2 1
111 1[ff1 111 1[ff1 set([40,41],1) set([34,35,41],2)

Figure 4: A rule learned by Mio. Left: Is the highlighted tile safe? Center: zoneOfinterest corresponding to the highlighted
tile. Right: Applying difference operations to the sets determined by the tiles inside a circle is concluded that the tile 40 is safe

4 Empirical Results the number of times the search is interrupted because of the

. . . search limit. Without active learning, overfitting occurs and
4.1 Improvements Obtained with each Technique  grroneous rules are obtained. The performance of the rules

Experiments were carried out to determine the effects on thebtained with IDA*+M is worse than that of the IDA* rules
rules obtained and on the system efficiency, of macros, greedjecause Mio with macros explores a larger part of the hy-
search with macros, and active inductive learning. To produc@othesis space and thus the IDA* + M setting overfits more
the training examples, we randomly generate board configihe training data. However, if no limit in the maximum num-
rations and take all blank tiles with at least one determinedPer of clauses explored per search is set, both settings (IDA*
neighbour as examples. If the blank tile does not contain &nd IDA*+M) obtain the same rules. The running time of the
mine is labeled as safe, otherwise it is labeled as mine. Affastest setting (AL+GS+M) is 56hrs.

terwards, contradictory examples are removed. In the expe# 2 Rules Learned

iments, the learning task was to learn rules to identify saferype 3 shows the rules with the highest winning rate which
tiles. The rule to discover mines was learned using the bes{are obtained by using both AL+GS+M and AL+IDA*+M.
setting (i.e., using active learning, macros and greedy searchi eytra rule was obtained with the latter setting; however,
For the completeness of this work, we ran Prdgaliggle-  this extra rule does not improve the playing performance.
ton and Firth, 200fland Foil[Quinlan and Cameron-Jones, one important feature of the rules learned by Mio is that they
1999 on the same learning task as Mio; however, we failedzan pe applied independently of the size of the board and the
to make the systems learn correct rules about safe tiles. Pregymber of mines. The rules vary in complexity. Rule S-1 and
gol search was interrupted due to search limits implementegyje M-1 correspond to the trivial situations where a deter-
in the system (although the maximum stack depth and resyined tile needs: mines andt mines are already marked,
olutions steps were set to 50000 and 10000, respectivelylnd where a determined tile neddmines and it hag blank
and Foil pruned determined literals which are needed. Thiﬁeighbours, respectively.
might imply that the optimizations included in Mio are in-  Qop, the other hand, Rule S-3 can be seen as one of the most
deed necessary to learn a Minesweeper playing strategy. Tagmplex rules because it involves three determined tiles to
ble 2 shows the empirical results with four Mio settings.  deduce a safe tile. Fig. 4 left shows a board state where Rule
All the experiments with active leaming were performed 5.3 is the only one which allows to identify a safe tile. The
with the same seeds which means that the same training eygle obtains the zoneOfInterest corresponding to the unde-
amples are generated by the random sampler and that Migrmined tile considered (Fig. 4 center). Then by applying
selects the same examples to guide the search. For the expgffference operations on the sets determined by three uncov-
iments without active learning, we took five random samplesered tiles from the zoneOfinterest (see Fig. 4 right), the set

from the set of examples used in the active learning exper$[40],0) is obtained and thus it is deduced that tile 40 is safe.
iments. The size of the sample is equal to the number o

examples received by Mio when performing active learning4.3 Game Playing
(40 positive and 34 negative examples). We carried out affo evaluate the performance at game playing of each set
extra experiment where Mio was given the complete set obf rules obtained, we used each set of rules as the playing
examples (2890 positive and 1306 negative) used by the astrategy of an automatic Minesweeper player and calculated
tive learning server to test Mio’s rules and select counterexthe percentage of games won by the player in 1000 random
amples; however, this experiment was stopped after Mio ragames (see Table 2). The playing conditions were the same
for 10 days. To reduce the running time of the experimentsas the ones presented to the human players; i.e., at the begin-
we set the maximum number of clauses explored per seardling the player is presented with an emgty 8 board with
to 4000 clauses. M = 10 mines and can uncover a mine in the first move.
Table 2 shows that each optimization added to Mio reduceslote that in most Minesweeper implementations, one never
the average number of rules (nodes) explored per search ahits a mine in the first move.
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Mio
IDA* IDA*+M AL+IDA*+M AL+GS+M
Ave. No. clauses explored per search 3135 1462 1008 566
% of searches which reached 4000-clause limit 70% 23% 4% 3%
Ave. No. of rules obtained 2.8 4 4 3
Ave. % of games won with rules 42.6% | 34.0% 52.4 % 52.0%

Table 2: Performance of various Mio settings used to learn rules about safe tiles (AL = Active Learning, GS = Greedy Search,
IDA* = Iterative Deepening A*, M = Macros)

Rules about Safe Tiles

%% RULE S-1 %%
safe(TILEUK,BOARD):-
zoneOfinterest(TILEUK,BOARD,ZONE), setHasXMines(TILEK,BOARD,ZONE,SET),
inSet(TILEUK,SET), minesIinSet(SET,0).

%% RULE S-2 %%
safe(TILEUK,BOARD):-
zoneOfinterest(TILEUK,BOARD,ZONE), setHasXMines(TILEKO,BOARD,ZONE,SETO),
setHasXMines(TILEK1,BOARD,ZONE,SET1), diffSetHasXMines(SET1,SETO0,SET3),
inSet(TILEUK,SET3), minesInSet(SET3,0).

%% RULE S-3 %%
safe(TILEUK,BOARD):-
zoneOfInterest(TILEUK,BOARD,ZONE), setHasXMines(TILEKO,BOARD,ZONE,SETO0),
setHasXMines(TILEK1,BOARD,ZONE,SET1), setHasXMines(TILEK2,BOARD,ZONE,SET?2),
diffSetHasXMines(SET1,SETO0,SET3), diffSetHasXMines(SET2,SET3,SET4),
inSet(TILEUK,SET4), minesInSet(SET4,0).

Rules about Mines

%% RULE M-1 %%
mine(TILEUK,BOARD):-
zoneOfinterest(TILEUK,BOARD,ZONE), setHasXMines(TILEK,BOARD,ZONE,SET),
inSet(TILEUK,SET), minesIinSet(SET,INT), lengthSet(SET,INT).

Table 3: Minesweeper rules learned by Mio

Let us analyze the performance of the best rule set (see PGMS plays using th&quation Strategyased on find-
Table 3). In 1000 games, the player made 15481 moves fronmg approximate solutions to derived integer linear equations,
which 2762 where random guesses, 169 used Rule S-1, 1028#d probabilities. As mentioned by Ramsd2002, PGMS
used Rule S-2, 54 used Rule S-3, and 2211 used Rule M-1.represents the information available on the board as a set of

In addition, we examined the effect of adding probabilisticinteger linear equations. Associated with an undetermined
reasoning. In the experiment, we instructed the player ustile is a variabler that has the valug if the tile hides a mine,
ing the rules shown in Table 3 to select a tile which mini- or 0 otherwise. An equation is generated for each uncovered
mizes the probability?(7,) that an undetermined tilE, isa  tile with an adjacent undetermined tile. Each equation has
mine when none of the rules can be appli€dT;,) is equal the formc = >, x;, whereS is a set of undetermined

Im(T4)) whereT), is a determined neighbour of iles, andc is the number of mines hidden amofig To sim-

to mavr, ( £z, plify notation, this equation is written as= S. Since the
Tu, fm(Tq) returns the number of mines needed®yand {2, b imper of hidden mines is known, an additional equa-

fn(Ta) retums the number of blank neighboursipf Every .tion simply equates this number with the sum of all of the
time the player has to guess, it selects the tile which mini-

: ; . undetermined tiles.
mizesP(T.,). This player wins 579 of 1000 random games. Every time a tilet is determined safe or a mine, the board

changes are propagated to all the equations contairéing a
5 Related Work new equation for the undetermined neighbours isfadded.
5.1 Minesweeper Plaving Programs In addmon, ifco = Sp ande; = S are tyvo equations such
P ) ying 9 ) that .Sy is a proper subset df;, the equatiorr; — co = S7 \
There are several Minesweeper programs available on thg, is added. To determine whether a tile is safe or a mine,

web. These programs are not learning programs but playingGms iteratively applies the following rules until none are
programs where the authors have embedded their own gamgjicablé:

playing strategy. Among these programs, John D. Ramsdell’'s
PGMS is quite successful winning 60% of 10000 random 7In these rules$S| is the cardinality ofS andS, \ S; is the dif-
games in & x 8 board with 10 mines. ference betweef, andsS;.
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a8 x 8 board with 10 mines, while on average a non-exper R. Michael Cameron-Jones,. Induction of logic programs:

human player wins 35% of the games. The performance of o) 304 related systemsNew Generation Computing
the playing program using these rules as playing strategy im- Special issue on IL,P13(3-45'287—312 1995 ’
proves to 60% when adding the use of probabilities. ' T )
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Abstract

We extend multiclass SVM to multiple prototypes
per class. For this framework, we give a compact
constrained quadratic problem and we suggest an
efficient algorithm for its optimization that guaran-
tees a local minimum of the objective function. An
annealed process is also proposed that helps to es-
cape from local minima. Finally, we report experi-
ments where the performance obtained using linear
models is almost comparable to that obtained by
state-of-art kernel-based methods but with a signif-
icant reduction (of one or two orders) in response
time.

1 Introduction

Automatic multiclass classification, i.e. the process to auto-
matically assign exactly one from a prefixed set of labels to a
stream of input instances, is a central task for many real world
problems like speech recognition, OCR, text categorization
etc. Many supervised learning methods have been studied
that help on these tasks. Recently, kernel-based methods, like
SVM, have been well studied especially for binary settings,
and they vyielded state-of-art performance in many different
tasks. SVM searches for a high margin linear discriminant
model in a very high dimensional space (feature space) where
examples are implicitly mapped via a function ®(z). Since
kernel-based algorithms need only of dot products in feature
space, it is possible to resort to the so called kernel trick if
these dot products can be computed efficiently with a kernel
function K (z,y) = ®(x) - ®(y). When the number of exam-
ples (or support vectors) is large, these approaches tend to be
less efficient w.r.t. the time spent for classifying new vectors
since they require to work with the implicit characterization
of the discriminant model.

One of the most effective SVM extension able to deal
with general multiclass problems has been recently provided
[Crammer and Singer, 2000] and it has shown very good re-
sults. In this paper, we extend the multiclass SVM to the
multi-prototype setting where for each class there can be
more than one prototype vector. This allowed us to get very
expressive decision functions by using simple models without
necessarily requiring the use of kernels.
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1.1 Preéiminariesand notation

Let S = {(z1,¢1), -, (Tn,cn)} be a set of n training exam-
ples, z; € X CR? and ¢; € C = {1,..,m}. A single-label
multi-class classifier is a function h : X — C that maps in-
stances z € X to labels ¢ € C. We focus on the class of
winner-take-all linear classifiers with form:

() = € (argmag(01 -} (1)

where M, is the r-th prototype vector, R is the set of proto-
type indexes and C(r) the function returning the class associ-
ated to the prototype indexed r. Given a classifier h s (x) and
a training example (z;, ¢;) we will say that h s (x) misclassi-
fies T; if hM(ZIZ,) 75 C;i.

In the following, we denote by y7 the constant that is equal
to 1if C(r) = ¢; and —1 otherwise. For a given example z;,
we denote by P; = {r € R : yI = 1} the set of "positive”
prototypes indexes and by N; = {r € R : yI = —1} the
set of "negative” prototypes indexes. Finally, the real value
sq(z) = M, - z is referred to as similarity score (or simply
score) of the r-th prototype on the instance x.

2 Single-prototype multi-class SVM

An effective multi-class extension to SVM has been already
proposed in [Crammer and Singer, 2000]. The resulting
classifier is of the same form of (1) where each class has
associated exactly one prototype, i.e. R = C and C(r) = r.
The solution is obtained through the minimization of a
convex quadratic constrained problem. In this section, we
present a simpler derivation of an equivalent formulation that
will be extended in the next section to the multi-prototype
framework.

In the multiclass setting, in order to have a correct classi-
fication of the instance x;, the prototype of the correct class
should have a score that is greater than the maximum among
the scores of the prototypes associated to incorrect classes.
We can formally write the constraints for a correct classifica-
tion of the example x; with a margin greater or equal to 1 by
requiring:

Myi -x; > 0; +1and §; = max M, - x;,
r#Yi
where y; = ¢; is the index of the prototype vector associated
to the correct class for the example z;. To allow for margin
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violations, for each example, we introduce soft margin slack
variables & > 0, s.t.

& =[0i +1— My, -zi4,

where [z]4+ denotes the hinge loss equal to z if 2 > 0 and
0 otherwise. Notice that the value &; is an upper bound to
the 0 — 1 loss for the example z;, and consequently its aver-
age value over the training set will be an upper bound for the
empirical error.

Motivated by the structural risk minimization (SRM) prin-
ciple in [Vapnik, 1998], we want to search for a set of pro-
totype vectors M = {My, .., M|} with small norm such
to minimize the empirical error on the training set. For this,
we can formulate the problem in a SVM-style by requiring
a set of prototypes of minimal norm that fulfill the soft con-
straints given by the classification requirements. Thus, the
single-prototype multiclass SVM (SProtSVM) will result in:

minare,g 5| M[* +7 3 &

Vi, r;éy,, M, - xz; < 0;, @)
subject to: { Vi, My, -x; > 0; +1 =&,

Vi, >0

Notice that, as desired, the optimal solution for 8; will be the
maximum value among the negative scores for the instance
x;. This problem is convex and it can be solved in the stan-
dard way by resorting to the optimization of the Wolfe dual
problem. In this case, the lagrangian is:

SIMIP+y 3, 6+
ity @ (M x,—01)+

>
o y'(e [ - Zi)—
PP

%llMll2 Syl
Yl + 30y
©)

subject to the constraints o}, A; > 0. By differentiating the
lagrangian with respect to the primal variables and impos-
ing the optimality conditions we obtain the set of constraints
(KKT conditions) that the variables must fulfill in order to be
an optimal solution:

L(M,§,6,0,)) =

ayl -\ )é.za

8L(M7£,9aa7)‘) — M’I‘ - Z y’l‘a’l‘wi
(]
y—ali -\ =0&a¥ <y

ai’h = ET‘#M aj
(4)
By using the fact o = £ 3" a7 and substituting condi-

tions (4) in (3) and omitting constants that do not change the
solution, the problem can be restated as:

aL(zv?JgE A) 0 e

S 7a, —

aL(Mng"a A) -V
S ’a7 —

— %y, = 0 &

= |IM(a)[?
Vi,r, ai >0 ®)
Vi,aft =30 . af <7

,
maXa ) ; . O

subject to: {

The next section includes an efficient optimization pro-
cedure for the more general multi-prototype setting that in-
cludes the single-prototype case as a particular instance.
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3 Multi-prototype multi-class SVM

In this section, the SProtSVM model previously defined will
be extended to the case of multiple prototypes per class. The
basic idea is that, given multiple prototype vectors, we have a
correct classification iff at least one of the prototypes associ-
ated to the correct class has a score higher than the maximum
of the scores of the prototypes associated to incorrect classes.

In this case, we write the constraints for a correct classifi-
cation of the example z; with a margin greater or equal to 1
requiring:

Ire P Mr-wi20i+1and9i:m%c M, - ;.
reN;

To allow for margin violations, for each example z;, we
introduce soft margin slack variables £ > 0, one for each
positive prototype, s.t.

VTGPi) 6: = [0z+1_Mrmz]+
Given a pattern z;, we arrange the soft margin slack variables
€7 in a vector &, € R¥:I. Let us now introduce, for each
example z;, a new vector 7r; € {0, 1}1%, whose components
are all zero except one component that is 1. In the following,
we refer to 7r; as the assignment of the pattern ;. Notice that
the dot product =; - €; is always an upper bound to the 0 — 1
loss for the example z; independently from its assignment.

Now, we are ready to formulate the multi-prototype prob-
lem by requiring a set of prototypes of small norm and the
best assignment for the examples able to fulfill the soft con-
straints given by the classification requirements.

Thus, the MProtSVM formulation will result in:

minare o, 5|[M[2+v>, i - &;

W,r € Ni, Mr sz < 0,’, (6)
subject to: { Yi,r € Py, My -x; >6; +1—-&],

Vi,r € P;,& >0

Unfortunately, this is a mixed integer problem that is not
convex and it is a difficult problem in general but, as we will
see in the following, it is prone to an efficient optimization
procedure that approximates the global optimum. At this
point, it is worth noticing that, since the effective formulation
is itself an (heuristic) approximation to the structural risk
minimization principle, a good solution, although not opti-
mal, can anyway give good results. As we see after, this claim
is confirmed by the results obtained in our experimental work.

Let suppose now that the assignments are kept fixed. In this
case the reduced problem becomes convex and can be solved
as above by resorting to the optimization of the Wolfe dual
problem. In this case, the lagrangian is:

Lw(Magaaaaa)‘) = %HM||Z+’VZ ™ - £+
irep, O of(0; +1—-¢& — M, - z;)—
z:z,reP1 )‘Té.r

i,rEN; aj (M, - x; — 6;),

. . M
subject to the constraints o, A} > 0. As above, by differen-
tiating the lagrangian of the reduced problem and imposing
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the optimality conditions, we obtain:

L (ME 0,00 _ () o M, =Yyl

oM,
OL(M,£,0,0,))

BLﬂ(Agﬂiﬂ’a’)\) =0 & ZrEPi a; = ET‘ENi air
(8)

Notice that the second condition requires the dual variables
associated to positive prototypes and not assigned to the as-
sociated pattern to be 0. By denoting now as y; the unique
index r € P; such that #7 = 1, once using the conditions (8)
in (7) and omitting constants that do not change the obtained
solution, the reduced problem can be restated as:

maxq )2, . of — |[M(a)l[®
Vi,r, of >0
Vi, o =3 cn af <y
Vi,r € P\ {yi}, af =0

©)

subject to:

It can be trivially shown that this formulation is consistent
with the formulation for SProtSVM'’s given above.

3.1 Optimization with static assignments

When patterns are statically assigned to the prototypes
via constant vectors m;, the convexity of the associated
MProtSVM problem implies that the optimal solution for the
primal problem in (6) can be found through the maximization
of the lagrangian in (9).

Assuming an equal number ¢ of prototypes per class, the
dual involves n x m x ¢ variables which lead to a very large
scale problem. Anyway, the independence of constraints
among the different patterns allows for the separation of the
variables in n disjoint sets of m x ¢ variables.

The algorithm we propose for the optimization of the prob-
lem in (9) is inspired by the ones already presented in [Cram-
mer and Singer, 2000; Aiolli and Sperduti, 2002a] and con-
sists in iteratively selecting patterns from the training set and
optimizing with respect to the variables associated to that pat-
tern. From the convexity, each iteration leads to an increase
of the lagrangian until no more improvement is possible since
the optimal solution for the lagrangian has been found.

After selecting a pattern z;, to enforce the constraint
ZreN,- al + X = v, Ay > 0, two elements from the set
of variables {af,r € N;} U {\;} will be optimized in pair
while keeping the solution inside the feasible region. In par-
ticular, let w, and w, be the two selected variables, we restrict
the updates to the form w; + w; + p and wy + ws — p With
optimal choices for p. Iterating the application of this basic
step over different pairs and then doing the same for different
patterns will guarantee to reach the optimum for the overall
problem.

Let now compute the optimal value for p. First of all, we
observe that the update will affect the squared norm of the
prototype vector M,. of an amount

A[|M, |2 = [|AM,|]2 + 2M, - AM,.

Now, we show how to analytically solve the associated
problem with respect to an update involving a single variable
ap,r € N; and the variable A,. Since A, does not influence
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the value of the objective function, it is possible to solve the
associated problem with respect to the variable «;, and ay?

to keep the constraint a” = 3 .y aj, satisfied and then to

enforce the constraints A\, = v — ZseN a; > 0. Thus, in
this case we have:

ay, < aj + pand agr « air + p.
Since AM, = —pzp, AM,, = pz, and AM,; = 0 for
s ¢ {r,y;}, we obtain A||M||> = A||M,|?
202 lap|2 + 20(s,, () — s,(z,)) and AL(a) = 2p(1 -
Sy, (p) + s (2p) — pl|zp||?). Since this last formula is con-

cave on p, it is possible to find the optimal value when the
first derivative is null, i.e.

1 — sy, (xp) + sr(zp)
2|y

If the values of o, and ay?, after being updated, would turn

out to be not feaS|bIe for the constraints o, > 0 and op” < 7,
we select the value for p such to fulfill the violated constralnt
bounds at the limit.

Now, we show how to analytically solve the associated
problem with respect to an update involving a pair of vari-
ables o', a72 such that r1,7, € N;and r1 # r2. Since, in
this case the update must have zero sum, we have:

p=argmaxAL(a) =
P

a,' oyt +panda’ « ap® —p
In this case, AM,, = —pz,, AM,, = pzp and AM, =
0 for s ¢ {ri,r2}, we obtain A[|M||> = A||M.|* +
AlM,IP = 20%zpl]* + 2p(sr,(2p) — sry(2p)) and
AL(a) = 2p(8r, () — 8ry(zp) — p||Tp]|?). Since also this
last formula is concave on p, it is possible to find the optimal
value

Sry (:UP) — Sry (mp)
2[|z,|[?

Similarly to the previous case, if the values of the ! and
g, after being updated, would turn out to be not feaS|GIe for
the constralnts ap' > 0and az? > 0 we select the value for
p such to fulfill the violated constraint bounds at the limit.
Iterating multiple times the basic step described above on
pairs of variables chosen among that associated to a given
pattern it is guaranteed to find the optimality condition for
the pattern. This has been exploited in [Aiolli and Sper-
duti, 2002a] to devise an incremental algorithm that uses the
method on the reduced problem of a single example and then
iterates over different examples. This optimization proce-
dure can be considered incremental in the sense that the so-
lution previously found for a given pattern forms the initial
condition when the pattern is selected again for optimiza-
tion. In this version, the basic step of optimization of the
reduced problem can require the optimization over all the
((m —=1) x ¢+ 1)((m — 1) x q)/2 pairs of variables not
constrained to O associated with the selected pattern. Thus
the complexity of the optimization of the reduced problem is
o(I x (m x q)?) where I is the number of iterations.
Now, we perform a further step by giving an algorithm that
at each iteration has a complexity o(m x q). For this, we ob-
serve that for the variables {aj,, A, } associated to the pattern

p = arg max AL(a) =
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x, to be optimal, the feasible analytic solution p must be 0
for each pair.

In particular, for the first case above, in order to be able to
apply the step, it is required that, one of the following two
conditions are verified, i.e.:

(3. (2p) < mareny, 5r(25) +1) A (0 <)
\%
(Syi (.%'p) > MAXreN,,a;>0 sr(wp) + 1) A (agi > O)
while for the second case we must have:

S .
g?vai sr(zp) min

reNp,a;>0 Sr (xp)

Notice that these facts can be checked in linear time. It is
easy to show that the solution obtained at a certain step can
be improved iff one of these facts are verified. This suggests
an efficient procedure, shown in Figure 1(Top), that tries to
greedily fulfill the previous condition of optimality.

3.2 Optimization of general MProtSVM

In this section, we present an efficient procedure that guaran-
tees to reach a local minimum of the objective function of the
problem in (6) associated to MProtSVM. This procedure will
try to optimize also with respect to the assignments ;.

Let suppose to start with a given assignment (1) for the
patterns. In this case, as we have already seen, the associated
problem is convex and can be efficiently solved by using the
algorithm given in Section 3.1. Once that the optimal value
for the primal Pz has been reached, we observe that the so-
lution can be further improved by updating the assignments
in such a way to assign each pattern z; to a positive prototype
with minimal slack value, i.e. by setting the vector ;(2)
such to have the unique 1 corresponding to the best perform-
ing positive prototype. However, with this new assignment
7(2), the variables a might not fulfill the second KKT con-
dition in eq. (8) anymore. If it is the case, it simply means
that the current solution « is not optimal for the new assign-
ment. Thus, a lagrangian optimization done by satisfying
constraints dictated by KKT conditions for the new assign-
ment is guaranteed to obtain a new « with a better optimal
primal value P,*,(z). For the optimization algorithm to suc-

ceed, however, the KKT conditions on the o must be restored
in order to return back to a feasible solution and then finally
resuming the lagrangian optimization with the new assign-
ment 7r(2). We restore the KKT conditions by setting a;; = 0
whenever there exists r € P; suchthata] > 0A @} = 0.

Performing the same procedure over different assignments,
each one obtained from the previous one by the procedure
just mentioned, implies the convergence of the algorithm to a
local solution for the primal problem when no improvements
are possible and the KKT conditions are all fulfilled by the
current solution. This is due to the fact that every step induces
an improvement on the primal value.

The first problem with this procedure is that it results oner-
ous when dealing with many prototypes since we must per-
form many lagrangian optimizations. For this, we observe
that for the procedure to work, at each step, it is sufficient to
stop the optimization of the lagrangian when we find a value
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OptimizeOnPattern(z,, ,c)
Vr, s, := sr(a?p), K, = ||37p||2;
do
if (ay? = 0) then {

o . o . l—sylp—i-sr1 .
71 1= arg Max,en, Sr; P1 = mm{w,v},

Vi:=2p(1- Sy, T Sry — lepp); k:=1}
else {

T1 1= arg maXre N, Sr;

T2 1= ArgMAXreN,,a5>0 St

T3 1= arg minreNP,aPO Sr;

o . lfsyp+s,~1 Yp .
pri=min{ o S — ')

— 1_SUP+S"‘2 727 -
p2 = max{ oy o Ok

Sry —Sr

p3 = min{mi—),a;f};
Vi= 2;01(1 — Sy, + Sry — lepp);
‘/2 = 202(1 — Sy, + Srg — pZKpp);

V3= 2P3(3T1 — Srg — p3Kpp);
k:=argmax; V; };
casek of {
Yp

1 ap® = 0p" + p1; alﬁl = oz]r,l + p1;
Syp *= Sy, T P1Epp; Sy 1= 8py — pLEpp;

. Y . Y . o .

2. ap® = op” + po; a;2 = a;f + p2;
Sy, = 8y, + p2Kpp) 8py 1= Sy — p2 Ky,

3 at = a;)l + ps; a:ﬁ = afﬁ — ps3;
Spy 1= 8py — P3Kpp; Srg := Spy + p3Kpp}

until (Vi <e);

return {a}

AnnealedM ProtSVM()
T := Tp; randomly initialize 7w (1);
compute the primal E(1) := Ppr1)(0);
fort=1,.., tmaz
do for all the examples z, € S
ap = OptimizeOnPattern(z, , €);
until Pr (o) < E(t);
compute a new assignment 7 (¢ + 1) using 7'(¢, To);
compute the new primal E(t + 1) := P11 (a);
restore KKT conditions on «; /*see Section 3.2*/
end;

Figure 1: Top: algorithm for the optimization of the variables
associated with a given pattern x, and a tolerance e. Bottom:
algorithm for the optimization of MProtSVM.
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for the primal better than the last found and this is going to
happen for sure since the last solution has been found not op-
timal. This requires only a periodic check of the primal value
when optimizing the lagrangian.

The second and more stringent problem is that the proce-
dure will lead to a local minimum that can be very far from
the best possible. For this, we suggest to update the assign-
ments on the basis of a stochastic annealed function instead
of the hard decision function described above.

Specifically, let us view the value of the primal as an energy
function )

B(m) = SIIMIP +7 ) mi- &
=
Let suppose to have a pattern z; having slack variables &7,
r € P; and suppose that the probability for the assignment to
be in the state s (i.e. with the s-th component set to 1) follows
the law
pi(s) < exp(—AE,/T)

where T is the temperature of the system and AE; = v(&f —
&/*) the variation of the system energy when the pattern z;
is assigned to the s-th prototype. By multiplying every term
pi(r) by the normalization term exp(v(£Y* —&2)) where £2 =
min,¢cp; £ and considering that probabilities over alternative
states must sum to one, i.e. ) . p. pi(r) = 1, we obtain

s 0
pi(s) = exp(~ 2280 7

with Z =37, exp(—v(&f —£€7)/T) the partition function.

Thus, when assigning the pattern xz;, each positive proto-
type s will be selected with probability p;(s). Notice that,
when the temperature of the system is low, the probability
for a pattern to be assigned to a prototype different from the
one having minimal slack value tends to 0 and we obtain a
behavior similar to the not annealed version of the algorithm.
The simulated annealing is typically implemented by decreas-
ing the temperature as the number of iterations increases by a
monotonic decreasing function T = T'(¢,Tg). The full algo-
rithm is depicted in Figure 1 (Bottom).

4 Experimental Results

We tested our model against three datasets that we briefly de-
scribe in the following:

NIST: it consists of a 10-class task of 10705 digits randomly
taken from the NIST-3 dataset. The training set con-
sists of 5000 randomly chosen digits, while the remain-
ing 5705 digits are used in the test set.

USPS: it consists of a 10-class OCR task (digits from 0 to 9)
whose input are the pixels of a scaled digit image. There
are 7291 training examples and 2007 test examples.

LETTER: it consists of a 26-class task (alphabetic letters
A-Z). Inputs are measures of the printed font glyph. The
first 16000 examples are used for training and the last
4000 for testing.

Even if any kernel function can be in principle used, for the
following preliminary experiments, we used the linear kernel
K(z,y) = (z-y+1). This allowed us to write an optimized
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code for training and classification that works directly with
the explicit (compact) version of the model M.

Since we are primarily interested into the evaluation of
MProtSVM w.r.t. SProtSVM, for each dataset, we performed
validation on the parameter  for the SProtSVM model and
we re-used the obtained value for training every MProtSVM
generated for the same dataset. This approach seems us any-
way a pessimistic estimate of the performance of MProtSVM.

The annealing process required by MProtSVM has been
implemented by decreasing the temperature of the system
with the exponential law:

T(t,To) = To(1 —7)"

where 0 < 7 < 1 and Ty > 0 are external parameters. We
used Ty = 10 for all the following experiments.

| g | LVQ2.1Error % | MProtSVM Error % |

1 7.43 6.45
5 4.68 3.70
10 4.35 3.28
15 3.52 3.24

Table 1: Comparison of generalization performances be-
tween LVQ and MProtSVM increasing the number of code-
books/prototypes on the NIST dataset (5 = 0.2 x g).

| g9 | USPSError (%) || g [ LETTERError (%) |
1 8.12 1 21.36
3 6.13 2 13.42
5 5.83 3 9.64
10 5.48 5 6.42
15 5.33 10 4.84
20 5.38 15 3.16

Table 2: (a) Test error of MProtSVM on the USPS dataset
(v = 0.01, 7 = .05, 8 = 0.137 x q), with an increasing
number of prototypes; (b) Test error of MProtSVM on the
LETTER dataset (y = 10, 7 = 0.1, 8 = 0.043 x g), with an
increasing number of prototypes.

A set of experiments have been performed to compare the
generalization performance of our (linear) model versus LVQ
[Kohonen et al., 1996] which seemed to us the most compa-
rable model. For this, we have reported the best results that
have been obtained by LVQ on the NIST dataset. Specifi-
cally, they have been obtained with the LVQ2.1 version of
the algorithm (see [Sona and Sperduti, 2000]). As it is possi-
ble to see in Table 1, MProtSVM performs significantly better
when few prototypes per class are used, while the difference
gets lower when the number of prototypes per class increases.
This can be due to the more effective control of the margin for
SVM w.rt. LVQ models. On the same dataset, the tangent-
distance based TVQ algorithm [Aiolli and Sperduti, 2002b]
has obtained the best result, a remarkable 2.1% test error,
and polynomial SVM’s have obtained a 2.82% test error. In
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| q ] T7=02 7=0.1 7 =0.05 7=10.03
3 | 7.44626 (6.33%) 7.28040 (6.03%) 7.08138 (6.13%) 7.04274 (6.48%)
5 | 7.49136 (6.08%) 7.27318(5.63%) 7.10498 (5.83%) 7.00946 (5.58%)
10 | 7.82233(5.58%) 7.51780 (5.88%) 7.27596 (5.48%) 7.12517 (5.23%)
15 | 7.82222 (5.33%) 7.57000 (5.73%) 7.38722 (5.33%) _ 7.22250 (5.53%)
20 | 7.78410 (5.48%) 7.79388 (5.72%) 7.49125(5.38%) 7.21303 (5.53%)

Table 3: Primal values and generalization error obtained with different configurations varying the parameter — (USPS dataset).

addition, we tested the MProtSVM on the UCI Irvine USPS
and LETTER datasets. As it is possible to see in Table 2, by
combining a reasonably high number of linear prototypes, we
have obtained performances almost comparable with the ones
obtained in literature by using non-linear models. In fact, on
the USPS dataset, we have been able to get a 4.63% error,
using a SProtSVM with polynomial kernel of degree 3 and
without preprocessing the data, while for LETTER, we re-
fer to the 1.95% obtained in [Crammer and Singer, 2001] by
SProtSVM with exponential kernel. Although obtained with
a slightly different split of the LETTER dataset (15000 exam-
ples for training and 5000 for test), we would like to mention
the results reported in [Michie et al., 1994] where LVQ and
k-NN yielded a 7.9% and 6.8% error, respectively.

Notice that MProtSVM returns far more compact models
with respect to state of the art non-linear kernel methods,
thus allowing a (one or two order) reduced response time
in classification. Defining a sort of model complexity fac-
tor 5 = 100 x (m x q)/n, i.e. the number of prototypes
produced as a fraction of the cardinality of the training set,
the above experiments have shown very low value for 3 (e.g.
15 x 26 prototypes in the LETTER dataset gives 8 = 0.65%
and 20 x 10 prototypes for USPS gives 8 = 2.74%). Notice
that 8 can be directly compared with the fraction of support
vectors in kernel machines. Thus, MProtSVMs also give us a
way to decide (before training) the complexity of the model.

Finally, in Table 3 we have reported the values of the ob-
jective function of the primal problem in (6) along with their
corresponding test errors obtained with the USPS dataset us-
ing different configurations and lowering the parameter 7. As
expected, fixed a raw in the table, better values for the pri-
mal can be obtained with lower values of 7. Moreover, as
the number of prototypes per class increases, the choice of
small = tends to be more crucial. Anyway, higher values for
7, and thus not optimal values for the primal, can neverthless
lead to good generalization performances. This can be due to
the fact that the primal value is just a way to approximate the
theorethical SRM principle.

5 Conclusion

We have proposed an extension of multiclass SVM able to
deal with several prototypes per class. This extension defines
a non-convex problem. We suggested to solve this problem
by using a novel efficient optimization procedure within an
annealing framework where the energy function corresponds
to the primal of the problem. Experimental results on some
popular benchmarks demonstrated that it is possible to reach
very competitive performances by using few linear models
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per class instead of a single model per class with kernel. This
allows the user to get very compact models which are very
fast in classifying new patterns. Thus, according to the com-
putational constraints, the user may decide how to balance the
trade-off between better accuracy and speed of classification.
Finally, it should be noted that the proposed approach com-
pares favorably versus LVQ, a learning procedure that, simi-
larly to the proposed approach, returns a set of linear models
per class.
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Continuous nonlinear dimensionality reduction by kernel eigenmaps

Matthew Brand
Mitsubishi Electric Research Laboratories
Cambridge, MA 02460 USA

Abstract

We equate nonlinear dimensionality reduction
(NLDR) to graph embedding with side information
about the vertices, and derive a solution to either
problem in the form of a kernel-based mixture of
affine maps from the ambient space to the target
space. Unlike most spectralLDrR methods, the
central eigenproblem can be made relatively small,
and the result is a continuous mapping defined over
the entire space, not just the datapoints. A demon-
stration is made to visualizing the distribution of
word usages (as a proxy to word meanings) in a
sample of the machine learning literature.

1 Background: Graph embeddings

Consider a connected graph with weighted undirected edges

specified by edge matri¥v. Let W; =Wj; be the posi-
tive edge weight between connected verticesd j, zero
otherwise. LetD = diag(W1) be a diagonal matrix where
Dii = ¥ jW;, the cumulative edge weights into vertexThe

following points are well known or easily derived in spectral

graph theonjfFiedler, 1975Chung, 199F:
1. The generalized eigenvalue decompositiewt)
WV = DVA 1)

has real eigenvectod = [v1,---,vn] and eigenvalues
N= diag([)\l >N > > )\ND

2. Premultiplying equationl) by D—! makes the general-
ized eigenproblem into stochastieigenproblem

4.

6.

RY with minimal distortion vis-a-vis the weights, in the
sense that a largéM; stipulates a shorter embedding
distance. Formally, the embedding

Yig=[V2,---,Vas1]' =arg max tracgYWY ') (4)
YDY =

minimizes the distortionl — tracg YWY )
d+1 d+1

= k;(l_Ak) = k; %(Vik —Vi)Wj /2 (5)

for any integed € [1,N]. The norm constraintDY " =

| sets the scale of the embedding and causes vertices of
high cumulative weight to be embedded nearer to the
origin.

Y can be rigidly rotated ifR® without changing its dis-
tortion. The distortion measure is also invariant to rigid
translations, but the eigenproblem is not, thus there is
an unwanted degree of freedomqF) in the solution.
Due to stochasticity, thisoF is isolated in the uniform
eigenvectory, which is suppressed from the embedding
without error (because 4A; = 0). Addingtv] to Y
rigidly translates the embedding by RC.

. Premultiplying byV " and rearranging equates equa-

tion 1 to theevD of the graph Laplacia® — W:
VI(D-W)V=1-A. (6)

Premultiplying by D-Y/2 connects equatior to the
(symmetric)evD of the normalized Laplacian:

(D~Y2WD Y2V = V/A @)
with V' = DY/2v.

LEARNING

. Expanding and collecting terms f; reveals the geo-

(D 1W)V:VA’ (2) In summary: Equatioril gives an optimal embedding of
whereD~W s a stochastic transition matrix having @ graph inR? via eigenvectors/z---vq.1; eigenvaluehsis
nonnegative rows that sum to one. The largest eigenstochastic and the corresponding eigenveiois uniform;
value of equation) is thereforestochastiqgh; = 1) and  this is an important property of thevd solution because it
its paired eigenvector isniform (vy = 1/v/N). |solat_es th_e probl_em’s unwanted _translatlonal_d_egret_e of free-

dom in a single eigenvector, leaving the remaining eigenvec-
tors unpolluted.
Many embedding algorithms can be derived from this anal-
ysis, including the Fiedler vectgFiedler, 1975, locally lin-
ear embeddingsL(E) [Roweis and Saul, 2000and Lapla-
The d eigenvectors paired to eigenvaluks through  cian eigenmapEBelkin and Niyogi, 200P. For example, di-
Agr1 therefore give an embedding of the vertices inrect solution of equatiofi gives the Laplacian eigenmap; as

metric meaning of the eigenvalues:
Me= 1= 3 (Vik — Vi) "W /2. 3)
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a historical note, the symmetrized formulation was propose@ndY affineand guarantees thaf Z is uniform, but it can
by Fiedler in the 1970s and has been used for heuristic grapdiso force the eigenvectors to model additional variance that

layout since the 198d#/1ohar, 1991. is not part of the problem.
Working backward from the desiderata that the leading col-
2 Transformational embeddings umn of V'Z should be uniform, leK = diag(v{ Z)~! such

thatZK is a modified representation of the vertices with val-
Bies ofz(-) reweightedon a per-vertex basig; — z/(v] z).
Clearly(V"zK)" has a uniform first column, since each row
is divided by its first element.

It follows immediately that the related eigenproblem

Now consider a more general problem: We are given som
information about the vertices in a matiax= [z;,---,zn] €
RI*N whose columns are generated by applying a vector
valued functionz(-) — z € R® to each vertex of the graph.
We seek a linear operator which transformgo the optimal

graph embedding5(Z) — Y. We will call this the “transfor- (ZKWKZ ")V = (ZKDKZ ")V'N' (12)
mational embedding,” to distinguish it from the “direct em- ) ) )
bedding” discussed above. is stochastic and Y” = [v§,v5,---]TZK is an embedding
A natural candidate for the algebraic statement of the trans¥ith the unwanted translational degree of freedom totally re-
formational embedding problem is the generalizs moved. Note that the raw and stochastic approximations are
orthogonal (under metriD): Y”/DY”" is a diagonal matrix;
(ZWZ ")V = (ZDZ "VA, (8)  the other methods are not.

It should be noted that—when scaled to have equal norm

because settiny =V 'Z makes this equivalent to the orig- tracd YDY T )— none of these approximations has uniformly

:nal direct embedding prt;’lblern,'vl Al‘(gaigr'] tlheére IS an equivaynerior distortion scores; but in Monte Carlo trials with ran-
ent symmetric eigenproblem: Make CholeSkdecomposi- o graphs, we find a clear ordering from lowest to highest

: : ; dxd om g . : . .
tionR'R «ZDZ " into upper-triangulaR € R”@and let gjstortion: reweighted affine stochastic raw (see figurel).

B = (RiTZWZ T Ril) S RdXd~ (9) Graph embedding distortions
0.16 T T
Then
BV = VA (10) o
Wlth 0.121
V=RV, V=R V. (11) 01

This gives an embeddings,vs,---] " Z, and a computational
advantage: IZ € R%N is a short matrixd < N), the origi-
nalN x N eigenproblem can be reduced to a very sdadld
problem, and the matrix multiplications also scalege?N)
rather tharO(N®), due to the sparsity a andD.

o o
o o
= >

avg normed distance to optimal (106 trials)
o o
o o
N =]

reweighted affine stochastic

2.1 Correcting problematic eigenstructure modification to eigenproblem

It is generally the case that" ¢ rangéZ " )—there is no lin-

ear combination of the rows & giving Y, so the desired lin- Figure 1. Comparison of methods for modifying the row-

ear mappinds(Z) — Y does not exist. Equatior&-11give  space ofZ. The graph shows distortion from the optimal

the optimal least-squares approximation®) =V'Z ~Y. embedding, averaged o_verelﬂiials with 50-node matrices

This approximation can have a serious flawl #f ranggz ")  having random edge weights and randara R**.

then the first eigenvectar is not uniform; it cannot be dis-

carded as the unwanted translatiomalr. Worse, all the The raw approximation is suboptimal because information

other eigenvectors will be variously contaminated by the unabout thed-dimensional embedding is spread ower- 1

wantedDOF, resulting in an embedding polluted with arti- €igenvectors, no subset of which is optimal. The stochas-

facts. For this reason, we call direct solution of equaBian  tic approximation is also suboptimal—it optimizes a differ-

raw approximation. ent measure implied by equatid. In practice, when com-
Our options for remedy are limited to those that modify Puting embeddings of graphs whose embedding structure is

the row-space of to reintroduce the uniform eigenvector. knowna priori, we find that the reweighted and stochastic

For reasons that will become obvious below, we will restrictapproximations give results that are clearly very similar, and

ourselves to operations that can be applied to any column @fuperior to the other approximations.

Z without knowing any other column. The nee_d forany such correction stems from the fact
The simplest such operation is to append a uniform row t¢ghat—the literatures of spectral graph theory amcbr

Z, so thatzy — [z',1]T. This makes the relation betwegn notwithstanding—equatiori is not a completely correct
statement of the embedding problem. We will show in a

1Any gram-like factorization will work. For example, giveavp ~ forthcoming paper that, as a statement of the embedding
AQAT — zDz T, R=QY2AT. The Cholesky is especially attrac- problem, equatiorl is both algebraically underconstrained
tive for its numerical stability, sparsity, and easy invertibility. and numerically ill-conditioned. In particular, poinR#s
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not strictly true: The stochastic eigenvalue is not always f should be monotonically decreasing, relatively insensitive
paired to a uniform eigenvector This leads to patholo- to noise (d should be small), and it should lead to exact re-
gies that can ruin the embedding, whether obtained from theonstructions of data sampled from manifolds that are already
basic or derived formulations.NLDR algorithms that can flat. Straightforward calculus shows that equati@has the
be derived from equatiof (e.g.,[Roweis and Saul, 2000 desired minimum wheffi(x;, ;) O || —xjH*l, or more gen-
Belkin and Niyogi, 2002 Teh and Roweis, 200Bdo not re-  erally, the multiplicative inverse of whatever distance mea-
mediate the problem. sure is appropriate in the ambient spacéy contrast, the

A forthcoming paper makes a full analysis of these is-LLE weightings are not correlated with distances.) To make
sues, identifies the correct problem statements for both equ#tae problem scale invariant, we sc&lé such that its largest
tions1 & 8, and gives closed-form optimal solutions to both nonzero off-diagonal value is 1 (consequentfy<d 1 every-
problems. The approximation methods discussed in this seavheref is computed).
tion are still useful in that they are faster and give reasonably Let us now situate some Gaussian kern@lgx) =
high-quality embeddings. For the.DR method and datasets A/(x|u,2x) on the manifold. In this paper, we will take a
considered below, the result of the reweighted approximarandom subset of data points as kernel centers, and set all
tion is almost numerically indistinguishable from the optimal 5, = 62l ; these kernels are radial basis functions. Let vector
embedding, and requires substantially less calculation. The
reweighting method can also be justified as a Padé approxi- Zi = Ki(xi — ) | _Px(Xi) (14)
mation of the optimal solution. ! 1 Sk Pk(Xi)

; i ; ; ; be thekth local homogeneous coordinate xf scaled by
3 Nonlinear dlmenS|onaI|ty reduction the posterior of thekth kernel. K; is an optional local

Let X = [x4,---,%n] € RP be a set of points sampled from a dgimensionality-reducing linear projection. Let representation
low-dimensional manifold embedded in a high-dimensionalector

ambient space. A reduced-dimensiembeddingY = N 15T .. STT

ly1,---yn] € RY with d < D < N is a set of low-dimensional 2xi) = [ zi] = (70, 2] (15)

points with the same local neighborhood structure. We debe the vertical concatenation of all such local coordinate vec-

sire instead anapping G: RP — RY, which will general- tors. Collect all such column vectors intobasis matrix

ize the correspondence to the whole continuum, with reaZ = [z(X1),---,Z(Xn)].

sonable interpolation and extrapolation to be expected in the To summarize thus far, our goal now is to find a linear

neighborhood of the data. Spectral methodsNobR typ-  transformy; = G(z(x;)) of the basis (kernel-weighted coor-

ically require solution of many and/or very large eigenvaluedinates) that is maximally consistent with our local distance

or generalized eigenvalue problefsuskal and Wish, 1978  constraints, specifically

Kambhatla and Leen, 199Tenenbaunet al, 200Q Roweis

and Saul, 2000Belkin and Niyogi, 200, and with the ex-

ception of[Teh and Roweis, 2008rand, 2003, offer em-

beddings of points rather than mappings between spaces.
Here we show how a leverage the transformational embedrFhis is isomorphic to the graph embeddings of secfiptie

ding of sectior? into a continuousiLDR algorithm, specifi- methods developed there apply directiW¥oandZ. The con-

cally a kernel-based mixture of affine maps from the ambientinuous mapping from ambient to embedding space immedi-

space to the target space. To do so, we must show how tratly follows from the continuity and smoothnessz6):

edge weight matrixV and vertex matrixZ are specified. Let

W = f(x;,X;) iff x; andx; satisfy some locality criterion, G(x) = Gz(x),

e.g., [|[xi —X;|| < g, otherwiseW; = 0. As stated above, an

embeddingy of X should satisfy

Y = [yl,...yN] :argminzw (16)
Y ] ||Xi 7XJ-||

where the EvD determines the transformatiolG =
[Va,---,Vgr1] | Of the continuous kernel representation de-

Y =argminyi; [lyi —Y; |2 (13) fined over the entire ambient space:
Y
where large; penalize large distances betwegrmndy;. 2(%) = [Uk [ Ki(X = k) } Px(X) ] . (17)
How shouldW; be computed? is a measure of similar- 1 Sk Pk(X)

ity: The graph-theoretic literature usually takés, ) =1,

while NLDR methods typically take (x;,x;) O exp(—||x; — 2Proof: Consider three poinfsq = 0,x = A, x3 = 1} on a b
xj[2/202) to be a Gaussian kernel, on analogy to heat dif-manifold. What similarity measutfy, = f (|jxa —Xp||) causes the
fusion modeldBelkin and Niyogi, 200P. The uninforma-  distortion(y2 —y1)“Wi2+ (y2 —y3)"Was to have a global minimum
tive settingWj = 1 is only usable when there is a very large 312 = A? Without loss of generality, we fix the global location and
number of points (and edges), so that connectivity informaScalé of the embedding by fixing the endpoingg; = 0. ys = 1.

i | i to det - tri fi fth Solving for the unique zero of the distortion’s first derivative, we
ion alone suffices to determine metric properties of the emgpi i ihe optimum ag, — Waa/(Wia 1 Wos). Since this is a har-

bedding. The Gaussian setting has a complementary wealgonic relation, the unique continuous satisficing measuvéjs—
ness: It can be very sensitive to small variations in distance|x, — x,||)~1. This setsWi» = 1/A andWsz = 1/(1—A); some
to neighbors (that may be introduced by the curvature of theimple algebra confirms that indeggl= A at the optimum. The
data manifold or measurement noise in the ambient spacehpduction to multiple points in multiple dimensions is direct.
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As a matter of numerical prudence, we recommend using We now show some kernel eigenmaps computed using the

the reweighted approximation: transformational embedding of secti@x All embedding
methods are given the same inputs.

Gz(x) .
=—=. (18) Figure 4 shows a raw

vy Z(X) \ kernel eigenmap embedding
computed using a basiZ (
matrix) created from 64
Gaussian unit  kernels
placed on random points.
This required solving a
much more manageable
256 x 256 eigenproblem.
100 trials were performed

G(x)

At first blush, it would seem that reweighting should not be
necessary: By constructiod, < rangéZ "), thusv, z(x)—

and the denominator—should be uniform at the datapoints.
However, as mentioned above, even when the algebra predicts
this structure, numerical eigensolvers may not find it.

To obtain an approximate inverse mapping, we map the
means and covariances of each kerpgdl) into the target
space to obtain kernelp,(y) = A((y|W,Y") there. Then, with different sets of ran-
breakingG =[Gy, - - -, Gk] Into blocks corresponding to each domlv placed kernels. In all
kernel, take the Moore-Penrose pseudo-inverse of each, and ) _ trial y F:h iqhted and
setG+ = [GIa .. 'VGN' If using the reweighted map, the ap- Figure 4 Kernel eigenmap trials, the reweignted an
proximate inverse map is embedding, raw result. stochastic maps gave the

best reconstructions, while

(19) the raw and affine maps exhibited substantial folding at the
edges and corners of the embedding.

Figure 5 shows a
reweighted kernel eigen-
map computed from the

4 lllustrative example sameW andZ as figures3
& 4. The result is smoother

We will use a variant of the and actua”y exhibitsless
“swiss roll’, a standard test man- folding than the original
ifold in the NLDR Community, to Lap|a_cian eigenmap_
illustrate the arguments and meth- o problem can be reg-

ods developed in this paper. We : : -
sampled a twisted version of the umlzggec:jnbt;r/]é) Léﬁgg%r?:lsw ©

manifold regularly on a 3& 30 (e
¢ .9.,W — W +1), thereby
grid and added a small amount making the recovered ker-

of Gaussian isotropic noise. Fig- : :
. nel eigenmap more isomet-
ure 2 shows the ideaR? param- : ; .
-2 . ric (bottom figure5). This
eterization and two views of the i :
ambientR® embeddin Points regularlzatlo.n 'S appropri
are shown joined into a%line to aid ate when it is believed
Figure 2: The swiss roll. yjsual interpretation of the em- igﬁt ﬁll" tnheelgsf;t;ggh;ggs are
beddings. All experiments in this T?] y | ' d
section use &V matrix that was generated using the 12 near- "€ recently propose

est neighbors to each point and the inverse distance functiorlr.Ocality Preserving F_’roje_c- ) )
The Laplacian eigenmap tion (LPP) [He and Niyogi, Figure 5: Kernel eigenmap

G (y) =G Z'(y)- (viG*Z"(y)),

wnerez'(y) = [1x [ V% | 5]

embedding (figur&) shows
the embedding specified by
the W matrix. Note
that it exhibits some fold-
ing at the corners and
top and bottom edges, due
partly to problems with the
uniform eigenvector and
exacerbated by the fact
that spectral embeddings
tend to compress near the
boundaries. The Laplacian
eigenmap requires solution

/

Figure 3: Laplacian eigenmap

of a large 900< 900 eigen- €mbedding.
problem, and offers no mapping off the points. Kernel eigen-swiss roll produced byppand by an affine modification of it

maps will be approximations to this embedding.
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2007, is essentially the raw embedding, reweighted and
approximation (direct solu- regularized results.

tion of equation 8) with

W; = e X—xil*t andZ = X, thereby giving a linear pro-
jection from the ambient space to the target space that best

preserves local relationships.

Figure 6: LPP embedding and
our affine upgrade.

LPPis admirably simple,
but it can be shown that the
affine approximation from
section 2 will always have
less distortionLPPcan also
suffer from loss of the uni-
form eigenvector. Figuré
shows embeddings of the

that is equivalent to our method with a trivial single uniform-
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density kernel. UpgradingpPp to an affine projection cap- G(x)—there is no need to compute a new global embedding
tures more of the data’s structure. Even so, there is no affiner revise theevp.

“view” of this manifold that avoids folding. The reweighting scheme, although theoretically mooted by
our subsequent discovery of a better problem formulation and
5 Visualizing word usages closed-form solution, is still practically viable as a fast ap-

roximation for large problems, and as a post-conditioning
step for unavoidable numerical error of anyDR algorithm
based on eigenvalue decompositions.

In statistical analyses of natural language, similar usage pa
terns for two words are taken to indicate that they have sim

llar meanings or strongly related meanings. Latent semantic | this paper we have used random kernels. There are nu-
analysis [SA) is a linear dimensionality reduction of a term-

: S erous avenues to discovering stronger methods by investi-
document co-occurence matrix. The principal components o

hi o ing in which similar] ating placement and tuning of the kernels, stability of the
this matrix give an embedding in which similarly used words g heqding and its topological structure, and sample com-
are similarly located. Literally, co-location is a proxy for col-

! - lexity. In short, all the issues that proved fertile ground
location (the propensity of words to be used together) and, research in classification and regression can be studied

synonymy. We may expect that the kernel eigenmap offers gney in the context of estimating the geometry and topology
more powerful nonlinear analysis: of manifolds.

The NIPS12 corpud features a matrix counting occur-
rences of 13000+ words in 1700+ documents. We mod
eled the first 1000 words and the last 200 documents in thBef?rences_ _ o .
matrix. This roughly corresponds to one year's papers, dBelkin and Niyogi, 2002 Mikhail Belkin and Partha
reasonable “snapshot” of the ever-changing terminology of Niyogi. Laplacian eigenmaps for dimensionality re-
the field. We stemmed the words and combined counts for duction and data representation.  Technical Report
the same roots, then determined distance between two word TR-2002-01, University of Chicago Computer Science,
roots as the cosines of the angles between their log-domain- 2002.
transformed occurrence vectorg (— l0g,(1+xi)). TheW [Brand, 2008 Matthew Brand. Charting a manifold. Rroc.
matrix was generated by adding an edge from each word to N|ps-152003.

its 30 closest neighbors in cosine-space. The representati
Z was made using 4 random words as kernel centers. Fi&&hung, 1997 Fan R K. ChungSpectral graph theoryol-

ure7 discusses the resultingZmbedding, in which techni-  UMe 92 ofCBMS Regional Conference Series in Mathe-
cal terms are clearly grouped by field and many of the more Matics American Mathematical Society, 1997.

common English words are tightly clustered by common se{Fiedler, 197% Miroslav Fiedler. A property of eigenvectors
mantics. The first twa.sA dimensions (also shown in fig- of nonnegative symmetric matrices and its application to
ure7) of the same data are reveal significantly less semantic graph theoryCzech. Math. Journak5:619-633, 1975.

structure. [He and Niyogi, 200P Xiafei He and Partha Niyogi. Local-
) . ity preserving projections. Technical Report TR-2002-09,
6 Discussion University of Chicago Computer Science, October 2002.

The kernel eigenmap generates continuous nonlinear mapKambhatla and Leen, 199™. Kambhatla and Todd Leen.
ping functions for dimensionality reduction and manifold re-  Dimensionality reduction by local principal component
construction. Suitable choices of kernels can reproduce the analysis.Neural Computation9, 1997.

behavior of several oth&i.DR methods. One could put a ker- [Kruskal and Wish, 1978J. B. Kruskal and M. WishMul-

nel at every local group of points, perform local dimensional-" . 1. ; : o :
ity reduction (e.g., @cA) at each kernel, and thereby obtain g:?&mleg%onal Scaling Sage Publications, Beverly Hills,

from equations8 and17 anNLDR algorithm much like chart- .

ing [Brand, 2003 or automatic alignmeriiTeh and Roweis, [Mohar, 1991 B. Mohar. The laplacian spectrum of graphs.
2009. Or, as in the demonstrations above, the kernel eigen- N Y. Alavi, editor, Graph Theory, Combinatorics and Ap-
map can simultaneously determine the local dimensionality Plications pages 871-898. J. Wiley, New York, 1991.

reductions and their global merger. _ [Roweis and Saul, 2000Sam T. Roweis and Lawrence K.
The kernel eigenmap typically substitutes a small dense Saul. Nonlinear dimensionality reduction by locally lin-

EVD for the the large sparsevp of graph embedding prob-  ear embedding.Science 290:2323-2326, December 22
lems. In the sparse case, a specialized power method can 2000.

compute the desired eigenvectors in significantly less than thﬁ'eh and Roweis, 2003Yee Whye Teh and Sam T. Roweis

O(N?®) time required for a fullevD. In the kernel setting, N . .
similar efficiencies apply because bathandZ are typically Q?;%Tfélg%lgnment of hidden representations. Phoc.

sparse, allowing fast construction of the reduest prob- _
lem ZWZ T; this too is amenable to fast power methods. OflTenenbaunet al, 200q Joshua B. Tenenbaum, Vin
course, the most important efficiency of the kernel method de Silva, and John C. Langford. A global geomet-

is its ability to embed new points quickly via the function ric_framework for nonlinear dimensionality reduction.
Science290:2319-2323, December 22 2000.

3Courtesy S. Roweis, available from the U. Toronto website.
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Figure 7: ABOVE: A 2D kernel eigenmap of word usages in recent NIPS papers. To improve legibility we show just a subset

of the data; some labels have been shifted slightly to reduce overlap. Word roots are shown in their first occurring unstemmed
variant. The three lobes of the distribution roughly correspond to favored terminology in the submission areas of Algorithms &
Architectures (left), Neuroscience (right), and Theory (top). Words with broader usage are more tightly distributed in the center
(presumably because they are more likely to co-occur in general discourse), with several clusters of words having strongly
related meanings. Three of these clusters have been colored: red for publishinglEfms donference, number, paper,
proceedings, volumegreen for probability termso¢

and blue for locationsc@mbridge, department, institute, universitBBELOW, SMALLER: A linear embedding obtained from

a latent semantic analysis of the same data. Though collocated words are often co-located, when compared with the kernel
eigenmap result, semantic structures are far less obvious.
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Abstract

This paper investigates a new approach for training
discriminant classifiers when only a small set of la-
beled data is available together with a large set of
unlabeled data. This algorithm optimizes the clas-
sification maximum likelihood of a set of labeled-
unlabeled data, using a variant form of the Clas-
sification Expectation Maximization (CEM) algo-
rithm. Its originality is that it makes use of both un-
labeled data and of a probabilistic misclassification
model for these data. The parameters of the label-
error model are learned together with the classifier
parameters. We demonstrate the effectiveness of
the approach on four data-sets and show the advan-
tages of this method over a previously developed
semi-supervised algorithm which does not consider
imperfections in the labeling process.

1 Introduction

In many real-life applications, labeling training data for learn-
ing is costly, sometimes not realistic and often prone to error.
For example, for many rapidly evolving data bases available
via the web, there is not enough time to label data for differ-
ent information needs. In some cases, like medical diagnosis
or biological data analysis, labeling data may require very
expensive tests so that only small labeled data sets may be
available. In other cases, like object identification in images,
noise is inherent in the labeling process.

The statistician and pattern recognition communities were the
first to consider the problem of forming discriminant rules us-
ing either partially classified or random misclassified training
data in order to cope with this type of situation.

More recently this idea has motivated the interest of the ma-
chine learning community and many papers now deal with
this subject. The use of partially classified data for training,
known as semi-supervised learning, has been the subject of
intense studies since 1998 and more recently there has been a
resurgence of interest for training with misclassified data also
called learning in presence of label noise.

We consider here semi-supervised learning for classification.
Most approaches to this problem make use of a mixture
density model where mixture components are identified as
classes. Labeled data are known to belong to exactly one
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mixture component whereas unlabeled data may belong to
any components. Using the Expectation Maximization (EM)
algorithm [Dempster et al., 19771, proposed approaches usu-
ally attempt to optimize the likelihood of the whole labeled-
unlabeled data. Starting from an initial labeling, these ap-
proaches proceed by computing at each E-step, tentative
labels for unlabeled data using the current parameters of
the model and update in the M- step, these parameters us-
ing the estimated labels. Our departure point here is the
work of [Amini and Gallinari-a, 2002] who proposed a semi-
supervised discriminant algorithm using a variant form of the
CEM algorithm [Celeux and Govaert, 1992]. Discrimina-
tive approaches which attempt to estimate directly posterior
class probabilities are often considered superior to generative
models which compute these posteriors after learning class
conditional densities. Tests on different datasets in [Amini
and Gallinari-b, 2002] led to the same conclusion for semi-
supervised learning. Like for other methods, at each step of
the algorithm, the model computes tentative labels for unla-
beled data. We extend here the system by incorporating a
model which takes into account label errors. This provides an
unifying framework for semi-supervised learning and learn-
ing with label noise. To our knowledge, this form of model
has not been studied yet. We detail the algorithm for the case
of a logistic classifier and give a convergence proof for the
general case. We then show experimentally that modeling
the stochastic labeling noise, increases notably the perfor-
mance, especially when only small labeled datasets are avail-
able. This paper is organized as follows; we first make a brief
review of work on semi-supervised learning and learning in
the presence of label noise (section 2). In section 3 we present
the formal framework of our model and describe in section 4
the semi-supervised approach we propose. Finally we present
a series of experiments on four data sets.

2 Related work

2.1 Learning with both labeled and unlabeled data

The idea of using partially labeled data for learning started
in the statistician community at the end of 60’s. The seminal
paper by [Day, 1969] presents an iterative EM-like approach
for learning the parameters of a mixture density under the as-
sumption of multivariate normal components with a common
covariance matrix for two group-conditional distributions.
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Other iterative algorithms for building maximum likelihood
classifiers from labeled and unlabeled data based on the same
type of assumption followed [O’Neill, 1978] [McLachlan and
Ganesalingam, 1982]. Some other authors have suggested
updating procedures for no-normal group conditional densi-
ties using for example kernel methods for modeling mixture
components [Murray and Titterington, 1978]. There has been
considerably fewer work on discriminative approaches. In
his fundamental paper on logistic regression, Anderson sug-
gests modifying a logistic regression classifier to incorporate
unlabeled data in order to maximize the likelihood function
[Anderson, 19791.

The semi-supervised paradigm has been recently rediscov-
ered by the machine learning community. Most papers pro-
pose mixture density models for combining labeled and unla-
beled data for classification. [Miller and Uyar, 1996] consider
a mixture density model where each class is described by sev-
eral component densities. [Roth and Steinhage, 1999] pro-
pose kernel discriminant analysis as an extension to classical
linear discriminant analysis. This framework can be used also
for semi-supervised learning. [Nigam et al., 2000] propose a
semi-supervised EM algorithm which is essentially similar to
the one in [McLachlan, 1992] but makes use of naive Bayes
estimator for modeling the different densities. They present
empirical evaluation for text classification tasks. Some au-
thors make use of discriminant classifiers instead of model-
ing conditional densities. For example [Joachims, 1999] pro-
pose a transductive support vector machine which finds pa-
rameters for a linear separator using both the labeled data in
the training set and the current test data whose class is un-
known. [Blum and Mitchell, 1998] introduce the co-training
paradigm where each sample x is supposed to be described
by two modalities. Two classifiers are then used, one for each
modality, operating alternatively as teacher and student. This
framework can be used for unsupervised and semi-supervised
learning. Based on the multi-modal framework introduced
by [Blum and Mitchell, 1998], [Muslea et al., 2002] propose
to combine both active and semi-supervised learning. Since
that, different authors have proposed semi-supervised learn-
ing schemes, they usually follow one of the above ideas.

2.2 Learning with imperfectly labeled data

Practical applications of pattern recognition, like eg image
classification problems, have motivated in the early 80’s some
work on the problem of learning in presence of mislabeled
data for fully supervised learning. [Chittineni, 1980] ob-
tained error bounds on the performance of the Bayes and
nearest neighbor classifiers with imperfect labels. [Krish-
nan, 1988] considered a 2-class classification problem for
two group multivariate normal mixture when training samples
are subject to random misclassification and derived the likeli-
hood estimation of parameters. [Titterington, 1989] proposed
a logistic-normal distribution model and worked out an EM
algorithm for the estimation of its parameters. More recently,
[Lawrence and Schélkopf, 2001] proposed an algorithm for
constructing a kernel Fisher discriminant from training ex-
amples in the presence of label noise.
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3 A semi-supervised probabilistic model for
mislabeling

We consider here the problem of semi-supervised learn-
ing. We start from the Logistic-CEM algorithm described in
[Amini and Gallinari-a, 2002]. It is a generic scheme in the
sense that it can be used with any discriminant classifier esti-
mating the posterior class probabilities. The classifier is first
trained on labeled data, it then alternates two steps until con-
vergence to a local maximum of the Classification Maximum
Likelihood (CML) criterion [Symons, 1981]. Unlabeled data
are first labeled using the output of the current classifier. Clas-
sifier parameters are then learned by maximizing the CML
function computed using the known labels of labeled data and
the current estimated labels for unlabeled data. In this algo-
rithm, at each iteration, labels computed for unlabeled data
are considered as desired outputs.

We suppose here that labels from the labeled dataset are cor-
rect and that at each step of this algorithm, labels computed
for unlabeled data are subject to error. We propose to model
the imperfection of these labels using a probabilistic for-
malism and to learn the semi-supervised classifier by taking
into account its labeling errors according to this error model.
Parameters of the error model and of the classifier will be
learned simultaneously in this new algorithm. Compared to
the baseline algorithm [Amini and Gallinari-a, 20021, we ex-
plicitly take into account the fact that the current classifier is
not optimally trained at each step, since many data labels are
missing and are only estimated.

In the following we present the general framework and the
learning criterion of our model.

3.1 General framework

We suppose that each example belongs to one and only one
class and that there are available a set of n labeled exam-
ples, D; and a set of m unlabeled examples, D,,. A discrim-
inant classifier is to be trained on the basis of these n + m,
d-dimensional feature vectors' z € R%. For each labeled ex-
ample x; in Dy, let ¢; and t; = {t1;}r be respectively the
class label and the indicator vector class associated to x; :

Vi € {1, ...,n},Vk,ci =k < ty; = 1land Vh 7é k, thi =0

We suppose that for each unlabeled example z; in D,,, there
exists a perfect and an imperfect label respectively denoted c;
and ¢;. We propose to model the imperfections in the labels
by the following probabilities:

Vk,VYh,ap, =p(c=k|c=h) 1
Which are subject to the constraint:
Vh, Z opp =1 (2)
k

In order to simplify the presentation, we consider in the fol-
lowing a two-class classification problem.

Vie{l,.,n},Vi'e{n+1,...,n+m}, c,cr € {1,2}

This is not restrictive since we can easily extend the analysis
to multi-class cases.

'Components of z could also be discrete
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3.2 Classification Maximum Likelihhod estimation
in presence of label noise

The baseline semi-supervised discriminant algorithm has
been conceived as an extension to classification problems of
the CEM algorithm proposed by [Celeux and Govaert, 1992]
for clustering. CEM has been first proposed for learning the
parameters of gaussian mixtures using as training criterion
the classification maximum likelihood criterion initially de-
scribed in [Symons, 1981].

McLachlan has extended CML and CEM to the case where
both labeled and unlabeled data are used for learning
(IMcLachlan, 1992], page 39). The CML criterion in this
case is the complete-data likelihood and writes:

-

The algorithm proposed by [McLachlan, 1992] optimizes this
criterion for a mixture of normal densities. In their algorithm
for training discriminant classifiers on labeled and unlabeled
data, [Amini and Gallinari-a, 2002] make use of the following
form of the log-classification-likelihood:

n+m

ri,c = k) x H H{pml,c— }t’“

i=n+1 k=1

n 2
L. = Zzt’” log p(c=k | z;)+
i=1 k=1
n—+m n—+m
Z Ztmlogpc—k|m Zlogp(a:i)
i=n+1 k=1 i=1

This writing makes apparent the posterior probabilities which
are directly estimated in their algorithm instead of the condi-
tional densities in [McLachlan, 1992]. As no assumptions
are made on the distributional nature of data, maximizing L.
is equivalent to the maximization of L, ((McLachlan, 1992],
page 261).

n 2
L = Zzt’“ log p(c=k | z;)+
i=1 k=1
n+m 2

Z kai log p(c =k | ;)

i=n+1 k=1

3)

Let us now introduce our misclassifiction model. For that,
we will express the p(¢ = k | z;) in the second summation
in (3) as a function of the mislabeling probabilities and of the
posterior probability of correct labels p(c = k | x;). Consider

:L’“C—

Zpa:l,c—k c=h)

p(zi,¢ = k,c¢ = h) can be decomposed with regard to the
conditional class probabilities:

p(zi,c=k,c=h)=p(z; | ¢=k,c=h)xp(€=k,c=h)

Following [Chittineni, 1980] we make the assumption that the
density of an example, given its true label, does not depend
on its imperfect label:

p(z; | ¢=k,c=h)=p(z; | c=h)

LEARNING

It then comes:
2

p(z;, ¢ =k) = X:p(:nZ | e=h)xp(c=

h=1

hyxp(c=k|c=h)
Using Bayes rule and (1), we get:

x> dagnple=h|z)} @

p(¢ = k | ;) can then be derived from p(c = k | z;)

)= Z {akn plc=h]zi)} (5)

h=1

Vz; € Dy, p(c=k | z;

From (5), (3) becomes

n 2
= ZZtkilog ple=k|z;)+

i=1 k=1 ©)
n+m 2
Z Z{tmlog<2akhpc—h|m)>}
i=n+1 k=1

4 Updating a discriminant function on the
basis of labeled and imperfect labeled data

We now present an iterative discriminant CEM algorithm for
learning a classifier for semi-supervised learning, which in-
corporates the mislabeling error model. The training criterion
is (6). For simplification, we consider a simple logistic classi-
fier [Anderson, 1982], but the algorithm can be easily adapted
for training any discriminant classifier. Consider C'z a logistic
classifier with parameters {f3;} je{o,...,a}- The output of C

After 8

. d . _
for input z € R* is G(z) ¥ eap(—(Bo £ Fiz))”
have been learned, G(z) and 1 — G(x) are respectively used
to estimate p(c = 1 | ) and p(c = 2 | ). Let, 7(P) be the
current partition for the unlabeled data, a'P), B (P) the param-
eters for the misclassification model and the logistic classifier
at iteration p of the algorithm. The learning criterion (6) is a
function of v, # and 7. An iterative approach is then adopted
for its maximization (algorithm 1). Parameters 3 are first ini-
tialized by training the classifier on the labeled dataset D;.
Two steps are then iterated until the convergence of criterion
L!. In the first step, the classifier is considered as an imper-
fect supervisor for the unlabeled data. Its outputs, G(x) and
1 — G(z), are used to compute the posterior imperfect class
probabilities p(¢ = k | z) foreach z in D, and k € {1,2},
is then labeled according to the maximum imperfect output.
In the second step, the parameters of the error model and of
the classifier are updated using the imperfect labels obtained
in the previous step as well as the labeled data. We adopted in
this step, a gradient algorithm to maximize (6). An advantage
of this method is that it only requires the first order deriva-
tives at each iteration. In the following lemma, we provide a
proof of convergence of the algorithm to a local maximum of
the likelihood function for semi-supervised training.
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Algorithm 1 Semi-supervised learning with imperfect labels

Initialization : Train a discriminant logistic classifier Cﬁ(m
over D;
For p > 0, iterate until the convergence of L,
1. Apply Cjse) on Dy, estimate the imperfect class poste-

rior probabilities using the output G(?) of the classifier
and get an imperfect label for each z; € D,, :

Va; € Dy, Ei(p+1) = argmaz p(&?) =k | z;)
k

Let 7(P*1) be the new partition obtained from this clas-
sifier for the unlabeled data.

2. a) Maximize L/ (w(p“),a(p),ﬂ(p)) with respect to
aP) subject to constraints ‘v’k,‘v’h,a?ﬁfl) € [0,1] and
Vh, Yo =1
b) Maximize L, (7P o1 3(P)) with respect to

g(p)

Lemma 1. The modified CML criterion, L., increases for
every sequence (W(p) ,alP) B(p)) of Algorithm 1 and the se-
quence L, (71'(”) ,a\P) 3 (p)) converges to a stationary point.

Proof : we first show that L, is increasing.
e Since Vz; € D,, E§p+1) =k & pEPt) =k | x;) >
p(EP+Y) = k' | 2;) for k # k' (step 1), we have
L (xPtD) o) g@)y > ! (7(P) @) 5P)
e and, since (rP+D) P+ (@) and

(W(p-%l) ,alPtl) 3(p+1))
(step 2), we have

L (x P+ o+t gty > 1 (741 o(p) 5P)y

maximize iteratively L.

Finally as there is a finite number of partitions of the example
into 2-classes, the increasing sequence L., (W(p),a(p),ﬁ(”))
takes a finite number of values and thus, converges to a sta-
tionary value.

In the following section we will present results on four
datasets, using a baseline logistic classifier trained with the
updating scheme presented above.

5 Experiments

5.1 Data sets

In our experiments we used the Spambase, Credit
screening and Mushroom collections from the
UCI repository> as well as the Computation and
Language (Cmp_lg) collection of TIPSTER SUMMAC?
for text summarization. Table 1 summarizes the characteris-
tics of these datasets. We removed 37 samples with missing
attributes from the Credit data set. For summarization, we

2ftp://ftp.icsS.uci.edu/pub/machine-learning-databases/

Table 1: Characteristics of the datasets and percentage of the
smallest of the two classes in the datasets.

Data set size Attributes | Smallest class (%)
Credit 690(-37) 15 44.5%
Email spam 4601 57 39.4%
Mushroom 8124 22 48.2%
Cmp_lg 28985 5 10%

adopt the text-span extraction paradigm which amounts at
selecting a subset of representative document sentences. This
is a classification problem where sentences are to be classi-
fied as relevant or non relevant for the extracted summary.
All four problems are two-class classification tasks, Email
Spam and Cmp_lg have continuous attributes, Credit
vectors are mixed continuous and qualitative, Mushroom
attributes are qualitative.
For each dataset, we ran 3 algorithms - the semi-supervised
learning algorithm using the label imperfections, the baseline
semi-supervised algorithm [Amini and Gallinari-a, 2002]
and a fully supervised logistic classifier trained only on the
available labeled data. We compared the performance of
these algorithms on 20 runs of arbitrary training and test
splits, by varying the proportion of labeled-unlabeled data on
the training set.
For text summarization, we represent each sentence using
a continuous version of features proposed by [Kupiec
et al., 1995]. This characterization has given good re-
sults in previous work [Amini and Gallinari-b, 2002].
Each sentence i, with length [(i) is characterized by
Ti = (1, 95,3, ¢4, p5), where o} = % is the nor-
_ frequency of cue words in i

: i

malized sentence length, @5 = 10

is the normalized number of cue words in sentence i,
i _ frequency of acronyms in i

is the normalized num-

3 = 10)
ber of acronyms in i, ¢} is the position indicator feature
(beginning, middle or end of the document) and ¢ is the
normalized number of terms within a generic query ¢ and .
q corresponds to the most frequent words in the training set.

5.2 Evaluation measures

For the three UCI datasets there is approximately the same
proportion of examples for each class (table 1). We used as
performance criterion the percentage of good classification
(PGC) defined as:

PGC =

# of examples in the test set well classified by the system

# of examples in the test set

For text summarization, we followed the SUMMAC evalua-
tion by using a 10% compression ratio. Hence, for each doc-
ument in the test set we have formed its summary by select-
ing the top 10% sentences having higher score with respect
to the output of the classifier. For evaluation we compared
these extractive sentences with the desired summary of each
document. The desired extractive summaries were generated
from the abstract of each article using the text-span align-
ment method described in [Banko et al., 1999]. Since the

3http://www.itlnist.gov/iaui/894.02/related_projects/tipster_summac/ collection is not well balanced between positive and negative
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Figure 1: Performance curves for the 4 datasets showing, for a classical logistic classifier trained in a fully supervised scheme
(square), the baseline semi-supervised Logistic-CEM algorithm (circle) and our semi-supervised algorithm with label imper-
fections (star). Each point represents the mean performance for 20 arbitrary runs. The error bars show standard deviations for

the estimated performance.

examples, PGC is meaningless, we used the average preci-
sion (AP) measure for the evaluation. Let £, be the number
of sentences extracted by the system which are in the target
summaries, and o, be the total number of sentences extracted
by the system. The precision is defined as the ratio £/o.

5.3 Results

For each dataset and each cross validation, 25% of examples
are held aside as a test set. We vary the percentage of labeled-
unlabeled data in the remaining 75% training set of the collec-
tions. Figure 1, shows the performance on the test sets for the
four datasets as a function of the proportion of labeled data in
the training set. On the z-axis, 5% means that 5% of data in
the training set were labeled for training, the 95% remaining
being used as unlabeled training data. Each experiment was
carried on twenty paired trials of randomly selected training-
test splits. On the y-axis, each point represents the mean per-
formance for the 20 runs and the error bars correspond to the
standard deviation for the estimated performance [Tibshirani,
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1996].

All figures exhibit the same behavior. In all four datasets,
semi-supervised algorithms are over the baseline classifier
trained only on the labeled training data. For example, if
we consider text summarization, using only 5% of labeled
sentences, our algorithm allows to increase performance by
15% compared to a fully supervised algorithm trained on
the 5%. 15% labeled data are needed to reach the same
performance with the baseline method. Our model is uni-
formly better than the two reference models used in our ex-
periments. It provides an important performance increase es-
pecially when there are only few labeled data available which
is the most interesting situation in semi-supervised learning.
For the Credit card problem, the dataset is small and
semi-supervised learning allows for a smaller increase of per-
formance than for other datasets where there are a lot of un-
labeled data available. Semi-supervised learning allows to
reach “optimal’ performance with about 50% of labeled data
(only 30% for the Mushroom set).
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6 Conclusion

We have described how to incorporate a label error model
into an iterative semi-supervised discriminant algorithm. We
have detailed a version of this general algorithm in the case
of a simple logistic classifier, shown its convergence and
proved empirically its efficiency on four datasets with dif-
ferent characteristics. The algorithm allows for an impor-
tant performance increase compared to a reference efficient
semi-supervised algorithm without mislabeling model. The
main contribution of the paper is to provide a general frame-
work for handling simultaneously semi-supervised learning
and learning in the presence of label noise. The noise model
we have used is simple and allows for efficient estimations in
the semi-supervised setting. More sophisticated models have
still to be investigated. However, our experience is that sim-
ple models do often perform better when only few labeled
data are available.
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Abstract 2 The “Interested Reader” Model

We propose a Markov chain model similar in spirit to the
“random surfer” model ofPageet al., 1994.1 This descrip-

tion is motivated in the context of text categorization, the
model depends only on notions of pairwise data similarity
and is completely general. In the model, there is a collactio

of documents, each of which has some (possibly unknown)
topic. A reader begins with some document of interest and
continues to read successive documents. When she chooses
the next documentto read, she tries to read another document
on the same topic, and hence will prefer other documents
which are similar to her current document. Some mapping
between similarities and transition probabilities musthe-

sen; we describe a specific choice in Section 3.

These transition probabilities define a Markov chain
among the documents in the collection. If there exist dis-
tinct topic areas in the document set (or, generally, ifgher
are clusters in the data), this Markov chain will be composed
of subsets that have high intra-set transition probagdjtand
1 Introduction low inter-sgt transition probabil_ities. We will refer toebe _

subsets asliques. Each of the cliques corresponds to a topic
Spectral algorithms use information contained in the eigenin the text clustering problem.
vectors of a data affinity (i.e., item-item similarity) miatr Of course, the natural clusters in the data need not be per-
to detect structure. Such an approach has proven effectifectly compatible with document labels, and we have said
on many tasks, including information retrief@eerwester nothing about the use of supervision information. In Sec-
etal., 1994, web searcliPageet al., 1998; Kleinberg, 1998  tion 4, we use supervision to override the similarity-based
image segmentatidiMeila and Shi, 2000 word class detec-  transition probilities. For example, we will disallow trition
tion [Brew and Schulte im Walde, 20pand data clustering between two documents which are known to be differently-
[Ng et al., 2004. But while spectral algorithms have been labeled, regardless of their pairwise similarity.
very useful in unsupervised learning (clustering), littlerk
has been done in developing spectral algorithms for super3 Spectral Clustering Algorithms
vised learning (classification). ) ) ) ] o

In this work, we consider the adaptation of spectral cluster!n this section, we discuss the process of turninginity
ing methods to classification. We first present a method fofatrix A of pairwise document similarities into a normalized
combining item similarities with supervision informatiom ~ Markov transition procesN. The eigenvectors dfi are then
produce a Markov transition process between data items. Wesed to detect blocks or or near-blocksNpwhich will cor-
call this Markov process the “interested reader” model by ap'eSPond to clusters of the data.
peal to the special case of text clustering/classificatoor ——
?"go”t.hm mcqrpora_ltes supervisory !nfqrmatlon Whenet/er two models are used; the random surfer model is used for tbte fir
is available, either in the _f(_)rm of pa'rw'se. ConStra.'nt.Saw | left eigenvector of the transition matrix, which indicatbs relative
beled data (or both). Empirically, our algorithm achieviggh  3mount of time the process spends at each data item. On te oth
accuracy when supplied either small amounts of labeled datgand, we are interested in right eigenvectors of our tramsinatrix,
(Section 4) or small numbers of pairwise constraints (Secwhich more straightforwardly relate to (near-)block stue in the
tion 5). transition matrix.

We present a simple, easily implemented spectral
learning algorithm which applies equally whether
we have no supervisory information, pairwise link
constraints, or labeled examples. In the unsuper-
vised case, it performs consistently with other spec-
tral clustering algorithms. In the supervised case,
our approach achieves high accuracy on the cate-
gorization of thousands of documents given only
a few dozen labeled training documents for the 20
Newsgroups data set. Furthermore, its classifica-
tion accuracy increases with the addition of unla-
beled documents, demonstrating effective use of
unlabeled data. By using normalized affinity ma-
trices which are both symmetric and stochastic, we
also obtain both a probabilistic interpretation of our
method and certain guarantees of performance.

INote that there is an important difference between the waseth
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Form spectral representation:

1. Given dateB, form the affinity matrixA € R"<" = f (B).

2. DefineD to be the diagonal matrix witD;; = Zj Ajj.

3. Normalize:N = (A + dmax! — D)/dmax-

4. Findxq, ..., Xk, thek largest eigenvectors ™ and form the
matrix X = [X1, ..., Xg] € RM<k=1,

5. Normalize the rows oX to be unit length.

For clustering:

6. Treating each row ok as a point iMRK, cluster intok clusters
using k-means or any other sensible clustering algorithm.

7. Assign the original point; to clusterj if and only if rowi of
X was assigned to clustér

For classification:

6. Represent each data poirtiy the rowX; of X.
7. Classify these rows as pointsm‘f using any reasonable clas-
sifier, trained on the labeled points.
8. Assign the data poirtthe clasg that X; was assigned.
Figure 1: Spectral Learning Algorithm.
Algorithm  Normalization v(A, D)
MNCuUT  Divisive N=D"1A
NJW Symmetric Divisive N = D~Y2Ap~1/2
LSA None N=A
SL Normalized Additive N = (A+ dmax | — D)/dmax

Table 1: Normalizations used by spectral methods.

3.1 Calculating the Transition Matrix

In order to fully specify the data-to-data Markov transitio
matrix, we must map document similarities to transitioripro
abilities. LetA be the affinity matrix over documents whose
elementsA;jj are the similarities between documentand

j. When we are given documenisas pointsx; and a
distance functiord (xj, Xj), a common definition isAj

e~dXix))/20% \whereo is a free scale parameter. In LSA
[Deerwestert al., 1994, we are given a row-normalized
term-document matriB, and A is defined to beBT B (the
cosine similarity matrifSalton, 1989.

We may map document similarities to transition probabili-
ties in several of ways. We can defiNe= D1 A [Meila and
Shi, 2001, whereD is the diagonal matrix whose elements
Dji = Zj Dij. This corresponds to transitioning with proba-
bility proportional to relative similarity values. Alteatively,
we can defineN = (A 4 dmax! — D)/dmax [Fiedler, 1975;
Chung, 1997, wheredmayx is the maximum rowsum oA.
Here, transition probabilities are sensitive to the alteadim-
ilarity values. For example, if a given document is similar t

very few others, the interested reader may keep reading that
document repeatedly, rather than move on to another docu-

ment. While either of these normalizations are plausibke, w
chose the latter, since it had slight empirical performdmere
efits for our data.

In [Meila and Shi, 200}, it is shown that a probability
transition matrixN for a Markov chain withk strong cliques

Spectral Learning  k-means

3 NEwS 0.84 0.20
20 NEws 0.36 0.07
LYMPHOMA 0.50 0.10
SOYBEAN 0.41 0.34

Table 2: A comparison of Spectral Learning and k-means.

well, but some of the details differ; our algorithm is shown
in Figure 1. This algorithm is most similar to the algorithm
presented iiNg et al., 2004, which we call NJW after its au-
thors. In fact, the only difference is the type of normaliizat
used. There are two differences between our algorithm and
MNCuT from [Meila and Shi, 200Jt the normalization of
A is again different, and, additionally, MNG does not row
normalizeX (step 5). Table 1 describes the different types of
normalizations and mentions some algorithms that use them.
It should be noted that for data sets where there are distant
outliers, additive normalization can lead to very poor perf
mance. This is because, with additive normalization, the ou
liers become their own clique. Therefore, the clusters will
represent outliers rather than true clusters. In a datasetev
there are distant outliers, divisive normalization is hke
lead to better performance.

3.2 Parameter Selection

The importance of parameter selection is often overlooked
in the presentation of standard spectral clustering method
With different values obr, the results of spectral clustering
can be vastly different. 1fNg et al., 2004, the parametes

is chosen based on that valuesathat gives the least distorted
clusters.

In our text experiments, the daBawas a term-document
matrix, and the similarity functior gave the pairwise cosine
similarities, with an entryA;; set to zero if neither was one
of the topk nearest-neighbors gfnor the reverse. Threshold-
ing the affinity matrix in this manner is very useful, as spaict
methods empirically work much better when there are zeros
in the affinity matrix for pairs of items that are not in the sam
class. For our experiments, we chdse- 20; however, one
may learn the optimak in the same manner thiiig et al.,
2007 learn the optimal scale facter.

3.3 Empirical Results

We compared the spectral learning algorithm in Figure 1 to
k-means on 4 data sets:

» 20 NEwsGRouPsa collection of approximately 1000
postings from each of 20 usenet newsgrofips.

* 3 NEWSGROUPS3 of the 20 newsgroups: sci.crypt,
talk.politics.mideast, and soc.religion.christian.

* LYMPHOMA gene expression profiles of 96 normal and
malignant lymphocyte samples. There are 2 classes:
Diffuse Large B-Cell Lymphoma (42 samples), and
Non-DLCBL (54 samples)Alizadeh, 2000.

2From http://www.ai.mit.edu/~jrennie/20Newsgroups/; a total of

will havek piecewise constant eigenvectors, and they suggegigg2s documents. Documents were stripped of headers, stdgw

clustering by finding approximately equal segments in tipe to

and converted to lowercase. All numbers were discardedwvédtis

k eigenvectors. Our algorithm uses this general method ahat occur in more than 150 or less than 2 documents were egmov
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* SOYBEAN is the SOYBEAN-LARGE data set from the 1. Define the affinity matrixA as in the previous algo-

UCI repository. 15 classes. rithms.
The results are shown in Table 2. The numbers reported are2- First, for each pair of point§, j) that are in the same
adjusted Rand Index valu¢slubert and Arabie, 1985or class, assign the valudgj = Aji = 1.

the clusters output by the algorithms. The Rand Index is fre- 3. Likewise, for each pair of poinig, j) that are in differ-
quently used for evaluating clusters, and is based on whethe  ent classes, assign the valugs = Ajj = 0.
pairs are placed in the same or different clusters in two par- 4 NormalizeN = L (A+dmax! — D).
titionings. The Adjusted Rand Index ranges frem to 1, o dmax ) _ .
and its key property is that the expected value for a random This gives us a symmetric Markov matrix describing the
clustering is 0. The result that spectral methods genepally ~ “interested reader” process which uses supervisory infor-
form better than k-means is consistent with the resulfsl;pn ~ mation when present, and data similarities otherwise. A
et al., 2002; Brew and Schulte im Walde, 2002in some  Strength of this model lies in the fact that it incorporatekau
cases, the poor performance of k-means reflects its inabiPeled data, whereas the majority of classification modeds de
ity to cope with noise dimensions (especially in the case o\_stnc;tly Wlth the labeled da@a_. A beneflt_of additive normal-
the text data) and highly non-spherical clusters (in the casization is that, after the affinities are adjusted, sameild
of the composite negative cluster formpHomA).* How-  pairs will always have a higher (or equal) mutual transition
ever, spectral learning outperforms k-means orsthesean  Probability than unlabeled pairs. This will not necesyetoi
dataset as well, which is a low-dimensional, multi-classda the case with other normalization schemes.
set. 4.2 A Spectral Classification Algorithm
ot Again, if natural classes occur in the data, the Markov
4 Spectral Classification cr?ain described above should have cliques. Furthermage, th
In the previous section, we describeldstering a data setby cliques will become stronger as the number of labeled doc-
creating a Markov chain based on the similarities of the datgyments increases. Given this model, we wish to categorize
items with one another, and analyzing the dominant eigenveocuments by assigning them to the appropriate clique in the
tors of the resulting Markov matrix. In this section, we show Markov chain. The spectral clustering methods given in Sec-
how toclassify a data set by making two changes. First, wetion 3 can be adapted to do classification by replacing thé fina
modify the Markov chain itself by using class labels, whentfew steps (clustering in spectral space) with the steps show
known, to override the underlying similarities. Second, wein Figure 1 (which classify in spectral space).
use a classification algorithm in the spectral space rati@rt  The key differences between the spectral classifier and the
a clustering algorithm. clustering algorithm are (a) that our transition matkiincor-
s y ” orates labeling information, and (b) we use a classifidnén t

4.1 Modifying the “Interested Reader” Model gpectral spacegrather than a cIustEer?ng method. What id nove
The model described in Section 2 can be modified to incorhere is that this algorithm is able to classify documents by
porate labeled data in the following simple manner. If thethe similarity of their transition probabilities to knownis
interested reader happens to be at a labeled document, thets ofB. Because the model incorporates both labeled and
probability that she will choose another labeled documént ounlabeled data, it should improve not only with the addition
the same category is high, while the probability that shé wil of labeled data, but also with the addition of unlabeled data
choose a labeled document of a different category is low (0We observe this empirically in Section 4.3.
zero). Transition probabilities to unlabeled documents ar .
still proportional to their similarity to the current soerdoc- 4.3  Empirical Results
ument, whether the current document is labeled or not. Cliques

We wish to create a Markov matrix that reflects this mod-It was suggested in Section 4.2 that the Markov chain de-
ified model. We propose doing this in the following manner,scribed above will have cliques, that is, subsets of nodes in
using the normalization introduced in Section 3. For mosthe graph that are internally fast-mixing, but are not mutu-
similarity functions, the maximum pairwise similarity v&  ally fast-mixing. Figure 4 shows the thresholded sparsity p
is 1, and the minimum similarity is 0. Therefore, we would tern for the affinity matrices for the 3 Newgroups data set, as
like to say that two points in the same class are maximallyabeled data is added. The left matrix is the affinity matrix
similar, and two points in different classes are minimaiig-s  for 1% labeled data. Even the underlying similarities show
ilar: block-like behavior, if weakly. To the extent that the unla-
T beled data gives a block-like affinity matrix, clusters Ratu
'?hlly exist in the data; this is the basis for spectral cltiste

AFor some of these sets. themeans numbers are low. This The subsequent matrices_have increasing f.ractions ofdata |
) A ’ . o beled. The effect of adding labeled data is to sharpen and
is partially illusory, due to the zeroed expectation of tlguated : .
Rand index, and partially a real consequence of the spagte hi CO€rce the natural clusters into the desired classes. As mor
dimensionality of the text data. Bettermeans results on text typ- |abels are added, the blocks become clearer, the cliques be-
ically require some kind of aggressive dimensionality wiw, ~ COme stronger, and, in the limit of 100% labeled data, the
(usually LSA, another spectral method) or careful featelection  interested reader will never accidently jump from a documen
(or both). of one topic to one of another.

3There are has 562 instances, 35 features, and 15 differe
classes. It is nominal; Hamming distance was used.
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1 1 — documents to incorporate.

/ S Figure 2(b) shows the effect of supplying increasingly

o8 / large fractions of the 3 BwsGRouPsdata set as labeled

0.9

06 08l training instances, and using the remainder of the data set
i as test instances. The spectral classifier outperformseNaiv
04l o schal Classier O —ecral Claseier Bayes, more substantially so when there is little labeled.da
— . Naive Bayes Classifi —Naive Bayes Classii Figures 3(a) and (b) show the same graphs for the 2/
%20 200 a0 600 80 %0 o0z 04 06 o8 1 GROUPs data set. Again, spectral classification performs

(a) Adding Unlabeled Data (b) Adding Labeled Data Well, especially when less than 10% of the data is labeled.
It should be noticed that, for this data set, Naive Bayes out-

Figure 2: Categorization accuracy on the BWsGRouprstask as  performs the spectral classifier in the strongly supervisee
the number of (a) unlabeled and (b) labeled points incredsds),  (>15% labeled data). The strength of Spectral Learning lies

12 labeled documents and the given number of unlabeled dusme in incorporating unlabeled data, and, for the Strong'y supe
were used as a training set. In (b), the training set is all HE3vS- vised case. this is of less value.

GROUPS with the given fraction labeled. In both cases, the test set
for a given run consisted of all documents in BIMSGROUPWhose
labels were not known during training for that run. Spectral Space

To further investigate the behavior of the spectral classi-

o o8 - fier, we performed the following experiment. We took the
0.35 0.6 - 3 NEwsGRouPsdata and labeled various fractions of each
03 | T NDecta e ST of the 3 classes. We then plotted each document’s position
yes . . . .
04" 7 in the resulting 3-dimensional spectral space (the space of
025 o / the rows of the matrixX as defined by our spectral learn-
som T T T T 0.2}

02f « . " [— Specual Classifier ‘ ing algorithm). Figure 4 shows dimensions 2 and 3 of these
015 oL L——Naive Bayes Classifi plots. With no labels, the data does not tightly cluster. As
0 500 1000 1500 2000 o o1 02 03 04 we add labels (circled points), two things happen. Firs, th
(a) Adding Unlabeled Data (b) Adding Labeled Data labeled points move close to same-labeled points, away from
. o different-labeled points, and generally towards the olatsi
Figure 3: Categorization accuracy on the ZQVNS(_SROUPS:aSk as  gince they are “hubs” of the Markov process. Second, they
itrr]‘sréz)s::m”m of unlabeled data and (b) fraction of label@ d 1, || the unlabeled points out radially along with them. Tisis
' effective in that it seems to pull the classes apart, evemgho
the classes were not naturally very strong clusters in the un
labeled data.

Accuracies
To validate the utility of spectral classification, we penfeed
the following experiments on the 20BWSGRoOUPata set.
We built two batch classifiers. The first was a standard-4 Related Work
multinomial Naive Bayes (NB) classifier with standard add-
one smoothing. The second was a spectral classifier as d
scribed above, which used a single-nearest neighborfidassi
to perform the final classification in the spectral space. Th
affinity matrix A was the thresholded cosine similarity be-

tween documents.We note here that the thresholding is im- cut values of any two nodes that are preassigned to the same
portant, since it weakens the effect of outliers. Furtheemid y P 9
.class should be the same.

saves space and computation time, since the resultingtgffini ) ; ) )
matrix is sparse. The main drawback with the algorithm {u and Shi,
We split the data into a labeled training set and an unla2001 is that it only constrains same-labeled data points. The

beled test set. For classification, the spectral classifier p l90rithm we present here benefits from the zeros in the spar-

cessed both the training and test set, but was evaluateeon tRity pattern introduced by differently-labeled pairs. ther-

test set only. more, it should be noted that, in the multi-class case, ébel
Figure 2(a) shows the effect of using a sample of 12 docusets combinatorialy tend to _embody more differently-label

ments from the 3 NwsGRoupPsdata as a labeled training Pairs than same-labeled pairs. The other drawback to not us-

set, with an increasing number of unlabeled documents a'%g the information given by differently-labeled pointsigat

a test set. The accuracy of the NB classifier is, of courseN€ trivial partition (all points in one cluster) will safysthe

constant up to sampling variation, since it discards unéabe constraints, even when many points are labeled. In factnwhe

data. The spectral classifier is more accurate than the NB!I the data is labeled, it is likely that the partition fouby

classifier when given sufficiently many additional unladele the Grouping with Bias algorithm will be the trivial paron.
Figure 6(a) shows that our Spectral Classifier outperfohas t

5For each document, we take the most similar 20 documents, ang@rouping with Bias algorithm for the 3 BfwsGRouPsdata

put those similarities in the appropriate row and columnl.other ~ Set. In fact, Grouping with Bias started performing slightl
entries are 0. worse when a large fraction of the data was labeled.

1 [Yu and Shi, 200], a spectral grouping method, which
ey call “Grouping with Bias”, is presented that allows for
éop-level bias, as in labeled data. They formulate the gmbl
as a constrained optimization problem, where the optinmal pa
tition is sought, subject to the constraint that the norneali
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1% Labeled 50% Labeled 100% Labeled

Figure 4: Three classes of the 2EINSGRouUPgata set in spectral space with increasing mountah#ied data. The classes are sci.crypt
(pluses), talk.politics.mideast (dots), and soc.religitiristian (squares). The labeled points are circled.bbtm graphs show the sparsity
patterns of the associated affinity matrices.
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Figure 5: Three classes of the 2@WNsGRouPSlata set in spectral space with increasing amounislabeled data. The classes are sci.crypt
(pluses), talk.politics.mideast (dots), and soc.refigibristian (squares). There are 12 labeled documentie@)r

5 Constrained Spectral Clustering 1. Must-links: two items are known to be in the same class.
2. Cannot-links: two items are in different classes.

Recently, there has been interestcomstrained clustering Constrained clustering allows one to do exploratory data

[Wagstaff and Cardie, 2000; Kleiet al., 2004, which in-  analysis when one has some prior knowledge, but not class la-

volves clustering with two types of pairwise constraints: bels. The classifier presented in section 4 can be easily-modi
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0.98 o — Spectral Constrained Clustering R efe re n Ces
\/\/\/ [Alizadeh, 2000 A.A. Alizadeh. Distinct types of diffuse large b-
0.9 - cell lymphoma identified by gene expression profilingature,
0oal . R o7 403(6769):503-11, 2000.
i ™ _ [Brew and Schulte im Walde, 20DZC. Brew and S. Schulte im
002l N _ / Walde. Spectral clustering for german verbs. Plroceedings
054/77\/ of EMNLP-2002, 2002.
09 ___GroupingWithBias | ! I —— [Chung, 1997 F. Chung. Spectral Graph Theory. AMS, Provi-
01 02 03 04 dence, RI, 1997.
(@) (b) [Deerwesteet al., 1990 Scott C. Deerwester, Susan T. Dumais,
Thomas K. Landauer, George W. Furnas, and Richard A. Harsh-
Figure 6: (a) Classification accuracy vs. fraction of pagsstrained man. Indexing by latent semantic analyslsurnal of the Amer-
for spectral classifier vs. grouping with bias. (b) Rand kadespec- ican Society of Information Science, 41(6):391-407, 1990.
tral constrained clustering vs. fraction of pairs consiedi (shown  [Fiedler, 1975 M. Fiedler. A property of eigenvectors of non-
up to 0.1% constrained). Both are on ENsGRouPdlata. negative symmetric matrices and its application to graglorh

Czeckoslovak Mathematical Journal, 25:619-672, 1975.
fied for this kind of prior knowledge: we have been reducing[Huber.t.and Arabie, 1995L. J. Hubert and P. Arabie. Comparing
labeling information to pairwise information during aftii partitions. Journal of Classification, 2:193-218, 1985.
modification all along. [Klein et al., 2004 Dan Klein, Sepandar D. Kamvar, and Christo-

Specifically, the affinity matrix is now defined as follows: ~ Pher D. Manning. From instance-level constraints to speeet
constraints: Making the most of prior knowledge in data <lus

1. Define the affinity matriA as before. tering. InThe Nineteenth International Conference on Machine
2. For each pair of must-linked poindis j) assign the val- Learning, 2002.
uesAjj = Aji = 1. [Kleinberg, 1998 J. Kleinberg. Authoritive sources in a hyper-

linked environment. IfProceedings of the 9th ACM-SIAM Sym-
posium on Discrete Algorithms, 1998.
[Meila and Shi, 200D Marina Meila and Jianbo Shi. Learning seg-
4. NormalizeN = ﬁ(A + dmax | — D). mentation by random walks. Wdvances in Neural Information

_ . . . . . . Processing Systems, pages 873-879, 2000.
This is equivalent to thenposing constraints step in[Klein [Meil2 and éqhi,yzooll l\aa?ina Meila and Jianbo Shi. A random

etal., 2003. In this step, must-linked points are made more ™ 4 ks view of spectral segmentation. A and Statistics (AIS-

similar than any other pair of points in the data set, and 7ars), 2001.

cannot-linked points are made more dissimilar than any paifNg et al., 2004 Andrew Y. Ng, Michael I. Jordan, and Yair Weiss.

of points in the data set. On spectral clustering: Analysis and an algorithm. Pro-
The spectral constrained clustering algorithm proceests ju  ceedings of Advances in Neural Information Processing Systems

as the other spectral clustering algorithms presented there (NIPS 14), 2002.

only difference is that it uses the modified normalized affini [Pagestal.,, 1998 Lawrence Page, Sergey Brin, Rajeev Motwani,

matrix presented in this section. and Terry Winograd. The pagerank citation_rankin_g: Briggin
Figure 6(b) shows a plot of accuracy vs. number of con- orderf[o the vyeb. Technical report, Stanford Digital Lilyréech-
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tively use constraints to better cluster data. national Conference on Machine Learning, pages 1103-1110,
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bias. Technical Report CMU-RI-TR-01-22, Robotics Inggtu

We present here a probabilistic model and an associated spec Carnegie Mellon University, Pittsburgh, PA, July 2001.

tral learning algorithm that is able to work for the unsuper-
vised, semi-supervised, and fully-supervised learnirappr
lems. We show that this algorithm is able to cluster well, and
further is able to effectively utilize prior knowledge, ledr
given by pairwise constraints or by labeled examples.
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Abstract

Single-Clas<Classification(SCC) seeksto distin-
guish one classof datafrom the universalset of
multiple classesWe presenta nev SCCalgorithm
that efficiently computesan accurateboundaryof
the tamget classfrom positive and unlabeleddata
(withoutlabelednegative data).

1 Introduction

Single-ClassClassification(SCC) seeksto distinguishone
classof datafrom the universalsetof multiple classes(e.qg.,
distinguishingapplesfrom fruits, identifying “waterfall” pic-
turesfrom image databasesor classifying personalhome-
pagesrom theWeb)(Throughouthepaperwecall thetarget
classpositiveandthe complemensetof samplesiegative)
Sinceit is not naturalto collectthe “non-interesting”ob-
jects(i.e., negative data)to train the conceptof the “interest-
ing” objects(i.e., positive data),SCCproblemsareprevalent
in real world wherepositive and unlabeleddataare widely
available but negative dataare hard or expensve to acquire
[Yu et al., 2002; Letouzg et al., 2000; DeComiteet al.,
1999. For example,in text or Web pageclassification(e.g.,
personahomepagelassification) collecting negative train-
ing data(e.g.,a sampleof “non-homepages”is delicateand
arduousbecausemanually collectednegative datacould be
easily biasedbecauseof a persons unintentionalprejudice,
which could be detrimentalto classificationaccurag. In an
exampleof diagnosisof a diseasepositive dataare easyto
accesge.g.,all patientswho have the diseaseandunlabeled
dataareabundant(e.g.,all patients) but negative dataareex-
pensve if detectiontestsfor the diseaseare expensve since
all patientsin the databaseannotbe assumedo be negative
sampledf they have never beentested. Furtherapplications
canbealsofoundin patternrecognitionjmageretrieval, clas-
sificationfor datamining, rareclassclassificationgetc. In this
paperwe focuson this SCCproblemfrom positive andunla-
beleddata(withoutlabelednegative data).

1.1 Previous Approaches for SCC

Traditional (semi-)supervisetkarningschemesre not suit-
ablefor SCCwithout labelednegative databecause(1) the
portionsof positive and negative spacesare seriouslyunbal-
ancedwithout being known (i.e., Pr(P) << Pr(P)), and
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(2) the absenceof negative samplesin the labeleddataset
makes unfair the initial parameter®f the modelandthusit
leadsto unfair guesse$or theunlabeleddata.

Active learningmethodsalsotry to minimize the labeling
laborsto constructanaccuratelassificatiorfunctionby adif-
ferentapproachthatinvolvesan interactive procesbetween
thelearningsystemanduserd TongandKaoller, 200d.

Valiantin 1984 [Valiant, 1984 pioneeredearningtheory
frompositiveexampledasednrulelearning.ln 1998,F. De-
nis definedthe ProbablyApproximatelyCorrect(PAC) learn-
ing modelfor positive and unlabeledexamples,andshoved
thatk-DNF (Disjunctive NormalForm)is learnabldrom pos-
itive andunlabeledexampled Denis,1994. After that,some
experimentalattemptsto learn using positive and unlabeled
datahave beentried usingk-DNF or C4.5[Letouzey et al.,
2000; DeComiteet al., 1999. Rule learning methodsare
simpleandefficientfor learningnominalfeaturesuttricky to
usefor the problemsof continuoudeatureshighdimensions,
or sparsenstancespaces.

Positve Example-Basetlearning(PEBL) framewnork was
proposedor Web pageclassificatior{ Yu et al., 2004. Their
methodis limited to the Web domainwith binary features,
andits training efficiency is poorbecausef usingSVM iter-
atively whosetrainingtime is alreadyat leastquadratido the
sizeof trainingdataset. This problembecomeritical when
thesizeof unlabeleddatasetis large.

A probabilisticmethodfor the SCC problemhasbeenre-
cently proposedfor the text domain[Liu et al., 2004. As
they specifiedin the paper their method- a revision of the
EM algorithm— performsbadly on “hard” problemsdueto
thefundamentalimitations of the generatie modelassump-
tion, the attribute independencassumptiorwhich resultsin
linear separationandthe requiremenbf good estimationof
prior probabilities.

OSVM (One-ClassSVM) alsodistinguishesne classof
datafrom the rest of the feature spacegiven only a pos-
itive dataset[Tax and Duin, 2001; Manevitz and Yousef,
2001]. Basedon a strongmathematicafoundation,OSVM
dravsanonlinearboundaryof the positive datasetin thefea-
ture spaceusingtwo parameters- v (to control the noisein
the training data)and~ (to control the “smoothness’of the
boundary). They have the sameadwantagesas SVM, such
asefficient handlingof high dimensionakpacesandsystem-
atic nonlinearclassificatiorusingadwancedkernelfunctions.
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(b) OSVM from P (# of SVs
= 15)

(@) SVM from P andN (# of
SVs= 229)

(d) Overfitting of OSVM (#
of SVs=52)

(c) Ové.rfitting' of 'OSVM #
of SVs=21)

Figurel: Boundarieof SVM andOSVM on a syntheticdataset.big dots: positivedata,smalldots: negativedata

However, OSVM requiresa muchlarger amountof positive
trainingdatato induceanaccurateclassboundarybecausés
supportvectors(SVs) of the boundaryonly comesfrom the
positive datasetandthusthe small numberof positive SVs
canhardly cover the major directionsof the boundaryespe-
cially in high dimensionalspaces.Due to the SVs coming
only from positive data,OSVM tendsto overfit andunderfit
easily Tax proposed sophisticateanethodwhich usesartif-
ically generatedinlabeleddatato optimizethe OSVM’s pa-
rameterghat “balance” betweenoverfitting and underfitting
[Tax and Duin, 2001]. However, their optimizationmethod
is infeasiblyinefficientin high dimensionakpacesandeven
with the bestparametesetting,its performancestill lagsfar
behindthe original SVM with negative datadueto the short-
ageof SVswhich makes“incomplete”theboundarydescrip-
tion. Figure 1(a)and(b) shav the boundarief SVM and
OSVM on a syntheticdatasetin a two-dimensionalkspace.
(We usedLIBSVM version2.33' for SVM implementation.)
In this low-dimensionalspacewith “enough” data, the ob-
stensibly‘smooth”boundaryof OSVM is nottheresultof the
goodgeneralizatiobut insteads from thepoorexpressibility
causedby the “incomplete” SVs, which will becomemuch
worsein high-dimensionakpacesvhere more SVs around
theboundaryareneededo covermajordirectionsin thehigh-
dimensionakpacesWhenwe increasehe numberof SVsin
OSVM, it overfitsratherthanbeingmoreaccurateasshavn
in Figure1(c)and(d).

1.2 Contributions and Paper Layout

We first discussthe “optimal” SCC boundary which moti-
vatesour new SCCframework Mapping-Cotvergence(MC),
wherethe algorithmsunderthe MC framework generatehe
boundarycloseto theoptimum(Section2). In Section3, we
presentan efficient SCCalgorithm Support\Vector Mapping
Corvergence(SVMC)underthe MC framework. We prove
that althoughSVMC iteratesunderthe MC framework for
the “nearoptimal” result, its training time is independenof
thenumberof iterationswhichis asymptoticallyequalto that
of a SVM. We empirically verify our analysisof SVMC by
extensive experimentson variousdomainsof real datasets
suchastext classification(e.g.,Webpageclassification) pat-
ternrecognition(e.g.,letterrecognition),andbioinformatics
(e.g.,diagnosisof breastcancer) which shows the outstand-
ing performanceof SVMC in awide spectrumof SCCprob-

Thttp://www.csie.ntu.edu.twé cjlin/libsvm
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lems(with nominalor continuousattributes linearor nonlin-
earseparationandlow or high dimensions)Section4).

1.3 Notation
We usethefollowing notationthroughouthis paper

e 7 is adatainstancesuchthatx € U.

e P is asubspacéor positive classwithin i/, from which
positive datasetP is sampled.

e U (unlabeleddataset)is auniform sampleof theuniver-
salset.

e U isthefeaturespaceor theuniversalsetsuchthati/ C
R™ wherem is thenumberof dimensions.

For an example of Web pageclassificationthe universal
setis the entireWeb, U is a uniform sampleof the Web, P
is a collection of Web pagesof interest,andz € R®™ is an
instanceof aWebpage.

2 Mapping Convergence (MC) Framework
2.1 Motivation

In machinelearning theory the “optimal” classboundary
function(or hypothesish(z) givenalimited numberof train-
ing dataset{(z,1)} (I is the label of z) is considerecthe
onethatgivesthebestgenerlization performancevhich de-
notesthe performanceon “unseen”examplesratherthanon
thetrainingdata.The performancen the training datais not
regardedas a good evaluationmeasureor a hypothesishe-
causehehypothesigendsup overfittingwhenit triesto fit the
training datatoo hard. (Whena problemis easy(to classify)
andthe boundaryfunctionis complicatedmorethanit needs
to be, the boundaryis likely overfitted. Whena problemis
hardandthe classifieris not powerful enoughthe boundary
becomeaunderfit.) SVM is an excellentexampleof super
vised learning that tries to maximize the generalizatiorby
maximizing the margin and also supportsnonlinearsepara-
tion using advancedkernels,by which SVM tries to avoid
overfitting andunderfitting[Burges,1994.

The“optimal” SCCclassifiewithoutlabelednegative data
also needsto maximize the generalizationsomehav with
highly expressve power to avoid overfitting andunderfitting.
To illustrate an exampleof the “nearoptimal” SCC bound-
ary withoutlabelednegative data,considerthe syntheticdata
set(Figure2) simulatinga real situationwherewithin 2/, (1)
the universalsetis composedf multiple groupsof data,(2)
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(b) SVMC from P and
U (#of SVs=75)

(2) OSVM from P (#of
SVs=7)

Figure2: Syntheticdatasetsimulatingarealsituation.P: big
dots,U: all dots(big andsmalldots)

the positive classP is oneof them (supposingP is the data
groupin the center),and(3) the positive datasetP is a sam-
ple from P (assuminghat the big dots are the sampleP).

OSVM draws P, a tight boundaryaround P, as shown in

Figure 2(a), which overfits the true classarea? dueto the
absencef the knowledgeof the distribution of U. However,

the “nearoptimal” SCCclassifiersmustlocatethe boundary
betweerP andU outsideP (Figure2(b)) andthusmaximize
the generalization. The MC framework usingU systemati-
cally draws the boundaryof Figure2(b).

2.2 Negative Strength

Let h(z) betheboundaryfunctionof the positive classin U/,
which outputsthe distancerom theboundaryto theinstance
z in U suchthat

h(z) >0 if x is a positive instance,
h(z) <0 if x is a negative instance,
|h(z)| > |h(z")| if z is located farther than z'

from the boundary in U.

Definition 1 (Strength of negative instances). For two neg-
ativeinstancesr andz’' sud thath(z) < 0 andh(z') < 0,
if |h(z)| > |h(z")|, thenz is stronger thana'.

Example 1. Considera resumepage classificationfunction
h(zx) fromtheWeb (/). Supposehere are two negativedata
objectsz andz’ (non-resumepages)in U sucthath(z) < 0
and h(z') < 0: z is “how to write a resume”page, and
z' is “how to write an article” page. In U, z' is consideed
more distantfromtheboundaryof theresumeslassbecause:
hasmore relevantfeaturesto theresumeclass(e.g., theword
“r esume”in text) thoughit is nota true resumepage.

2.3 MC Framework

The MC framework is composedf two stagesthe mapping
stage andthe corvergencestage. In the mappingstage,the
algorithmusesa weak classifier®, which draws an initial
approximationof “strong negatives” — the negative datalo-
catedfar from the boundaryof the positive classin U (steps
1 and?2 in Figure4). Basedon theinitial approximationthe
cornvergencestagerunsin iterationusinga secondaseclassi-
fier ¥,, which maximizesghe magin to make a progressiely
betterapproximationof negative data(steps3 throughb5 in
Figure4). Thusthe classboundaryeventually convergesto

LEARNING

Figure3: Exampleof the space®f the MC framework in U/

theboundaryaroundthe positive datasetin thefeaturespace
which alsomaximizeshe margin.

Input:
Output:

- positive dataset P, unlabeleddatasetU
- aboundaryfunctionh;

¥, : analgorithmidentifying “strongnegatives” from U
W,: asupervisedearningalgorithmthatmaximizeshemaigin

Algorithm:
1. Use¥; to constructa classifierho from P andU which classifies
only “strong negatives” asnegative andthe othersaspositive
2. ClassifyU by ho
* No = examplesfrom U classifiedasnegative by ho
* P, := examplesfrom U classifiedaspositive by kg
3.SetN := @ andi :=0
4. Do loop
41.N:=NUN;
4.2.UseW, to constructh; 1 from P and N
4.3.Classify P; by hi 1
* N;+1 = examplesfrom P; classifiedasnegative by ki1
* P11 := examplesfrom P; classifiedaspositive by h;1
4.4.i:=i+1
4.5. Repeauntil N; = 0
5. returnh;

Figure4: MC framework

Assumethat P is a subspaceightly subsumingP within
U wherethe classof the boundaryfunctionfor 7 is from the
algorithm¥, (e.g.,SVM). In Figure4, let g bethenegative
spaceand P, be the positive spacewithin ¢/ divided by hq
(aboundarydravn by ¥,), andlet N; bethe negative space
andP; be the positive spacewithin P;_, divided by h; (a
boundarydrawvn by ¥,). Then,we caninducethe follow-

ing formulaefrom the MC frameawork of Figure4. (Figure3
illustratesanexampleof the space®f theframeworkin I/.)

U=P;i+ U N (1)
k=0
1
Pi=P+ U N @
k=it1

wherel is thenumberof iterationsin the MC framework.

Theorem 1 (Boundary Convergence). Supposel is uni-
formly distributedin ¢{. If algorithm ¥; doesnot geneiate
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(b) Boundaryafterthefirst it-
eration

@) Boundaryaftér the map-
ping stage

(c) Boundaryafter the second (d) Final bounda't.ry‘ -

iteration

Figure5: Intermediateesultsof SYMC

falsenggativesandalgorithm ¥, maximizesnargin, then(1)
the classboundaryof the MC frameavork corvemesinto the

boundarythat maximallysepaatesP and U outside?, and
(2) I (the numberof iterations)is logarithmicin the mamin

betweerNo andP.

Proof. /\70 NP =0 becausaclassifierhy constructedy the
algorithm¥; doesnotgeneratdalsenegative. A classifierh
constructedy the algorithm ¥,, trainedfrom the separated

spaceN; and?, dividestherestof thespace/ — (N + P)
whichis equalto U£:1Nk) into two classewith aboundary
thatmaximizesthe mamin between\;, and®. Thefirst part
becomes\V; andtheotherbecome$J£:2/\7'k. Repeatedlya
classifierh;4+1 constructedy the samealgorithm¥,, trained
from the separate(.'i;pace\J}'c:O/\A/;c and?P, dividesthe restof
the spaceu’_, ., Ny, into N1 andUl_; , Ny with equal
maigins. Thus,M+1 always hasthe mamgin of half of N;
(for ¢ > 1). Therefore,I will belogarithmicin the mamgin
between/% and?.

The iteration stopswhen N; = 0, wherethereexists no
sampleof U outside?. Therefore,the final boundarywill

belocatedbetweenP andU outside? while maximizingthe
maugin betweerthem. O

Theoreml provesthat undercertainconditions,the final
boundarywill belocatedbetweenP andU outside?. How-
ever, in the exampleof Figure2(b), our framewnork generates
the “better” boundarylocatedbetweenP and U outsideP
becauseén theoreml, we madea someavhat strongassump-
tion, i.e., U is uniformly distributed,to guarante¢he bound-
ary corvergence.ln a morerealisticsituationwherethereis
somedistanced betweenclasses—Figur@ shavs somegaps
betweerclassesi the margin betweerh; andNi becomes
smallerthan § at someiteration, the corvergencestopsbe-
causeNiH becomesmpty The marmgin betweenh;; and
N; reducedy half ateachiterationastheboundaryh; ;1 ap-
proacheso P andthusthe boundaryis notlikely to stopcon-
verging whenit is far from P unlessU is severely sparse.
Thus,we have thefollowing claim:

Claim 1. Theboundaryof MC is locatedbetweenP and U
outsideP if U and P are notseverely spaiseandthere exists
visible gapsbetweer? andU'.
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Validity of the component algorithms ¥, and ¥,

1. ¥; mustnot genertefalsengyatives.

Most classificationmethodshave a thresholdto control the
trade-of betweenprecisionand recall. We can adjustthe
thresholdof ¥, sothatit makesnearl100%recallby sacrific-
ing precision.(Someviolationsof this canbe handledby the
softconstrainof ¥, (e.g.,SVM).) Determiningthethreshold
can be intuitive or automaticwhen not concerningthe pre-
cision quality much. The precisionquality of ¥; doesnot
affectthe accurag of thefinal boundaryasfar asit approxi-
matesa certainamountof negative databecaus¢heboundary
will corvergeeventually Figure5 visualizegheboundaryaf-
ter eachiterationof SVMC. The mappingstageonly identi-
fiesvery strongnegativesby coveringa wide areaaroundthe
positvedata(Figure5(a)). (We usedOSVM for thealgorithm
¥, of themappingstage We intuitively setthe parametersf
OSVM suchthatit coversall the positive datawithout much
concernfor falsepositives.) Although the precisionquality
of mappingis poor, the boundaryat eachiterationcorverges
(Figures5(b) and(c)), andthe final boundaryis very close
to the true boundarydrawvn by SVM with P and N (Figure
1(a)and5(d)). Our experimentsin Section4 alsoshawv that
thefinal boundarybecomewery accuratealthoughtheinitial
boundaryof the mappingstageis very roughby the “loose”
settingof thethresholdof ¥, .

2. U, mustmaximizemargin.

SVM andBoostingarecurrentlythe mostpopularsupervised
learningalgorithmsthat maximizethe maigin. With a strong
mathematicafoundation,SVM automaticallyfinds the opti-
mal boundarywithout a validationprocessandwithout mary
parameterso tune. The smallnumbersof theoreticallymoti-
vatedparameterslsowork well for anintuitive setting. For
thesereasonsye useSVM for ¥, for our researchln prac-
tice, the soft constraintof SVM is necessaryto cope with
noiseor outliers. The soft constraintof SVM can affect I
andthe accurag of the final boundary However, P is not
likely to have a lot of noisein practicebecauset is usually
carefullycollectedby users.In ourexperimentsalow setting
(i.e.,v = 0.01) of v (theparameteto controltherateof noise
in thetrainingdata)performswell for all casegor thisreason.
(We usedv-SVM for the semanticallymeaningfulparameter
[ChangandLin, 2001].)
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3 Support Vector Mapping Convergence
(SVMC)

3.1 Motivation

The classificatiortime of the final boundaryof SMC (“Sim-
ple” MC with ¥, = SV M) is equalto thatof SVM because
thefinal boundaryis aboundaryfunctionof ¥,. Thetraining
time of SMC canbeverylongif |U| is verylargebecausé¢he
trainingtime of SVM highly depend®nthesizeof datasetn
(= |U|), andSMC runsiteratively. tsyrc = O(|U|? xlog|U])
assuminghe number of iterations = log|U| andtsy pr =
O(|U|?) where tg is the training time of a classifier ¥.
(tsvm is known to be at leastquadraticto n andlinear to
the numberof dimensions).Referto [ChangandLin, 2001]
for morediscussioronthecomplexity of SVM. However, de-
creasinghesamplingdensityof U to reducehetrainingtime
hurtsthe accuray of the final boundarybecausehe density
of U will directly affect the quality of the SVs of the final
boundary

3.2 SVMC

SVMC preventsthe training time from increasingdramat-
ically asthe samplesize grows. We prove that although
SVMC iteratesunder the MC framework for the “near
optimal” result,its trainingtime is independenof thenumber
of iterations andthusits trainingtime is asymptoticallyequal
to thatof aSVM.

The approachof SVMC is to useminimally requireddata
setat eachiteration suchthat the datasetdoesnot degrade
theaccurag of theboundarywhile it savesthetrainingtime
of eachSVM maximally. To illustratehow SVMC achieses
this, considerthe point of startingthe third iteration (when
i = 2) in SMC. (Seestep4.1in Figure4.) After we memge
Ng into V, we may not needall the datafrom NV in orderto
construcths because¢hedatafar from hz maynot contribute
totheSVs. Thesetof negative SVsof h, is therepresentatie
datasetfor Ny andN;, sowe only keepthe negative SVs of
h, andthenewly induceddataset N, to supportthe negative
sideof hs.

Claim 2 (Minimally required negative data). Minimally
required negativedataat (; + 1)th iteration (Vi > 1) that
malesh,+1 is asaccurate asthe boundaryconstructedrom

oN andP, is N; U negative support vectors of h;.

Rationale The negative SVs of h;1 will be from Ni and
the negative SVsof h; becausdV; is the closestdatasetto
h;+1 andbecausehe directionsnot supportedoy N; in the
featurespacewill be supportedby the negative SVs of h;,
which are the representinglata set for Uj;})](fj. However,
if ary of the negative SVs of h; is excludedin constructing
hit1, hi+1 mightsuffer becaus¢he negative SVsof h; need
to supporlthedirectionthatNi doesnotsupportin thefeature
space.Thus,N; U negative support vectors of h; arethe
minimally requirednegative datasetat (i + 1)th iteration.
o
For the minimally requireddatasetfor the positiveside,
we cannotdefinitely excludeary dataobjectfrom P ateach
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iterationbecausepositive SVs are determineddependingon
negative SVs,andit is hardto determinghepositive datathat
cannotbe SVsindependentf negative SVsor SVM parame-
ters.

Surprisingly addingthe following statemenbetweerstep
4.4 and 4.5 of the original MC frameawork of Figure4 com-
pletesthe SVMC algorithm.

Reset N with negative SVs of U,
Theorem 2 (Training time of SVMC). Supposetsyy =
O(n?),and [Ny | = B vi > 1. Thentsy mo = O(n?).

Proof. For simplicity of the proof, we approximateeach
valueasfollows.

n=IPl+|UL N~ U]
N N U
|N0UN1| ~ |2—|
U U U
tsvue = <%)2+<'4') +. +<'21')
I
Sl L lop

O

Theorem?2 statesthat the training complexity of SVMC
is asymptoticallyequalto that of SVM. Our experimentsin
Sectiord alsoshov thatSVMC trainsmuchfastethanSMC
while it remainsthe sameaccurag. Figure5 visualizesthe
boundaryafter eachiterationof SVMC on the samedataset
of Figurel.

4 Empirical Results

In thissectionwe shov theempiricalverificationof ouranal-

ysison SVMC by extensie experimentson variousdomains
of realdatasets— Web pageclassification)etterrecognition,
and diagnosisof breastcancer— which shav the outstand-
ing performanceof SVMC in awide spectrumof SCCprob-

lems(with nominalor continuousattributes linearor nonlin-

earseparationandlow or high dimensions).

4.1 Datasets and Methodology

Due to spacelimitations, we reportsonly the main results.
Our evaluationis basedn the F1 measurdF'1 = 2pr/(p +
r), p is precisionandr is recall) aswasusedin [Liu etal.,
2009 — oneof the mostrecentworks on SCCfrom positive
andunlabeleddate. We alsoreporttheaccurag.

We usedthe letter recognitionandbreastcancerdatasets
from the UCI machinelearningrepository for direct com-
parisonsvith OSVM. (OSVM is oftenusedfor letteror digit

2Referto [Liu etal., 2009 for thejustificationof usingthe F'1
measurdor SCC.
Shttp://wwwics.uci.edutmlearn/MLRepositorjtm|

571



F1, Accuray (%) T-Time (sec.)
Class | [P| | U] | [Pu] TSUM SMC SUMC OSVM SYMNN SMC | SYMC
leftler A | 521 | 10007 | 384 | 0.9929,99.96 | 0.0840, 99.91 | 0.0840, 99.91 | 0.845799.22 | 0.081107.26 | 17177 | 4537
‘B | 521 | 10004 | 377 | 0.965109.83 | 0.904699.50 | 0.9204, 99.50 | 0.7207.08.69 | 0.083407.58 | 75.61 | 14.34
C | 485 | 9996 | 371 | 0.986009.23 | 0.9641, 99.87 | 0.9641, 99.87 | 0.735498.82 | 0.075807.55 | 155.70 | 29.03
‘D | 525 | 10050 | 402 | 0.982099.91 | 0.0300, 99.63 | 0.0300, 99.63 | 0.692108.60 | 0.000207.52| 80.47 | 16.06
© [ 518 | 10026 | 392 | 0.979899.90 | 0.9410, 99.70 | 0.9396,99.69 | 0.711296.78 | 0.133397.64 | 98.13 | 2157
b-cancer| 135 | 259 | 77 | 0.062898.87 | 0.0585, 98.75 | 0.0585, 98.75 | 0.631583.32 | 0.2434,36.06| 0.131 | 0.025
course | 482 | 4179 | 448 | 0.896997.82 | 0.825906.65 | 0.8434, 96.80 | 0.202836.59 | 0.0880,89.30 | 636.70 | 143.29
faculty | 532 | 4200 | 592 | 0.9032,97.68 | 0.8420,95.80 | 0.8705, 96.58 | 0.262150.11 | 0.016886.05 | 749.63 | 217.85
Student | 816 | 4154 | 825 | 0.024097.27 | 0.849504.209 | 0.8505, 94.15 | 0.338432.52 | 0.0000,80.14 | 1181.59| 296.50

Tablel: Performance results. | P |: # of positvesin U; T-Time: Training Time

recognition[ TaxandDuin, 2001].) We alsousedWebkHs for

Web pageclassificationas usedin [Liu et al., 2009 for the

indirect comparisorwith it. We setup the experimenten-

vironmentin the sameway as[Liu etal., 2007, exceptour

setupis morerealistic: In [Liu etal., 2004, U is composed
of b% of positives(e.g., student)and samplesfrom another
class(e.g.,course).Our U is b% of positives(e.g.,student)
andthe remaindeiis from all otherclasses(Referto [Liu et

al., 200 for therestof thedatasetdescription.)

4.2 Results

Table 4 shaws the performanceesults. TSVM (Traditional
SVM) shows theideal performanceausingSVM from P and
manuallyclassifiedNV from U. SVM_NN (SVM with Noisy
Negatives)is SVM from P, with U asa substitutefor N. (U
canbethoughtof asa goodapproximationof N.) Notethat
for TSVM, SVM_NN, andMC (SMC andSVMC), we used
theoreticallymotivatedfixed parametersvithout performing
explicit optimizationor validationprocess.For OSVM, we
thoroughlysearchedor thebestparameterbasednthetest-
ing datasetsinceoptimizing parameterasspecifiedin [Tax
andDuin, 2001 is infeasiblyinefficientespeciallyin high di-
mensionakpaces.

MC (SMCandSVMC) withoutlabelednegative datashow
performanceclose to that of TSVM. SVMC trains much
fastethanSMC for mostdatasets.The performancef SMC
andSVMC is comparable(They differ alittle becaus®f the
soft constraintsof SVM andnoisein the data.) OSVM per
forms fairly well on letter recognitionand breastcancer(of
low dimensionalitywith large amountsof data)but poor on
Webkb(of high dimensionality). SVM_NN suffersfrom very
low F'1 scoreshecausaegative predictiondominatesiueto
mary falsepositivesin thetrainingdata.

5 Conclusion

We presentthe MC framavork and its instancealgorithm
SVMC, anev SCCmethodfrom positive andunlabeleddata
(withoutlabelednegative data).SVMC withoutlabelednega-
tive datacomputesanaccuratelassificatiorboundaryaround
the positive datausingthe distribution of unlabeleddatain a
systematiavay.

“http://www-2.cs.cmu.edu/afs/cs.cmu.edu/project/theo-
11/ www/wwkb/
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Abstract

Hyperlink analysisis a successfulpproactto de-
fine algorithmswhich computethe relevanceof a
documenbn the basisof the citationgraph.In this
paperwe proposea techniqueto learnthe parame-
tersof the pagerankingmodelusinga setof pages
labeledasrelevantor not relevantby a supervisor
In particularwe describea learningalgorithm ap-
plied to a schemesimilar to PageRank.The rank-
ing algorithmis basedna probabilisticWebsurfer
modelandits parametersireoptimizedin orderto
increasehe probability of the surferto visit a page
labeledas relevant and to reduceit for the pages
labeledas not relevant. The experimentalresults
shaw theeffectivenes®f theproposedechniquan
reomganizingthe pageorderingin the rankinglist
accordinglyto the examplesprovidedin thelearn-
ing set.

1 Introduction

PageRanKPageet al., 1999 is the mostpopularalgorithm
to computethe page relevancein a collection of hyper
linked documentslike the Weh This algorithmexploits the
topology of the citation graphin orderto determinethe au-
thority of eachpageusing the intuitive idea that authorita-

tive documentsarelinked by mary authoritatve documents.

Thus, the original algorithm computesa ranking which de-

pendsonly on the graph connectvity without considering
the page contents. However, focusedversionsof PageR-
ank have beenproposedn the literature[Haveliwala, 2002;

RichardsorandDomingos2002;Diligenti et al., 2004 in or-

derto definemoreselectve rankingsfor topic-specificsearch
engines.Theseapproacheallow a limited degreeof adapta-
tion relatedto thechoiceof thespecifictopic. A text classifier
is trainedusingexamplesof pageson thetopic of interestbut

no furtherlevel of learningis consideredn therankingmod-

els. In particular theclassifielis trainedindependentlyn the

rankingalgorithm.

We proposeamoregenerakapproachn whichthelearning
algorithmis defineddirectly on the rankingmodel. In this
casethereis nota predefinedopic, but a supervisomprovides
examplesof pagego be promotedandpageswhich arecon-
sideredasnot relevant. Thus,the learningalgorithmis able
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to manageboth positive examples(relevant pages)and neg-
ative examples(not relevantpages).The rankingfunctionis
basedon the Web surfermodel[Diligenti et al., 2004. The
relevanceof a pageis definedby the probability of the surfer
to visit the pagewhenconsideringthe stationaryprobability
distribution of the Markov chainwhich describeghe surfer
behaior. Basicallythe learningalgorithmcomputeghe pa-
rametersvhich definethe surfermodelin orderto reducethe
probability of visiting a negative exampleandto increasehe
probability of beingin a positive example.In orderto reduce
the numberof free parametergshe surfermodelis simplified
by dividing thepagesamonga setof categyoriesandassuming
thatthe surferbehaiior dependsonly on the cateyory of the
pagewhereit is located. In particular the setof categories
doesnot needto be predefinedut it is determinedy a clus-
tering algorithmbasedon the documentontents.Moreover,
whereaghe focusedversionsof the PageRanlksimply direct
the Web surfer to the most promising page(i.e. the page
whosecontentis the mostsimilar to the contentof a target
page)the proposedilgorithmcanexploit hierarchiesof top-
ics, allowing the surferto follow complex paths,composed
by mary stepsjeadingto relevantpages.

The paperis organizedasfollows. In the next sectionthe
websurfermodelis reviewed. Then,in section3 thelearning
algorithmis described.Section4 reportssomeexperiments
which show the effectivenessf the proposedearningalgo-
rithm. Finally, in section5 the conclusionsaredrawn.

2 Random Walks on the Web graph

Randomwalk theory hasbeenwidely usedto computethe

absoluterelevanceof a pagein the Web [Pageet al., 1998;
LempelandMoran,2000. TheWebis representedsagraph
G, whereeachWeb pageis a nodeanda link betweentwo

nodesrepresentsa hyperlink betweenthe associategages.
A commonassumptioris thatthe relevancez, of pagep is

representedy the probability of endingup in thatpagedur-

ing awalk onthis graph.

We considerthe model of a Web surferwho canperform
oneout of two atomicactionswhile visiting the Web graph:
jumping to a node of the graph (action J) or following a
hyperlink from the currentpage(action!). In general,the
actiontaken by the surferwill dependon the pagecontents
andthelinks it contains.We canmodelthe users behavior
by a setof probabilitieswhich dependon the currentpage:
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z(l|g) is the probability of following one hyperlink from
pageq, andz(.J|q) is the probability of jumping from page
g. Thesevaluesmust satisfy the normalizationconstraint,
z(J]q) +z(llq) = 1.

The two actionsneedto specify their tamgets. Assum-
ing thatsurferbehaior is time-invariant,thenthe targetsare
specifiedby the probability z(p|g, J) of jumping from page
g to pagep, andthe probability z(p|q,!) of selectinga hy-
perlink from pageq to pagep. z(p|g,!) is not null only
for the pagesp linked directly by pagegq, i.e. p € ch(q),
being ch(q) the setof the children of nodegq in the graph
G. Thesesetsof valuesmust satisfy the probability nor-
maIizationconstraintsZpeG z(plg,J) = 1, V¢ € G and

ZpEch(q) 'Z.(p|q7 l) = 17 Vq € G

The model considersa temporalsequencef actionsper
formedby thesurferandit canbe usedto computethe proba-
bility thatthe surferis locatedin pagep attimet, z,(t). The
probabilitydistribution onthe pagef theWebis updatedy
takinginto accountheactionsattime ¢ + 1 usingthefollow-
ing equation

zpt+1) = > allg, ) z(Jlg) -z, () + (1)
G
+ ) wlg,l) - z(llg) - x4(t)
g€pa(p)

wherepa(p) is thesetof the parentof nodep. Therelevance
of apagep, z, is computedusingthe stationarydistribution
of the Markov Chain of equation(1). This is a simplified
versionof themodelproposedn [Diligenti et al., 2004.

3 Learningthepagerank

Therandomsurfermodelwhichis usedto computethe page
relevancescoresdepend®nthevaluesassignedo theproba-
bilities z(plq, J), z(J|q), z(p|g, 1), andz(l|q). In mostof the
approacheproposedn the literature,theseparametersare
predefinedor computedfrom somefeaturesdescribingthe
pagep and/orthe pageg. For example,in theoriginal PageR-
ankschemer(l|q) = d, z(J|q) = 1—d, z(plg, J) = %, and

2(plg,1) = -

However, in the generalcase,t would be infeasibleto es-
timatethe parametersvithout ary assumptiorto reducetheir
number In particular we assumehatthe pagesaregrouped
into n clustersaccordingto their contentandthatthe surfer’s
behaior for ary pagep is dependenbonly on the cluster
which p belongsto. In our experimentswe usedclassical
clusteringtechniquege.g. k-meanspnthebag-of-wordsrep-
resentatiorof the paged Kobayashiand Takeda,2004. By
thishypothesisthe parametersf themodelarecomputeds:

_ r(c? = P|l)
z(plg,l) = ZkECh(q) r(ct — ck|l) (2)
soles) = M
z(llp) = =(l|c)
z(Jlp) = xz(J|c")
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Figurel: Thecontext graphbuilt by following thelinks back-
wardsfrom anexamplepage.

wherec? is the clusterwhich pageg belongsto, |¢?| is the
numberof pagesin clusterc?, the parameter(c? — cP|l)
is the tendeng of the surferto follow a hyperlink from a
pagein clusterc? to a pagein clusterc?, andthe parameter
x(cP|c?, J) is thetendeny of the surferto jump from a page
of clusterc? to apageof clusterc?. Thevaluesr(c? — cP|l)
areinitializedto 1, suchthatall links areequallylikely to be
followed. Becausef the modelassumptionsthe strongeris
thetendeng of the surferto moveto a cluster the higherare
thescoresassociatedo the pagesn thatcluster

3.1 Thelearning set

We assumehat a supervisoiprovidesa setpagedabeledas
relevant andnot relevant. Theseexamplesareusedto define
a specific view of the collectionof documentsontainedn a
searchengine.In particularthe supervisoiprovides:

e asetof pagesVt which shouldgeta highrank;
e asetof pagesV— which shouldgeta low rank.

In the first casewe refer to “positive” or “good” pages,
whereasn thelattercaseto “negative” or “bad” pages.

Eachexamplepages associatetb its Context Graph[Dili-
gentiet al., 200d, representindiow the pagecanbereached
from the Weh The graphis organizedinto layersasshovn
in figure 1. The examplepageis the only nodein layer 0.
Then,eachnodein layeri > 0 links only nodesn layeri — 1.
Thus, a pagebelongsto layer if it is at leasti links away
from the examplepage.The depth K of the contet graphis
definedasthenumberof layersin thegraphincludinglevel 0.
For a givenexample,the context graphcanbe built by back-
crawling the Web addingto layers + 1 the pageswhich link
thepagesn layeri, upto amaximumlevel K. Moreover, all
the pagesthatarelinked by at leasta pageof the graphare
alsoconsidered.
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The learningsetconsistsof the context graphsbuilt from
the examplesin N* and N—. CG is the setof all the pages
containedin the learningset; L,:r (L) is the union of the
pagesn thelayerk of the context graphsof thepositive (neg-
ative) examples.

3.2 Learning thetransition parameters

We definethe setof transition probabilites7 = {z(p €

¢jlg € ¢iyl)i,j = 1,...,n}, which representhe proba-
bilities of the surferto selecta hyperlinkfrom a pagein the
clusterc; to apagein theclustere;. Therankof thepagesn

thesetN T isincreasedwhereasherankof thepagesn N —

isdecreased weincreasaheprobabilityof thepathdeading
topagesn N+ andwe reducetheprobabilityof pathdeading
to pagesn N—. This effect canbe obtainedby maximizing
thefollowing costfunction

y(T) = Zk o of [z (p€L+|q€Lk+1,7',l)+ 3)
+(1—-z(peL,|qge LT, l))] ,
where0 < a < 1is adiscountfactorwhichis usedto reduce
the impacton the costfunction of the links too far from the
tarmgetpage.

The probabilityz(p € L{|q € L,c 1, T,1) of moving one
level in thecontext graphtowardsagoodpage canberewrit-
tenas

speLflge Ly, T, = (4)
= Z-T(p € L;“q € L;gi_-l’-qu € ci;T7l) )
i=1
x(q € cilg € Ly, 1) =

n n
= ZZx(p €Lflge L ,q€ci,pecl)-

i=1 j=1
-z(p € cjlg € ¢;,l) -x(g € cilqg € L;;H,l) ,

wherex(p € ¢jlg € ¢;,!) reflectsthe surfermodelassump-
tion thatthe links areselectedlependingonly onthe clusters
¢; andc;. Theprobabilityz(p € Lflg € L}, ,q € ¢;,p €
¢;,1) of following alink to apagein theclusterc; of layerk
from apagein theclustere; of layerk + 1 of acontext graph
canbeestimateds

m(pEL;: | qEL;:H,qeci,pEcj,l): (5)

= z(pe Lz Nej)lg € L;r_H Neg,l) =
”(Lk++1 Ne; — Lk+ Ne¢j)
n(Lif, Nei = ¢)

wheren(4 — B) is the numberof links from the pagesin
thesetA to thepagesn thesetB.

On the otherhandthetermz(g € ¢;|q € L,c 1,1) repre-
sentsthe probabilitythatthe surferis locatedin a pageof the
clustere;, giventhatthe pagebelongsto the layer k + 1 of
a positive context graph. This probability can be estimated
usingthe scoresof the pagesdn clustere; andin Lk+1, com-
putedusingthe currentvaluesof the parametersas

EpEL Ne; Tp

z(q € cilq € Lk++1al) = ﬁ . (6)
peLk+1 p
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Similarrelationshipsanbe derivedfor the negative set.

The costfunction (3) canbe optimizedby updatingthe pa-
rametersn 7 using gradientascent. The gradientwith re-
spectto the transitionparameterg:(p € ¢;|q € ¢;,1) canbe
computedusingequation(4), yielding

Vfcjy(T) = z(peLflge L, ,q€ci,pecyl)-

z(q € Cilq € L;c:-pl) - (7)
- .’L'(p € L}?lq € L];+1aq €c¢,pE C]',l) )
z(g€cilg € L,;_H,l) ,

wherewe neglectedthatz(q € ¢;lg € Lk+1, ) andz(g €
cilg € L, ,,1) actuallydependonthetransitionparameters.
Sincethemodelparameters(c; — ¢;|l) areessentiallyanot
normalizedversionof thetransitionparameters:(p € c;|q €
¢i, 1), we canupdatethemdirectly as
K—-1 -
r(ci = cill) =r(ci = cill)+n > o*ViIy(T), (8)
k=0
wherey is thelearningrate.

Oncethe modelparametersareupdated a new scoredis-
tribution canbe computedthusupdatingthe estimateof the
variablesz(q € ¢;|q € Ljf, ;,1) usingequation(6). There-
fore, the function optimizationandthe scoreestimationcan
be iterated,using an EM style algorithm [Dempsteret al.,
1977, till aterminationcriterionis satisfied.

3.3 Learningthejump parameters

Thetransitionparameter$or a jump canbe optimizedto in-
creaseheprobabilityof jumpingto a“good” pageandnotto
a“bad” page.This effectis obtainedoy maximizingthe cost
function

y(P)=z(p e N*|P,J) + [1—x(p€N7|P,J)] , (9)

whereP = {z(p € ¢;lq € ¢;,J) i,5 =1,...,n} istheset
of thejump parameters.
We startobservingthat,
zpe Nt | P,J)= (10)
= Y apeNtlgee, ) algecil) =
i=1
= ZZw(p €ENTlgec,pe ¢, J) -
i=1 j=1
z(p € ¢jlg € ¢i, J) - x(q € cil J) .

By assuminghatthejump targetis independentn the orig-
inating clusterc;, thetermz(p € Nt|q € ¢;,p € ¢;,J) can
beestimatedas

z(pe Ntlgeci,pecj,J) = z(peNtpec;,J)=

|N+ N le
Icgl -

Moreover, thevaluez(q € ¢;|J) iscomputedateachiteration

as
LR

PEC;

(11)

z(g€cl|))=z(g€ci)= (12)
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Similarrelationshipsanbe derivedfor the negative set.
Thecostfunction(9) is maximizedby gradientascentThe

gradientcanbe computedusingequation(10) andthe equiv-

alentequationfor the negative set,yielding

ViyP) = {z(pe Ntig€c,p€cy,J)— (13)
— z(peN-|g€ci,pec;, )} -z(gec|t),
wherewe neglectedthedependencef z(q € ¢;|J) onthepa-

rameters At eachiteration,the parameterareupdatedusing
thedirectionof thegradientas,

2(p € ¢jlq € ¢i, ) = x(p € ¢jlq € ¢, J) +nV7Iy(P),
(14)
beingn the learningrate, and then normalizedto meetthe
probabilisticconstraints

z(p € ¢jlg € ¢, J)'
€Ecilg€c;,J) = J )
releea )= s e glae e,y

Theadaptedsurfermodelcanre-surfthe Web graphyield-
ing a new estimateof equation(12). Thus,the new gradient
estimatecanbe usedto updateagainthe parameterstill the
stopcriterionis satisfied.

(15)

3.4 Learningthesurfer action bias

The surferactionbiasis representetby the valueof z(l|q €
¢;) whichis the probability of following alink from the cur-
rentpageratherthanjumpingto anothempage(z(J|q € ¢;) =
1 — z(l|q € ¢;)). In orderto favor the actionleadingto good
pageswe maximizethe following costfunction which rep-
resentsa weightedaverageof the probabilitiesof endingin
thelayer k of a positive context graphandnot of a negative
contet graph,

K-1
y(Q) =) o [e(pe L}|Q) + (1 - z(p € L;]Q))] ,

k=0
(16)
whereQ = {z(l|g € ¢;) i =1,...,n} isthesetof thefree
parametersand0 < a < 1 is adiscountfactorto reducethe
effect of the outerlayerson the costfunction.
The probability of moving to a pagek stepsaway from a
targetis,
Zx(p €Lflg€ci) z(g€c;) =
=1
n

= Z (z(p € Lf|g € ¢;,1)-
=1
z(llg € ¢;) - z(q € ci)+
+ z(peLflgec,J)-
(1-=(|q € i) - z(q € i) -
Thetermz(p € L |q € ¢, 1) representshe probability of

endingin thelayer k of a positive contect graphby following
alink from apageof cluster; andcanbeestimatedas

zpe Lf|Q) =

17

zlpeLf | qec,l)=
= a:(pELﬂqELLl,chi,l)-

(18)
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z(q € Lk++1|q €c,l) =
n(LkJr+1 Ne¢; — LZ) ‘ |L;:+1 Nl
’I’L(L;:_’_l Ne; — Cg) |Cl|

?

wherewe assumedhat all links out of a pageare equally
likely to be followed. Thetermz(p € Lf|q € ¢;,J) is the
probability of jumping to the layer & of a positive context
graphfrom a pageof clusteri, andcanbe computedas

ICG|

Finally, z(¢ € ¢;) canbe computedat eachiterationasin
equation(12). Similar relationshipshold for the negative set.

Thegradientof the costfunction (16) canbecomputedus-
ing equation(17) andthe correspondingelationshipfor the
negative set,yielding

w(Q) ={zpeLflgecil)—z(peLflgec,J)—-
—z(peLlylgec,l)+apeLy|gec, )} z(q € c),

z(p € Lflg € ¢, J) (19)

neglectingthe dependencef z(q € ¢;) onz(l|g € ¢;).
The parametersreupdateddy gradientascenis

K-1

z(llg€ci) =z(llg€ci)+n- Y a* - Viy(Q), (20)
k=0

wherethelearningratemustbe chosersmallenoughin order
to preserethe stochastianodelof thesurfer
Theadaptedsurfermodelcanre-surfthe Web graphyield-
ing a new estimateof equation(12). Thus,the new gradient
estimatecanbe usedto updateagainthe parameterandthe
proceduras iteratedtill thestopcriterionis satisfied.

4 Experimental results

In thefollowing experimentsthe learningalgorithmwasap-
plied only to the transitionparameter®f the randomsurfer
model. The experimentswere performedon two datasets,
eachcontaining1.000.000 documentswhich werecollected
by focuscrawling theWebonthetopics“wine” and“playsta-
tion”, respectiely. The documentswvere clusteredusing a
hierarchicalversion of the k-meansalgorithm [Fukunaga,
1990d. We consideredifferentnumbersf clustersgenerated
by thek-meanslgorithm.In particular in two differentruns,
we clusteredhepagesrom thedatasebntopic “playstation”
into 16 and25 sets,whereaghe datasebn topic “wine” was
clusterednto 25 and100 sets.

Two topic-specificsearchengineswere build creatingthe
invertedlists containingthetermsof all thedocumentsThen,
therank of eachpagein the datasetvascomputedusingthe
modeldescribedn section2 by settingits parameterso re-
producetheoriginal PageRankanking. We testecthequality
of therankingfunction by submittinga setof queriesto this
focusedsearchengine. The documentanatchingthe query
weresortedby the scoresassignedy therandomsurfer By
interactingwith the searchengine,we found pageswhich
were authoritieson the specifictopic but were (incorrectly)
notinsertedin the top positionsof theresultlist. Suchpages
wereselectecaisexamplesof pagesvhich shouldgetahigher
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Figure2: Plotsof the valuesof the transitionparametersor
eachcluster resulting from the training of the surfer (a)
“wine” dataset(b) “playstation”dataset.

rank (positive examples).On the otherhand,we found pages
having a high scorewhich were not authoritieson the topic.

Suchpageswere selectedas hegative examples. The learn-
ing algorithm, asdescribedn section3, was appliedto the

datasetspusing the selectedexamples. In the experimental
setuponly a small setof examples(3-15) wastypically la-

belledaspositive or negative.

4.1 Analysisof the effects of learning

In a first group of experimentswe aimedat demonstrating
thatthe surfermodelaslearntby the proposedraining algo-
rithm, couldnotbegeneratedby a simpler(but lesspowerful)
schemasthefocusedversionsof PageRankproposedn the
literature.

In figure 2-(a) 2-(b), we show the valuesof the transi-
tion parametersor eachcluster resulting from the train-
ing sessiondor a surferon the topic “wine” and “playsta-
tion”, respectiely. The learntparametersepresent com-
plex interactionof the resulting surfer with the pageclus-
ters. This interactioncould not be expressedby a simple
schemaas, for example, the focusedversionsof PageRank
proposedn the literature[Richardsorand Domingos,2002;
Diligenti et al., 2003. This demonstratethatthe model,in
orderto learnthe users’feedbackneededo exploit hierar
chiesof topicsto modelthe complex pathleadingeitherto
positive or negative examples.

In figure 3-(a) and3-(b), we shav for eachcluster theval-
uesof the probability of the surferof beinglocatedin a page
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Figure3: Plotsof theprobabilityof thesurferof beinglocated
in a pageof a givenclusterfor the topic “wine”. The proba-
bilities arenormalizedwith respecto the numberof pagesn

thecluster (a) 25 clusters.(b) 100clusters.

of that cluster In particularwe usedthe dataseton topic
“wine” clusteredinto 25 and 100 groups,respectiely. The
probabilitiesare normalizedwith respectto the numberof
pagesn thecluster Thelearningalgorithmis ableto increase
thelikelihood of the randomsurferto visit pagesbelonging
to asetof clusterswhile decreasingts probability of visiting
pagedelongingto otherclusters.

In figure 4, we reportthe rank of pagesafterthe learning
sessiorwith respecof their rankbeforelearning.In particu-
lar, onthex axisthe pagesaresortedaccordingto their page
rank beforethe learning session. The closera pageto the
origin, themore“relevant” thepageis. Onthey axisit is re-
portedthecorrespondingagerankafterthelearningsession.
The plot shawvs the generalizatiorcapability of the learning
algorithm,which is ableto changethe ranksof a significant
percentag®f pagesgevenif asmall setof examplewaspro-
vided.

4.2 Qualitative results

After training the surfer and computingthe scoresfor all
pagesin the datasetwe comparedhe rank beforeandafter
thetrainingprocess.

Figure5 reportsthe pageswhich obtainedthe largestvari-
ationin their rank. The pagesthat obtaineda negative rank
variation were either topic-genericauthoritatve pages(e.g.
www.netscape.comyww.yahoo.com)r pagesrelevant for
different topics than “wine” (e.g. “www.forgottensoldier-
.org"). Only the page“www.yahoo.com”wasexplicitly pro-
videdto the systemasanegative example.Ontheotherhand,
the pagesthat obtaineda positive rank variationwere effec-
tively authoritatve pageson the topic “wine” (e.g. “www-
.wine-searcher.condr “webwinery.com”).Amongthemost
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Figure4: Plot of the pageranksbefore(z axis) versusafter
learning(y axis). The closera pageis to the origin, the most
“relevant” it is.

ascendingdocuments,only the page “www.winespectator-
.com” wasexplicitly providedto the systemasa positive ex-
ample whereasll otherpagesverepushedipin therankfor
the capabilityof the systemto generalizé€rom a small setof
trainingdata.

5 Conclusions

In this paperwe introduceda novel algorithmto learnthe
ranking function over a collection of Web pages. The pro-
posedframework allows us to tune a previously computed
rankdistribution, specifyingwhich pagesshouldgeta higher
or lower score. Like in the original PageRankwe assume
thatthescoreof apageis proportionako theprobabilitythata
Websurferis visiting thepage.Thelearningalgorithmadapts
the parametersf the surferin orderto increasehe probabil-
ity thatthe surferis visiting a “good” page while decreasing
the probability that the surferis visiting a “bad” page. The
parametersare estimatedfrom the Context Graphs,which
compactlyrepresenthe topologicalcontext in which a Web
pageis inserted. The learningalgorithmis fastsinceonly
closeancestor®f examplepagesare consideredn the Con-
text Graphs.Thus,it canbeappliedto largescalerepositories
with little overhead(i.e. the rankingfunction mustbe com-
putedmore mary times). Furtherinvestigationsare needed
to comparethe accurag of the learntrankingfunctionswith
respectto the focusedversionsof the PageRankandto ex-
ploit the completdearningalgorithmwhich considersll the
modelparameters.
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Abstract

A new approach to the Text Categorization prob-
lem is here presented. It is called Gaussian Weight-
ing and it is a supervised learning algorithm that,
during the training phase, estimates two very sim-
ple and easily computable statistics which are: the
Presenc®, how much a terntis present in a cate-
goryc; the Expressivenegs how mucht is present
outsidec in the rest of the domain. Once the system
has learned this information, a Gaussian function is
shaped for each term of a category, in order to as-
sign the term a weight that estimates the level of its
importance for that particular category. We tested
our learning method on the task of single-label clas-
sification using the Reuters-21578 benchmark. The
outcome of the result was quite impressive: in dif-
ferent experimental setups, we reached a micro-
averaged F1-measure of 0.89, with a peak of 0.899.
Moreover, a macro-averaged Recall and Precision
was calculated: the former reported a 0.72, the lat-
ter a 0.79. These results reach most of the state-
of-the-art techniques of machine learning applied
to Text Categorization, demonstrating that this new
weighting scheme does perform well on this partic-
ular task.

Introduction

micarel@dia.uniroma3.it

expert human being in front of the problem of classifying new
unknown documents.

Starting from this idea of simplicity, we decided to design
a training algorithm that corresponds to the action of figdin
two information parameters: given a set of catego@esf
documents, for each tertof a categoryc € C we calcu-
late itsPresence P, that is, the percent of documents of the
categoryc in which the termt appears at least once; and its
Expressiveness E, that is, how much the termis absent in
the other categories of the domain. Then, we model a Gaus-
sian Function with the two parameters above, whose value
in the abscissae equal to 1 is used as the weight of the term
t. We called this learning approach Gaussian Weighting. It
is important to stress the fact that we don’t use any stemming
algorithm or Feature Selection function (§&¥ang and Peder-
sen, 199¥). An eventual reduction of the number of features
per category is done using only two thresholds nafftedsP
andThresE, relative to the parametePsandE.

To make the evaluation of Gaussian Weighting comparable
to most of the published results on TC, we chose the Reuters-
21578 corpus as benchmark for the single-label classifica-
tion task. Three different tests have been performed with a
complete automated learning approach: the first run has been
done without the use of a Gaussian Function, but simply giv-
ing a weight proportional t& andE; the second and the third
test runs have been done with the Gaussian Weighting ap-
proach proposed here.

The outcome of the results was quite surprising: through-

Consider the problem of automated classification of text docout the different experimental setups, we repeatedly &ch

uments. This problem is of great importance as the accessibh micro-averaged F1-measure around the 0.89, with a peak of

textual information increases and the volume of onlinestext 0.899. Then, since the micro-average is known to be highly

available through the Internet expands rapidly. One smiuti influenced by frequent categories ($¥ang and Liu, 199,

is to categorize documents according to their topics beforewe decided to compute the macro-averaged Recall and Pre-

hand or in real time. cision. Again, the results reached a satisfactory macro-
A number of different Machine Learning methods haveRecall around 0.72 and a macro-Precision of 0.79. These

been applied and to Text Categorization (TC), includingpro results reach most of the state-of-the-art techniques ef ma

abilistic classifiers, decision trees, regression methods-  chine learning applied to Text Categorization ($Be@mais

ral networks and support vector machines (Egebastiani, et al., 199§), demonstrating that this new weighting scheme

2003). Most of these methodologies share a common factodoes perform well on this particular task. Moreover, the low

of high level complexity, that, often, makes a classifieligles computational cost of the algorithm we propose, makes this

difficult to understand. approach particularly preferable when the computing power
The question addressed in this paper is if it is possible tds low.

find a simple learning algorithm that uses naive, human com-

prehensible parameters, in such a way as to act like a non- *www.daviddlewis.com/resources/testcollection/reuters21578
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2 TheAlgorithm L ocality of Presence and Expressiveness

In this section we present our supervised algorithm. Rivet, The approach uses a weighting method for terms per each
will analytically define the two parameters: PreseRcand  class, which is in a sense a local type of weighting/modeling

ExpressivenesB. Then, we will explain how the training al- scheme of classes. This idea is similar to the Local LSI rep-

gorithm works and how the system classifies new documenteesentatior{Hull, 1994 where, in order to characterize the

at run-time. term space, the singular value decomposition is applied to a
] matrix consisting only of the known relevant documents (in
21 Presence P and Expressiveness E our case the documents belonging to a class).

A central key of this naive approach is the computation oftwo There are substantial differences with tfieldf weight-
easy human understandable parameters that we call: Prggg schemeTf counts the number of occurrences of a térm
enceP, and Expressiveness The former captures how much in a document, whil® counts the documents in whicrap-

a termt appears at least once in the documents belongingears at least oncddf computes the number of documents
to a categoryc, the latter estimates how much the samein which t appears over the whole collection, meanwttle
termt does not appear in the documents of the other catcalculates, according to which class we are computing the
egories. Given a set of categori€s= {cy, cz, ..., ¢i, ..., weights, the partial averaged Presenceinfthe domain.

¢n}, €ach category having a number of documengge.g. . . .
¢1 = {di1,d1,rdij, . dim}), We give the following 22 Learning the Gaussian Weights (GW)
definitions: In this paragraph we explain how we shape a Gaussian func-
e The number of documents; of the i-th category is: tion using the va!uel? and'E. Startlng from the definition of
a generic Gaussian function:

m
N2
Di=lei|=> di; 1) G(z) = exp _@—p)” (5)
j=1 202
e the number of documents of categdig which the term  we estimate the parametgrsands? as follows:
tis present: N

p p= Py (6)
m

Di|t = ‘ci|t| = Z(dh]“’) (2) 6'2 = Pt\z : Et\z (7)

j=1 Then, the Gaussian Weighting GW for a tetrof a cate-

Note that we use the symbdl to denote the presence of goryiis defined, substituting (6) and (7) in (5), as:

a term inside a category or a document. This is not to be (x — [1)?
confused with the same symbol when used for the conditional GW (2)lo=1 = exp | =525 )

probability (P(Xy)). _
Then, the Presende of a termt in the i-th category is, The GW calculated for x =1, returns areal value belonging to

using (1) and (2) : the (0,1] interval. In particular, the maximum weight can be
Dy reached only when the Presence of a term is equal to 1, that
Py = D. (3) s to say, when it appears in each document of the category
7

of interest. Figure 1 shows an example of a GW Ath 0.5

andE = 0.5 (continuous), and another one witkr 0.5 ande

= 0.9 (dashed); when two terms have the same Presence, the
one with a higher Expressiveness has a higher weight too.

while, the Expressivenedss of termt in the i-th category is
calculated using 1, 2):
an1 Pp\t .
Epn=1-Sg5— p#i (4) _
Computing the parameter P

It is important to stress that the same term in different cat-The algorithm to comput® is the following:
egories has different values of expressiveness. This $act i
better explained in Table 1. A terhis present in all the three 1. For each categony € ¢
categories with presendg;, shown in the first row. The sec- 2.D;=0
ond row is the expressiveness, of the same term foreach 3. For each document; ; € ¢
category. Note how of categoryc; has a greater expressive- ’

ness given the relatively smaller presence of the term in the 4. Di=Di+1
rest of the domain. 5. For each unique term t ity ;
6. if tisin D;,
C1 Co C3
Py, |09 04 02 7. thenD;, = D;j, + 1
Ey, 1 0.7]0.45[0.35 8. else AddD;; = 1
9 end For

Table 1: A numerical example of Presence and Expressive-
ness. 10. end For

11. Foreach term ib;,
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. Foreach; € C
. outputc; =0, Nterm =0
For each term iP;

if tis in test
And P;; > ThresP And E;; > ThresE

thenoutpute; = outpute; + GW(1,t,¢)
Nterm = Nterm + 1

o

end For

tputc;
. outputc; = ZEEC

© N O

. end For
9. Assign the document to thg with the highesbvutputc;

For each category, the algorithm calculates, the mean of the
activated Gaussian functions of the terms whBgeand £,
are greater than two fixed thresholds, respectivalgsP and

Figure 1: Example of a GW. The continuous line is a GW ThresE. The computational cost of this algorithmdyC' x

with P = 0.5 andE = 0.5. The dashed line is a GW with=

0.5 andE = 0.9. For the samB, the higher expressiveness a

term possesses, the bigger the output GW gives.

13. end For
14. end For

T x k).

3 Experimental Setup

3.1 Test Collection

To make the evaluation of GW comparable to most of the
published results on TC, we chose the Reuters-21578 corpus
as benchmark. During the last few years this corpus has been

If we assume we can use a HashMap HM to store the resuligsed as a standard benchmark on which many TC methods
of D;;;, such that any update or search in the HM has a conhave been evaluated, although the results are sometimes dif
stant cosk, in the worst case the algorithm to compute theficult to compare as slightly different version have beerduse

parameteP has a computational cost 6f(C' x D x T x k).

Computing the parameter E

The algorithm to computE is the following:
1. For each categowy; € C
2. sum=0

3. Foreachtermtid;,

4. For each category;, € C wherei # j
5. iftin P,
6. then sum = sum #;,
7. end For
8. By =1— &2
9. end For
10. end For

For this paper we used the ModApte split of Reuters-21578
in which 75% of the stories (9603) are used as training doc-
uments to build the classifier and the remaining 25% (3299)
to test the accuracy of our single-label classifier. Now, the
Reuters-21578 is known to be quite unbalanced on the distri-
bution of stories per category. Therefore, of the 135 poten-
tial topics categories only the 10 most frequent are herd;use
these 10 categories account for almost the 75% of the tigainin
instances, while the remainder is distributed among theroth
115. Table 2 shows the number of training and test samples
for each category.

Again, if we assume thal;|, is a HashMap with a constant
costk of access and search, the computational cost of this
second algorithm i®)(C? x T x k), which is quadratic cost
with respect to the number of categori@s

2.3 Categorizing a new document

Once the system has been trained and the parameters P and E
have been found for each term of the domain, it is possible t
feed the system with an unknown document and, accordin%(_‘
to the value of a couple of optional thresholBisresP and
ThresE, classify it with the following algorithm:

LEARNING

Category | # Training | # Test
Earn 2877 1087
Acquisitions 1650 719
Money-fx 538 179
Grain 433 149
Crude 389 189
Trade 369 118
Interest 347 131
Ship 197 89
Wheat 212 71
Corn 182 56

able 2: Number of Training and Test documents for the ten
ost frequent categories of Reuters-21578 ModApte split




3.2 Parameters Setting [Yang and Pedersen, 1997we have decided to calculate

We performed three different test runs on our system: the”Macro-RecaII (MRe) and the Macro-Precision (MPr)), as
well:

1. The ‘what if?’ test run: what if we didn't use a Gaus- > catoaor BE
sian function? we tried to run our system with the most MRe = %
simple function we could us&W = P - E category

2. The GW test run: uses the GW function defined in equa- MPr — 2 category P
tion (8) |category|

3. The simple GW test run: we simplified the Gaussian |
function with a variance equal t&* = P 4 Resaults

Al the tests maintaine@hresE equal to 0.6, that is to say, a 41 The‘What if?’ test run

term in a category should have an Expressivity value greateh this test, the weight of each teriof a categoryi is com-
than 0.6. This value permitted to achieve the highest perforputed as:

mance during the test phaséhresP has been varied in the GW = Py; - Eyji (9)
range between 0.0 (all the terms of the categories were usegpn ) o -

and 0.5 (only the terms present in the 50% of the training! N€ "What if?" test run results are shown in Figure 2.
documents were used).

The number of terms per category according to the vBlue 0.950
is reported in Table 3. 0.900
0,850 e
00| 01| 02| 0,3/04]05 gggg T —s—micro F1
acq| 11115| 65 15 7 6 3 ' _m_macro Re
com| 3257| 82| 20| 12| 7| 3 0.700 T w——— |
crude| 6126 99| 24| 12| 4| 1 0600 ~=
earn| 10455| 46| 19| 12| 9| 6 0.550
grain| 5448 | 64 17 10| 5 3 0,500 . . . .
interest| 3863 92 20 9 6 4 00 01 02 03 04
money-fx | 5545| 116| 30 13 4 2
ship| 4084| 80| 17 3 0 0
trade| 5795| 149 37| 17| 6| 3 Figure 2: The ‘What if?’ test run. The x-axis represents the
wheat| 3543| 75 17 10| 4 4 values of Presence P.
feat/cat| 592.3| 87.8| 21.6| 10.5| 5.1 | 2.9
Table 3: The table shows the number of terms per category 0.0 0.10 [ 0.20 [ 0.30 [ 0.40 ] 0.50
according to the threshold of Preseftc@ he last row reports [ micro F1 | 0.894 | 0.891| 0.862 | 0.836| 0.816 | *
the average of features per category. macro Re| 0.727 | 0.725| 0.682 | 0.684| 0.615| *
macro Pr| 0.797 | 0.789 | 0.656 | 0.778| 0.814| *

A stoplist of 331 terms has been used to remove the most
frequent words of the English Language, but no stemming or Table 4: The ‘What if?’ test run.
Feature Selection have been performed.

In order to evaluate the accuracy of the classifier we have In this particular test we did nOt expect so remarkable a
computed the standard IR measures, such as Recall and Pperformance. Considering the weight of a term proportional
cision, and the following averaging measures: micro-Recalto the parameter® andE seems to be another possible solu-
(1Re), micro-Precision 4 Pr) and micro-averaged F1 mea- tion to investigate. The performance of the system seems not
sure (micro-F1): to be influenced significantly when the thresh@ltresP is

o set either to 0.0 or 0.1. It is worth stressing that this test p
> category FreOITECtly Classified

(Re = formed better when all the terms (except those belonging to
> category #0€lONGINg to category the stoplist) were used.
p > category FrCOrTeCtly classified 42 TheGW test run
g = thegory #classified under category The results of this run are shown in Figure 3, while numerical
9. uRe - WPr values are reported in Table 5.
microF1 = = K¢ AT This test has been performed using equation (8) to calcu-

pRe + pPr late the weight of each term of the category. The best results
In particular we have reported the values of the F1-measurkave been obtained withihresP = 0.1. Macro-Recall and
in order to directly compare our results with the ones in themacro-Precision are quite high, and they indicate thatyhe s
literature. But, since the micro-averaged measure is knowtem works well for every category. The performance of the
to be highly influenced by the most frequent category (seaystem starts to decrease sensibly wihémnesP > (0.2

584 LEARNING



0.0 0.10 | 0.20 | 0.30 | 0.40 | 0.50
oo micro F1 | 0.891| 0.893 | 0.877 | 0.855| 0.830| 0.747
0850 -~ ey macro Re| 0.722| 0.720 | 0.693| 0.662| 0.588 | 0.524
0800 -————— — — N —e—micro F1 macro Pr | 0.791| 0.793 | 0.685| 0.806| 0.791| 0.802
0,750 "
’ —sa —=—macro Re
g’;gg T macro Pr Table 6: The simple GW test run.
0,600 AN
0,550 L
0,500 +—— — — category decreases from almost 90 to almost 20. This sharp
RO I S decay influences the macro-averaged performance of the sys-
O or o o7 oF o tem. In fact, while the macro-Recall retains the same values

the macro-Precision is cut-off by almost 10%. This fact in-

) ) ) ] dicates that the system is incorrectly assigning the stade

Figure 3: The GW test run. In this test the function 8 is usedy| the categories of the domain rather that to the biggess on

to weight each term. only. As theThresP gets bigger, the performance of the sys-
tem shows the classic behavior in which the Recall tends to 0

] 0.0 0.10 0.20 0.30 0.40 0.50 and the Precisionto 1.

microF1 | 0.892| 0.893 | 0.876 | 0.856| 0.832] 0.748| For the ‘what if?’ test run we didn’t expect such good re-

macro Re| 0.726] 0.725 | 0.692| 0.666 | 0.613| 0.532 | sylts. The simple proportional weight assignment perfatme

macro Pr | 0.794| 0.797 | 0.789] 0.810| 0.809 | 0.804 | as well as the other approaches, nevertheless the perfoeman

decays slightly more rapidly. This test was very important f

Table 5: The GW test run. Each column reports the values ofs to confirm the idea of using a simplified learning approach
micro F1, macro Recall and macro Precision for €BtutesP.  to solve the problem of TC.

The second and the third test runs show almost the same
4.3 TheSimple GW test run values. The one-per-thousand differences are not to be con-
The results of this second run are shown in Figure 4 Numer§|de-red relevant, AL the moment, we cannot draw any con-
. . ' clusion about which of the three learning approaches will
ical values are reported in Table 6. perform better in general. We plan to investigate this mat-

ter testing on the complete Reuters-21578 and on other test

0,950 collections.
0,900 +e—s .
0,850 TV —— Compar ative Results
8’?28 e —$—micro F1 Dumais et al. tested a number of inductive learning algo-
0,700 —=—macro Re rithms on the same Reuters-21578 ModApte split we used
0,650 macro Pr ([Dumaiset al., 1999). These results are briefly summi-
g,ggg rized in Table 7 for the 10 most frequent categories. The
0:500 T T T T T T T T M th d P f
etho erformance
NP F PSS FindSim 0.64
Naive Bayes 0.81
) ) ) _ BayesNets 0.85
Figure 4: The simple GW test run. In this test the variance of Tree 0.88
the GW is equal to* = P, ;. Linear SVM 0.92

This test has been performed using a simplified version ofable 7: Microaveraged F1-measure of the 10 most frequent
equation (8) to calculate the weight of each term of the cateategories of Reuters-21578, reported by Dumais
egory. The variance of the Gaussian function is set’te=

P,;. The best results have been obtained WithresP = FindSim method is a variant of Rocchio’s method for rele-
0.1, there does not seem to be any particular difference witlyance feedbackRocchio, 1971). The Naive Bayes classifier
the GW test run, except in cases when ThresP equals 0. constructed by using the training data to estimate thie-pro

where the macro Precision is sensibly lower. ability of each category given the document feature valdies o
. . a new instance. A discussion of the indipendence assump-
4.4 Discussion tion of naive bayes classifier can be found[inewis, 1998).

The results reported above are satisfactory. In many situaBayesNets is a bayesian network, that uses 2-dependence
tions the system reached an accuracy comparable to the onBayesian (se€Sahami, 1996for another example of Bayes

in the state-of-the-art systems. Some aspects need to-be disets for classification). Tree is a Decision Tree approaeh de
cussed here: the performance of the system in all the testcribed in [Chickeringet al., 1997). Meanwhile, Linear
runs decades whenhresP exceeds the 0.2, that is to say, SVM is a linear hyperplane that separates a set of positive
looking back to Table (3), when the number of features peexamples from a set of negative ong¥o@chims, 1998.

LEARNING 585



Both SVMs and Decision Trees produce very high overall[Dumaiset al., 1999 S. Dumais, J. Platt, D. Heckerman, and
classification accuracy. As the results of Table 7 are direct M. Sahami. Inductive learning algorithms and representa-
comparable with ours, our Gaussian Weighting approach is tions for text categorization. IRroceedings of the Seventh
placed just behind the SVMs, which are known to be the best International Conference on Information and Knowledge
machine learning method in the field of text classification, Management, pages 148-155. ACM Press, 1998.
with a micro-averaged F1-measure of 0.893 of the first w1994 D.A. Hull. Information Retrieval Using Statis-
test runs. Th's. result is important for two reasons: it demon ™ ca| Cjassification. PhD thesis, University of Stanford,
strates that this new learning method does perform well on 1994
this particular task, and encourage us to further invetgiga ) ] o )
other fields of application, in which GW’s simplicity could [Joachims, 1998T. Joachims. Text categorization with sup-

perform as well as other state-of-the-art machine learning POrt vector machines: learing with many relevant fea-
methods. tures. In C. Nedellec and C. Rouveirol, editorBroceed-

ings of ECML-98, 10th European Conference on Machine
Learning, number 1398, pages 137-142, Chemnitz, DE,
5 FutureWork 1998. Springer Verlag, Heidelberg, DE.
Two are the most compelling issues that we are going to COMy ohavi and John, 1997R. Kohavi and G. H. John Wrap-
plete in the future work are two: pers for feature subset selectiorrtificial Intelligence,
e Incorporate a wrapper phagkohavi and John, 1997 97(1-2):273-324, 1997.
to run systemaﬂcally varying experiments with (i) us'ng(;LeWis, 1998 D. D. Lewis. Naive (Bayes) at forty: The
Expressiveness or not, (ii) varying values of ThresP and e nendence assumption in information retrieval. In
ThresE, (iii) varying values of GW variance, and (V) ¢ " Nedellec and C. Rouveirol, editor®roceedings of
using a Gaussian function or not; ECML-98, 10th European Conference on Machine Learn-
e Testthe full Reuters benchmark data rather than restrict- ing, number 1398, pages 4-15, Chemnitz, DE, 1998.
ing ourselves to only the 10 most frequent categories, Springer Verlag, Heidelberg, DE.

and on other collections like 20 Newsgrotims Med- [Rocchio, 1971 J.J. Rocchio. Relevance feedback in infor-

H 3
Line °. mation retrieval. InThe SMART Retrieval System: Exper-
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Abstract

In traditional text classification, a classifier is built
using labeled training documents of every class. This
paper studies a different problem. Given a set P of
documents of a particular class (called positive class)
and a set U of unlabeled documents that contains
documents from class P and also other types of
documents (called negative class documents), we
want to build a classifier to classify the documents in
U into documents from P and documents not from P.
The key feature of this problem is that there is no
labeled negative document, which makes traditional
text classification techniques inapplicable. In this
paper, we propose an effective technique to solve the
problem. It combines the Rocchio method and the
SVM technique for classifier building. Experimental
results show that the new method outperforms ex-
isting methods significantly.

1 Introduction

Text classification is an important problem and has been
studied extensively in information retrieval and machine
learning. To build a text classifier, the user first collects a
set of training examples, which are labeled with
pre-defined classes (labeling is often done manually). A
classification algorithm is then applied to the training data
to build a classifier. This approach to building classifiers is
called supervised learning/classification because the
training examples/documents all have pre-labeled classes.

This paper studies a special form of semi-supervised text
classification. This problem can be regarded as a two-class
(positive and negative) classification problem, where there
are only labeled positive training data, but no labeled nega-
tive training data. Due to the lack of negative training data,
the classifier building is thus semi-supervised. Since tradi-
tional classification techniques require both labeled positive
and negative examples to build a classifier, they are thus not
suitable for this problem. Although it is possible to manually
label some negative examples, it is labor-intensive and very
time consuming. In this research, we want to build a classifier
using only a set of positive examples and a set of unlabeled
examples. Collecting unlabeled examples or documents is
normally easy and inexpensive in many text or Web page
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domains, especially those involving online sources [Nigam et
al., 1998; Liu et al., 2002].

In [Liu et al., 2002; Yu et al., 2002], two techniques are
proposed to solve the problem. One is based on the EM al-
gorithm [Dempster et al., 1977] (called S-EM) and the other
is based on Support Vector Machine (SVM) [Vapnik, 1995]
(called PEBL). However, both techniques have some major
shortcomings. S-EM is not accurate because of its weak
classifier. PEBL is not robust because it performs well in
certain situations and fails badly in others. We will discuss
these two techniques in detail in Section 2 and compare their
results with the proposed technique in Section 4.

As discussed in our earlier work [Liu et al., 2002],
positive class based learning occurs in many applications.
With the growing volume of text documents on the Web,
Internet news feeds, and digital libraries, one often wants
to find those documents that are related to one’s interest.
For instance, one may want to build a repository of ma-
chine learning (ML) papers. One can start with an initial
set of ML papers (e.g., an ICML Proceedings). One can
then find those ML papers from related online journals or
conference series, e.g., Al journal, AAAIL 1JCAI, etc.

The ability to build classifiers without negative train-
ing data is particularly useful if one needs to find positive
documents from many text collections or sources. Given a
new collection, the algorithm can be run to find those
positive documents. Following the above example, given a
collection of AAAI papers (unlabeled set), one can run the
algorithm to identify those ML papers. Given a set of
SIGIR papers, one can run the algorithm again to find
those ML papers. In general, one cannot use the classifier
built using the AAAI collection to classify the SIGIR
collection because they are from different domains. In
traditional classification, labeling of negative documents
is needed for each collection. A user would obviously
prefer techniques that can provide accurate classification
without manual labeling any negative documents.

This paper proposes a more effective and robust technique
to solve the problem. It is based on the Rocchio method
[Rocchio, 1971] and SVM. The idea is to first use Rocchio to
extract some reliable negative documents from the unlabeled
set and then apply SVM iteratively to build and to select a
classifier. Experimental results show that the new method
outperforms existing methods significantly.
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2 Related Work

Many studies on text classification have been conducted in
the past. Existing techniques including Rocchio, naive Bayes
(NB), SVM, and many others [e.g., Rocchio, 1971; Lewis &
Gale, 1994; Vapnik, 1995; Joachims, 1999; Nigam et al.,
1998; Yang & Liu, 1999]. These existing techniques, how-
ever, all require labeled training data of all classes. They are
not designed for the positive class based classification.

In [Denis, 1998], a theoretical study of PAC learning
from positive and unlabeled examples under the statistical
query model [Kearns, 1998] is reported. [Letouzey et al.,
2000] presents an algorithm for learning using a modified
decision tree algorithm based on the statistical query
model. It is not for text classification, but for normal data.
In [Muggleton, 2001], Muggleton studied the problem in a
Bayesian framework where the distribution of functions
and examples are assumed known. The result is similar to
that in [Liu ef al., 2002] in the noiseless case. [Liu ef al.,
2002] extends the result to the noisy case. The purpose of
this paper is to propose a robust practical method to im-
prove existing techniques.

In [Liu et al., 2002], Liu et al. proposed a method
(called S-EM) to solve the problem in the text domain. It is
based on naive Bayesian classification (NB) and the EM
algorithm [Dempster et al., 1977]. The main idea of the
method is to first use a spy technique to identify some
reliable negative documents from the unlabeled set. It then
runs EM to build the final classifier. Since NB is not a
strong classifier for texts, we will show that the proposed
technique is much more accurate than S-EM.

In [Yu et al., 2002], Yu et al. proposed a SVM based
technique (called PEBL) to classify Web pages given
positive and unlabeled pages. The core idea is the same as
that in [Liu et al., 2002], i.e., (1) identifying a set of re-
liable negative documents from the unlabeled set (called
strong negative documents in PEBL), and (2) building a
classifier using SVM. The difference between the two
techniques is that for both steps the two techniques use
different methods. In [Yu er al., 2002], strong negative
documents are those documents that do not contain any
features of the positive data. After a set of strong negative
documents is identified, SVM is applied iteratively to
build a classifier. PEBL is sensitive to the number of
positive examples. When the positive data is small, the
results are often very poor. The proposed method differs
from PEBL in that we perform negative data extraction
from the unlabeled set using the Rocchio method and
clustering. Although our second step also runs SVM it-
eratively to build a classifier, there is a key difference. Our
technique selects a good classifier from a set of classifiers
built by SVM, while PEBL does not. The proposed method
performs well consistently under a variety of conditions.

In [Scholkopfet al., 1999], one-class SVM is proposed.
This technique uses only positive data to build a SVM
classifier. However, our experiment results show that its
classification performance is poor.

Another line of related work is the use of a small labeled
set of every class and a large unlabeled set for learning [Ni-
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gam et al., 1998; Blum & Mitchell, 1998; Goldman & Zhou,
2000; Basu et al., 2002; Muslea et al., 2002; Bockhorst &
Craven, 2002]. It has been shown that the unlabeled data
helps classification. This is different from our work, as we do
not have any labeled negative training data.

3 The Proposed Technique

This section presents the proposed approach, which also
consists of two steps: (1) extracting some reliable negative
documents from the unlabeled set, (2) applying SVM
iteratively to build a classifier. Below, we present these
two steps in turn. In Section 4, we show that our technique
is much more robust than existing techniques.

3.1 Finding reliable negative documents

This sub-section gives two methods for finding reliable
negative documents: (1) Rocchio and (2) Rocchio with
clustering. The second method often results in better classi-
fiers, especially when the positive set is small. The key re-
quirement for this step is that the identified negative docu-
ments from the unlabeled set must be reliable or pure, i.e.,
with no or very few positive documents, because SVM (used
in our second step) is very sensitive to noise.

3.1.1 Method 1: Rocchio

This method treats the entire unlabeled set U as negative
documents and then uses the positive set P and U as the
training data to build a Rocchio classifier. The classifier is
then used to classify U. Those documents that are classified
as negative are considered (reliable) negative data, denoted
by RN. The algorithm is shown in Figure 1.

1. Assign the unlabeled set U the negative class, and the

positive set P the positive claSS'

2. Let ;- d
= — _ﬁ 5
IPIdZE;deH IU\dEUHd\I

3. Let ;- d_;

= _ﬁi ’
\UlgéHdH \Plgiolldl\

4. for each document 4 in U do

e

if sim (¢*,d") <= sim(¢~,d") then

6. RN=RNU {d'};

Figure 1: Rocchio extraction using U as negative

In Rocchio classification, each document d is represented
as a vector [Salton & McGill, 1983], 4 = (¢,.¢,,+-,¢,)- Each
element ¢; in 4 represents a word w; and is calculated as the
combination of term frequency (tf) and inverse document
frequency (idf), i.e., q;=tf; * idf. tf; is the number of times that
word w; occurs in d, while

idf; =log(| D |/df (w,)) -
Here |D| is the total number of documents and df{w,) is the
number of documents where word w; occurs at least once.
Building a classifier is achieved by constructing positive

and negative prototype vectors ¢ ~and ¢ (lines 2 and 3 in
Figure 1). & and g parameters adjust the relative impact of
positive and negative training examples. =16 and =4 are
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recommended in [Buckley ez al., 1994].

In classification, for each test document d', it simply uses
the cosine measure [Salton & McGill, 1983] to compute the
similarity (sim) of d' with each prototype vector. The class
whose prototype vector is more similar to d' is assigned to
the test document (lines 4-6 in Figure 1). Those documents
classified as negative form the negative set RNV.

In general, it is also possible to use other classification
methods (e.g., naive Bayesian, SVM) to extract negative data
from the unlabeled set. However, not all classification tech-
niques perform well in the absence of a “pure” negative
training set. We experimented with SVM, naive Bayesian
and Rocchio, and observed that Rocchio produces the best
results. It is able to extract a large number of true negative
documents from U with very high precision.

The reason that Rocchio works well is as follow: In our
positive class based learning, the unlabeled set U typically
has the following characteristics:

1. The proportion of positive documents in U is very small.

Thus, they do not affect ¢~ very much.

2. The negative documents in U are of diverse topics. Thus,

in the vector space, they cover a very large region.

Since the positive set P is usually homogenous (focusing on
one topic), they cover a much smaller region in the vector
space. Assume that there is a true decision surface S that
separates positive and negative data. Then, the positive pro-
totype vector ¢~ will be closer to S than the negative proto-
type vector ¢ due to the vector summation in Rocchio (line
2 and 3 of Figure 1). Because of this reason, when we apply
the similarity computation (in line 5 of Figure 1) to classify
documents, many negative documents will be classified as
positive because they are closer to ¢ . This explains why
Rocchio can extract negative documents with high precision,
and positive documents with low precision (but very high
recall). Our experiments show that this is indeed the case.

After some reliable negative documents are found from U
by Rocchio, we can run SVM using P and RN. Experimental
results show that this simple approach works very well. Note
that we could actually use ¢ " and ¢~ in Figure 1 as the final
classifier without using SVM. However, it does not perform
well because it tends to classify too many negative docu-
ments as positive documents (low precision for positive).
SVM using RN and P as training data can correct the situa-
tion and produce a more accurate final classifier.

3.1.2 Method 2: Rocchio with Clustering

Rocchio is a linear classifier based on cosine similarity.
When the decision boundary is non-linear or does not con-
form to the separating plane resulted from cosine similarity,
Rocchio may still extract some positive documents and put
them in RN. This will damage the SVM classifier later. Be-
low, we propose an enhancement to the Rocchio approach in
order to purify RN further, i.e., to discard some likely positive
documents from RN.

Figure 2 shows a possible scenario where some positive
documents in U may still be in RN. ¢ “and ¢~ represent the
positive and negative prototype vectors respectively. H is the
decision hyperplane produced by Rocchio. It has the same
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distance (similarity) to ¢ "and ¢~ . If a document is located
on the right-hand-side of H, it is classified as negative oth-
erwise it is classified as positive. However, the positive and
negative classes in the data cannot be separated by H well. In
Figure 2, the positive documents within the regions 1 and 2
will be misclassified as negative documents.

o) |
I
Ry
|
Ty
|

| |||| |
I‘ :

Figure 2: Rocchio classifier is unable to remove some posi-
tive examples in U

In order to further “purify” RN, we need to deal with the
above problem. We propose the following approach.

This approach uses clustering to partition RN into many
similarity groups (or clusters). It then uses Rocchio again to
build a classifier using each cluster and the positive set P.
The classifier is then applied to identify likely positive
documents in the cluster and delete them. The idea is to
identify and remove some positive documents in RN in a
localized manner, which gives better accuracy. Since both
the cluster and the positive set are homogeneous, they allow
Rocchio to build better prototype vectors.

The clustering technique that we use is k&~-means, which is
an efficient technique. The A-means method needs the input
cluster number k. From our experiments in Section 4, we
observe that the choice of £ does not affect classification
results much as long as it is not too small. Too few clusters
may not be effective because the documents in a cluster can
still be diverse. Then, Rocchio still cannot build an accurate
classifier. Too many clusters will not cause much problem.

This new method can further purify RN without removing
too many negative documents from RN. The detailed algo-
rithm is given in Figure 3.

Note that in line 1 we still perform the initial Rocchio
extraction as discussed in Section 3.1.1. Thus, the input data
for clustering is RN, not U. The reason is that the purity of RN
is higher, which allows us to produce better clusters without
the influence of too many noisy (positive) documents in U.
Lines 2-3 perform the standard k-means clustering of RN,
which produces £ clusters, N;, N, ..., N,. Based on these
clusters, we construct a positive prototype vector [)}. and a
negative prototype vector 7 . for the positive set P and each
cluster N;(j € {1, 2, ..., k} (lines 5 and 6). Line 8 starts the
extraction. For each document d; € RN, we try to find the
nearest positive prototype vector p to d; (line 9). If the
similarity sim(p,,d,) is less than the similarity between d;and
any negative prototype vector i, we put it in our final
negative set RN’ (line 10). The reason for using the proce-
dures in lines 9 and 10 is that we want to be conservative in
removing likely positive documents from RN, i.e., not to
remove too many negative documents.
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1. Perform the algorithm in Figure 1 and generate the
initial negative set RN;

2. Choose £ initial cluster centers {Oy, O,, ..., O}
randomly from RN;
3. Perform k-means clustering to produce k clusters,
1.e. Nl, Nz,..., Nk,
4. forj=1tok - B
1 d 1
n;=a 2 ——-f——2—
5. [N ldev,|1d || IPIEHdIIs
6. o ly _d ! d_;
szp d | IN,Iag,HdII
7. RN’={};
8. for each document d; € RN do
9. Find the nearest positive prototype vector p, to
d;, where v =arg max sim(p,.d,);
J
10. if there existar, (j=1,2, ..., k), s.t.
sim(p,,d,) <= sim(ii;,d,) then
11. RN’=RN’ v {d;};

Figure 3: Rocchio extraction with clustering.

After RN’ is determined, we can build the final classifier
using SVM, which takes P and RN’ as the positive and
negative training data respectively.

3.2 Step 2: Classifier building

This step builds the final classifier by running SVM itera-
tively with the document sets P and RN or RN’ depending on
the method used in step 1. Let Q be the set of the remaining
unlabeled documents, O = U — RN (or U — RN’). The algo-
rithm for this second step is given in Figure 4.

1. Every document in P is assigned the class label +1;
2. Every document in RN (RN’) is assigned the label —1;
3. Use P and RN (or RN’) to train a SVM classifier S;, with
i =1 initially and i = i+1 with each iteration (line 3-5);
4. Classify Q using S;. Let the set of documents in Q that
are classified as negative be 17
5. if W= {} then stop;
else O=0-W;
RN=RNU W (or RN’=RN’ v W),
goto (3);
Use the last SVM classifier Sy, to classify P;
7. if more than 5% positive are classified as negative then
use S; as the final classifier;
else use S}, as the final classifier;

o

Figure 4: Constructing the final classifier.

The reason that we run SVM iteratively (lines 3-5) is that
the reliable negative set RN from step 1 may not be suffi-
ciently large to build the best classifier. SVM classifiers (S; in
line 3) can be used to iteratively extract more negative
documents from Q. The iteration stops when there is no
negative document that can be extracted from Q (line 5).

There is, however, a danger in running SVM iteratively.
Since SVM is very sensitive to noise, if some iteration of
SVM goes wrong and extracts many positive documents
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from Q and put them in the negative set RN, then the last
SVM classifier will be extremely poor. This is the problem
with PEBL, which also runs SVM iteratively. In our algo-
rithm, we decide whether to use the first SVM classifier or
the last one (line 7). Basically, we use the SVM classifier at
convergence (called Sy, line 6) to classify the positive set P.
If too many (> 5%) positive documents in P are classified as
negative, it indicates that SVM has gone wrong. We then use
the first SVM classifier (S;). Otherwise, we use Sj, as the
final classifier. We choose 5% as the threshold because we
want to be very conservative. Since SVM is very sensitive to
noise, when noise is large, the resulting classifier is often
very poor. Since our first classifier is always quite strong,
even without catching the last classifier which may be better,
it is acceptable.

Note that this strategy is not applicable to PEBL because
PEBL’s step 1 extracts too few negative documents from U.
Its first SVM classifier is thus very inaccurate. Step 1 of our
proposed technique is able to extract a large number of
negative documents from U. Hence, our first SVM classifier
is always quite good, although it may not be the best.

Note also that neither the first nor the last SVM classifier
may be the best. This is the case for both PEBL and our
algorithm. In many cases, a classifier somewhere in the
middle is the best. However, it is hard to catch it. We leave
this issue to our future research.

4 Empirical Evaluation

This section evaluates the pr lposed techniques using the
Reuters-21578 text collection’, which is commonly used
in evaluating text cla551f1cat10n methods. We will also
compare the proposed techniques with S-EM and PEBL.
The Reuters-21578 collection contains 21578 text docu-
ments. We used only the most populous 10 out of the 135
topic categories. Table 1 gives the number of documents in
each of the ten topic categories. In our experiments, each
category is used as the positive class, and the rest of the
categories as the negative class. This gives us 10 datasets.

Table 1: Categories and numbers of documents in Reuters

acq | corn | crude | earn | grain |interest | money | ship | trade | wheat
2369 | 238 | 578 [ 3964 | 582 | 478 717 | 286 | 486 | 283

Our task is to identify positive documents from the
unlabeled set. The construction of each dataset for our
experiments is done as follows: Firstly, we randomly select
a% of the documents from the positive class and the negative
class, and put them into P and N classes respectively. The
remaining (1 - a%) documents from both classes form the
unlabeled set U. Our training set for each dataset consists of
P and U. N is not used as we do not want to change the class
distribution of the unlabeled set U. We also used U as the test
set in our experiments because our objective is to recover
those positive documents in U. We do not need separate test
sets. In our experiments, we use 7 a values to create different
settings, i.e., 5%, 15%, 25%, 35%, 45%, 55% and 65%.

! http://www.research.att.com/~lewis/reuters21578.html
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4.1 Evaluation measures

Two popular measures used for evaluating text classification
are the F value and breakeven point. F value is defined as, F =
2pr/(p+r), where p is the precision and r is the recall. F value
measures the performance of a system on a particular class
(in our case, the positive class). Breakeven point is the value
at which recall and precision are equal. However, breakeven
point is not suitable for our task as it only evaluates the sort-
ing order of class probabilities of documents. It does not give
indication of classification performance. F value, on the other
hand, reflects an average effect of both precision and recall.
This is suitable for our purpose, as we want to identify posi-
tive documents. It is undesirable to have either too small a
precision or too small a recall.

In our experimental results, we also report accuracies. It,
however, should be noted that accuracy does not fully reflect
the performance of our system, as our datasets has a large
proportion of negative documents. We believe this reflects
realistic situations. In such cases, the accuracy can be high,
but few positive documents may be identified.

4.2 Experimental results

We now present the experimental results. We use Roc-SVM
and Roc-Clu-SVM to denote the classification techniques
that employ Rocchio and Rocchio with clustering to extract
reliable negative set respectively (both methods use SVM for
classifier building). We observe from our experiments that
using Rocchio and Rocchio with clustering alone for classi-
fication do not provide good classification results. SVM
improves the results significantly.

For comparison, we include the classification results of
NB, S-EM and PEBL. Here, NB treats all the documents in
the unlabeled set as negative. SVM for the noisy situation (U
as negative) performs poorly because SVM does not tolerate
noise well. Thus, its results are not listed (in many cases, its F
values are close to 0). In both Roc-SVM and Roc-Clu-SVM,
we used the linear SVM as [Yang & Liu, 1999] reports that
linear SVM gives slightly better results than non-linear
models on the Reuters dataset. For our experiments, we im-
plemented PEBL as it is not publicly available. For SVM, we
used the SVM"€" system [Joachims, 1999]. PEBL also used
SVM"®" S-EM is our earlier system. It is publicly available
at http://www.cs.uic.edu/~liub/S-EM/S-EM-download.html.

Table 2 shows the classification results of various tech-
niques in terms of F value and accuracy (Acc) for a = 15%
(the positive set is small). The final row of the table gives the
average result of each column. We used 10 clusters (i.e., k=
10) for k-means clustering in Roc-Clu-SVM (later we will
see that the number of clusters does not matter much).

We observe that Roc-Clu-SVM produces better results
than Roc-SVM. Both Roc-SVM and Roc-Clu-SVM outper-
form NB, S-EM and PEBL. PEBL is extremely poor in this
case. In fact, PEBL performs poorly when the number of
positive documents is small. When the number of positive
documents is large, it usually performs well (see Table 3 with
a = 45%). Both Roc-SVM and Roc-Clu-SVM perform well
consistently. We summarize the average F value results of all
a settings in Figure 5. Due to space limitations, we are unable
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to show the accuracy results (as noted earlier, accuracy does
not fully reflect the performance of our system).

Table 2: Experiment results for a = 15%.

15% NB S-EM PEBL Roc-SVM | Roc-Clu-SVM
F Acc F Acc F Acc F Acc F Acc
acq 0.744] 0.920| 0.876] 0.954| 0.001| 0.817 0.846 0.948| 0.867| 0.952
cormn 0.452| 0.983] 0.452] 0.983| 0.000{ 0.982 0.804 0.993| 0.822] 0.995
crude 0.731] 0.979] 0.820] 0.984| 0.000{ 0.955[ 0.782 0.983| 0.801| 0.985
earn 0.910] 0.949] 0.947] 0.968| 0.000{ 0.693 0.858| 0.924| 0.891] 0.959
grain | 0728 0.977[ 0.807| 0.982| 0.020| 0.955| 0.845| 0.987| 0.869| 0.986
interest| 0.609| 0.972| 0.648| 0.970| 0.000f 0.963| 0.704| 0.976| 0.724| 0.983
money | 0.754| 0.974] 0.793| 0.975| 0.000| 0.945| 0.768| 0.973| 0.785[ 0.973
ship 0.701) 0.989] 0.742| 0.990| 0.008| 0.978| 0.578[ 0.986| 0.596| 0.989
trade 0.627| 0.977] 0.698] 0.979| 0.000f 0.962 0.759 0.983| 0.778| 0.985
wheat | 0.579| 0.982] 0.611| 0.979| 0.000[ 0.978| 0.834| 0.994| 0.854| 0.997

Avg 0.684| 0.970] 0.739| 0976 0.003| 0.923] 0.778] 0.975| 0.799] 0.980

Table 3: Experiment results for a = 45%.

45% NB S-EM PEBL Roc-SVM | Roc-Clu-SVM
F Acc F Acc F Acc F Acc F Acc
acq 0.802] 0.934| 0.891] 0.959] 0.891| 0.963 0.905[ 0.964| 0.909| 0.965
corn 0.502] 0.972| 0.517| 0.970] 0.663| 0.991| 0.635[ 0.990| 0.645| 0.992
crude 0.833] 0.985| 0.850] 0.986] 0.798 0.984 0.811[ 0.985[ 0.811] 0.985
earn 0.924] 0.956| 0.950] 0.970] 0.956| 0.974 0.886 0.937 0.923]| 0.956
grain 0.768] 0.975| 0.772] 0.975] 0.900f 0.992 0.903[ 0.992| 0.903] 0.992
interest| 0.617| 0.959| 0.614| 0.956| 0.770[ 0.983| 0.614| 0.957| 0.616 0.957
money [ 0.751] 0.969] 0.760] 0.968] 0.714] 0.973| 0.764| 0.969| 0.764| 0.970
ship 0.791] 0.991] 0.806] 0.991] 0.672| 0.989 0.829 0.993 0.843]| 0.994
trade 0.678] 0.973| 0.693] 0.972] 0.728 0.982 0.728 0.982| 0.728]| 0.982
wheat | 0.595| 0.973| 0595 0.972| 0.783| 0.992[ 0.779| 0.992| 0.792[ 0.994

Avg 0.726] 0969 0.745| 0.972| 0.788] 0.982| 0.785| 0.976]| 0.793| 0.979
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Figure 5 Average results for all a settings

From Figure 5, we can draw the following conclusions:

1. S-EM’s results are quite consistent under different set-
tings. However, its results are worse than Roc-SVM and
Roc-Clu-SVM. The reason is that the negative documents
extracted from U by its spy technique are not that reliable,
and S-EM uses a weaker classifier, NB.

2. PEBL'’s results are extremely poor when the number of
positive documents is small. We believe that this is be-
cause its strategy of extracting the initial set of strong
negative documents could easily go wrong without suf-
ficient positive data. Even when the number of positive
documents is large, it may also go wrong. For example,
for a = 55%, one F value (for the dataset, trade) is only
0.073. This shows that PEBL is not robust.

3. Both Roc-SVM and Roc-Clu-SVM are robust with dif-
ferent numbers of positive documents. This is important
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because in practice one does not know how many positive
documents are sufficient. Using a smaller set of positive
documents also reduce the manual labeling effort.

From Figure 5, we also observe that Roc-Clu-SVM is
slightly better than Roc-SVM in both F value and accu-
racy, especially when a is small because pure RN is more
important in such cases. When a is large, their results are
similar. In practice, Roc-SVM may be sufficient due to its
simplicity, efficiency and good results.

We also ran one-Class SVM using the LIBSVM package
(http://www.csie.ntu.edu.tw/~cjlin/libsvi/). It gives very
poor results (mostly with F values less than 0.4). Due to
space limitations, we do not list their results here.

Comparison of different number of clusters: As discussed
above, the number of clusters used in Roc-Clu-SVM makes
little difference to the final classifier. We now provide ex-
periment results in Figure 6 to support this claim by using
different numbers of clusters (here, a = 25% and for other a
values, the results are similar). The cluster number k varies
from 2 to 30. We observe that the choice of & has little in-
fluence on the results as long as it is not too small.

L 2
L 4
L 4
L 2
L 2

COCOOOO0O0
OaNWA IO N®©

Averaged F values

2 6 10 14 18 22 26 30
Number of clusters

Figure 6: Averaged F values of different clusters (a=25%)

Execution times: Our technique consists of two steps: ex-
tracting negative documents from U and iteratively running
SVM. As SVM is a standard technique, we will not discuss it
here. If we only use Rocchio for the first step, it is very effi-
cient because Rocchio is a linear algorithm, O(|UUP)). If we
use Rocchio with clustering, more time is needed because of
k-means clustering. The time complexity of k-means is
O(K*|RN*I), where k is the number of clusters, |[RN| is the
size of the reliable negative set, and / is the number of itera-
tions. Since k& and / are normally small, ~-means is generally
regarded as a linear algorithm O(|RN|). Thus, the time com-
plexity of the extraction step of Roc-Clu-SVM is O(|UUPY|)
since |RN] < |UUP|. In our experiments, every dataset takes
less than 7 seconds for step one for Roc-Clu-SVM (on Pen-
tium 800MHz PC with 256MB memory).

5 Conclusions

This paper studied the problem of text classification with
only partial information, i.e., with only one class of labeled
documents and a set of unlabeled documents. An effective
technique is proposed to solve the problem. Our algorithm
first utilizes the Rocchio classifier and/or clustering to extract
a set of reliable negative documents from the unlabeled set,
and then builds a SVM classifier iteratively. Experimental
results show that the proposed technique is more robust than
both S-EM and PEBL.
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Abstract

Most recent research of scalable inductive learn-
ing on very large dataset, decision tree construc-
tion in particular, focuses on eliminating memory
constraints and reducing the number of sequen-
tial data scans. However, state-of-the-art decision
tree construction algorithms still require multiple
scans over the data set and use sophisticated control
mechanisms and data structures. We first discuss a
general inductive learning framework that scans the
dataset exactly once. Then, we propose an exten-
sion based on Hoeffding’s inequality that scans the
dataset less than once. Our frameworks are appli-
cable to a wide range of inductive learners.

1 Introduction

Most recent research on scalable inductive learning over very
large dataset focuses on eliminating memory-constraints and
reducing the number of sequential data scans (or the total
number of times that the training file is accessed from sec-
ondary storage), particularly for decision tree construction.
State-of-the-art decision tree algorithms (SPRINT [Shafer
et al., 1996], RainForest [Gehrke et al., 1998], and later
BOAT [Gehrke ef al., 1999] among others) still scan the data
multiple times, and employ rather sophisticated mechanisms
in implementation. Most recent work [Hulten and Domingos,
2002] applies Hoeffding inequality to decision tree learning
on streaming data in which a node is reconstructed iff it is sta-
tistically necessary. Besides decision tree, there hasn’t been
much research on reducing the number of data scans for other
inductive learners. The focus of this paper is to propose a
general approach for a wide range of inductive learning algo-
rithms to scan the dataset less than once from the secondary
storage. Our approach is applicable not only to decision trees
but also to other learners, e.g., rule and naive Bayes learners.

Ensemble of classifiers has been studied as a general ap-
proach for scalable learning. Previously proposed meta-
learning [Chan, 1996] reduces the number of data scans to
2. However, empirical studies have shown that the accuracy
of the multiple model is sometimes lower than respective sin-
gle model. Bagging [Breiman, 1996] and boosting [Freund
and Schapire, 1997] are not scalable since both methods scan
the dataset multiple times. Our proposed method scans the
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dataset less than once and has been empirically shown to have
higher accuracy than a single classifier.

Based on averaging ensemble, we propose a statistically-
based multiple model inductive learning algorithm that scans
the dataset less than once. Previous research [Fan et al.,
2002b] on averaging ensemble has shown that it is more
efficient and accurate than both bagging and meta-learning.
In this paper, we apply Hoeffding inequality to estimate the
probability that the partial and complete models are equal in
accuracy. When the probability is higher than a threshold,
the algorithm stops model construction and returns the cur-
rent model, resulting in less than one sequential scan of the
dataset. Our objective is completely different from [Hulten
and Domingos, 2002] on determining whether to change the
shape of a decision tree. Unlike previous research [Hulten
and Domingos, 2002; Gehrke ef al., 1999], our algorithm is
not limited to decision tree, but is applicable to a wide range
of inductive learners. When it is applied to decision tree
learning, the accuracy is higher than a single decision tree.
Another advantage is that the ensemble reduces the asymp-
totic complexity of the algorithm besides scanning less data.
One important distinction is that we are interested in reduc-
ing sequential scan from secondary storage. Once the data
can be held entirely in memory, the base learning algorithm
is allowed to scan the data in memory multiple times.

2 One Scan

We first describe a strawman algorithm that scans the data
set exactly once, then propose the extension that scans the
data set less than once. The strawman algorithm is based on
probabilistic modeling.

2.1 Probabilistic Modeling

Suppose p(¢;|x) is the probability that x is an instance of
class ¢;. In addition, we have a benefit matrix b[¢; , ¢;] that
records the benefit received by predicting an example of class
£; to be an instance of class ¢;. For traditional accuracy-
based problems, Vi, b[¢;,¢;] = 1 and Vi' # i,b[l;y,¢;] = 0.
For cost-sensitive application such as credit card fraud detec-
tion, assume that the overhead to investigate a fraud is $90
and y(z) is the transaction amount, then b fraud, fraud] =
y(x) — $90 and b[~fraud, fraud] = —$90. Using benefit
matrix and probability, the expected benefit received by pre-
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dicting z to be an instance of class /; is
Z bl €;]

Based on optimal decision policy, the best decision is the la-
bel with the highest expected benefit:

Expected Benefit: e((;|z) = p(lulz) (1)

fmax = argmax,, e(/;|r) 2)
Assuming that £(z) is the true label of z, the accuracy of
the decision tree on a test data set ST is

Accuracy: A = Z b[¢
zeST

), fmax] (3)

For traditional accuracy-based problems, A is always normal-
ized by dividing |ST]; for cost-sensitive problems, A is usu-
ally represented in some measure of benefits such as dollar
amount. For cost-sensitive problems, we sometimes use “to-
tal benefits” to mean accuracy.

2.2 The Strawman Algorithm

The strawman algorithm is based on averaging ensemble [Fan
et al., 2002b]. Assume that a data set S is partitioned into K
disjoint subsets S; with equal size. A base level model C;
is trained from each S;. Given an example z, each classi-
fier outputs individual expected benefit based on probability

p;(ly|x)
ej(Lile) = by, ] - pj(Ls ) 4)

‘Z ;!
The averaged expected benefit from all base classifiers is

therefore X
(0
Ex(t) = 21N )

We then predict the class label with the highest expected re-
turn as in Eq[2].

Optimal Decision: Ly = argmax,, Er ({;|r) (6)

The obvious advantage is that the strawman algorithm
scans the dataset exactly once as compared to two scans by
meta-learning and multiple scans by bagging and boosting.
In previous research [Fan et al., 2002b], the accuracy by
the strawman algorithm is also significantly higher than both
meta-learning and bagging. [Fan et al., 2002b] explains the
statistical reason why the averaging ensemble is also more
likely to have higher accuracy than a single classifier trained
from the same dataset.

3 Less Than One Scan

The less-than-one-scan algorithm returns the current ensem-
ble with k£ (< K) number of classifiers when the accuracy
of current ensemble is the same as the complete ensemble
with high confidence. For a random variable y in the range
of R = a — b with observed mean of Y after n observations,
without any assumption about the distribution of y, Hoeffd-
ing’s inequality states that with probability > p, the error of
Y to the true mean is at most

1 1
en:R(%ln(l_p)> (7)

=
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Train(S, Sy, K, p)

Data : training set S, validation set SV, partition
number K, confidence p
Result : multiple model with size k < K
begin
partition S into K disjoint subsets of equal size
{Sl,...,S](};

train C; from Sy;

test C; on SV;

k<« 1;

while £ < K do

train Cy, from Sy;

test Ci, on SV;

V¢;, compute Hoeffding error e (¢;) (Eq[8]);
confidence_satisfied < true;

for z € SV do

V¢;, compute E({;|z);

E(ly|z) is the highest and E({y|z) is the
second highest;

ifE(l,|z)—E(ly|z) < € (Ly)+er(£y) then
confidence_satisfied < false;

break;

end

end
if confidence_satisfied then
‘ return {Cy,...,Cr}

else
| k+—k+1
end

end

return {Cy,...,Cx};

end

Algorithm 1: Less than one data scan

For finite population of size [V, the adjusted error is

f 1 > _n
en—R( o n(lTp)> where f_ﬁ ®)

The range R of expected benefit for class label ¢; can be
found from the index to the data, or predefined. When k
base models are constructed, the Hoeffding error €; can be
computed by using Eq[8]. For data example z, assume than
E(¢,)z) is the highest expected benefit and E(¢y|x) is the
second highest, € (¢,) and €, (¢p) are the Hoeffding errors. If

E(talt)—ex(L) > E(by|e)+er () or E(Cu|x)—E(tyla) >
€r(ly) + € (Kb) with confidence > p, the prediction on z by
the complete multiple model and the current multiple model
is the same. Otherwise, more base models will be trained.
The algorithm is summarized in Algorithm 1.

Scan of validation set SV

If an example x satisfies the confidence p when & classifiers
are computed, there is no utility to check its satisfaction when
more classifiers are computed. This is because that an ensem-
ble with more classifiers is likely to be a more accurate model.
In practice, we can only read and keep one example x from
the validation set in memory at one time. We only read a new
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instance from the validation set if the current set of classi-
fiers satisfy the confidence test. In addition, we keep only the
predictions on one example at any given time. This guaran-
tees that the algorithm scans the validation dataset once with
nearly no memory requirement.

Training Efficiency

The extra overhead of the Hoeffding-based less than one scan
algorithm is the cost for the base classifiers to predict on the
validation set and calculate the statistics. All these can be
done in main memory. As discussed above, we can predict
on one example from the validation set at any given time. As-
sume that we have k classifiers at the end and n is the size of
the validation set, the total number of predictions is approx-
imately 2% on average. The calculation of both mean and
standard deviation can be done incrementally. We only need
tokeep Y X; and 3 X7 for just one example at anytime and
calculate as follows:

_ X;
X = —E ! C))
k
. X? —k-X?
2(xy = 2K —k X7 10
o?(X) — (10)
The average number of arithmetic operation is approximately

3 X nxk
o
The problem that the proposed algorithm solves is one in
which the training set is very large and the I/O cost of data
scan is the major overhead. When I/O cost is the bottleneck,
the extra cost of prediction and statistical analysis is mini-
mum.

4 Experiment

In empirical evaluation, we first compare the accuracy of the
complete multiple model (one scan as well as less than one
scan) and the accuracy of the single model trained from the
same data set. We then evaluate the amount of data scan and
accuracy of the less than one scan algorithm as compared to
the one scan models. Additionally, we generate a dataset with
biased distribution and study the results of the less than one
scan algorithm.

4.1 Datasets

The first one is the well-known donation data set that first ap-
peared in KDDCUP’98 competition. Suppose that the cost
of requesting a charitable donation from an individual z is
$0.68, and the best estimate of the amount that x will donate
is Y (z). Its benefit matrix is:
predict donate | predict ~donate

actual donate Y(x)-$.0.68 0

actual ~donate -$0.68 0
As a cost-sensitive problem, the total benefit is the total
amount of received charity minus the cost of mailing. The
data has already been divided into a training set and a test
set. The training set consists of 95412 records for which it is
known whether or not the person made a donation and how
much the donation was. The test set contains 96367 records
for which similar donation information was not published un-
til after the KDD’98 competition. We used the standard train-
ing/test set splits to compare with previous results. The fea-
ture subsets were based on the KDD’98 winning submission.
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To estimate the donation amount, we employed the multiple
linear regression method.

The second data set is a credit card fraud detection prob-
lem. Assuming that there is an overhead $90 to dispute and
investigate a fraud and y(x) is the transaction amount, the fol-
lowing is the benefit matrix:

predict fraud | predict = fraud
actual fraud y(x) - $90 0
actual = fraud -$90 0

As a cost-sensitive problem, the total benefit is the sum of
recovered frauds minus investigation costs. The data set was
sampled from a one year period and contained a total of SM
transaction records. We use data of the last month as test
data (40038 examples) and data of previous months as train-
ing data (406009 examples).

The third data set is the adult data set from UCI repository.
For cost-sensitive studies, we artificially associate a benefit
of $2 to class label F and a benefit of $1 to class label N, as
summarized below:

predict F | predict N
actual F $2 0
actual N 0 $1

We use the natural split of training and test sets, so the re-
sults can be easily replicated. The training set contains 32561
entries and the test set contains 16281 records.

4.2 Experimental Setup

We have selected three learning algorithms, decision tree
learner C4.5, rule builder RIPPER, and naive Bayes learner.
We have chosen a wide range of partitions, K €&
{8,16,32,64,128,256}. The validation dataset SV is the
complete training set. All reported accuracy results were run
on the test dataset.

4.3 Experimental Results

In Tables 1 and 2, we compare the results of the single classi-
fier (which is trained from the complete dataset as a whole),
one scan algorithm, and the less than one scan algorithm. We
use the original “natural order” of the dataset. Later on in
Section 4.4, we use a biased distribution. Each data set under
study is treated both as a traditional and cost-sensitive prob-
lem. The less than one scan algorithm is run with confidence
p=99.7%.

Accuracy Comparison

The baseline traditional accuracy and total benefits of the sin-
gle model are shown in the two columns under “single” in
Tables 1 and 2. These results are the baseline that the one
scan and less than one scan algorithms should achieve. For
the one scan and less than one scan algorithm, each reported
result is the average of different multiple models with K rang-
ing from 2 to 256. In Tables 1 and 2, the results are shown in
two columns under accuracy and benefit. As we compare the
respective results in Tables 1 and 2, the multiple model either
significantly beat the accuracy of the single model or have
very similar results. The most significant increase in both ac-
curacy and total benefits is for the credit card data set. The
total benefits have been increased by approximately $7,000 ~
$10,000; the accuracy has been increased by approximately
1% ~ 3%. For the KDDCUP’98 donation data set, the total
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C4.5

Single || OneScan LessThanOne

accuracy datascan

Donation || 94.94% [ 94.94% || 94.94% 0.61
it

eredi 87.77% || 9037% | 90.41% | 0.62

Adult 8438% | 85.6% 85.0% 0.76

RIPPER

Single || OneScan LessThanOne

accuracy [ datascan

Donation || 94.94% [ 94.94% || 94.94% 0.45
it

Eregi 90.14% || 91.46% || 91.42% 0.56

Adult 8484% || 861% 86.0% 0.59

NB

Single || OneScan LessThanOne

accuracy | datascan

Donation || _94.94 || 94.94% || 94.94% 0.51
it

Eregi 85.46% || 88.64% || 88.71% 0.57

Adult 82.86% || 84.94% || 84.6% 0.61

Table 1: Comparison of single model, one scan ensemble, and
less than one scan ensemble for accuracy-based problems

benefit has been increased by $1400 for C4.5 and $250 for
NB.

We next study the trends of accuracy when the number of
partitions K increases. In Figure 1, we plot the accuracy and
total benefits for the credit card data sets, and the total benefits
for the donation data set with increasing number of partitions
K. C4.5 was the base learner for this study. As we can see
clearly that for the credit card data set, the multiple model
consistently and significantly improve both the accuracy and
total benefits over the single model by at least 1% in accuracy
and $40000 in total benefits for all choices of K. For the
donation data set, the multiple model boosts the total benefits
by at least $1400. Nonetheless, when K increases, both the
accuracy and total benefits show a slow decreasing trend. It
would be expected that when K is extremely large, the results
will eventually fall below the baseline.

Another important observation is that the accuracy and to-
tal benefit of the less than one scan algorithm are very close
to the one scan algorithm. Their results are nearly identical.

Data Scan

In both Tables 1 and 2, we show the amount of data scanned
for the less than one scan algorithm. It ranges from 40% (0.4)
to about 70% (0.7). The adult dataset has the most amount
of data scanned since the training set is the smallest and it
requires more data partitions to compute an accurate model.
C4.5 scans more data than both RIPPER and NB. This is be-
cause we generate the completely unpruned tree for C4.5, and
there are wide variations among different models.

In Table 3, we compare the differences in accuracy and
amount of training data when the validation set is either read
completely by every classifier (under “Batch”) or sequentially
only by newly computed base classifiers (under “Seq”) (as
discussed in Section 3). Our empirical studies have found that
“Batch” mode usually scans approximately 1% to 2% more
training data, and the models computed by both methods are
nearly identical in accuracy. The extra training data from the
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C4.5

Single OneScan LessThanOne
benefit datascan
Donation || $13292.7 || $14702.9 $14828 0.71
edit
tredi $733980 || $804964 | $804914 | 0.65
Adult $16443 $16435 $16205 0.77
RIPPER —
; LessThanOne
Single OneScan benefit datascan
Donation $0 $0 $0 0.47
Sregit
ar $712541 $815612 $815310 0.57
Adult $19725 $19875 $19615 0.62
~b LessThanO
: p essThanOne
Single OneScan benefit datascan
Donation $13928 $14282 $14278 0.55
edit
Egrﬂl $704285 $798943 $799104 0.59
Adult $16269 $19169 $16102 0.63

Table 2: Comparison of single model, one scan ensemble,
and less than one scan ensemble for cost-sensitive problems

“batch” method is due to the fact that some examples satis-
fied by previously learned classifiers have high probability,
but may not necessarily be satisfied by more base classifiers.
However, our empirical studies have shown that the differ-
ence in how the validation set is handled doesn’t significantly
influence the final model accuracy.

4.4 Biased Distribution

When a data is biased in its distribution, the less than one
scan algorithm need to scan more data than uniform distri-
bution to produce an accurate model. With the same amount
of datascan, it may not have the same accuracy as uniform
distribution. We have created a “trap” using the credit card
dataset. We sorted the training data with increasing transac-
tion amount. The detailed results are shown in Table 4(a) and
(b). The accuracy (and total benefits) in Table 4(a) are nearly
identical to the results of “natural distribution” as reported in
Tables 1 and 2. However, the amount of datascan by the less
than one scan algorithm is over 0.9 as compared to approxi-
mately 0.6 for natural distribution. As shown in Table 4(b),
when the datascan is less than 0.9 (the confidence is not satis-
fied and less one scan will continue to compute more model),
the total benefits are much lower. When distribution is biased,
the variations in base classifiers’ prediction are wider. It re-
quires more data to compute an accurate model and the less
than one scan algorithm is performing in the correct way.

4.5 Training Efficiency

We recorded both the training time of the batch mode sin-
gle model, and the training time of both the one scan al-
gorithm and less than one scan algorithm plus the time to
classify the validation set multiple times and statistical es-
timation. We then computed serial improvement, which is
the ratio that the one scan and less than one scan algo-
rithm are faster than training the single model. In Figure 2,
we plot results for the credit card dataset using C4.5. Our
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Figure 1: Plots of accuracy and total benefits for credit card data sets, and plot of total benefits for donation data set with respect

to K when using C4.5 as the base learner
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C4.5
Accuracy Data Scan
Batch Seq Batch [ Seq
Donation || 94.94% | 94.94% 0.64 1 0.61
dit
e 90.39% | 90.41% || 0.62 | 0.62
Adult 85.1% 85.0% 0.78 10.76
RIPPER
Accuracy Data Scan
Baich Seq Batch | Seq
Donation || 94.94% | 94.94% 048 1045
dit
Cégrd 91.44% | 91.42% 0.56 | 0.55
Adult 85.9% 86.0% 0.62 | 0.59
NB
Accuracy Data Scan
Batch Seq Batch | Seq
Donation || 94.96% | 94.94% 0.54 | 0.51
dit
U || ss.2% | 88.71% || 0.59 | 0.57
Adult 84.84% | 84.6% 0.62 | 0.61

Table 3: Comparison of accuracy and amount of datascan us-
ing the batch (or all in memory) and sequential method for
accuracy-based problems

training data can fit into the main memory of the machine.
Any single classifier algorithm that reduces the number of
data scan [Shafer et al., 1996; Gehrke et al., 1998; 1999;
Hulten and Domingos, 2002] will not have training time less
than this result. As shown in Figure 2, both one scan and less
than one scan algorithm are significantly faster than the single
classifier, and the less than one scan algorithm is faster than
the one scan algorithm.

5 Related Work

To scale up decision tree learning, SPRINT [Shafer et al.,
1996] generates multiple sorted attribute files. Decision tree
is constructed by scanning and splitting attribute lists, which
eliminates the need for large main memory. Since each at-
tribute list is sorted. for a data file with f attributes and
N examples, the total cost to produce the sorted lists is
f-O(N -log(N)). External sort is used to avoid the need for
main memory. Each attribute list has three columns-a unique
record number, the attribute value and the class label; the to-
tal size of attribute lists is approximately three times the size
of the original data set. When a split takes places at a node,
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Figure 2: Serial improvement for credit card dataset using
one scan and less than one scan
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Accuracy Based Cost-sensitive
Accuracy | DataScan Benefit Datascan
C4.5 89.7% 0.95 $794933 0.96
RIPPER 90% 0.93 $769344 0.97
NB 86.9% 0.89 $774854 0.93
(a). Performance for different classifier for biased distribution

[ DataScan [ 0.6 ] 0.7 [ 0.8 0.96 |
| Total Benefits | $561382 | $614575 | $728315 $794933 |
(b). Performance of C4.5 with different amount of data scanned

under the biased distribution

Table 4: Performance of less than one scan under biased dis-
tribution

SPRINT reads the attribute lists at this node and breaks them
into r sets of attribute lists for » child nodes, for a total of
f file read and r - f file writes. Later, RainForest [Gehrke
et al., 1998] improves the performance of SPRINT by pro-
jecting attribute list on each unique attribute value into an
AVC-set. The complete AVC-sets of all attributes are called
AVC-group. When the AVC-group can be held in main mem-
ory, the selection of predictor attribute can be done efficiently.
To construct the initial AVC-group, it incurs the same cost as
SPRINT to construct initial attribute lists plus one more scan
over the sorted lists to project into AVC-sets. Whenever a
split happens, RainForest has to access the data file again and
reconstruct the AVC-group for child nodes. The exact num-
ber of read and write is based on variations of RainForest that
is chosen. In the best scenario where the AVC-group of ev-
ery node in the tree fit in memory, the RF-read version still
has to scan the whole data once at each level of the tree and
write it into r files. When this condition is not met, Rain-
Forest solves the problem by multiple read and write. More
recently, BOAT [Gehrke et al., 1999] constructs a “coarse”
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tree from a data sample that can fit into main memory. The
splitting criterion in each node of the tree is tested against
multiple decision trees trained from bootstrap samples of the
sampled data. It refines the tree later by scanning the com-
plete data set, resulting in a total of two complete data read.

Meta-learning [Chan, 1996] builds a tree of classifiers and
combine class label outputs from base classifiers. It is based
on heuristics and the total number of datascan is two. The im-
provements by our methods are in many folds. We combine
probabilities instead of class labels. The combining technique
is straightforward and can estimate the final accuracy prior
to full construction. The total amount of sequential scan is
less than once. There is a strong statistical reason to support
why the multiple model method works [Fan et al., 2002b].
Besides meta-learning, both bagging [Breiman, 1996] and
boosting [Freund and Schapire, 1997] have been shown to
have higher accuracy than a single model. However, bagging
and boosting scan the dataset many times, and are not scal-
able for large dataset. Previous research [Fan er al., 2002b]
has shown the our combining method is more accurate than
bagging.

One earlier work to use Hoeffding’s inequality is online ag-
gregation [Hellerstein et al., 1997] to estimate the accuracy of
aggregate queries. When the confidence about the accuracy
of the partial query is sufficient, the user can terminate the
query to avoid a complete scan. One recent work using Ho-
effding inequality is on building decision tree from streaming
data [Hulten and Domingos, 2002]. They keep the number
of examples that satisfy or fail the predicate of a node in the
tree. When it is confident that the current node is not accu-
rate for the new data, it will be reconstructed. One limitation
of [Hulten and Domingos, 2002] is that it is only applicable
to decision tree learning. Our ensemble method using Ho-
effding’s inequality is applicable to a wide range of induc-
tive learners. Empirically, we have applied it to decision tree,
rule learner as well as naive Bayes learner. Beside its gen-
erality, the proposed one scan and less than one scan algo-
rithms have been shown to have potentially higher accuracy
than the single model (existing approaches are single model
method [Hulten and Domingos, 2002; Gehrke ef al., 1999;
Shafer et al., 1996; Gehrke et al., 1998]). Another advantage
is the asymptotic complexity using the less than one scan al-
gorithm is approximately k - O(%) while computing a sin-
gle model is still O(n). Our empirical studies have shown
that both the one scan and less than one scan algorithms are
significantly faster than learning a single model. In previous
work [Fan et al., 2002al, we have used Central limit theo-
rem (CLT) to implement a concept of progressive modeling
where we estimate the range of accuracy of the final model.
The learning stops when the estimated accuracy of the final
falls within a tolerable range with confidence p. CLT requires
the data distribution to be uniform. Hoeffding inequality has
a different implication, in which we estimate the probability
that the partial and final models are exactly the same.

6 Conclusion

In this paper, we propose two scalable inductive learning al-
gorithms. The strawman multiple model algorithm scans the
data set exactly once. We then propose a less than one scan
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extension based on Hoeffding’s inequality. It returns a partial
multiple model when its accuracy is the same as the com-
plete multiple model with confidence > p. Since Hoeffding
inequality makes no assumption about the data distribution,
the advantage of this method is that the data items can be re-
trieved sequentially. We have also discussed how to sequen-
tially read the validation set exactly once using minimal mem-
ory. We have evaluated these methods on several data sets as
both traditional accuracy-based and cost-sensitive problems
using decision tree, rule and naive Bayes learners. We have
found that the accuracy of all our methods are the same or far
higher than the single model. The amount of data scan by the
less than one scan algorithms range from 0.45 to 0.7 for the
original natural distribution of data. For a significantly biased
dataset, the amount of datascan by the less than one scan al-
gorithm is over 0.9. It needs extra data to resolve the bias in
data distribution in order to compute an accurate model. In
addition, our empirical studies have shown that both methods
are significantly faster than computing a single model even
when the training data can be held in main memory, and the
less than one scan algorithm is faster than the one scan algo-
rithm.
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Abstract

This paper presents a novel, promising approach
that allows greedy decision tree induction algo-
rithms to handle problematic functions such as par-
ity functions. Lookahead is the standard approach
to addressing difficult functions for greedy decision
tree learners. Nevertheless, this approach is lim-
ited to very small problematic functions or subfunc-
tions (2 or 3 variables), because the time complex-
ity grows more than exponentially with the depth of
lookahead. In contrast, the approach presented in
this paper carries only a constant run-time penalty.
Experiments indicate that the approach is effective
with only modest amounts of data for problematic
functions or subfunctions of up to six or seven vari-
ables, where the examples themselves may contain
numerous other (irrelevant) variables as well.

1 Introduction

Algorithms for the top-down induction of decision trees
(TDIDT) are among the most widely used algorithms for
machine learning, data mining and statistical classifica-
tion. TDIDT implementations such as ID3 [Quinlan, 1983],
C4.5 [Quinlan, 1997], C5.0 (www.rulequest.com) and CART
[Breiman et al., 1984] are easy to use and (often) produce
human-comprehensible models. Nevertheless, TDIDT algo-
rithms are well-known to be myopic because of their greedy
strategy for choosing split variables, or internal node labels.
This myopia is at its worst when the data are labeled accord-
ing to parity functions such as exclusive-or (2-bit odd parity,
denoted by ®). These and related other problematic functions
naturally arise in real-world data. For example, in fruitfly ex-
periments, flies that are either male and have an active Sx/
gene or that are female and have an inactive Sx/ gene survive,
while other flies die; hence survival is an exclusive-or func-
tion of gender and Sx/ activity (Table 1).

Of course, parity and parity-like functions are also prob-
lematic for other machine learning or statistical algorithms
that employ (explicitly or implicitly) a linear assumption in
order to gain efficiency. Such models include perceptrons,
logistic regression, linear support vector machines, Fischer’s
linear discriminant and naive Bayes. They also include any of
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Gender Female | SxlI active || Survival
0 0 0
0 1 1
1 0 1
1 1 0

Table 1: Truth table for Drosophila (fruitfly) survival based
on gender and Sx/ gene activity.

a variety of data analysis approaches that employ an informa-
tion gain or Kullback-Leibler divergence filter to do variable
selection or to control computation time, for example as in the
sparse candidate algorithm for learning Bayesian networks
[Friedman et al., 1999]. The inability of such approaches to
learn functions like @ is frequently noted, for example, in the
context of analyzing gene expression microarray data [Fried-
man et al., 1999; Szallasi, 2001].

In TDIDT algorithms, the myopia of the search can be re-
duced at the cost of increased computation time. The stan-
dard approach is through depth-k lookahead [Norton, 19891,
where the default for TDIDT algorithms is depth-1 looka-
head. However, the time to perform a split grows exponen-
tially with £, and problematic functions remain no matter how
large a k is chosen.

The purpose of this paper is to introduce an alternative ap-
proach to problematic functions such as parity, which does
not incur the high computational cost of lookahead. The ap-
proach relies on the observation that these functions are not
actually problematic if the distribution over the data is signif-
icantly different from uniform. In such cases other functions
may become problematic for TDIDT algorithms, but func-
tions such as exclusive-or become relatively easy. Hence we
first observe that TDIDT algorithm performance on a data set
can be improved if the algorithm has access to a second, sig-
nificantly different distribution over the data. Of course such
a second distribution often is unavailable. Therefore, we next
show how the second distribution often can be simulated by
skewing the data from the first distribution. We note that the
present paper focuses entirely on classification, ignoring re-
gression trees, or trees that predict continuous outputs at their
leaves. Furthermore, we limit our entire discussion to TDIDT
algorithms that perform only binary splits, although the data
may use variables that can take more than two values.
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TEEIER N
0 0 0 1
1 0 1 0
0 1 0 0
o 1|11

Table 2: For subfunctions at eachof o = 0, 2o = 1, 23 =0
and z3 = 1, the fraction of assignments that are positive is L
as for f itself. Hence z» and x3 have zero gain, while z; has
nonzero gain according to both entropy and Gini.

2 Review of Lookahead for Hard Functions

We assume the reader is familiar with the approach of TDIDT
algorithms. The assumed familiarity includes a knowledge of
the commonly-used functions to measure node purity, such as
entropy [Quinlan, 1997] or Gini index [Breiman et al., 1984].
It also includes familiarity with the greedy heuristic of choos-
ing to split on the variable that maximizes the improvement,
or gain, in the node purity score. We now review the notions
of problematic functions and lookahead. For ease of discus-
sion, this section limits itself to two-class problems, where
the classes are positive and negative.

For the various node purity functions employed by differ-
ent TDIDT algorithms, splitting on a variable z; can yield
a non-zero gain only if the class distribution changes for at
least one of the values (or ranges) that z; can take. If the
distribution of classes is the same for every value of z; (or
range) then x; will have zero gain according to any node pu-
rity measure in common usage. As an example, in Table 2
the variable x; has non-zero gain according to either Gini or
entropy, whereas the variables z2 and x3 have zero gain.

Consider a data set drawn from a uniform distribution over
binary-valued variables x1, x5 - - - £190, labeled according to
the target function x99 @ z190. Even if we are fortunate
enough to have a complete data set—one occurrence of each
truth assignment over x1 - - - £19o—it is clear that for every
variable z;, the class distribution is exactly the same whether
x; is 0 or 1. So, regardless of how large a uniform sample
we choose to draw, a variable will have non-zero gain only
because of chance. Thus, the probability that one of the cor-
rect variables (x99 or x199) Will have a higher gain than every
one of the incorrect variables is extremely low. Hence the
learning task is virtually impossible for a TDIDT algorithm.

With depth-2 lookahead the preceding task becomes triv-
ial. A depth-2 lookahead from a given node chooses not only
the next split variable, but also the split variables at the next
level. A TDIDT algorithm augmented in this way will con-
sider among the possible depth-2 trees the two shown in Fig-
ure 1, each of which will have the maximum possible gain.
For any reasonably large data set, with high probability all
other depth-2 trees will have gain only marginally different
from zero. Hence we see that with depth-2 lookahead, & be-
comes easy. Because depth-2 lookahead is repeated at every
step in tree construction, many other functions that have 2-
variable @ as a subfunction become easy.

Of course, depth-2 lookahead comes with a price. Where n
is the number of variables and m is the number of examples,
the time to choose the split goes from O(mn) to O(mn?), be-
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Figure 1: Two trees representing zgg 6 190

i | a3 || i | o | fa| fal s | fo
0 0 0 0 0 0 0 1 0
0 0 1 1 1 1 0 0 0
0 1 0 1 0 1 1 0 0
0 1 1 0 0 0 0 0 1
1 0 0 0 0 1 0 0 1
1 0 1 1 0 0 1 0 0
1 1 0 1 1 0 0 0 0
1 1 1 0 0 1 0 1 0

Table 3: Six of the 12 functions over three variables that
are problematic even using depth-2 lookahead. The other six
problematic functions are the inverses of these.

cause labels have to be selected for three nodes from among n
variables. Furthermore, there are many functions that require
a higher lookahead. For example, suppose we have examples
constructed from variables x; - - - 100 and the target is one of
the functions in Table 3 involving x;, x3, and x3. Even with
depth-2 lookahead, TDIDT is highly likely to choose incor-
rect variables. These problems can be solved with depth-3
lookahead, but the time to choose a split becomes O(mn"),
and other problematic targets remain even then.!

3 Motivation for Skewing

Consider the first target function discussed in the previous
section, x99 B T100, but now suppose the data are distributed
differently from uniform. For example, we might introduce
dependencies not present in the uniform distribution: for ev-
ery odd number, 1 < ¢ <99, if z; is 0 then z;4; has proba-
bility 0.99 of being 1. Or we might suppose all variables are
independent as in the uniform distribution, but every variable
has probability only % of taking the value 0. In either case,
with a large enough sample we expect that the class distribu-
tion among examples with x99 = 0 will differ significantly
from the class distribution among examples with x99 = 1.
To examine the preceding claim more closely, consider the
second distribution, where each variable has probability % of
being 0. If we draw a sample of 400 examples, we expect
roughly 100 of these to have x99 = 0 and roughly 300 to

"We can reduce this super-exponential growth of lookahead to
“mere” exponential growth and still address parity-like functions if
we require the tree to be “leveled”—all nodes at a level are labeled
by the same variable. But even this non-standard lookahead proce-
dure imposes a high computational burden.
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have g9 = 1. Of the 100 with zg9 = 0, we expect roughly
% of these, or 75, to have x190 = 1 and hence to belong to

the positive class. Of the 300 with x99 = 1, we expect only i
of these, or 75 again, to belong to the positive class (to have
100 = 0). Hence the fraction of positive examples is quite
different for the two values of xgg: % of the examples with
T99 = 0 are positive, while % of the examples with x99 = 1
are positive. As a result x99 (and x19p) will have non-zero
gain; for instance, information gain is roughly 0.19 (out of
maximum 1.0 possible) and Gini gain is roughly 0.06 (out
of maximum (.25 possible). On the other hand, every vari-
able other than zg9 or z1¢0 is likely to have nearly zero gain.
Hence unless a highly unlikely sample is drawn, a TDIDT al-
gorithm will choose to split on either xgg or x1¢g, at which
point the remainder of the learning task is trivial.

Notice that in the preceding discussion, moving to our sec-
ond distribution changed the marginal distribution for every
variable, not just for those in the target. It would have re-
vealed the correct variables if the target function had been
Ty @ xg9 Or even one of the problematic functions of three
variables in Table 3. Notice also that the important aspect
of the second distribution was that it changed the frequency
distributions for the variables; the specific change for any
variable could have gone the other way—to probability % of
taking value O—and the second distribution still would have
given non-zero gain to exactly the variables in the target.

From the preceding discussion we conclude that if we have
access to two distributions that are “different enough,” then
choosing good variables to split on becomes relatively easy.
However, in real-world problems we rarely have access to two
different distributions over the data, or the ability to request
data according to a second distribution that we choose. In-
stead, the next section discusses how in practice we can simu-
late a second distribution different from the first. We call this
procedure skewing. The simulation approach tends to mag-
nify idiosyncrasies in the data set, for example, introducing
some dependencies that were not present in the original dis-
tribution. Nevertheless, our experiments indicate that, if the
data set is large enough, the magnification of idiosyncrasies
is not a major problem.

4 Skewing Algorithm

The desired effect of the skewing procedure is that the skewed
data set should exhibit significantly different frequencies
from the original data set. Because we cannot draw new ex-
amples, we change the frequency distributions for variables
by attaching various weights to the existing examples. The
procedure initializes the weight of every example to 1. We
next present the details of the re-weighting procedure for
binary-valued variables only. Nominal variables can be con-
verted to binary variables. We discuss extensions to continu-
ous variables in Section 7.

We may assume that every variable takes the value O in
at least one example and takes the value 1 in at least one
example—otherwise, the variable carries no information and
can be removed. For each variable z;, 1 < ¢ < n, we ran-
domly, uniformly (independently for each variable) select a
“favored setting” v; of either 0 or 1. We then increase the
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weight of each example in which z; takes the value v;, by
multiplying the weight by a constant; for the sake of illustra-
tion, suppose we double the weight.

At the end of this process, each example has a weight be-
tween 1 and 2. It is likely that each variable has a signif-
icantly different weighted frequency distribution than previ-
ously, as desired. But this is not guaranteed. For example,
suppose the original data set consists of 100 truth assignments
over variables x; and x,. Suppose further that in half of these
examples x1 = 0 and x5 = 1, and in the other half z; = 1
and z» = 0. If the favored setting for each variable happens
to be 1, then all examples get assigned weight 2, so the new
frequency distribution for each variable is the same as the
original frequency distribution. In addition to this potential
difficulty, a second difficulty is that this process can magnify
idiosyncrasies in the original data. For instance, suppose we
have a data set over x1, ..., Z,,, and (for simplicity) the favored
setting for each variable is 1. If we happen to have one ex-
ample with many variables set to 1, it will get an inordinately
high weight compared with other examples, potentially giv-
ing some insignificant variable a high gain. Can we mitigate
these potential problems with the skewing procedure?

The difficulties in the preceding paragraph occur with some
data sets combined with some choices of favored settings.
Other selections of favored settings for the same data set may
leave other variables’ frequencies unchanged, but it is rela-
tively unlikely they will leave the same variables’ frequencies
unchanged. Furthermore, while other selections of favored
settings may magnify other idiosyncrasies in the data, it is
unlikely they will magnify the same idiosyncrasies. There-
fore, instead of using skewing to create only a second dis-
tribution, we use it to create some number 7' of additional
distributions. The 7' different distributions come about from
randomly (without replacement) selecting 1" different combi-
nations of favored settings for the n variables according to a
uniform distribution. To ensure that tree construction is not
thrown off course by any single bad distribution (either orig-
inal or skewed), the tree construction process is modified as
described in the following paragraph.

Suppose we have T + 1 weightings of the data (the origi-
nal data set plus 7" reweighted versions of this data set), and
we are considering a split. We score each of the n variables
against each of the T' 4+ 1 weightings of the data. A variable
that is not part of the target function should have nearly zero
gain on every weighting, although as already noted, it may
occur that on some weightings some of these variables can
achieve high gain. But only variables that appear in the tar-
get should have significantly non-zero gain on most of the
weightings (though not necessarily on all). Therefore, we
set a gain threshold, and the variable that exceeds the gain
threshold for the greatest number of weightings is selected as
the split variable. Our expectation is that the selected variable
is highly likely to be correct in the sense that it actually is a
part of the target function. Yet the time for choosing the split
remains O(mn), in contrast to lookahead. We have increased
the run-time only by a small constant.

Pseudocode for the algorithm is shown in Algorithm 1.
Rather than actually doubling or tripling weights, the algo-

rithm takes a parameter % < s < 1. The weight of an ex-
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Algorithm 1 Skewing Algorithm

Input: A matrix D of m data points over n boolean
variables, gain fraction GG, number of trials T,
skew % <s<l1

Qutput: A variable z; to split on, or —1 if no variable with

sufficient gain could be found

N <= Entropy of class variable in D

v < Variable with max gain in D

g < Gainofvin D

if g < G x N then

v<<= —1
fori =1tondo
F(i)<0

{begin skewing loop}

8: fort =1toT do

9: fori=1tondo

AN A ol s

10: V(i) < Randomly chosen favored value for z;
11: fore=1tomdo

12: Wi(e) =1

13: fori =1tondo

14: if ¢ > 1 then

15: if D(e,i) = V(i) then

16: Wi(e) < Wi(e) x s

17: else

18: Wi(e) < W(e) x (1 —s)

19: N <« Entropy of class variable in D under W
20: for:=1tondo

21: FE <= Gain of z; under distribution W
22: if £ > G x N then
23: F(i) < F(i) +1

{end skewing loop}

24: j < argmax F(i)
25: if F'(j) > 0 then
26:  return z;

27: else

28:  returnv

ample is multiplied by s if x; takes preferred value v; in the
example, and is multiplied by 1 — s otherwise. Hence for il-
lustration, if s is %, the weight of every example in which z;
takes value v; is effectively doubled relative to examples in
which z; does not take value v;.

Our hypothesis is that in practical experiments the new al-
gorithm will run somewhat slower than an ordinary TDIDT
algorithm, only by a constant factor. It will rarely produce
trees with lower accuracy than those of an ordinary TDIDT
algorithm. It will often produce trees with slightly to moder-
ately higher accuracy—when the target contains one or more
problematic subfunctions. And it will sometimes produce
trees with much higher accuracy—when the target is itself a
problematic function. When the target is a problematic func-
tion over many variables, even after skewing the gain of any
individual variable in the target is likely to be small. There-
fore, we also hypothesize that unless the data set is large, the
benefits of the skewing approach will not apply to problem-
atic target functions of five or more variables. Note that while
a large number of variables in the farget reduces the potential
gain, the number of variables in the examples does not. The
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following section describes the experiments designed to test
the preceding hypotheses.

S Experiments

In this section, we discuss experiments with synthetic and real
data, designed to test the hypotheses in the preceding para-
graph. In addition, the question arises of whether problematic
functions or subfunctions occur with high enough frequency
to justify the additional work of skewing. The experiments
in this section also address that question. We begin with a
discussion of experiments using synthetic data, where target
functions as well as examples are drawn randomly and uni-
formly, with replacement. In these experiments we compare
simple ID3 against ID3 with skewing. We selected ID3 to
eliminate issues to do with more sophisticated pruning. The
parameters input to the skewing algorithm (algorithm 1) were
T =30,s = % and G = 0.05. These parameters were cho-
sen before the experiments and were held constant across all
experiments. Improved results could perhaps be obtained by
tuning s and G.

In the first set of experiments with synthetic data, exam-
ples are generated according to a uniform distribution over
30 binary variables. Target functions are drawn by randomly
generating DNF formulae over subsets of 3 to 6 of the 30
variables. The number of terms in each target is drawn ran-
domly, uniformly from between 1 and 25, and each term is
drawn by choosing for each variable whether it will appear
negated, unnegated, or not at all (all with equal probabilities).
All targets are ensured to be satisfiable. Examples over the
30 variables that satisfy the target are labeled positive, and all
other examples are labeled negative. Figures 2-5 show learn-
ing curves for different target sizes. Each point on each curve
is the average over several runs, each with a different target
and with a different sample of the specified sample size.

In general, these figures fit our expectations. Both algo-
rithms perform well but skewing provides slightly yet consis-
tently better results (we note that the differences are not sta-
tistically significant). Probably the difference is skewed ID3
is less likely than ordinary ID3 to include irrelevant variables,
particularly when faced with problematic functions. One sur-
prise is that the figures indicate that an ordinary TDIDT al-
gorithm outperforms skewing on average when the sample
size is small relative to target size. As sample size grows, a
crossover point is reached after which skewing consistently
outperforms the ordinary TDIDT algorithm. Furthermore,
the sample size required for effective skewing grows with the
number of variables in the target, although these results alone
do not make clear the order of this growth. It may well be ex-
ponential, because target complexity can grow exponentially
with the number of variables in the target. Further experi-
ments are needed to explore the order of this growth. This ob-
servation implies a limitation of skewing—that skewing may
be undesirable for learning tasks with small samples or target
concepts that potentially employ many variables.

The next set of experiments focuses on the problematic
functions alone. The methodology is the same as before,
with the following exception. Targets are drawn randomly
from functions that can be described entirely by variable co-

LEARNING



100

95

90

Accuracy (%)

85

80

75

100

95

90

85

Accuracy (%)

80

75

100

95

90

85

Accuracy (%)

80

75

100

95

90

85

Accuracy (%)

80

75

LEARNING

ID3 with Skewing
II|33, No Skewilng -------
200 400 600 800 1000
Sample Size
Figure 2: Three-Variable Targets
L —
ID3 with Skewing
II?S, No Skewilng -------
200 400 600 800 1000
Sample Size
Figure 3: Four-Variable Targets
ID3 with Skewing
II|33, No Skewilng -------
200 400 600 800 1000
Sample Size
Figure 4: Five-Variable Targets
N
/ ID3 with Skewing
! II?S, No Skewilng -------
200 400 600 800 1000
Sample Size
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Figure 6: Three-Variable Hard Targets
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Data Set | Standard ID3 || ID3 with Skewing
Heart 71.9 74.5
Voting 94.0 94.2
Voting-2 87.4 88.6
Contra 60.4 61.5
Monks-1 92.6 100.0
Monks-2 86.5 89.3
Monks-3 89.8 91.7

Table 4: Accuracies of ID3 and ID3 with skewing on 4 UCI data
sets. Heart is Cleveland Heart Disease, Voting is Congressional
Voting, Contra is Contraceptive Method Choice, and Monks-x are
the Monk’s problems. Voting-2 is the same as Voting, with one fea-
ture (physician-fee-freeze) removed to make the problem
more difficult.

references together with the standard logical connectives and,
or, and not. Many such functions exist, and for all such func-
tions, even given a complete data set, no variable has gain.
Examples of such functions are exclusive-or and exclusive-
nor, and all those in Table 3. Figures 6-9 show the results for
these experiments.

We observe that if the target is a problematic function,
skewing outperforms standard ID3 by a wide margin. The
difference in accuracy was statistically significant — the 95%
confidence intervals around each sample point in these graphs
do not overlap once the sample sizes become moderately
large. We repeated the experiment with 6-variable hard tar-
gets with 5000 examples to verify that skewing did indeed
achieve 100% accuracy (in our noise-free setting) in this case.
We also verified this behavior for 7 and 8 variable targets.

In addition to the preceding experiments, we also com-
pared ID3 against ID3 with skewing on several data sets in the
UCI machine learning repository [Blake and Merz, 1998] us-
ing 5-fold cross validation. For these data sets, we discretized
continuous variables by binning. Further, nominal variables
were binarized using the standard 1-of-V representation. The
results of these experiments appear in Table 5. In this case,
we do not know whether the target concepts involve problem-
atic subfunctions except for the concepts in the Monk’s prob-
lems, where the first two involve problematic subfunctions.
The only task for which there is a significant difference in ac-
curacy is the first Monk’s problem, which has an exclusive-or
subfunction. We believe the reason ID3 with skewing does
not dramatically outperform ID3 on the second Monk’s prob-
lem is that the number of training instances is small (169) rel-
ative to the target function. We verified this by constructing a
larger data set of 2000 examples using the concept that gen-
erated this data. In this case, skewing achieves an accuracy of
95%, while standard ID3 achieves 80%.

In the experiments reported in Figures 2-5, the run-time
for ID3 with skewing was on average a constant times the
run-time for ordinary ID3, regardless of sample size or target
size. This constant was (roughly) equal to our value for 7" in
Algorithm 1, 30. In the experiments involving hard targets,
we observed that as sample size increased, ID3 with skewing
became more efficient relative to ID3. This can be explained
by the fact that though it takes more time to choose a split,
ID3 with skewing chooses many fewer splits when the target
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Figure 10: Time complexity of ID3 with skewing relative to stan-
dard ID3 for hard targets. The y axis represents the ratio of the aver-
age time taken by ID3 with skewing to induce a tree against the same
quantity for standard ID3 for hard targets. Observe that, though the
ratio is close to our value for 7" for small samples, it drops rapidly
as the sample size increases, and the final value is much smaller.

is a hard function. In this case, the constant-factor overhead
for skewing is significantly smaller than 7". This behavior is
shown in Figure 10. Thus in all cases, provided the sample is
sufficiently large, skewing provides benefits similar to looka-
head, but with only a constant increase in run-time. This is
the primary result of the paper.

6 Related Work

A natural question to ask of the preceding results is whether
they could as easily be obtained by other techniques that ef-
fectively re-weight the data. We know of two such related
techniques: boosting [Freund and Schapire, 1997] and bag-
ging [Breiman, 1996] (sampling with replacement may be
thought of as providing a re-weighting of the data).While
these techniques were not developed to enable tree induc-
tion algorithms to address problematic functions, it is pos-
sible that their re-weighting schemes might nevertheless be
successful in this task. Therefore, we ran ID3 with each of
these re-weighting techniques on hard targets, using the same
methodology as in the preceding section. We also ran ID3
with a procedure that randomly reweighted the data as in the
data perturbation approaches of Elidan et al[2002]. We ob-
served that ID3 with each of the three re-weighting schemes
performed on average no better than ordinary ID3. Hence we
conclude that the benefit of skewing comes from the type of
re-weighting being performed, not merely from the general
notion of re-weighting.

7 Conclusions and Future Work

We have shown that the advantages of lookahead for decision
trees can be obtained with only a constant increase in run-
time, rather than a super-exponential increase, by the process
of skewing. Nevertheless, the approach has limitations that
need to be addressed in future work. It also has potential ap-
plications beyond decision trees, to be investigated in future
work. The remainder of this section briefly outlines these di-
rections.
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Decision tree induction algorithms often are applied to data
sets that involve some continuous variables in addition to
nominal variables only. Therefore, one direction for further
work is to extend the skewing algorithm to handle continuous
variables. Here we briefly outline a natural such extension
that we plan to test in future work. For continuous variables,
the favored value is either less or greater than the split point,
rather than O or 1. This makes skewing trickier because we
do not know ahead of time what split point will be chosen.
Hence for each continuous value v that a variable z takes in
the data set, we compute the probability that v will be less
than or greater than the split point. To do this computation,
we might assume the split point is drawn from a uniform dis-
tribution over the values that o takes in the data set. We can
then reweight an example with the expected weight over all
possible split points. For example, suppose we have 100 ex-
amples, and the favored value for a variable z is less. An ex-
ample that takes the tenth lowest value for = has probability
0.9 of being lower than the split point. Hence the weight of
this example will get multiplied by (0.9)(2)+(0.1)(1) = 1.9.

Second, while we have demonstrated that skewing works
for parity and other problematic functions of up to seven vari-
ables, for more variables it appears that large numbers of ex-
amples (at least several thousand) will be required. If the
number of examples is too small relative to the size of the
problematic portion of the target, then skewing can cause pre-
dictive accuracy to degrade somewhat, though the reason for
this is not entirely clear. Hence if a data set is small it may be
desirable to try both skewed and normal versions of the tree
learner. In spite of this limitation, skewing makes it possible
to gain the effect of five- or six- step lookahead where only
2- or perhaps 3-step lookahead was computationally feasible
previously.

The third direction for future work is to address high-
dimensional data sets. The skewing approach may have trou-
ble with such data sets for the following reason. If each data
point has thousands of features, then one data point is likely to
get a much higher weight than all others (to have many more
variables with the preferred values), merely by chance, lead-
ing to a model that overfits this data point. One solution may
be to lessen the degree of skewing. This and other approaches
should be tested on high-dimensional data sets.

We would also like to apply the skewing approach to other
types of learning algorithms that have trouble with similar
hard functions. To focus on a specific algorithm for illus-
tration, the introduction noted that the sparse candidate algo-
rithm for learning Bayesian networks [Friedman et al., 1999]
was susceptible to functions like exclusive-or. This suscepti-
bility is because of its use of information gain or more gener-
ally Kullback-Leibler divergence to narrow the candidate par-
ents for any given node. For example, suppose the variables
z1 and zo together are highly predictive of the value of z3
and hence would be excellent parents of x3, as shown in the
Bayesian network fragment in Figure 11. If 2; and x, are in-
dependent of one another and take the value O roughly half of
the time, then among tens or hundreds of other variables nei-
ther z; nor z» is likely to be considered as a candidate parent
for z3. Nevertheless, if several skewed versions of the data
are used to select candidate parents (a variable is a potential
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Figure 11: Variable z3 is an approximation of z1 & 2

parent if it scores well according to most of the skews), then
x1 and x4 are likely to be selected. Modifying the sparse can-
didate algorithm is an intriguing direction for further work.
More generally, we believe the skewing approach presented
in this paper may be applicable to a wide variety of learning
algorithms, in addition to decision trees.
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