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Abstract

Filtering denotes any method whereby an agent up-
dates its belief state—its knowledge of the state of
the world—from a sequence of actions and obser-
vations. In logical filtering, the belief state is a log-
ical formula describing possible world states and
the agent has a (possibly nondeterministic) logi-
cal model of its environment and sensors. This
paper presents efficient logical filtering algorithms
that maintain a compact belief state representa-
tion indefinitely, for a broad range of environment
classes including nondeterministic, partially ob-
servable STRIPS environments and environments
in which actions permute the state space. Efficient
filtering is also possible when the belief state is rep-
resented using prime implicates, or when it is ap-
proximated by a logically weaker formula.

1 Introduction

Any agent operating in a partially observable environment
must perform computations that distinguish among the a pri-
ori possible current states of the world on the basis of past ob-
servations and actions. These computations may operate di-
rectly on a representation of the action—observation sequence
(e.g., [Winslett, 1990; Kautz et al., 1996]); they may reduce
queries about the current state to queries about the initial state
(e.g., [Reiter, 2001]); or, they may update the belief state (the
agent’s knowledge about the state of the world) after each ac-
tion and observation. This latter approach, called filtering or
recursive state estimation in the control theory literature, is
particularly useful with unbounded sequences of actions and
observations.

The main computational difficulties are 1) the time needed
to update the belief state, and 2) the space required to repre-
sent it. These depend on the nature of the transition model,
which describes how the environment evolves over time, the
observation model, which describes the way in which the en-
vironment generates observations, and the family of repre-
sentations used to denote belief states. Early work, begin-
ning with Gauss, assumed stochastic models. For example,
the Kalman filter [Kalman, 1960] is a ubiquitous device that
maintains a multivariate Gaussian belief state over n vari-
ables, assuming linear-Gaussian transition and observation
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model. Crucially, the O(n?) update cost and the O(n?) space
requirement do not depend on the length of the observation
sequence; hence, a Kalman filter can run indefinitely. In this
paper, we are interested in developing analogous results in the
context of logical representations.

We adopt a simple logical language (Section 2) for describ-
ing the transition and observation models; the observations
and the belief state itself are also logical formulae. The ini-
tial state may be only partially known; the transition model,
which allows for actions by the agent itself, may be nondeter-
ministic; and the observation model may be nondeterministic
and partial, in the sense that the agent may not be able to
observe the actual state.

Even when we restrict ourselves to propositional logic, it
is clear that the general filtering problem is nontrivial (we
prove it is computationally hard), because there are exponen-
tially many possible states. We identify several classes of
models that allow efficient filtering with respect to the belief-
state representation size. Our primary method is based on
decomposition theorems showing that 1) filtering distributes
over disjunction in the belief state formula, and 2) filtering
distributes over conjunction and negation if the actions are
permutations of the state space. Such actions serve as one-to-
one mappings between states, for those states in which they
can be applied. We obtain efficient, exact algorithms for DNF
belief states and for NNF (Negation Normal Form - all nega-
tions are in front of atoms) and CNF belief states with per-
muting actions. In other cases, we obtain efficient algorithms
for approximate filtering.

In another class of dynamic systems, we can filter effi-
ciently if the belief state is represented in CNF that includes
all its prime implicates. Finally, we show that STRIPS mod-
els (possibly with nondeterministic effects of actions) also ad-
mit efficient filtering. The STRIPS assumption, that every
action has no conditional effects and that an effect’s precon-
ditions are the preconditions for the action’s execution, is key
to this efficiency.

With respect to maintaining a compact representation, we
show that properties similar to those mentioned above allow
us to filter k-CNF formulae (CNF with clauses of at most &
literals, when £ is fixed) such that the result is represented in
k-CNF (for the same fixed k). Thus, the belief state is main-
tained in O(n*) space indefinitely. In particular, we show
mild conditions under which a compact belief state can be
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maintained in nondeterministic STRIPS domains and in per-
mutation domains. Finally, we show that DNF belief states
remain compact if the effects of actions are deterministic and
guaranteed to hold. These results are the first analogues, in
the logical arena, of the desirable properties possessed by
Kalman filters for continuous variables.

Ours is by no means the first work on filtering in a logical
context. Early on, it was pointed out that filtering is easy
for deterministic systems with a known initial state [Fikes et
al., 1972; Lin and Reiter, 1997]. Filtering in nondeterministic
domains is more difficult. In particular, the related problem of
temporal projection is coNP-hard when the initial state is not
fully known, or when actions have nondeterministic effects
[Liberatore, 1997] (see also Section 3.3).

Traditionally, computational approaches for filtering take
one of three approaches: 1) enumerate the world states possi-
ble in every belief state and update each of those states sep-
arately, together generating the updated belief state [Ferraris
and Giunchiglia, 2000; Cimatti and Roveri, 2000], 2) list the
sequence of actions and observations and prove queries on
the updated belief state [Reiter, 2001; Sandewall, 1994], or
3) approximate the belief state representation [Son and Baral,
2001; Williams and Nayak, 1996].

The first two approaches cannot be used when there are too
many possible worlds (e.g., when the domain includes more
than a few dozens of fluents and there are more than 24° pos-
sible states) or when the sequence of actions is long (e.g.,
more than 100 actions). Examples include robot localization,
tracking of objects and their relationships, and data mining.
The third approach gives rise to many mistakes that are some-
times dangerous, and requires an approximation that fits the
given problem (if one exists). Many domains of 100 fluents
or less are still computationally infeasible for it.

2 Logical Filtering

In this section we define logical filtering using a transition
model and action semantics that are compatible with the stan-
dard semantics belief update operator of [Winslett, 1990].
(To avoid confusion, this is different from another operator
presented in the same publication, PMA, that applies a non-
monotonic approach to formalize minimal change.) This op-
erator is simple and allows us to examine computational prop-
erties easily. It can represent any logical transition system,
and specifications in other action languages can be compiled
into it [Winslett, 1990; Doherty et al., 1998].

In what follows, for a set of propositional formulae, W,
L(W) is the signature of U, i.e., the set of propositional sym-
bols that appear in . £() is the language of ¥, i.e., the set
of formulae built with L(¥). Similarly, £(L) is the language
of L, for a set of symbols L.

A transition system is a tuple (P, S, A, R), where

e P is afinite set of propositional fluents;

e S C Pow(P) is the set of world states;

e Aisafinite set of actions;

e R CS x A x S isthe transition relation.

The intuition for this transition system description is that P is
the set of features that are available for us in the world, every
element in S is a world state (i.e., a subset of P, containing
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propositions that are true in this world state), A is the set of
actions in the system and R(s, a, s’) means that state s’ is a
possible result of action « in state s.

A belief state is a set of world states o C S. Performing an
action a in a belief state o results in a belief state that includes
all the world states that may result from a in a world state in
o. We do not introduce observations in this transition model.
Instead, we assume that observations are given to us (if at all)
as logical sentences after performing an action.

A logical nondeterministic domain description D is a fi-
nite set of statements of the following kinds: value proposi-
tions of the form “initially £ describe the initial state and
effect rules of the form “a causes F' if G” describe the effects
of actions, for ' and G being state formulae (propositional
combinations of fluent names). We say that F is the head and
G is the tail of those rules.

For a domain description D we define Pp, Ap to be the set
of propositional fluents and actions mentioned in D, respec-
tively.  For a domain description D we define a transition
relation R (s, a, s") as follows.

e Afluent f € Pp is possibly affected by action « in state

s, if there is a rule “a causes F' if G” in D such that G
istrueinsand f € L(F).

e Let I(a, s) denote the set of fluents in P that are not
possibly affected by action a in state s.

e Let F'(a,s) be a set of all the heads of activated effect
rules in s (i.e., if “a causes F' if G” is activated in s,
then F' € F'(a, s)). We consider the case of F'(a,s) = 0
(no activated effect rules) as F'(a,s) = TRUE.

o Define (recalling that world states are sets of fluents)

RD={<s,a,s'> ’ (s' N 1(a,5)) = (s I(a,5)) }

and F'(a, s) istrue in s’

When there is no confusion, we write R for R p.

If action a has an effect of FALSE in s, then it cannot execute.

In partially observable domains, we update our knowledge
as a result of executing an action and collecting observations
in the resulting state. The following definition of filtering as-
sumes that o is a set of world states. We use our transition
operator R to define the resulting belief state from each ac-
tion. An observation o is a formula in our language.

Definition 2.1 (Logical Filtering Semantics). Let ¢ C S
be a belief state. The filtering of a sequence of actions and
observations (ay, 01, ..., a, o) is defined as follows:
1. Filterle|(o) = o;
2. Filter[a](o) = {s'| (s,a,8'Yy € R, s € 0};
3. Filter[o](c) ={s € o |oistruein s};
4. Filter[{a;, 0;,...,a¢,0:)](0) =
Filter[{aj+1,0i4+1, - - -, at, 0¢)]
(Filter|o;](Filter[a;](o))).
We call Step 2 progression with « and Step 3 filtering with o.

For example, consider a robot that is in charge of cleaning
a room. It can execute an action a = fetch(broom, closet)
which has the single effect rule “a causes has(broom) A
—in(broom, closet) if in(broom, closet)”. Assume that the
robot’s belief state is ¢ = Pow(P) (i.e., it consid-
ers all states possible). Then, Filter[a|(c) = {s €
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Pow(P) | —in(broom, closet) is true in s}, i.e., after per-
forming the action a we consider all worlds that satisfy
—in(broom, closet) possible. This is because if we are ini-
tially in a state in which in(broom, closet), then the resulting
state is one in which —in(broom, closet), and if we are ini-
tially in a state in which —in(broom, closet), then we stay
in the same state (thus, still satisfying —in(broom, closet)).
Call this resulting belief state ¢’. Now, if an observation
o = has(broom) is received, then F'ilter[o](c’) is exactly the
set of worlds that satisfy —in(broom, closet) and has(broom).

3 Filtering Logical Formulae

Approaches to filtering actions and observations that at any
stage enumerate the states in a belief state do not scale to
large domains. An alternative approach is to perform logical
progression in a form similar to the one described by [Lin and
Reiter, 1997; Mcllraith, 1998]. The difference is that now we
wish to do so (efficiently) in the context of nondeterministic
actions and observations.

In this section we present a straightforward algorithm that
filters belief state formulae directly, but does so in worst-case
exponential time. This algorithm serves as a starting point
for Section 4, where we propose efficient algorithms. We
also present distribution properties of filtering over the log-
ical connectives A, Vv, —, and examine the theoretical limita-
tions of formula filtering. These will guide us in Section 4,
and allow us to present classes of systems that are not subject
to those limitations and can be tracked in polynomial time
and a compact fashion indefinitely.

3.1 Zeroth-Order Filtering Algorithm

In the rest of the paper we assume that a fixed set of fluents
persists for action « in all states in which it has an effect.

Eff(a) is the set of fluents possibly affected by a, and Eff(a)
is P\ Eff(a). Some of the following notation assumes an
implicit action, when this causes no confusion.

We represent a belief state o as a logical formula ¢ such
that a state is in o iff it satisfies . The filtering of a belief
state formula with an action and an observation is a formula
representing the consequences of our effect rules and obser-
vation on states that satisfy our initial formula. We specify
this filtering process formally using the following notation.

For a set of effect rules r1,...,r; for action a, each of
the form “a causes F; if G;”, write ] = Fjp,p,, for
P ={f1,..., f.} aset of new symbols for fluents, [P/P’]
a shorthand for [f1/f1,..., fn/f.], and [f/ f'] means that we
replace all instances of symbol f in the formula by instances
of symbol f’. Here, we view P as the set of fluents in some
time ¢, and P’ as the same fluents in time ¢ + 1. We add the
following set of rules for action a:

C = {"a causes p if p”, “a causes —p if =p” | p ¢ Eff(a)}
U{"a causes p if p A G” | p € Eff(a)}
U{"“a causes —p if -p A G” | p € Eff(a)}
where ~
G =-Gi A... NGy, (1)

the assertion that no precondition of a holds. This has a sim-
ilar effect to adding frame axioms to a set of effect axioms in
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an action language. We let r4, ..., r,,, be the complete set of
rules for a and call the new rules, C = {ri41, ..., m }, COM-
pletion rules for a.

We filter a belief-state formula as follows. (We reuse
Filter[-](-) for filtering a belief-state formula.) Let Cn(¥)
be the set of logical consequences of W (i.e., formulae v such
that ¥ = <), and Cn* () be Cn(¥) N L, the set of logical
consequences of ¥ in the language £. We write CnZ (),
when L is a set of symbols, to mean Cn*(5) ().

1. Filter[a](p) =
(CnP (@ A N (9 = Gi) = F))))pr i
2. Filter[o](p) = ¢ Ao.

For example, consider action a = fetch(broom, closet)
which has the single effect rule “a causes has(broom) A
—in(broom, closet) if in(broom, closet)”, and consider a be-
lief state formula ¢ = TRUE (i.e., we consider all states
possible). Then, Filter[a](¢) = —in(broom,closet), i.e.,
after performing the action a we consider all worlds that
satisfy —in(broom, closet) possible (similar to our example
in Section 2). Call this resulting belief state formula ’.
Now, if an observation o = has(broom) is received, then
Filter[o](¢") = —in(broom, closet) A has(broom).

The following generalizes a theorem presented in [Doherty
et al., 1998] by allowing conditional and inconsistent effects.

Theorem 3.1. If ¢ is a belief state formula, and a an action,
then

Filter[a]({s € S| s satisfies p}) =
{s € §| s satisfies Filter[a](y)}

Our zeroth-order algorithm computes
Filter[{ay,01,...,at,0:)](¢) by iterating the appli-
cation of filtering of a belief-state formula with an
action and an observation. It sets o9 = ¢ and
w; = Filter|o;|(Filter|a;](p;—1)) recursively for i > 0
using the two equalities defined above. This algorithm is
correct, as shown by Theorem 3.1. It can be implemented
using a consequence finder in a restricted language (e.g.,
[Simon and del Val, 2001]).

From here on, when we say filtering we refer to filtering of
a belief-state formula, unless otherwise mentioned.

3.2 Distribution Propertiesand Permutation

We can decompose the filtering of a formula ¢ along logical
connectives once we establish several distribution properties.

Theorem 3.2 (Distribution over Connectives). Let a be an
action, and let ¢, 1) be formulae. Then,
1. Filter[a](p V) = Filter[a](y) V Filter[a] (1))
2. |= Filterlal(p A y) = Filter[a]() A Filter[a](v)
3. = Filterla](—y) < —Filter[a] (@) AFilter[a](TRUE)

We can say something stronger for actions that act as per-
mutations on the states in S in which they can be executed.

Definition 3.3 (Permuting Actions). Action a is permuting,
if for every state s’ there is at most one s such that R (s, a, s’).

Domains that include only permuting actions are called
permutation domain.
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For example, consider a = fetch(broom, closet) from
above, and assume that we add a second effect rule “a
causes FALSE if —in(broom, closet)”. Thus, a is not exe-
cutable unless its first rule’s precondition holds. Then, the ac-
tion is a one-to-one mapping between states, when this map-
ping is defined (it is not defined when a state maps to no re-
sulting state). If this second rule is not added, then the action
is not one-to-one because it maps two different states (in the
first we already have the broom and in the second the broom
is in the closet) to the same state.

In the same spirit, an action pickUp(A, B) that picks up
block A from the top of block B is one-to-one when it is pos-
sible because we can find a single previous state for every
resulting state. The same holds for putbown(A, C'). Other
natural examples include turning a row in a Rubik’s cube,
flipping a light switch, and buying a gallon of gas. In con-
trast, turning on the light, setting a Rubik’s cube to a partic-
ular configuration, and filling up the gas tank are not permu-
tation actions. Notice that we allow different actions to map
different states to the same state (e.g., accelerating by 5MPH
when driving 40MPH results in the same state as when decel-
erating by 5MPH when driving 50MPH).

Theorem 3.4 (Distribution for Permutation Domains). Let
a be a permuting action, and let ¢, ¢ be formulae. Then,

1. Filterlal(p V 1) = Filter[a](v) V Filter[a](v)

2. Filter[a](¢ N ) = Filter[a)(p) A Filter[a](v)

3. Filter[a](—p) = ~Filter[a](¢) A Filter|a](TRUE)

Proof Sketch. Space permits inclusion only of the most inter-
esting part, i.e., that of “<” of 2.

Let s’ be a world state that satisfies Filter[a](v) A
Filter[a](v)).  Then, it satisfies both of Filter[a)(y),
Filter[a](y). For Filter[a](y) there is a state s such that
Rp(s,a,s’) and s satisfies ¢. Similarly, for Filter[a](y))
there is a state s; such that Rp(s1,a,s’) and s; satisfies
1. However, since a acts as a one-to-one mapping from S
to S, there is only one state in S that a maps to s’. Thus,
s = s1, and s satisfies ¢). Thus, s satisfies ¢ A 1) and s’ sat-
isfies Filter[a](¢ A ). From Theorem 3.1 it follows that
= Filter[a](e A ) < Filter[a](e) A Filter|al(1). O

3.3 Limitationsfor Compact Representation

It may be argued that filtering may require only polynomial
space, if we limit ourselves to initial belief states that are rep-
resented compactly and to actions whose effects and precon-
ditions are represented compactly. In Theorem 3.5 we show
the contrary. That is, for every general-purpose representa-
tion of belief states there is a dynamic system, an initial be-
lief state, and a sequence of actions after which our belief
state representation is exponential in the representation of the
initial belief state.

P/poly is a nonstandard computational complexity class
that includes problems that can be answered in polynomial
time, if we are given a polynomial-length hint that depends
only on the length of the input problem. It is considered
likely that NP N co-NP ¢ P/poly. Assume so, and let f(o)
(o C 2°) encode belief states using n propositional symbols.

Theorem 3.5. There is dynamic system D with n fluents, be-
lief state o, and action sequence ay, ..., a,, such that, for all
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i <mn,o; = Filter[a;](o;-1), and | f(o,,)| > poly(|f(o0)| -
|D| - n). (|D] is the representation size of D.)

The proof of this theorem reduces the problem of repre-
senting the belief state after performing an action to that of
representing a Craig Interpolant. It uses the following.

Theorem 3.6 ([Boppana and Sipser, 1990]). Assume that
for every propositional implication A = B there is a Craig
interpolant C such that A = C and C | B and |C] <
poly(]A| + |B]). Then NP N co-NP C P/poly.

4 Efficient and Indefinitely Compact Filtering

In this section we present the main contribution of this paper,
namely, a polynomial-time algorithm that computes logical
filtering exactly for a significant class of transition systems.
For some special cases we present simpler algorithms that
are even more efficient. For systems that do not fall within
this class our algorithm gives an approximation to the filter-
ing. Also, we show that we can keep the representation of
the filtered belief state compact indefinitely for a class of dy-
namic systems. This class includes nondeterministic STRIPS
systems and some systems whose actions are permuting.

The theorems that we consider most important are the fol-
lowing three. Let || be the number of literals in ’s represen-
tation, let #rules(a) be the number of effect rules defining
a, and let G, = G be the precondition of « as defined in
(1). Assume that the effect rules that define a given action
have identical sets of affected propositional symbols (how-
ever, different actions may have different such sets).

Theorem 4.1 (Efficiency). Given NNF formula ¢, action
a, and observation o, the filtering algorithm in Figure 1
returns the filtering of ¢ with a and o, if a is permuting.
If a is not permuting, then the algorithm returns an logi-
cally weaker formula than the filtering. It does so in time
O(|§0| A 2#rules(a)+|L(Ga)\)'

Theorem 4.2 (Compact Filtering). Given k-CNF formula ¢
(fixed k), deterministic action a, and observation o in k-CNF,
the filtering of ¢ with a and o is in k-CNF, if a is permut-
ing, Filter[a](TRUE) is in k-CNF, and for every literal ¢
in o, Filter[a](¢) = Filter[a](TRUE) AT, where T is a
conjunction of literals.

If a is not permuting, then the algorithm in Figure 1 still
returns a formula in k-CNF.

The conditions on action « in the last theorem hold, e.g., for
actions whose every defining rule has a precondition that is a
single clause (e.g., a literal). It also holds for actions which
are defined by at most two rules, and actions that affect all the
literals that appear in their preconditions.

Finally, for nondeterministic STRIPS actions (actions that
have no conditional effects) we get efficiency and compact
representation. Let k-PI-CNF denote the class of k-CNF for-
mulae that include all their prime implicates (i.e., ¢ in k-Pl-
CNF iff  in k-CNF and for every clause C, if ¢ = C, then
there is a clause C'’ in ¢ such that C’ subsumes C). Every
formula can be represented in k-PI-CNF for some k.

Theorem 4.3 (STRIPS Actions). Given k-PI-CNF formula
o (fixed k), STRIPS action a with effect in k-PI-CNF, and
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observation o in 2-CNF, the filtering of ¢ with a and o is
computed in time O(|¢| - k + 2/(Ge)l). The result is in k-Pl-
CNF, if after observing o we know if a succeeded or failed.

4.1 Closed-Form Solution and Factored Filtering

Our zeroth-order filtering algorithm uses consequence finding
tools which do not scale to large domains. The following
always holds and suggests a different reasoning procedure.

N (B, Vv...VF,). (2

i1, 00 <m, =G V... VG

Filter[a](p) =

Tu

We can compute F'ilter|a](y) by testing queries of the
form o = G;, V...V G, (instead of applying consequence
finding). On the other hand, it requires an exponential num-
ber in m of such tests (recall, m is the number of rules, in-
cluding the completion rules). Since m > 2n (there are two
completion rules for each of the n domain features), this is
worse computationally than the method of enumerating all
the states.

In what follows we use the intuition that we need only few
rules if ¢ includes only a small subset of P, the fluent sym-
bols of our domain. In general, ¢ may include many fluent
symbols because we may know many things about many dif-
ferent parts of our domain. Nevertheless, if we can decom-
pose  into small parts that can be filtered separately, then
each of the parts includes only a small subset of P, and filter-
ing each of the parts separately becomes easy.

Assume that we order the rules of a such that r, ..., r; (t <
1) satisfy L(F;) N L(G;) = 0 (r; = “a causes F; if G;”, i <
t), and ryyq, ...,y satisfy L(F;) N L(G;) # 0. Furthermore,
let .1 be the additional rule “a causes G if G” (recall, m
is the number of rules of a, including completion rules). We
define 5 to be

B= \(GiVE) A N GV E) @

i<t i1, tu €L+, lm~+1} f<u

where Gy, i, = CnEff(a)(/\f<u -G,,).

B is a term that is always implied by Filter|a](TRUE),
i.e., the progression of zero knowledge with the action a. The
first set of conjuncts of B is the result of applying a rule “a
causes F; if G;” whose preconditions are not affected by ex-
ecuting a. Even when we know nothing before performing
a, we will know that either the effect occurred or the precon-
dition did not hold and still does not hold. The second set of
conjuncts applies a similar intuition for the case of effect rules
that may affect the truth value of their original preconditions.

Define C(L) to be the set of completion rules of a for flu-
entsin L, i.e., C(L) = {i > I | the effect of r, € Cisiin L}.

We can now state the fundamental theorem of this Section.
It holds for all domains expressed using our action language.

Theorem 4.4 (Closed-Form Representation). If ¢ is a be-
lief state formula and {ry, ..., r;} is the set of effect rules for
action a, each of the form “a causes F; if G;”, then

Filter[a](¢) = /\ (Fi, V..V F,) /\ B (4

i1, .ty € {1,...0,m + 1} UC(L(¢)),
p =G, V...VG;

i
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The intuition for equation (4) is that progressing ¢ with an
action a can be computed by looking at all the possible com-
bination of preconditions of effect rules and completion rules
for L(p). If we can prove that G; V G2 holds from ¢, then
we can conclude that F; Vv F5 holds in the result of executing
a. The conclusions that are not accounted for with this intu-
ition are the effects that we infer from the completion rules in
C(L(GYy, ..., Gy)) together with the effect rules for a. Those
conclusions are summarized in B, which is independent of ¢.

PROCEDURE NNF-Filter({a:, 0i) ;<)
Vi, a; an action, o; an NNF observation, ¢ a belief-state formula.
1. Ift = 0, return .
2. Set B as in equation (3) for a, but in NNF form.
3. Return o: A BA NNF-ProgressStep(at,
NNF-Filter((ai, 0i)o i< (;—1):%))-

PROCEDURE NNF-ProgressStep(a,¢)
a an action. o a belief-state formula, 1, ..., 1, rm+1 rules for a.

1. If pis a literal, then return the NNF form of
/\{\/iel F; ‘ Ic {17 '“7lvm+1}UC(L(‘P))> ® ': \/iel Gi}'
2. If o = 1V 2, then return

NNF-ProgressStep(a, ¢1) V NNF-ProgressStep(a, ¢2).

3. It must be that ¢ = @1 A @2. Return
NNF-ProgressStep(a, ©1) A NNF-ProgressStep(a, ¢2).

Figure 1: Filtering an NNF formula.

Our NNF filtering algorithm is presented in Figure 1. It
is much faster than our zeroth-order algorithm, and it relies
on Theorems 4.4, 3.2, and 3.4. In the following, if ¢ is a
logically weaker formula than our filtering, we say that it is a
safe approximation for filtering. We denote effects by F; and
preconditions by G;. For an action a, sett = ||J,., L(G;)|.

Corollary 4.5 (NNF Filtering). Let ¢ be a formula in NNF
with h literals, and let a be an action with [ effect rules. Then,
NNF-Filter safely approximates Filter[a](¢) in time O(h -
21+, 1f a is permuting, then this computation is exact.

Extended Example
As an example, consider our room-cleaning robot from
above, and the action « = fetch(broom, closet), with the
slightly more elaborate effect rule “a causes has(broom) A
—in(broom, closet) if in(broom, closet) A —locked(closet)”.
Assume that our robot has its belief state represented by
—locked(closet) A (in(broom, closet) V in(broom, shed)).

NNF-Filter filters each of the literals separately with a and
combines the results. For a given literal, filtering is mostly
done is step 1 of NNF-ProgressStep. We describe how this is
done for each of the literals in our robot’s belief state.

NNF-ProgressStep(a,—locked(closet)) tests in step 1 all
possible entailments of the form —locked(closet) =/, ; G4,
where I includes elements from the effect rule of a, the
frame rule for G (rule r,,41), and the completion rule for
—locked(closet). For brevity, denote the effect of a by F1,
and the precondition for that rule by G. There is only one
effect rule defining a, so in this case G = —G.

In that step, one of our tests finds that

—locked(closet) = G1 vV G
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(because G1 V G = G; V =G1 = TRUE). This makes
us include Fy Vv G in the filtering. In the same step, another
test finds that —locked(closet) = —locked(closet) (trivially
true). This makes us include —locked(closet) in the filter-
ing. The conjunction of the two is logically equivalent to
—in(broom, closet) A —locked(closet). This is the result of
filtering —locked(closet) with a.

Similarly, for in(broom, closet), one of our tests in step 1
of NNF-ProgressStep finds that

in(broom, closet) = G V (G A in(broom, closet))

(because G; Vv (G A in(broom,closet)) = G; V
in(broom, closet), and the latter follows trivially from
in(broom, closet)). As before, we also find that
in(broom,closet) = G; v G. We find that the filter-
ing of in(broom,closet) with a is (in(broom,closet) v
has(broom)) A (—in(broom, closet) V locked(closet)). Notice
that this belief state implies has(broom) V locked(closet).

For the filtering of the last literal, in(broom,shed), we
find its filtering to be equivalent to in(broom,shed) A
(—in(broom, closet) Vv locked(closet)). (Notice, that we do
not know that the broom is not in the closet because initially
we did not know that the broom cannot be in more than one
place; we made this choice to simplify this example.)

Now, we recurse back in the algorithm and com-
bine the filtered formulae.  We find that the filter-
ing of in(broom,closet) Vv in(broom,shed) is equivalent
to (in(broom,shed) Vv in(broom,closet) v has(broom)) A
(—in(broom, closet) \ locked(closet)). Notice that this belief
state implies in(broom, shed) Vv has(broom) \ locked(closet).

Finally, for the original belief state, —locked(closet) A
(in(broom, closet) V in(broom, shed)), we conjoin the last
result with the filtering of —locked(closet) and get

(in(broom, shed) Vv has(broom))A
—in(broom, closet) A —locked(closet)

4.2 DNF and CNF Belief States

If ¢ is in DNF (a disjunction of conjunctions), then we can
limit the size of the resulting formula. We write DAa |= ¢ to
say that action a has effect rules in D that logically imply ¢ in
a state in which «a is executed (e.g., =G may be a tautology).

Corollary 4.6 (Iterating DNF Filtering). Let ¢ be in DNF
with A literals and s disjuncts, and a an action with [ effect
rules with { F; },<; in DNF with d disjuncts total, and {G, },<,
in CNF, each with ¢ conjuncts. Then, Filter[a](¢) in DNF is
computed exactly in time O(h-2!**) with at most max(2s, 1)-

(4%) - ¢ disjuncts. 1f D Aa |= ~G, then it has at most

max(s, 1) - (d(/iQ) - ¢! disjuncts.

Thus, when « is a deterministic action (every rule’s effect
is a conjunction of literals) with a single effect rule that is
always guaranteed to succeed, then the number of disjuncts
in the formula does not grow as the filtering progresses.

For CNF formulae we can find a more significant class of
actions that allow us to maintain compact representation. We
show that under some conditions every k-CNF formula is fil-
tered into a k-CNF formula (fixed k). This implies that the
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belief state representation is no larger than (2n)*, which is
manageable for small fixed &’s.

The main observation that we use is that a clause of & liter-
als may give rise to a larger clause after filtering, only if one
of the following holds: (a) the filtering of TRU E includes a
clause of more than £ literals; or (b) the filtering of a literal
includes a clause of 2 or more literals that is not subsumed by
Filter[a](TRUE). The first case can occur when we do not
know whether the action succeeded or not, and which rules
applied if it did. In that case, we know that after the action
one of the effects holds or no precondition holds (this yields a
formula which may include many disjunctions). The second
case can occur when the precondition of a rule includes a con-
junction of literals. When we filter a single literal we may get
a disjunction in the result (of the form the effect holds, or the
rest of the precondition does not). When we filter a clause,
this may cause the filtering to include a larger clause.

The following theorem describes sufficient conditions for
filtering a k-CNF formula into k-CNF, thus keeping the rep-
resentation compact (k is fixed).

Theorem 4.7 (Filtering a k-CNF Clause). Let C be a k-
CNF clause, and action a have [ effect rules, all deterministic.
Assume that B is in k-CNF, and that whenever f = \/;.; G;
for literal fand I C {1,...,[,m+1}, |[I| > 2,then DAa =
Vier Gior f |= G; for some i € I. Then, Filter[a](C) isin
k-CNF and can be computed in time O(2!+%).

Note that B is in k-CNF for an action a when
U< L(G;) UESf(a)| < kor[U;<; L(G:) \ Eff(a)| +1 < k
orl=1and|L(Gy)| — min(1,|L(F1)\ L(G1)]) < k.

Consequently, filtering with actions that are permuting
maintains a k-CNF if = \/,_; G; whenever [ = \/,.; G;
for some |I| > 2. An example of such an action is flipping a
switch (if the light is on, it will get turned off, and vice versa).
One of the preconditions always holds. Another example is
moving a block (whichever it is) from the top of a stack. For
literal f, if f = top(A) Vv top(B), then the disjunction is
implied by D A a or a single precondition follows from f.

Corollary 4.8 (Iterating CNF Filtering). If ¢ is in k-CNF,
then the assumptions of Theorem 4.7 imply that Filter[a](y)
is approximated safely in time O(|¢| - 21+), with a result in
k-CNF. If a is permuting, then this computation is exact.

4.3 Primelmplicate Belief States

It turns out that a form of distribution over conjunction holds
for all actions if the belief state is represented as the conjunc-
tion of all of its prime implicates (formulae we call prime im-
plicate belief states (PI-CNF)). In this form we can distribute
the computation to the conjuncts and conjoin the result of fil-
tering small subgroups of them separately. More precisely,

N\ Filterla)(\Cj,)  (5)

J15e5J258 9z

Filter[a](yp) =

for z a number that depends on the representation of the pre-
conditions of a and on the number of rules defining a.

Theorem 4.9 (Filtering Prime Implicates). Let ¢ be in k-
PI-CNF (PI-CNF and k£-CNF), and let action a have [ effect
rules with effects in £-CNF and preconditions in d-CNF, with
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PROCEDURE PI-Filter({a:, 0i) ;<)
Vi, a; an action, o; an observation, ¢ a belief-state formula.
1. Ift =0, return .
2. Return the PI-CNF form of
ot/ P1-ProgressStep(a:, PI-Filter({a;, 0i>0<i<(t71),<p)).

PROCEDURE PI-ProgressStep(a,»)
a an action, ¢ a belief-state formula. 71, ..., 7, rm+1 rules for a.
1. Letres « TRUE.
2. Foreveryiy,...,i; € {1,...,1,m=+1},and fi, ..., fu literals
in Pre(a) \ Eff(a), do
(@) LetA, ., C, be the CNF representation of Vi< Gip-
(b) For every g < z, nondeterministically choose a clause
C, in © whose restriction to Pre(a) subsumes C,.
(c) If there is a clause for every g < z, then set res «—
res A F', where F'is \/, . (Fi, V (Ci, NEff(a))).

3. Return res.

Figure 2: Filtering a Prime-Implicate CNF formula.

each G; of at most ¢ clauses. Then, equation (5) holds for z =
c - (d° + 1), and PI-Filter (Figure 2) computes Filter|[a](¢)
exactly in time O(2V1Pre(a)VEf (@] (52 4 ) If DAa | -G,
then z = ¢!, with O(2! - (s* + z)) time.

Corollary 4.10 (Maintaining k-PI-CNF). Let © be a k-Pl-
CNF formula, and let action a have [ effect rules, all deter-
ministic. Assume that G; is a disjunction of literals, for all
i < 1. Also, assume that D Aa = —=G. Then, Filter[a](yp) =
PI-ProgressStep(a,y), and the latter is in k-CNF. If & = 2,
then PI-Filter(a,y) is in k-PI-CNF,

The conclusion for & = 2 uses the fact that every prime
implicate of a formula in 2-CNF is a clause with at most two
literals. Simple counter examples (omitted) show that k-Pl-
CNF cannot be maintained without these conditions.

4.4 Nondeterministic STRIPS Domains

STRIPS domains present a special case of the results that we
discussed above. In such domains every action has a single
rule (no conditional effects) and actions can be executed only
when their preconditions hold®. Unlike the original STRIPS,
we allow nondeterministic effects, and allow belief states to
be any CNF formulae in the fluents of the domain.

More precisely, every action a has exactly two effect rules,
r1,72. Their preconditions are such that G; = —G,. Also,
Fy, = FALSE. Thus, a can be executed only when G,
holds. Consequently, when we filter with a we assert im-
plicitly that its preconditions held in the last world state.

The assumption that there is only one rule that determines
a’s effects and otherwise the action is not executed has a dra-
matic effect. For [y, ..., [;, literals we get that

Filter[a](ly V ... V1) =
T, Ji < kl; € L(Eff(@))  (6)
Ta/\\/igkli ll,...,lk- §§£(Ef‘f(a )

with the alternate assumption that actions have no effect un-
less their preconditions hold, but observations (or their absence) are
guaranteed to distinguish actions’ success from failure, the same re-
sults hold, except that now the compactness of representation re-
mains only after filtering with observations.
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Theorem 4.11 (Iterating STRIPS Filtering: CNF). Let ¢
be in k-CNF with s clauses and a a STRIPS action. If F} is
in k-CNF and |L(G1) \ L(Fy)| < t, for some ¢ < E, then
Filter[a](y) can be approximated safely in time O(s - k +
2t), yielding a k-CNF formula. If a is permuting, then this
computation is exact.

If our representation is PI-CNF, then we get an even
stronger result, leading to the algorithm in Figure 3.

Theorem 4.12 (Factoring STRIPS filtering: PI-CNF). Let
Ni<s Ci bein PI-CNF, and let a be a STRIPS action. Then,

Fz'lter[a](/\ C;) = /\ Filter[a)(C;).

i<s i<s

For example, for « = fetch(broom, closet) that has ef-
fect Fy = has(broom) A —in(broom, closet), if we know
(in(broom, closet)V—locked(closet))A(in(broom, shed)V
locked(closet)) before applying a, then after it we know
Fy A (in(broom, shed) V locked(closet)).

Corollary 4.13 (Iterating STRIPS filtering: k-PI-CNF).
Let ¢ be in k-PI-CNF, and let a be a STRIPS action with
Fy in k-PI-CNF, t = |L(G1) \ L(Fy1)|, and t < k. Then,
STRIPS-Filter(a,p) computes Filter|a](y) exactly in time
O(|¢| - k + 2'), yielding a k-P1-CNF formula.

This means that we can filter in practice any prime im-
plicate belief state in any nondeterministic STRIPS domain.
This filtering stays compact, with the size depending only on
the PI-CNF representation of F; and the number of proposi-
tional symbols in GGy but not F3.

Finally, every STRIPS action can be filtered efficiently,
even if we drop the assumption that either the action succeeds
or we observe an error. This can be done by assuming that the
action succeeds, finding the filtering of that action, and then
disjoining the result with the initial belief state. Nonetheless,
this scheme may cause representation space explosion as fil-
tering proceeds over multiple steps, unless some care is taken.

PROCEDURE STRIPS-Filter({a:, 0:) < ;<;.%)
Vi, a; an action, o; an observation,  a belief-state formula.
1. For<from1totdo,
@) Sety’ — Age, Filter[a;](C), where Filter[a;](C)
is computed using (6), and eliminate subsumed clauses.
(b) Let  be the prime implicates of ¢’ A o;.
2. Return ¢.

Figure 3: Filtering a PI-CNF formula with STRIPS actions.

We tested our STRIPS-filter algorithm in partially observ-
able blocks-world domains. The implementation in LISP in-
cludes a random action-sequence and observation-sequence
generator, and both the generator and filtering algorithm re-
ceive a description of the domain, actions and observations
specified in PDDL (a plan-problem specification language).

We ran the algorithm with blocks-world domains of in-
creasing sizes (3 to 20 blocks), yielding domains that range
from tens to over a thousand of propositional features. We
collected the time taken per filtering step for each of the exe-
cutions and the space taken overall at every iteration, starting
with zero knowledge. The results are shown in Figure 4.
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Step-time as filtering proceeds Representation size as filtering proceeds

209 fluents 209 fluents

181 fluents

181 fluents

155 fluents

131 fluents
109 fluents

155 fluents

131 fluents

Space for belief state

E =) 3 E3

T me  mm  mn o T Em  mw  mm
Number of fltering steps Number of filtering steps

Figure 4: STRIPS-Filter in the blocks world.

45 Observation Mod€

An observation model is a theory O that includes observation
constraints, axioms that describe the relationship between ob-
served facts and other fluents. We allow O to include any ax-
ioms. Our model assumes that observations o are collected
after an action is executed. o is a sentence made up with flu-
ents, similar to the observation constraints. The conjunction,
O Ao is then used to filter the resulting belief state. Formally,

Filter[o](¢) = p Ao N O. (7)

This allows all the results that we enumerated above to ap-
ply with this model as well.  The following connects the
results of Sections 3,4 to filtering with observations.

Corollary 4.14. If o A O'isin k-CNF and F'ilter[a](y) isin
k-CNF, then Filter[a, o](¢) is in k-CNF.

In particular, this means that our results for STRIPS do-
mains and for NNF, CNF and DNF formulae still hold here.
Thus, the representation remains compact in the cases that we
indicated already, and computation remains easy in the same
cases as well. Finally, for k-P1-CNF, we get the following.

Corollary 4.15 (Obs. and k-PI-CNF). Ifo A Oisin 2-CNF,
and ¢ is in k-PI1-CNF, then F'ilter|[o](y) is in k-PI-CNF.

5 Conclusions

In this paper we presented the task of logical filtering and
gave it a computational treatment. The results we obtained
here have implications for monitoring and controlling dy-
namic systems. In many cases we present a closed-form com-
putation of the filtering and in others show how to approxi-
mate this computation. In some cases we can guarantee that
the size of the representation of the filtered formula can be
bounded and kept small. In those cases, logical filtering can
be used to control processes that run over very long periods
of time. Examples of such systems are abundant and include
robot motion control, natural language processing, and agents
that explore partially observed worlds.

We made use of several assumptions in this paper in differ-
ent contexts and with different consequences. We presented
permutation domains and the certainty of existence of an ef-
fect (D Aa |= —G) as characteristics of the domain that make
filtering easier. We showed that the commonly used assump-
tion that every action has a relatively small number of rules
(at most polynomial in n), and that effects, preconditions and
terms in the belief state typically use a small vocabulary, all
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have a drastic effect on the computational effort needed for
filtering and on the size of the resulting belief state.

The need to track the state of the world is a basic one, and
many works have appealed to it implicitly in the past. How-
ever, the computational treatment of such tracking has been
avoided so far, partially due to the absence of a developed
theory of nondeterministic domains, and partially due to neg-
ative results about the general cases of this task. Nonethe-
less, this problem and methods for its solution have received
much attention in control theory. The results we obtained here
promise to find their application in this domain and may be
combined with stochastic filtering techniques.
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Abstract

In previous work, Levesque proposed an extension
to classical databases that would allow for a certain
form of incomplete first-order knowledge. Since
this extension was sufficient to make full logical de-
duction undecidable, he also proposed an alterna-
tive reasoning scheme with desirable logical prop-
erties. He also claimed (without proof) that this
reasoning could be implemented efficiently using
database techniques such as projections and joins.
In this paper, we substantiate this claim and show
how to adapt a bottom-up database query evalu-
ation algorithm for this purpose, thus obtaining a
tractability result comparable to those that exist for
databases.

1 Introduction

As argued in [Levesque, 1998], there is only one deductive
technique efficient enough to be feasible on knowledge bases
(KBs) of the size seemingly required for common-sense rea-
soning: the deduction underlying classical database query
evaluation. And yet, databases by themselves are too re-
stricted to serve as the representational scheme for common-
sense reasoning, since they require, among other things, com-
plete knowledge of the domain. Levesque proposed a gener-
alization of databases called proper knowledge bases, which
allow for a limited form of incomplete knowledge. Despite
the limitations, however, the deduction problem for proper
KBs is no longer even decidable. Levesque proposed an al-
ternative reasoning procedure V' for proper KBs that was logi-
cally sound and, when the query was in a certain normal form,
logically complete. Moreover, he argued that it should be
possible to implement V for very large KBs using database
techniques. However, no proof was given.

In this paper, we examine proper KBs and the V' procedure
more closely, and we prove a tractability result for this type
of logical reasoning that are comparable to those that exist for
classical database query evaluation. In particular, we adapt a
bottom-up database retrieval algorithm to the case of proper
KBs. Thus, what we show here is that in some cases it is
indeed possible to reason efficiently with incomplete knowl-
edge in a logically sound and complete way, or at least as
efficiently as we can with a database.
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The rest of the paper is organized as follows. In the next
section, we review proper KBs and V, prove a new property
of V, i.e. locality, and define answers to open queries. In
Section 3, we review the complexity of database query evalu-
ation, and present a polynomial time algorithm for evaluating
k-guarded formulas. In Section 4, we show how to use this al-
gorithm to evaluate queries wrt proper KBs and hence obtain
a tractability result. In Section 5, we illustrate this query eval-
uation method for proper KBs with some example queries.
Finally in Section 6, we describe some future work.

2 Proper KBs and V/

2.1 Basic definitions

We use a standard first-order logical language £ with a count-
ably infinite set of constants C = {c¢1, ¢z, . . .}, no other func-
tion symbols, and a distinguished equality predicate. We have
in mind that in any interpretation, = should be understood as
identity, that the constants will be unique names. This can
be captured by a set of axioms &, consisting of the axioms of
equality and the set of formulas {¢; # ¢; | i # j}.

In what follows, p ranges over atoms (excluding equality)
whose arguments are distinct variables; e ranges over ewffs,
i.e. quantifier-free formulas whose only predicate is equal-
ity. Vo denotes the universal closure of formula a; o de-
notes « with all free occurrences of x replaced by constant d.
The width of « is the maximal number of free variables in its
subformulas. The quantifier rank qr(«) of « is the depth of
nesting of quantifiers in a.

Definition 2.1 A KB Y. is proper if £ U X is consistent and .
is a finite set of formulas of the form ¥ (e D p) or V(e D —p).

To illustrate the idea of a proper KB, imagine a scenario in-
volving a robot security guard keeping track of the occupants
of the rooms of a building. The robot can find out that some-
one has entered or left a room, and by going into a room, find
out who the occupants are. We can express what the robot
might know using a proper KB:!

o Alice is alone in Room 1.

Vay. x = alice Ny = rooml D In(z,y)
Vay. x = alice Ny # rooml D —In(x,y)
Vay. x # alice Ny = rooml D —In(x,y)

"We think of these as beliefs about some initial state of the world.
It should be possible to generalize the notion of proper KB to deal
with state change. See Section 6 for discussion.

83



e Bob and possibly others are in Room 2.
Vxy. x = bob ANy = room2 D In(z,y)
Vay. x = bob N\ y # room2 D —In(x,y)

e Carol is not in the building.
Vay. x = carol D —In(x,y)

e Only Bob and Carol go into Room 3.
Vay. x # bob N\ x # carol Ay = room3 D —In(x,y)

Note that this information cannot be expressed in a traditional
database where, e.g. we cannot leave open the occupants of
Room 2. On the other hand, facts requiring disjunction or ex-
istential quantification cannot be expressed as part of a proper
KB, e.g. every room having at most three occupants.

It is not hard to see that the problem of determining
whether a sentence is logically entailed by a proper KB is
undecidable, since when the KB is empty, this reduces to
classical validity.> Levesque [1998] proposed the reasoning
procedure V' instead. Given a proper KB and a query, V re-
turns one of three values 0 (known false), 1 (known true), or
% (unknown) as follows:

1 ifthereisaV(e D p) € X
such that VX, ef] =1

1. V[E,p0] =< 0 ifthereisaV(e D —p) € ¥
such that V[X,ef] = 1
% otherwise
2. V[E,t =1t'] = 1iftisidentical to ¢, and O otherwise;
3. VI, —a] =1-V[%, al;
4. VIE,aV fl =max{VI[Z,a],V[E,0]};
5. V[E,3za] = max{V[Z,a%] | d € HY(Z U {a})},

where HT(S) is the union of the constants in .S, and a
constant notin .S, say the lexicographically smallest one.

This V' procedure always terminates, and is logically sound
(i.e. if it returns 1 (resp. 0), then the query (resp. its negation)
is logically entailed by £ UX). Moreover, Levesque defined a
certain normal form called NV, and proved that for queries in
NZF, the V procedure is also logically complete (so that, for
instance, V returns 1 iff the query is logically entailed). Fi-
nally, Levesque showed that in the propositional case, every
query could be equivalently expressed in NF, and conjec-
tured that this was also true in the first-order case.

2.2 Invariance under renaming

The first difficulty that arises when attempting to reason with
proper KBs is the fact that unlike with databases, we cannot
fix the domain in advance, or even put an upper bound on its
size. For example, if X consists of just Vz(x # a D P(x)),
and «, is the sentence of L that says that there are at least n
distinct instances of P, then V[, o, ] = 1 for all n. However,
we can take advantage of the fact that for this 3, all constants
other than a behave the same. This will allow us to define
finite versions of answers to open queries, as shown below.
Notation Let o be a formula and S’ a set of formulas. Let
be a bijection from C to C. We use o* to denote o with each
c replaced by ¢*, and use S* to denote {a* | a € S}.

The classical validity problem is undecidable even when there
are no function symbols.
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Lemma 2.2 Let e be an ewff, and let x be a bijection from C
toC. Then & = eiff € = e*.

Theorem 2.3 Let X be a proper KB and « a sentence. Let %
be a bijection from C to C. Then V[Z, a] = V[Z*, o).

Proof: The proof is by induction on the structure of «. The
case for atoms uses Lemma 2.2. The cases for equalities,
negations and disjunctions are trivial. Now consider Jza.
Letd € HT (X U {a}). If d appears in X or o, by induction,
VIE, o] = V[E*, (af)*] = V[E", (a*)%.]. Otherwise, d*
does not appear in X* or o*. Now let c € HT(X* U {a*})
such that ¢ does not appear in X* or a*. Let x be the compo-
sition of * and the bijection that swaps ¢ and d* and leaves
the rest constants unchanged. Then d* = ¢; ¥* = ¥*,
a* = aF, since neither d* nor ¢ appears in X* or a*.
By induction, V[X, %] = V[E*, (o*)%.] = V[E*, (o*)Z].
Thus V[, 3za] = max{V[E,a%] |d € HT (X U {a})}=
max{V[Z* (a*)3]|de HT (Z*U{a*}) }=V[Z% (Fza)*]. m

Corollary 2.4 Let 3. be a proper KB and « a formula with a
single free variable x. Let c and d be two constants that do
not appear in ¥ or . Then V|2, af] = VI[E, o).

Proof: Follows from the theorem by taking * as the bijection
that swaps c and d and leaves the rest constants unchanged. B

2.3 Locality

A nice property of V is its locality, i.e., for any proper KB
Y. and query «, the value of V[%, o] only depends on those
sentences of 3 that mention some predicate in «.

Definition 2.5 Let > be a proper KB and o a query. The
restriction of ¥ wrt «v, denoted Y| o, is the set {¥(e D 1) € 2 |
the predicate of | appears in a}.

Theorem 2.6 V[, o] = V[E|a, al.

Proof: The proof is by induction on the structure of «. Here
we only prove the case for quantifications. V[X,3za] =
max{V[X,a%] | d € H"(Z U {a})} = (by induction)
max{V[E|a,a%] | d € HT (X U {a})} = (by Corollary 2.4)
max{V[X|o,a%] | d € H"(S|aU{a})} = V[E|a,Jzal. B

In fact, we can go further than this: roughly speaking, we
need only consider those sentences V(e D [) € X such that
after substitutions dictated by e, the [ would unify with some
literal in the query «. For example, Vzy(y = b D P(z,y))
is not needed to answer the query 3z P(z,a). For KBs that
are large because they have facts about a large number of in-
dividuals, this optimization can reduce significantly the size
of the KB fragment needed to answer the query correctly.

2.4 Answers to open queries

Definition 2.7 Ler ¥ be a proper KB and «(Z) a formula
with free variables. The answer to o wrt ¥ is the set a(X) =
{e| V[E a(@)) =1}

However, «(X) may well be infinite. Fortunately, we can
find a finite representation for it.

Definition 2.8 Let X be a proper KB and « a formula. Then
H (X, «) is the finite set of constants consisting of those men-
tioned in X or o and the r next ones, lexicographically, where
r is the quantifier rank of V.
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Definition 2.9 Let ¥ be a proper KB and «(Z) a formula
with free variables. The finite answer to o wrt X is the set
af(X) ={ce H(X|a,a) | V[E, afc)] = 1}.

The following theorem justifies oi¢(X) as a finite represen-
tation for o(X2).

Theorem 2.10 Let X be a proper KB and o(Z) a formula.
Then for any constants ¢, ¢ € a(X) iff ¢* € ay(X), where c*
is like € except that constants not in X|a U {a} are replaced
by unique representatives not in X|a U {«} from H (X, @v).

Proof: We can expand * to a bijection * from C to C such

that ¢* = ¢ for any c that appears in X|a or a. Then
VIZ, a(e)]= (by locality) V[E|a, «(¢)] = (by Theorem 2.3)
VIE[)*, (a(@)*], ieVIE|e, a(e?)] =V[E,a(c?)]. =

3 The complexity of database queries

3.1 An overview

The complexity of query evaluation has been one of the main
pursuits of database theory. Traditionally, there are two com-
plexity measures: combined complexity and data complexity
[Vardi, 1982]. Combined complexity is measured in terms
of the combined size of the database and the query. Chan-
dra and Merlin [1977] proved that the combined complexity
of conjunctive queries (queries expressed by first-order for-
mulas that are of the form 3% (ay A ... A ) where «; are
atoms) is NP-complete; Vardi [1982] proved that the com-
bined complexity of first-order queries is PSPACE-complete.
However, the main factor responsible for this high complexity
is the size of the query and not the size of the database. This is
contrary to the situation in practice where we normally eval-
uate small queries against large databases. Data complexity
measures the complexity of query evaluation solely in terms
of the size of the database and treats the size of the query as a
constant. A folk result is that first-order queries can be evalu-
ated in time n®( | where n is the size of the database and [ is
the size of the query. Thus the data complexity of first-order
queries is in PTIME. However, such a complexity can hardly
qualify as tractable even if the exponent is small, say 5.

Yannakakis [1995] was the first to suggest that parameter-
ized complexity [Downey and Fellows, 1995] might be an
appropriate complexity measure for database query evalua-
tion. Query evaluation is fixed-parameter tractable if there is
a computable function f : N — N and a constant ¢ such that
the problem can be solved in time f (1) - n¢, where [ and n are
the size of the query and the database, respectively. However,
Papadimitriou and Yannakakis [1999] proved that the param-
eterized complexity of conjunctive queries is W[1]-complete
and thus most likely not fixed-parameter tractable. We re-
fer the reader to [Grohe, 2002] for a survey on parameterized
complexity in database theory.

Therefore database query evaluation in general is hard with
respect to both combined and parameterized complexity. And
yet, database queries do work quite well in practice, even
for very large databases. A careful examination of the hard-
ness results show that they often depend on queries that are
somewhat atypical in applications, e.g. databases represent-
ing graphs and queries asking for the existence of cliques.
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Naturally, many research efforts have gone into finding
classes of queries that can be proven tractable, even in the
worst cases. The earliest result of this form, due to Yan-
nakakis [1981], showed that acyclic conjunctive queries can
be evaluated in polynomial time. This result has been ex-
tended in several ways. The first extension, due to Chekuri
and Rajaraman [1997], showed that conjunctive queries
with bounded treewidth are tractable. Later, Gottlob et al.
[1999] introduced the notion of hypertree width and showed
that conjunctive queries with bounded hypertree width are
tractable; bounded hypertree width generalizes the notions
of acyclicity and bounded treewidth. Recently, Flum et al.
[2001] generalized the notions of acyclicity and bounded
treewidth from conjunctive queries to nonrecursive stratified
Datalog (NRSD), which is known to have the same expres-
sive power as all of first-order logic, and showed that acyclic
and bounded treewidth NRSD are tractable. Inspired by their
work, Gottlob er al. [2001] extended the notion of hypertree
width to NRSD, and obtained a nice logical characterization
of hypertree width: they showed that the k-guarded fragment
of first-order logic has the same expressive power as NRSD
of hypertree width at most k. Thus k-guarded first-order logic
turns out to be the largest tractable class of queries so far.

3.2 An evaluation algorithm

The guarded fragment GF was introduced by Andréka et al.
[1996], and has recently received a lot of attention. The idea
is that any existentially quantified subformula ¢ must be con-
joined with a guard, i.e. an atom containing all free variables
of ¢. Gottlob et al. [2001] extended GF to the k-guarded frag-
ment GF;, where up to k atoms may jointly act as a guard, and
proved that GFj,-formulas can be evaluated in time O(/?n*)
where [ and n are as before. The proof is by transforming
GFj-formulas into k-guarded NRSD programs.

In this section, we introduce the k-guarded fragment of L,
and explicitly present a polynomial algorithm for evaluating
k-guarded formulas against databases and analyze its com-
plexity. We will use this algorithm to evaluate k-guarded for-
mulas with respect to proper KBs.

Definition 3.1 The k-guarded fragment GFy of L is the
smallest set of formulas such that

1. GFy, contains atoms and equalities;
2. GF}y is closed under Boolean operations;

3. GFy, contains 3x(G1 A ... AN G, A\ @), provided that the
G, are atoms or equalities, m < k, ¢ € GFy, and the
free variables of ¢ appear among the G;.

Definition 3.2 The strictly k-guarded fragment SGF, are the
Sformulas in GFy, of the form 3T(G1 .. . NGy A®). We allow
the degenerate cases where T is empty orm = 0 or ¢ is TRUE.

Note that any k-guarded sentence is strictly k-guarded.

The evaluation algorithm below will take a strictly k-
guarded formula as the query. It turns out that any formula
¢ can be transformed in linear time into an equivalent SGFy-
formula for some £, using guards of the form x = =z, if neces-
sary. For example, note that R(z, y, z)AS(z, u,v) can be for-
mulated in SGFy, but —~R(x, y, 2)A—S(z, u, v) only in SGF5.
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The evaluation algorithm will have worst-case time com-
plexity that is exponential only in the k. For fixed k, the algo-
rithm is polynomial, but perhaps impractical when k is large.
An upper bound on £ is the width of ¢. Obviously, if ¢ has at
most k distinct variables, the width of ¢ is no more than k.

Before presenting the evaluation algorithm, we first recall
some basic notions of relational database theory. A database
instance is simply a logical structure (or interpretation) with
a finite domain. Let 4 be such a structure with domain A.
Let X and Y be sets of variables. An X -relation R over A, is
a finite set of mappings « from X into A, which we write as
{7v:[X — A]}. IfY C X, the Y-projection of an X -relation
R, which we write 7y (R), is the set {7|Y | v € R}, where
~|Y is the mapping restricted to Y. Let R be an X -relation
and S a Y-relation. The join of R and S is the X UY -relation

RXS={y:[XUY — 4] | 7| X € R, v]Y € S}.
The join of R with the complement of .S is the X UY -relation
RX¢S={~v:[XUY - A] | v/ X € R, v|Y & 5}.

Let ¢ be a formula with free variables X = {z1,...,z,}.
The answer to ¢ wrt A is the X -relation
O(A) ={7: [X = A | A= ¢(v(21), - -, (@n))}

Here is the algorithm for computing answers:

Procedure Eval( A, ¢)
Input: A structure .4 such that the domain and all relations
are sorted, and a formula ¢ € SGF},
Output: ¢(A)
suppose ¢(Z) = FY(G1 A ... NG AN Y)
return mz{Eval(A, G1(A) X ... X G, (A),¥")}
where ¢’ is the result of pushing —s in 1) so that
they are in front of atoms, equalities, or existentials.

Procedure Eval(A, R, ¢) is defined recursively by:
1. If ¢ is an atom or an equality,
then Eval(A, R, ¢) = R X ¢(A);
2. If ¢ is negation of an atom or an equality,
then Eval(A, R, ¢) = R X° ¢(A);
3. Eval(A, R, (¢ Av)) = Eval(A, R, ¢) NEval(A, R, v);
4. Eval(A, R, (¢ V1)) = Eval(A, R, ¢) U Eval(A, R, );
5. Eval(A, R,3y¢) = R X Eval(A, 35¢);
6. Eval(A, R, —3y¢) = R X€ Eval(A, 35¢).
Theorem 3.3 Given a sorted structure A and a formula ¢ €

SGFy, ¢(A) can be computed in time O(In*), where 1 is the
size of ¢, and n is the size of the database.

Proof: For each of the [ literals and logical operators in the
query, we perform either a join, a join with complement, an
intersection, or a union. Note that when we perform a join or
a join with complement within Eval(A4, R, ¢), the attributes
of the second argument is always a subset of those of the first,
since for guarded formulas, the free variables in ¢ are a subset
of those in R. By induction, Eval(A, R, ¢) always returns a
relation that is a subset of . Moreover, the R is obtained
from joins of at most k guards, and so has size at most n*.
Assuming all relations start in sorted form, the results of all
operations can be kept in sorted form, and computed in time
O(n*). Thus, the time overall is O(In*). |
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4 The complexity of

In this section, we consider how hard it is to compute V. Not
surprisingly, V' is no easier than database query evaluation.
What is more significant is that under reasonable assump-
tions, it is not much harder either.

4.1 Intractability results

Theorem 4.1 The combined complexity of V is NP-hard
for conjunctive queries, and PSPACE-hard for first-order
queries. The parameterized complexity of V is W[ ]-hard for
conjunctive queries.

Proof: The proof is essentially the same as that for database
query evaluation. For conjunctive queries, the reduction is
from the clique problem. For first-order queries, the reduction
is from QBF (Quantified Boolean Formula). |

4.2 A tractability result

We now present a tractability result for V. The basic idea is to
reduce V' to database query evaluation and use the algorithm
Eval from Section 3. To do this efficiently, we would like to
use database operations as much as possible, and only reason
with the formulas e in V(e D [) when necessary. For each
predicate P appearing in a query o, we will consider storing
two relations P and P~ depending on the form of X.

Definition 4.2 The ewff defining a predicate P denoted ep,
is the disjunction of all e such that VZ(e(Z) D P(Z)) € X.
The ewff defining — P denoted e—p is analogous.

Definition 4.3 We distinguish among three cases for an ewff-

1. e is relational if it is of the form
T=¢c¢1V...VT=c, wheren > (.

2. eis co-relational if it is of the form
T#C N...\NT F# ¢, wheren > 0.

3. e is unrestricted otherwise.

Definition 4.4 The e-size of X is the maximum size of an un-
restricted ep or e—p in ..

For each predicate P, we store P as a sorted relation when
ep is relational or co-relational, and analogously for P~ us-
ing e_.p. We let DB(X, C') (where C'is a set of constants that
includes all those in >.) denote the database whose domain is
C and whose relations are P™ and P~ as above.

Note that in the case of a predicate P in ¥ corresponding
to a normal database-style relation, ep will be relational and
e_p will be co-relational and the two relations P+ and P~
will be identical. A simple optimization would merge them.

Next, given a formula o we construct a database query by
replacing every occurrence of a predicate P as follows: a pos-
itive’> occurrence of P is replaced by PT when ep is rela-
tional, ~PT when co-relational, and by ep itself otherwise;
a negative occurrence of P is replaced by =P~ when e_p
is relational, P~ when co-relational, and by —e_, p itself oth-
erwise. We let O(X, «) denote the resulting database query
with double negation removed.

We present examples of this transformation in the next sec-
tion. Here we note the following correctness result:

3A positive (resp. negative) occurrence of P in « is one within
the scope of an even (resp. odd) number of negations.
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Theorem 4.5 Let X be a proper KB and « a formula of L.
Let C = H(X|a,a), A = DB(Z|a,C), and ¢ = Q(X, a).
Then af(X) = ¢(A).

This theorem says that the (finite version of) answers to
open queries in £ correspond exactly to the answers we get
for the database constructed as above. This is a consequence
of locality and the following lemma:

Lemma 4.6 Let X be a proper KB and « a sentence of L. Let
C be any finite set of constants consisting of those in ¥ U{«}
and k extra ones for some k > qr(a). Let A = DB(X|a, C).
Then VX, o) = 1iff A = O, ), and V[, a] = 0 iff
AE 03, ~a).

Proof: The proof is by induction on the structure of . Here
we choose to prove the case for V[X, a] = 0 which is trickier
than the case for V[X, o] = 1.

VI[E,P(@)] =0iff £ E e_p(c)iff A = Q(X, ~P(c)) since

A P~ (¢) ife.p isrelational
£ E e-p(0)iff { A -P~(¢) ife_p isco-relational
Al e p(c) otherwise

The case for t = ¢’ is trivial. V[X,—-a] = 0iff V[E,a] = 1
iff (by induction) A = Q(%, @), i.e. (X, ~—a).

Consider a V 3. Let Q(X,~a) = —¢ and Q(2,-5) = .
Then (%, ~(a V #) — ~(6 V). V[S,a v j = 0
iff V[¥,a] = 0 and V[3,5] = 0 iff (by induction)
AE QOE -a)and A = Q(X,-8) iff A = —¢ A =)
iff A =—(p V), ie O, —(aVp)).

Consider Jza. Let Q(¥,~a) = —¢. Then Q(X,~Jza) =
—Jz¢g. VI[E,3za] = 0iff V[X,a%] = 0 for any d €
H* (X U {a}) iff (by Corollary 2.4 since C contains at least
one constant not in X U {a}) V[, %] = 0 forany d € C iff
(by induction since C consists of those constants in ¥ U {a%}
and j extra ones for some j > ¢r(a) A = QO(%,-ad),
ie. ~¢% forany d € Ciff A = Va—¢ iff A = —3zg, ie
(%, ~Jza). |

To obtain a tractability result for open queries over proper
KBs, we need only ensure that the database queries we con-
struct are k-guarded then use the Eval procedure.

Definition 4.7 Let X be a proper KB. The strictly k-guarded
Sfragment SGi.(X) of L for X is the same as SGF, except that
when 3Z(G1 A ... A Gy, A @) is within the scope of an even
(resp. odd) number of —s, the G; must be equalities or atoms
P(t) s.t. ep is relational (resp. e~ p is co-relational) or liter-
als = P(t) s.t. e_p is relational (resp. ep is co-relational).

Clearly, for any «, if @ € SGi(X), then Q(X, o) € SGFy,.
Note that every formula o with width m can be transformed
into an equivalent SG(X)-formula for some k& < m, using
equalities as guards if necessary.

Now we get our main complexity result:

Theorem 4.8 Let X be a proper KB and o € SGi,(X). Then
af(X) can be computed in time O(lwn*), where | is the size
of o, n is the size of X|«, and w is the e-size of Y| .

Proof: Let C = H(X|a,a), A = DB(Z|a,C), and ¢ =
0(%, ). We sort C. By Theorem 4.5, af(X) = Eval(A, ¢).
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The size of A is O(n), and the length of ¢ is O(lw). By
Theorem 3.3, af(X) can be computed in time O(lwn*). =

As a special case of the theorem, we have:

Corollary 4.9 Let 3 be a proper KB and o a sentence in
SG(X). Then whether V2, ] = 1 can be decided in time
O(lwn*), where I, w and n are as above.

Corollary 4.10 Let X be a proper KB and o € NF N
SGy(X). Then whether £ U Y |= o can be decided in time
O(lwn*), where I, w and n are as above.

Proof: Follows from previous corollary and the fact that V" is
logically sound and complete for queries in NF. ]

Note that these bounds are identical to their database coun-
terparts modulo the w factor. In most cases of interest, the
w will be small since even in a large KB, we only expect to
see a large ep or e_,p in database-like cases, where the e is
relational or co-relational. In the case where none of the e are
relational or co-relational, we get the following:

Corollary 4.11 Let 3 be a proper KB and o a formula of
width k with all literals defined by an unrestricted ewff. Then
at(X) can be evaluated in time O((lw)**+1), where 1 is the
size of o, and w is the e-size of X|a.

Proof: We transform « into an equivalent SGy (X)-formula,
using equalities as guards. The size of X|a is O(lw). [ |

5 An example

To illustrate how query evaluation would work with proper
KBs, we return to the example robotic scenario mentioned
in the first section, involving the predicate In(person, room).
We can see from the example that ej, is given in relational
form, while e_, is given in unrestricted form. To make
things interesting, we assume two more predicates: One is
Mgr(person,, person,) saying that the first person is a man-
ager and that the second is one of his or her employees; we
assume that Mgr is given as a closed database predicate. The
other is Cmp(person,, person,) saying that the two persons
are compatible. We assume that the robot knows that any two
people are compatible except m (> 2) pairs; among these m
pairs, the robot only knows that two pairs are not compatible.
Hence ecy, is given in co-relational form, and e— ¢y, is given
in relational form. Thus the corresponding database has the
following relations: In™, Mgrt, Mgr—, Cmp™, and Cmp~,
where Mgr™ = Mgr—, and Cmp~ C Cmp™.

Here are some example queries, with the guards underlined.

1. What rooms are unoccupied?

r=rA-Jzx(z=xAr=rAIn(z,r))

2. Are there rooms with more than one manager in them?
FrdmIm/ (In(m,r) Aln(m’,r) Am #m' A
FxMgr(m, x) A 3z’ Mgr(m’, 2'))

3. Are there any managers whose employees are all in the
same room?
IJmIr(m=mAr=rA
—Jdx(Mgr(m,x) Ar =r A ~In(z,7)))

4. Is it true that any two people who are not compatible are
in different rooms?

—Jz3x’ (=Cmp(z. a’) A
=3I’ (In(z,r) ANn(z, ") AT £ 1))
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Observe that in all cases, the queries are strictly 2-guarded
wrt the proper KB. Also, because no query contains a lit-
eral and a unifiable literal of opposite polarity, from results
in [Levesque, 1998], all the queries are in NF.

The corresponding database queries are as follows:

. r=rA-3z(z=axAr=rA-ep(z,T))
FrIm3Im/ (Int (m, ) AIn™ (m,r) Am #£m/ A
JeMert (m,x) A 3o’ Mgr (m!, 2"))
ImIr(m=mAr=rA
—Jx(Mgr—(m,x) Ar =1 A—=Int(z,7)))

4 =323 (Cmp™ (z,2") A

=3I (In* (z,r) AInt (x,07") Ar #17))

2.

6 Conclusions

In this paper, we have shown how a bottom-up query evalua-
tion procedure for databases can be used to answer queries for
KBs with a certain form of incomplete knowledge. Although
this procedure can be impractical for k-guarded queries
where £ is large, they would be impractical for databases too.

A number of questions remain to be addressed. First of all,
Lakemeyer and Levesque [2002] have proposed an extension
to proper KBs that allow disjunctions in the KB. It would be
interesting to see how much of the database retrieval mech-
anism could be preserved in this case. We can also imagine
other extensions to proper KBs, such as relaxing the unique
name assumption over constants, or allowing a limited use
of function symbols. Also, as suggested in the first section,
we can imagine a dynamic scenario where at any given point
what a robot or agent knows about the current situation is ex-
pressible as a proper KB. It would then be useful to amalga-
mate regression-based techniques for reasoning about change
from [Reiter, 2001] with the database techniques considered
here. Among other things, this would require determining
those cases where the successor state axioms guarantee that
a proper KB remains proper after an action has been per-
formed, perhaps along the lines of [Petrick and Levesque,
2002]. It would also be interesting to investigate the relation-
ship between proper KBs and other subsets of logic to see if
the complexity results presented here can be further gener-
alized. Two immediate candidates are datalog programs and
stratified logic programs that include some form of classical
negation. Finally, we note that additional optimizations can
be made to our query evaluation procedure that do not change
the worst-case performance, but would improve its behaviour
in practice.
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Abstract

Query answering over commonsense knowledge
bases typically employs a first-order logic theorem
prover. While first-order inference is intractable
in general, provers can often be hand-tuned to an-
swer queries with reasonable performance in prac-
tice. Appealing to previous theoretical work on
partition-based reasoningve propose resolution-
based theorem proving strategies that exploit the
structure of a KB to improve the efficiency of
reasoning. We analyze and experimentally eval-
uate these strategies with a testbed based on the
SNARK theorem prover. Exploiting graph-based
partitioning algorithms, we show how to compute
apartition-derived orderingor ordered resolution,
with good experimental results, offering an auto-
matic alternative to hand-crafted orderings. We
further propose a new resolution stratedyFS
resolution that combines partition-based message
passing with focused sublanguage resolution. Our
experiments show a significant reduction in the
number of resolution steps when this strategy is
used. Finally, we augment partition-based mes-
sage passing, partition-derived ordering, and MFS
by combining them with the set-of-support restric-
tion. While these combinations are incomplete,
they often produce dramatic improvements in prac-
tice. This work presents promising practical tech-
nigques for query answering with large and poten-
tially distributed commonsense KBs.

Tomas E. Uribe
Al Center
SRI International
Menlo Park, CA
uribe@ai.sri.com

Eyal Amir

Berkeley, CA

PBR uses graph-based techniques to automatically partition a
logical theory into a network of subtheories minimally con-
nected by links of shared vocabulary. Theorem proving is
performed locally in each subtheory, and relevant results are
propagated between partitions to achieve globally sound and
complete collaborative reasoning.

Previous work on PBR has presented a theoretical frame-
work and made claims about the potential for improving the
efficiency of reasoning in practice. In this paper we validate
these claims empirically, and introduce novel FOL resolution
strategies that exploit PBR techniques to improve the effi-
ciency of reasoning.

Outline: In Section 2, we review the theoretical framework
of PBR. In Section 3 we explain how a generic theorem
prover may be easily augmented with PBR, and describe the
experimental testbed we developed using the SNARK theo-
rem prover[18]. Using this testbed, in Section 4 we com-
pare the performance of the PBR message-passing algorithm
(MP) to that of popular resolution strategigd. MP far out-
performs unrestricted resolution, fares comparably to ordered
resolution with a default ordering, and sometimes beats set-
of-support (SOS) resolution.

In Section 5 we show how automatic partitionifig can
induce apartition-derived ordering(PDO) for use with or-
dered resolution. Ordering can be a highly efficient resolution
strategy, but its success has previously depended on hand-
crafted orderings tailored to a specific KB, often through trial
and error. Our PDO is competitive with hand-crafted order-
ings and far outperforms SNARK’s default ordering. This
important result will let future theorem provers incorporate
efficient automatic ordering.

In Section 6, we present a novel resolution strategy, MFS

1 Introduction resolution, and show it to be sound and complete. MFS
Theorem proving in first-order logic (FOL) is intractable in combines MP with docused supportestriction employed
general. Nevertheless, first-order provers are commonly usedlithin partitions. Focused support is a novel resolution re-
for query answering over large knowledge bases (KBs) constriction that is complete for consequence-finding in a speci-
taining thousands of axioms, such as Cycorp’s Cyc and th&éed sublanguage. In experiments, MFS significantly reduces
High Performance Knowledge Base (HPKBI. To make the number of resolution steps required to answer queries.
headway in large KBs, theorem provers usually require KB- Finally, in Section 7 we examine combinations of each of
specific tuning and customization. these strategies (MP, PDO, and MFS) with SOS. While these
Partition-based reasoning (PBR) 12 promises to speed combinations are, in general, incomplete, they perform well
up reasoning, without manual tuning, by exploiting the struc-n experimental testing. PDO+SOS was found to outperform
ture implicit in such large commonsense KBs, which typi- every other strategy and combination examined, and its theo-
cally contain loosely coupled clusters of domain knowledgeretical incompleteness was never encountered in practice.
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This paper introduces novel, easily implemented tech- The second algorithm is due kd] and uses a divide-and-
nigues for improving the efficiency of FOL theorem proving conquer approach that is guaranteed to approximate the op-
with large structured KBs such as commonsense KBs. It isimum decomposition by a factor of at mastlog ¢), where
the first to report experimental results for PBR, and the first is the treewidth of the symbols graph. Iteratively, the algo-
to examine combinations of MP with other strategies in a therithm finds a vertex cut in the graph (a set of vertices whose

oretical or experimental setting. removal separates the graph into two or more parts). This ver-
tex cut, W, is sent recursively to each of the separated parts,
2 Background: partition-based reasoning and subsequent iterations are required to find a vertex cut that

) ) separate$?’ in a balancedfashion (here, we may use algo-
The PBR framework has two components: graph-based algqgy, ¢ ich a$l11; 9). The tree decomposition is built from

rlthm_s for automatic partitioning of'a theory, "?“.‘d MESSaYE4p e final parts and the vertex-cuts’ vertex sets recursively. In
passing algorithms for reasoning with the partitioned theoryexperiments, this algorithm generated partitions somewhat

For further details seg2; 12; 1. fewer in number and larger in size than the first algorithm,
2.1 Automatically partitioning a theory but yielded similar performance in answering queries.

We say that{Ai}iS,,, is _a partitioning_of a Iogical theoryA 2.2 Reasoning with message passing (M P)
if A= {J;A;. EachA; is a set of axioms called gartition, ) . .
L(A;) is its signature (the set of non-logical symbols), andFigure 1 displays Forward-Message-Passing (MP), a PBR al-

o IR ithm proposed if2]. It takes as input a partitioned theory

L(A;) is its language (the set of formulae built wit{.A;)). gorithm prop: "
Parti7tions may share symbols and axioms. A, an assqmated partition gragh = (V,_E7 1), and a query

To partition a theory, we first constructsymbols graph  formula@ in £(Ay), and returns YES if the query was en-
from the axioms, where each vertex represents a symbol i lled by A. MP first d'_r_ECtS all _edges n the partition graph
the theory, and two vertices are joined by an edge iff the twd~” toward the goal partitiond,. SinceG is a tree, this means
symbols appear together in an axiom. We then use one of sef&ch partition (except the goal) will have exactly one “out-
eraltree decompositioalgorithms[16; 1] to generate a tree oulnd I'gk (lfad't?g todtlheknext %afl““oP on the ﬁath to the
where each node corresponds to a tightly connected cluster gpa) and an "outbound link vocabularfo,:. MP then per-
symbols, defining a partitionl; consisting of the axioms in 10rMS consequence finding independently in each partition,
the original theory that contain only those symbols. and propagates each derived formula over the outbound link

The resultis aartition graphG : (V, E, 1), where vertices toward the goal iff the formula’s signature matchies,.
correspond to partitions, and edges correspond to communi-
cation links between partitions, labeled with theimmuni- | PROCEDURE FORWARD-M-P (MP{(4;}:<n, G, Q)
cation vocabulary the labeli(i, j) on the edge betweed; {Ai}i<n a partitioning of the theory,
andA; is the set of symbols shared by the two partitions, that G : (V, E, ) a graph with the connections between partitions,
is, 1(i,7) = L(A;) N L(A;). Efficient partition-based reason- | @ a query in(Ay) (for somek < n).
ing depends on finding a tree decomposition that keeps the 1. Definei < j iff i is on the path betweepandk in G.

communication languages small. 2. Concurrently,
T . (a) Perform consequence finding for each of the partitjons
Partitioning Algorithms Aii <.
A tree decompositiois a tree of nodes, where each node is (b) For every(i, j) € E such that < j, for every conset
a set of symbols and the tree satisfies the following property: quencep of A; found (orp in A,), if o € L(1(3,7)),
if a symbol appears in two different nodes, then it appears in then addp to the set of clauses of;.

all the nodes and edges on the path between the two nodes.  (€) If Q is provertin Ay, return YES.
Thewidthof a tree decomposition is the size (number of sym-
bols) of its largest node (the largest set of symbols in a singl
node). Anoptimaltree decomposition is one which has the
lowest width among all tree decompositions for the graph.
This tree’s width is thareewidthof the original graph. Tree

decomposition algorithms are commonly used in a variety This algorithm was shown sound and complete when the

of Al applications, including constraint satisfaction prOb'emSpartition graph Corresponds to a tree decomposition' and the

and Bayes Nets. reasoning procedure employed in each patrtition is sound and
We have performed experiments with two graph partition-complete for£-consequence generatiowhere£ is the lan-

ing algorithms. The first algorithm is due M)G] and is based guage defined by the outbound link VOCHbU'ﬂ[,y“g:

on an ordering heuristic namexin fill. In this heuristic we finition 2.1. Gi ¢ ] & .
iterate over the symbols in the symbols graph. At each steﬂDe iniion 2.1. G1ven a target language, a reasoning pro-

we select a symbol in the graph, add all missing edges bjﬂ_edureR_ is complete forC-consequence generatidrevery
tween the symbol’s neighbors in the graph, and remove thdP'mula in £ logically entailed by a set of axionts is also
symbol from the graph. The symbol is selected such that th ntailed by the set of consequendes that is generated by
number of added edges is minimal. The tree decomposition i& oM 5-

extracted from this order. The experimental results reported Ordered resolution is an example of a reasoning procedure
here are based on this partitioning algorithm. that satisfies this conditio7].

#We initially add—-Q to A, and derive inconsistency.

D

Figure 1: A forward message-passing algorithm.
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3 Experimental setup the few such KBs publically available tend to employ propri-
etary extensions to FOL, making their direct comparison in a
Eommon testbed problematic.

In the end, we used a subset of the Cyc KB containing 730
ioms (and 150 symbols) concerning spatial relationships,
along with a set of queries supplied by an outside source.
We are continuing our efforts to remedy the paucity of ex-

To evaluate the performance of various PBR strategies, w
built an experimental platform around SNARK, a resolution-
based FOL theorem prover developed by Mark Stickel at th%x
SRI Al Center [18]). Adding PBR capabilities to SNARK
was straightforward. Three extensions were required:

* Associate a set of partitions with each clause. perimental data by adding other large KBs. We are currently
e Restrict resolutl_on to occur only within partitions. _ testing queries against the Suggested Upper Merged Ontol-
» Ensure appropriate propagation of new clauses to neighsgy (SUMO)[13]; experimental results will be reported at
boring partitions. _ _ the project website
These modifications should be easy to implement in any e collected a variety of statistics on each KB partition-
resolution-based prover. ing task and each query trial, including runtimes and elapsed
] ) times. But we are most interested in metrics that allow us to
3.1 Implementing PBR in SNARK compare one trial with another by the size of the search space

In SNARK, arow is a data structure that stores a clause aloni)éplored' Processor runtime is an imperfect proxy, since it

with metadata such as the inference method used to derifd€Pends greatly on implementation details that are not our
it. We extend this data structure to include a (non-empty) seffimary concern. Thus, in the remainder of this paper, we fo-
of partition IDs indicating the partitions in which the clause CUS ©nnumber of resolution stes the best measure of the
resides. A separate data structure holds a description of tf#antity of work required for each trial.

partition graph: the partitions, the links that connect them, i .

and the vocabulary for each partition and link. 4 Baseline evaluation of MP

Resolution is restricted to occur only within partitions: two As a starting point for evaluating the effectiveness of MP, we
rows may be resolved only if the intersection of their partitioncompare it with two common resolution restriction strategies:
sets is non-empty. The resolvent inherits this intersection aset-of-suppor{SOS) ancrdered resolutionSOS places the
its own partition set, so that it appears in the same partitiongegated query into a designated “set of support” and allows
as its parents. (This restriction may be superimposed on topnly resolutions involving at least one clause from the set of
of other resolution restrictions, such as set-of-support.) support, to which newly derived clauses are added. In ordered

Finally, to implement message passing between partitionggsolution, a global ordering among predicates is given (by
we examine the vocabulary of every new resolvent. If itthe user), and clauses are resolved upon only on their highest
matches the outbound link languagg,; of any partition in literals (in the predicate ordering).
its partition set, the partition set is expanded to include the To assess the effectiveness of a resolution strategy, we ex-
adjacent partition reached by that link. amine how much work is required to answer a query using

To generate the initial partitioning, we first load the KB the strategy, relative to using strategy (that is, allowing any
axioms into SNARK and convert them to clausal form. Thepossible resolution). As described in Section 3.2, we use the
clauses are passed to an external partitioning tool, whichumber of resolution steps as a measure of the work done in
generates the partition graph and defines the vocabulary f@nswering a query. The absolute number of resolution steps
each partition and link, according to the particular partition-is typically in the thousands, but since this number may vary
ing strategy selected (see Section 2.1). The partition graptvidely from one query to the next, we must normalize in or-
is essentially static, and can be generated just once for eacler to make meaningful comparisons across queries. Thus,
KB, so that the cost of partitioning is amortized over manyfor each query and strategy, we report the number of reso-
gueries. However, the links between partitions are reorientetlition steps required to answer the query as a percent of the
by MP on a per-query basis, to ensure that all communicationumber of resolution steps required using no strategy.

links lead toward the goal partition. Results for a representative selection of queries are shown
in the first three histograms of Figure 2. Relative to using no
3.2 Sample KBs, evaluation metrics strategy, MP reduces the numbers of steps required to answer

- most queries by one-third to two-thirds.
The greatest problem we encountered was obtc_alnmg large However, MP is significantly outperformed by SOS on
KBs of FOL suitable for use as test data. Test suites for thernany queries (though not all). Why? This “vanilia” version

orem provers such as TPTR9 are biased toward proposi- ot \p operates only at the global level: it restricts resolution

tional logic (PL) or small problems in FOL, while the minor- penveemartitions, but allows unrestricted resolutiaithin

ity of test problems containing significant numbers of FOL n4itions, equivalent to using no strategy at the local level.
axioms usually describe an abstract domain and employ onlﬁ1 the following sections, we show how to complement MP
a small number of symbols, making them unsuitable for paryith smart local strategies for enhanced performance.
titioning. The best application of partitioning will be to com- ‘1 tigls for ordered resolution used a default (arbitrary)

monsense KBs that contain large numbers of both axioms angt yering, so the unimpressive results are no surprise. In Sec-
symbols. Unlike most mathematical theorem proving prob-

lems, these KBs exhibit structure that can be exploited by ‘http://iww.ksl.stanford.edu/projects/
partitioning to improve the efficiency of reasoning. However, Partitioning
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tion 5, we introduce a mechanism for automatically inducingcorresponding taA4, and letQ be a query. Then, ordered

efficient orderings from a partition structure. resolution with orderOrd(.A) is equivalent to MP, where in-
N _ _ ference within each partition uses ordered resolution with an
5 Partition-derived ordering order compatible wittOrd(A).

A major obstacle to the effective use of ordered resolution i .
finding a good predicate ordering, which will minimize in- SF’roof. For everyp €~L(A)' IetP.(p) be the<-smallest pa.r.t|-
ference. SNARK provides a default ordering, but as we sawion i, such thap € L(i). There is exactly one such partition;
in Section 4, it is undistinguished compared to MP and SOSotherwise there would be two that are not connected, contra-
though better than using no strategy. Efficient ordered resddicting the fact that is a tree decomposition (it guarantees
lution is usually achieved by arduous hand-crafting of a predthat if a symbol appears in two partitions then it appears on
icate ordering by a theorem-proving expert. the edges on the path between them). .
In this section, we propose to use automatic partitioning, Define <o, an order between symbols, by <o ¢ iff p
and in particular PBR tree-decomposition algorithms, to auPrecedes; in Ord(A) (equivalently,P(p) < P(q)). Define
tomatically produce a predicate ordering. This is an impor-<. to be a total order that agrees with. Let{p;}i<,, be
tant contribution as it paves the way to improving theorem-an enumeration of the predicate symbols/bfccording to
proving software for ordered resolution, providing more ef-<.4. Notice that if ordered resolution with 4 resolved two
fective ordered resolution for the non-expert, and relievingclauses upop;, thenp; is the highest symbol in both clauses.
the expert from arduous hand-coding of predicate ordering. We show that ordered resolution is equivalent to MP by
Figure 4 describes the P20 algorithm for inducing a sym-showing that ordered resolution step can be done by MP, and
bol ordering from a computed partitioning. It takes as input avice versa. LetC;, C; be two clauses resolved gnby or-
partition graphG : (V, E, 1) for partitioned theoryd : | J, A;, ~ dered resolution using the order,. Leti,, i be such that
and a queng in £(Ay), and output)rd(.A), a symbol or-  C1 isin partitioni, andC} is in partitioni,. Assume that MP _
dering on.A. We call this ordering artition-derived or- ~ cannot resolve the two clauses. That means that they are in
dering When combined with ordered resolution, we call thedifferent partitions and that at least one of the clauses(’say
strategy PDO. Recall that ordered resolution uses an orderinghould be sent to another partitioA;, with j < iz, in order
on predicate symbols, so PDO in fact ugksi(A) restricted ~ for the two clauses to be resolvedlig the<-largest partition
to predicate symbols and ignores the ordering imposed ofuch thatj < i; andj < i).
constant and function symbols. SinceC, was not sent to partitiop, its vocabulary is not
The underlying intuition is as follows: in MP, we perform in the label of one of the edges on the path betwigeand
resolution and message passing starting with the partitiong in G. Let ¢ be a symbol that appears (i, but is not on
farthest away from the goal partition. All predicates are re-one of the edges in the path between partitionandj. p
solvedexceptthose in the outbound link language, which areis the < 4-largest symbol for botit’; andC>, meaning that
resolved in the next partition downstream, unless they conp appears on the path betweani, (thus it also appears on
tinue to appear in subsequent outbound link languages. I path betweety, j, which is a subset of the path between
this way, the ordering of partitions along paths toward thei1,i2) and thatg <4 p (because; does not appear on that
goal determines an ordering among predicates resolved.  Path (thus, itis nop) andp is the< 4-largest inCs).
Sinceq is not in L(j) (otherwise it would be on the path

PROCEDURE P23¢, Q) betweeni,, j) and the path betweef iy includesp, it must
G : (V,E,l) is a partition graph for the partitioned theary : be thatP(p) = j, andP(p) = j < P(q) impliesthap <. g.
{Ai}Yi<, andQ is a query inC(Ax) (k < n). This contradicts the previous observation that 4 p. Thus,
1. Definej < i iff j is on the path betweenandk in G. q appears on the path betwegn; and C; must be sent to
2. LetLowt, = L(I(i, 7)) for j such that(i, j) € E andj < i partition j. The same holds fof’;. Thus, MP will resolve
(there is at most one sughif there is none, then lef .., = the two clauses.
0). Lowt; is the output language of partition;. The other direction (every resolution in MP is a resolu-
3. LetLin, = U, L(I(h,1)) for h such that(h,:) € E and tion in ordered resolution) is simpler, and follows from The-
i < h (there may be none or multiple suéls). Li, is the orem 5.2 below. O
input !anguage of partltlom_i.
4. Initialize Ord(A) = empty list. » Itis interesting to observe that we can, conversely, generate
> Tr(;’“’erse the trede frc}m furthest leaves to root followindn | - 3 theory partitioning from a symbol ordering, should one be
aOTSFBai'ng order, for everys n. given by an expert. The algorithm is as follows: Letbe
A(Ord(A), Lon: \ Lot LIA)\ Lout, ). a stack containing the predicate symbols in logical thedry
6. Ord(A)aip:Ir)lpe(nJ(O(rd)(A),k}Ak),t)i (A Louts) in the designated ordeprd(S). Let Z be an empty stack.

Pop a symbo} from S. Create a set of symbols that includes
s, and all the symbols still irt' that appear withs in some
axiom in A. If this set of symbols is contained by another set
on Z, discard it. Otherwise, push it ontd. Continue until
Theorem 5.1. Let A = [J{A,}i<, be a partitioning ofA S is empty. Then, sef : (V, E) to be an empty graph, and
based on predicates only (so all function and constant symiteratively pop sets of symbols froti. For a set of symbols
bols appear in all partitions), leG be a tree decomposition Z;, add it toV as a neighbor (ir) to a set of symbols in

Figure 4: An algorithm to compute a predicate ordering.
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Resolution steps (vs. no strategy)
100%
Oqg1
80% Ev5
Op5
60% H -l Op7
-| Hvn2
40% Op1
Ev10
20% Op4
Hp3
0% -
Set-of- Ordering MP PDO MFS MFS + MP + PDO + MFS +
support PDO SOS SOS SOS

Figure 2: Performance comparison of reasoning strategies: set-of-support (SOS), ordered resolution, vanilla MP, partition-
derived ordering (PDO), MP with focused support (MFS), and several combinations of strategies. For a representative selection
of queries, we show the number of resolution steps required to answer the query using each strategy, expressed as a percent of
the number of steps required using no strategy. Columns exceeding 100% represent timeouts.

V with which it shares the largest number of symbols. Whermance of PDO can be enhanced even further by combining it
Z is empty, create a partitiod; for every set of symbols with other strategies.

Z; € V such that4; includes all the axioms froml that are
in £(Z;). Call the resulting set of partitior8(Ord(.S)), and
the graphG(Ord(9)).

Theorem 5.2. Assume thaDrd is an order on the nonlogical
symbols of theoryd, and that() is a query such thaf(Q) are
the final symbols in orde®rd. Then, ordered resolution with
order Ord is equivalent to MP with partition®(Ord) and
graph G(Ord), where inference within each partition uses
ordered resolution with an order compatible with-d(.A).

Proof Sketch.To see that MP does not perform more resolu-

tions than ordered resolution with ordsr,, we only need
to notice that every partition corresponds tbucketin the
ordered resolution algorithm. If MP resolvé€s, C5 on pred-
icate P, thenC1, Cy were together in some partitioh and
were resolved on their highest predicate. Thig,Cy will
also be resolved by ordered resolution with ordey. O

Proposition 5.3. PDO is sound and complete.

In our experimental evaluation, illustrated in Figure 2,
PDO made a strong showing. Its performance was comp

rable with that of SOS for most queries; for a few queries,!

PDO was up to two orders of magnitude more efficient thagstriction[S], and SFK-resolutiofi7].

SOS. Unsurprisingly, PDO invariably outperformed ordere
resolution with SNARK'’s default ordering. PDO also outper-

6 A new restriction strategy: MFS resolution

MP operates at the global level to focus reasoning by restrict-
ing between-partition resolution and passing relevant results
toward the goal partition. However, MP has no impact on
local reasoning, that is, reasoning within partitions. In fact,
this is one of the strengths of MP: individual partitions may
employ heterogeneous reasoning methods, including special-
purpose reasoners optimized for particular domains. (As de-
scribed in Section 2.2, the global soundness and completeness
of MP follow from the soundness and completeness of the
reasoners used in each partition.) MP can thus be used to or-
chestrate collaborative reasoning between disparate systems,
provided that they share a common vocabulary. Neverthe-
less, the absence of a local strategy limits gains in efficiency.
In this section we exploit PBR to propose a new restriction
strategyMFS resolutionthat combines global MP with a lo-
cal strategy for focused sublanguage resolution.

With vanilla MP, all possible resolutions are performed
within a partition, but resolvents can be propagated to other

aqartitions only if they are in the outbound link language. We

propose a local resolution stratefpcused supporthat takes
nspiration from strategies described by Sladl@, SOL re-

Definition 6.1 (Focused Support Restriction).Let 7 be a

formed vanilla MP, which by itself does not focus reasoningclausal theory and leL be a designated subsetbf7). Ini-

at the local level. When MP is augmented with focused sup

tialize S to be the set of clauses ih that non-exhaustively

port (the MFS combination), PDO’s comparative advantagenclude symbols fronk. Two clauses may be resolved only if
largely disappears. In Section 7, we will see that the perforone of them is it and the resolved predicate is notin The
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| Query [ no strategy ordering SOS MP PDO MFS MP+SOS PDO+SOS MFS+SO$§

Number of resolution steps
gl 29 19 28 20 11 16 16 11 16
v5 4,343 2,157 467 2,504 2,318 1,869 441 294 -
p5 3,575 1,948 598 1,999 826 673 585 348 350
p7 3,958 2,273 556 2,250 972 664 507 332 334
vn2 3,681 2,007 696 2,115 839 1,922 690 364 -
pl 4,182 2,410 729 2,413 1,029 1,131 653 391 -
v10 3,862 2,182 489 2,187 963 656 458 326 328
p4 - - 13,191 15,004 1,715 1,088 2,938 382 381
p3 - — 38,943 25956 1,942 1,285 8,243 594 566
Runtime in seconds

gl 0.1 0.1 0.1 0.1 0.0 0.1 0.1 0.1 o1
v5 31.9 10.2 1.7 27.0 121 9.8 4.6 1.2 -
p5 24.8 9.8 2.4 18.5 3.3 3.3 5.8 1.7 2|6
p7 26.5 11.6 2.2 21.4 3.9 3.2 5.4 1.6 17
vn2 25.1 9.5 2.7 12.4 35 133 2.7 1.7 -
pl 27.3 14.0 2.8 20.1 4.0 8.2 6.5 1.8 -
v10 26.4 10.8 2.9 13.7 3.7 3.4 2.0 15 1.6
p4 - - 217.5 454.3 9.6 7.1 32.0 1.7 18
p3 - - 1,191.0 1,067.4 8.8 7.9 100.8 2.1 2.1

Figure 3: Absolute performance metrics for several reasoning strategies: no strategy, ordered resolution using a default ordering,
set-of-support (SOS), vanilla MP, partition-derived ordering (PDO), MP with focused support (MFS), and combinations. For a
representative selection of queries, we show the number of resolution steps and the runtime required to answer the query using
each strategy. Blanks indicate timeouts.

resolvent is added t6. To show that there is a focused support deductiorDof

When focused support is used as a local strategy in ppdrom A we still need to show that restricting resolution to

. C o ; deeur only on nonk literals does not prevent proving.
clausal theoryZ is an individual partition4; from a parti- ;
tioned theory, and. is the output communication language ChooseP’ to b.e an order such that the symbols noLioome
of that partitionA;. before those inL. Sentences that are not $hhave no sym-

Focused support is sound and complete for generating coR0!ls from L. When we resolve sentences frdinwith those

: : : not in S, then clearly the focused support condition holds.
sequences in the restricted vocabulary.ofThe proof relies ’ .
on the following lemma We move all the clauses @ that are completely irC(L)

(i.e., have no symbols outsidg into a distinguished sef.
Lemma 6.2 (17]). If P is an ordering of the predicate sym- Now, when we resolve two sentences frosimboth of them
bols in a finite, unsatisfiable séf of clauses and if\/ is  have symbols that are not ih. Those symbols take prece-
a model, then there is a semanfitdeduction of the empty dence over the ones frof so the focused support condition
clause fromlJ. is held. If the resolvent has only literals frolm then we put

Roughly, P-deduction resolves claugs C, on predicate  1tin 5. Otherwise, we putitirs.

Ronly if C; satisfiesM, Cs does not satisfy/, andR is the Finally, assume thefi = D. Then,SU{—D} is consistent.
largest among the predicatesGh, in some preset order. However,SUS = D (as shown above with the-deduction),
soSUSU{-D} is not consistent. However, for sentences in
S, S resolution with our semantic support condition is equiv-
alent to using ordered resolution with the order only specify-
ing that literals inL are resolved after literals not ib. Since
this is known to be complete fdi-consequence findini@0;

7], we know thatS = D, and the proof is done. O

Theorem 6.3. Focused support is sound and completefer
consequence generation (c.f. Definition 2.1).

Proof. Let A be a clausal theory anf) € L(L) a clause
such thatd = D. We show that focused support eventually
generatedD as a result ofA. Assume that4 is consistent.
Thus, there is a modéll that satisfiesd. Let S be as in the
definition of the focused support strategy for

Lemma 6.2 says that there isfaresolution of{} from A MFS resolution is the combination of MP with the focused
for the modelM and for every ordering® of the predicate support restriction within partitions. As discussed in Section
symbols. Since everythind resolves with is already 1§, 2.2, MP is sound and complete provided that each partition
we can remove-D from the resolution graph of this proof uses a reasoning procedure that is sound and complete for
and yield D from the P-deduction of A. This shows that L-consequence finding. Since focused support is such a pro-
there is aP-deduction ofD from A. cedure, MFS resolution is also sound and complete:
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Corollary 6.4 (Soundness and Completeness of MFS).
MP with the focused support restrictigMFS resolution)s Resolution steps (vs. set-of-support)
sound and complete.

Oqg1 Ev5 Op5 Op7 @vn2 Op1 E@v10 Op4 Mp3 i

The relative performance of MFS, as depicted in Figure 2,
is encouraging. For most queries, the performance of MFS | 100%
is comparable to that of SOS; and for a minority of queries
MFS is one or even two orders of magnitude more efficient. 80% 1

We also examined the performance of MFS combined with

60% -

PDO (MFS+PDO), which was slightly superior to that of

MFS alone. However, unlike MFS, MFS+PDO is incom- 40% -

plete. Section 7 discusses the incomplete strategy MFS+SOS,

which exhibited even better performance. 20% 1

Theorem 6.5 (Incompleteness of MFS+PDO)PDO with 0% -

the focused support restrictigMFS+PDO)is incomplete. MP + SOS PDO + SOS MFS + SOS

The incompleteness of MFS+PDO can be seen by noticing
that focused support is stricter than each of SOS and semantic

resolution. When we add PDO to this restriction, we e”m'qi:igure 5: Performance comparison of three combinations of

inate resolutions with any clause that does not share predgasoning strategies. In contrast to Figure 2, the vertical axis
icates with the clauses in the negated query. Interestingly,

MFS+PDO is very close to being complete, in the following s normalized refative to SOS.

sense. A close examination of the proof of Theorem 6.3 re-

veals that we can apply a predicate order restriction to clausgg Theorem 5.2. When the PDO predicate ordering is de-
that do not contain pl’edicates_ frqﬁ\and still mai.ntain Com'- . termined by the same partitioning being used in MP, then
pleteness for-consequence finding. Thus, a simple modifi- PpDO+SOS restricts resolution to only those clauses that in-
cation of MFS+PDO, allowing clauses in the focused support|ude predicates that appear in the support. Despite its in-
ofa part|t|0n to resolve on any nahiiteral (W|th0ut consid- CompieteneSS, PDO+S0OS performed extremeiy wellin exper-

erations of ordering) is complete. imental evaluation. Incompleteness was never encountered
in practice, and the PDO+SOS combination answered every
7 Combinations of strategies query in fewer steps than any other strategy or combination

P di i ined th . trateai thoftstrategies.
receding sections examined tree reasoning stralegies Makrye compination of MFS with SOS (MFS+S0S) is incom-

are shown to be complete: MP, PDO, and MFS. In this lete as well, since MFS is a restricted form of MP, and

section we examine combinations of these strategies wit P+SOS is incomplete. This incompleteness was revealed
SOS. Though none of these combinations is complete, theprI experimental testing, when the MFS+SOS combination

have some interesting theoretical properties, and in practicg; e y'+4 answer a few queries. However, when it did not fail,
showed the best performance of all strategies evaluated. R IFS+SOS was highly efficient, answering most queries in as

sults of experimental evaluation are summarized in Figure 5
To combine MP with SOS, we maintain a global set of sup—feW steps as PDO+SOS.
ort, which initially contains only the negated query, and we
gllow resolution byetween two ci;uses o?lly if t?wey ere in the8 Summary and related work
same partition and at least one of them is in the support. Be/e propose, analyze, and experimentally evaluate a variety of
cause messages are sent only toward the goal partition in MBfrategies that improve the efficiency of resolution-based FOL
never away, resolution will occur only in the goal partition theorem provers. We also propose an algorithm to automat-
unless we place the negated query in every partition whoskally induce predicate orderings for ordered resolution. Ex-
language includes it. In either case, SOS resolution will ocperimental results confirm significant performance improve-
cur in partitions in which the negated query appears. ments using our techniques. This work makes promising
Clearly, the MP+SOS combination is not complete. Infor-practical contributions to the theorem proving community,
mation crucial to proving the query may reside in partitionspresented in a manner designed to facilitate replication. (For
that do not participate in the computation. However, the algosoftware and data, sdetp://www.ksl.stanford.
rithm determines the clauses that are most relevant to provingdu/projects/Partitioning .) Our results are par-
the query, in a simple and dynamic way. This sort of infer-ticularly significant for query answering with commonsense
ence is used extensively with large KBs, where the selectioiKBs, whose size, structure, and sometimes distributed nature
of the KB fragments needed to answer the query is done bynake them well-suited to our structure-based efficiency im-
hand. Our automatic selection mechanism may suffice foprovements.
many applications, and our experiments bear this out. There is a diversity of related work. Our algorithm to in-
The argument given for the incompleteness of MP+SOSluce a predicate ordering is the first to use graphical structure,
also shows that PDO+SOS is incomplete. This follows fromand in particular treewidth approximation algorithms, with
the relationship between MP and ordered resolution presentdeOL resolution. Current automated approaches to ordering
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predicates use properties of those predicates, such as their ar-
ity (e.g., the Knuth-Bendix methodL0] when applied to a
uniform weight function, as ifi21]), or generate an arbitrary 5]
default ordering (e.g., lexical, as [a8]). Our work is most
significantly distinguished from work on CSPs (e[6]) and
propositional reasoning (e.¢5; 15) in that we partition (and
subsequently order) a graph that includes all the nonlogica[IB]
symbols in the theory, whereas propositional methods order
nodes in a graph that correspond to propositional symbols anld]
ordering is often dynamic.

Our focused suppontestriction (on which MFS is based)
resembles SFK resolutidi7] and SOL resolutiorig] inits  [g]
computation of resolvents in a target language. However, in
contrast to SFK resolution, our target language is not cIoseF
under subsumption. Further, [i] there is no clear way to 9
determine a predicate ordering. MFS resolution combines fo-
cused support with predicate ordering imposed by MP, gen-
erating a significant improvement in performance.

Finally, there has been little experimental work studying[10]
the behavior of theorem proving strategies on large KBs, and
none on commonsense KBs. The success rate of leading theo-
rem provers, such as SPASS, Otter, Setheo, Protein and 3TAR1]
in formal verification problems with hundreds of axioms, is
shown in[14] to depend strongly on how good they are at
finding the few relevant axioms needed in the proofs. Ourlz]
work presents a principled method to successfully elicit suc
a set of relevant axioms, the PDO+SOS strategy being most
notably successful. [13]

In the future, we plan to continue our experimental eval-
uation with additional KBs. We also hope to demonstrate
the use of MP for collaborative theorem proving among dis-
tributed KBs and diverse (perhaps special-purpose) reasoners.
Finally, we note that PBR naturally enables parallelization[14]
of the FOL theorem proving task. The benefits of partition-
driven parallelism can be evaluated with little further imple-

mentation effort. [15]
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Abstract way uncertain evidence is specified. Jeffrey requires uncer-
tain evidence to be specified in terms of #féectit has on
beliefs once accepted, which is a function of both evidence
strength and beliefs held before the evidence is obtained.
Pearl, on the other hand, requires uncertain evidence to be
specified in terms of itstrengthonly. Despite this differ-
ence, we show that one can easily translate between the two
methods of specifying evidence and provide the method for
carrying out this translation.

The multiplicity of methods for specifying evidence also
raises an important question: how should informal statements
about evidence be captured formally using available meth-
ods? For example, what should the following statement trans-
late to: “Seeing these clouds, | believe there is an 80% chance
that it will rain?” We will discuss this problem of interpreting
1 Introduction informal evidential statements later, where we emphasize its

We consider in this paper the problem of revising beIiefsSUbﬂety' . . . - .

given uncertain evidence, where beliefs are represented using”S 0 the question of iterated belief revision: It is well

a probability distribution. There are two main methods forKnown that Jeffrey’s rule does not commute; hence, the or-
revising probabilistic beliefs in this case. The first method isd€f in which evidence is incorporated mattésaconis &
known asleffrey’s ruleand is based on the principlepioba- ~ 2aPell, 1982. This has long been perceived as a problem,
bility kinematicswhich can be viewed as a principle for min- until clarified recently by the work of Wagner who observed
imizing belief changdJeffrey, 1965 The second method is that Jeffrey’s method of specifying evidence is dependent on
calledvirtual evidenceand is proposed by Pearl in the context What is believed before the evidence is obtained and, hence,
of belief networks—even though it can be easily generalizeghould not be commutative to start witkvagner, 200p

to arbitrary probability distributions—and is based on reduc-"/agner proposed a method for specifying evidence, based
ing uncertain evidence into certain evidence on some virtug?" the notion ofBayes factorand argued that this method
event[Pearl, 1988 We analyze both of these methods in this specifies only the strength of evidence, and is independent of

We revisit the problem of revising probabilistic be-
liefs using uncertain evidence, and report results on
four major issues relating to this problem: How
to specify uncertain evidence? How to revise a
distribution? Should, and do, iterated belief revi-
sions commute? And how to provide guarantees on
the amount of belief change induced by a revision?
Our discussion is focused on two main methods for
probabilistic revision: Jeffrey’s rule of probability
kinematics and Pearl’s method of virtual evidence,
where we analyze and unify these methods from the
perspective of the questions posed above.

paper with respect to the following four questions: the beliefs held when attaining evidence. Wagner argued that

_ . ) when evidence is specified in that particular way, iterated re-

1. How should one specify uncertain evidence? visions should commute. He even showed that combining this
2. How should one revise a probability distribution? method for specifying evidence with the principle of proba-

bility kinematics leads to a revision rule that commutes. We
_actually show that Pearl’s method of virtual evidence is speci-
4. What guarantees can be offered on the amount of beliefing evidence according to Bayes factor, exactly as proposed
change induced by a particular revision? by Wagner and, hence, corresponds exactly to the proposal he
Our main findings can be summarized as follows. First, wecalls for. Therefore, the results we discuss in this paper unify
show that Jeffrey’s rule and Pearl’s method both revise bethe two main methods for probabilistic belief revision pro-
liefs using the principle of probability kinematics. Jeffrey’s posed by Jeffrey and Pearl, and show that differences between
rule explicitly commits to this principle, while Pearl’'s method them amount to a difference in the protocol for specifying un-
is based on a different principle. Yet, we show that Pearl’scertain evidence.
method implies the principle of probability kinematics, lead- Our last set of results relate to the problem of providing
ing to the same revision method as that of Jeffrey’s. The dif-guarantees on the amount of belief change induced by a re-
ference between Jeffrey’s rule and Pearl's method is in theision. We have recently proposed a distance measure for

3. Should, and do, iterated belief revisions commute?
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bounding belief changes, and showed how one can use it D wkam Pr(w)p%l)

to provide such guarante¢€han & Darwiche, 200R We = 4
show in this paper how this distance measure can be com- > P;"(w)
puted when one distribution is obtained from another using - wEoi

the principle of probability kinematics. We then show how Pr(v;)

the guarantees provided by this measure can be realized when Pr(a, ;)
applying either Jeffrey’s rule or Pearl's method, since they = W

both are performing revision based on the principle of proba-

bility kinematics. = Pr(a|y).

Therefore, for any event, its probability under the new dis-

2 Probability Kinematics and Jeffrey’s Rule tribution P’ is:
Suppose that we have two probability distributiofs and , , ,
Pr’ which disagree on the probabilities they assign to a set of Prifa) = Z Pri(o | v:) Pri (i)
mutually exclusive and exhaustive evenis. . ., v,, yet: i

Pr(a | ) = Pr'(a | 7), (1) = > Prlalma
fori = 1,...,n, and for every event in the probability ’ Pr(a, )
space. We say here thBt is obtained fromPr by probabil- - Z g i)
ity kinematicson 1, . . ., v.. This concept was proposed by — " Pr(v)

Jeffrey[1969 to capture the notion that even though and o
Py’ disagree on the probabilities of events they agree on which is the cI_osed form for Jeffrey’s rule. We now show an
their relevance to every event example of using Jeffrey’s rule.

Consider now the problem of revising a probability distri-
bution Pr given uncertain evidence relating to a set of mutu-
ally exclusive and exhaustive events . . ., v,. One method
of specifying uncertain evidence is through #féectthat it
would have on beliefs once accepted. That is, we can say th
the evidence is such that the probabilityypbecomesg; once
the evidence is accepted. If we adopt this method of evidence Pr(s,cg) = .12, Pr(s,c;) = .12, Pr(s,c,) = .32,
specification, we conclude that thereoisly onedistribution Pr(s,cy) = .18, Pr(3,c,) = .18, Pr(s,¢,) = .08.
Pr’ such that:

o Pri(y,)=¢fori=1,... n.

Example 1 (Due to Jeffrey) Assume that we are given a
piece of cloth, where its color can be one of: greeg),(blue
(cp), or violet (¢,). We want to know whether, in the next day,
the cloth will be sold £), or not sold §). Our original state
8k belief is given by the distributiofr:

Therefore, our original state of belief on the color of the cloth
. ; o i (cq,cp; cy) Is given by the distribution{.3, .3, .4). Assume
e Pr'is obtained fromPr by probability kinematics on  that we now inspect the cloth by candlelight, and we want

RERERRR LR to revise our state of belief on the color of the cloth to the
Moreover, this specific distribution is given by: new distribution(.7, .25, .05) using Jeffrey’s rule. If we apply
, def ¢ ] Jeffrey’s rule (Equation 2), we get the new distributiBr;
Pr'(w) € Pr(w) e )
Pr(vi) Pr'(s,cq) = .28, Pr'(s,cp) =.10, Pr'(s,c,) = .04,
wherew is an atomic event, also known as a world, &ads Pr'(5,cq) = 42, Pr'(5,cy) = .15, Pr'(s,c,) = .01

the logical entailment relationship. This is exactly the distri-
bution that Jeffrey suggests and, hence, this method of re8 Virtual Evidence and Pearl’s Method

vision is known asleffrey’s rule We stress here that we - S

are drawing a distinction between the principle of probabil- 1€ Problem of revising a probability distribution under un-
ity kinematics and Jeffrey’s rule, which are often considerecf€rtain evidence can be approached from a different perspec-
synonymous. Specifically, Jeffrey’s rule arises from a com-ive than that of probability kinematics. Specifically, when we
bination of two proposals: (1) the principle of probability have uncertain evidence about some mutually exclusive and

kinematics, and (2) the specification of uncertain evidence u£Xhaustive events;, ..., 7,, we can interpret that evidence
ing a posterior distribution. It is possible for one to combine@Shard evidencen somevirtual event), where the relevance

the principle of probability kinematics with other methods for Of 71 - - - 7» 1077 iS uncertain. Itis assumed that the virtual
specifying evidence as we discuss later. eventn depends only on the events, . . . , v, and, therefore,

It is not hard to show that the above distributigh” IS independent of any other evengiven-;:
is indeed obtained fromPr by probability kinematics on
Y5, 7n, @S it satisfies Equa){iopn 1: 4 Pr(n | vi,a) = Pr(n | 7). 3)
Pr'(a, ;) According to this approach, the uncertainty regarding evi-
Pri(a|v) = P'i’ dence onyy, ..., 7, IS recast as uncertainty in the relevance
(i) of v1,..., v, to the virtual event). Specifically, the uncer-
_ Zw\:(x,'yi Pr'(w) tainty is recast as the likelihood et given virtual evidence
- ¢ n: Pr(n|v),fori=1,...,n.
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We next show that the new distribution obtained after ac-The uncertainty of evidence is quantified by the likelihood ra-

cepting the uncertain evidence on ..., v,, Pr(- | n), is: tios: Pr(z |y1):...: Pr(z | yn) = A1 :...: Ay, Which are
A specified in the CPT of variablg. Finally, we incorporate
Pr(w|n) = Pr(w)e=——r——, ifwkE~, (4 thepresence of the virtual evenby adding the observation
> Pr(vi)A; 7 = 2 to the rest of evidence in the belief network. We now
where)\q, ..., )\, are ratios chosen such that: show a simple example.

Ay A= Pr(n | ) : . Pr(n | ) E>_<ample2(Due to Pearl) We are given a belief network
oo sin I 2 BT ) with two variables: A represents whether the alarm of Mr.
Hence, the specific likelihoodBr(n | ;) are not important Holmes’ house goes off, anl represents whether there is
here, but their ratios are. This is why this method usuallya burglary. To represent the influence between the two vari-
specifies uncertain evidence using a set of likelihood ratiosbles, there is a directed edde — A. The CPTs of4 and
A1,..., A\, [Pearl, 1988 The derivation of Equation 4 is B are given by:Pr(a | b) = .95, meaning the alarm goes off
based on the assumptions underlying the method of virtuaf there is a burglary with probability95; Pr(a | b) = .01,

evidence given by Equation 3: meaning the alarm goes off if there is no burglary with prob-
Pr(w,n) ability .01; and Pr(b) = 10~*, meaning on any given day,
Priw|n) = —>=* there is a burglary on any given house with probability .
Pr(n) One day, Mr. Holmes’ receives a call from his neighbor,
B Pr(n | w)Pr(w) Mrs. Gibbons, saying she may have heard the alarm of his
Zj Pr(n | v;)Pr(v;) house going off. Since Mrs. Gibbons suffers from a hearing

P P problem, Mr. Holmes concludes that there is an 80% chance
— r(n | i, @) Pr(w) that Mrs. Gibbons did hear the alarm going off. According

> Pr(n | ;) Pr(v;) to the method of virtual evidence, this uncertain evidence can
Pr(n | 7i)Pr(w) be specifigd by the virtual faventan_d the Iikelihohod r.atio:I
S Pr(n | v) Pr(7,) Pr(n | a): Pr(n|a) =4 : 1. Toincorporate the virtua
J J J evidence into the belief network, we add the varialleind
— Pr(w) Ai if w b= the directed edgel — Z, and specify the CPT df such that
- ’ = i Pr(z | a) : Pr(z | @) = 4 : 1. For example, we can assign

ST Pr(vi)A;
_ ! o _ Pr(z | a) = 4and Pr(z | @) = .1. After incorporating
The last step is based dr(n | v;) = kA, wherek is a  the virtual evidence by adding the observatiBn= = to the
constant. For any eveat, the new probability after accom- evidence, we can easily compute the answers to queries in

modating the virtual evidence is: the belief network. For example, the probability that there
is a burglary at Mr. Holmes’ house is nowr(b | z) =~
Prialn) = > Prla,|n) 3.85 x 10,
_ Zpr(av%.)# 4 Comparing the Revision Methods

i 25 4 Pr(v;) From the illustrations of the two belief revision methods, Jef-
> NiPr(a,v) frey’s rule and Pearl’s method of virtual evidence, we can see
- SN Pr(v;) that a belief revision method can be broken into two parts: a

37 ! formal method of specifying uncertain evidence, and a prin-

which is the closed form for Pearl’s method. ciple of belief revision that commits to a unique distribution

The above revision method is a generalization of theamong many which satisfy the uncertain evidence.
method of virtual evidence proposed by P44889 in the o _
context of belief networks. A belief network is a graphi- 4.1 Pearl’s method and Probability Kinematics

cal probabilistic model, composed of two parts: a directedye now show that Pearl’s method, like Jeffrey’s rule, also

acyclic graph where nodes represent variables, and a set gheys the principle of probability kinematics; what they differ
conditional probability tables (CPTs), one for each variablejn js'how uncertain evidence is specified.

[Pearl, 1988; Jensen, 2d01The CPT for variableX with Suppose that a probability distributidh was revised us-
parentsU defines a set of conditional probabilities of the jng the method of virtual evidence, with likelihood ratios
form Pr(z | u), wherex is a value of variableX, andu  \/" '\ pearing on events,,...,~,, obtaining the new

is an instantiation of paren®s. Suppose now that we have gistribution Pr(- | 7). We can easily see that the revision sat-

some virtual evidence bearing on variablewhich has val-  isfies the principle of probability kinematics, i.e. Equation 1:
uesyi, ..., yn. Thisvirtual evidence is represented in the be-

lief network by adding a dummy nodé and a directed edge p ‘ _ Pr(a,viln)

Y — Z, where one value of, sayz, corresponds to the vir- rla ]y, m) = Pr(v; | n)

tual event). This ensures the assumption of Equation 3, that P As
virtual eventz is independent of every other evengiven ev- (e, 7i) S Pr(vi)A;
eryy;, i.e., Pr(z | yi,«) = Pr(z | y;), which follows from = Tprim oY

the independence semantics of belief netwdResarl, 1988 r(v) S PrmA;

BELIEF REVISION AND UPDATE 101



Pr(a, i) 4.3 From Jeffrey’s Rule to Pearl’s Method

Pr(vi) We can also easily translate from Jeffrey’s rule to Pearl’s
= Pr(alv). method.  Specifically, the new probabilities of events

,. .., after applying Jeffrey’s rule are given by:
Therefore, both Jeffrey’s rule and Pearl’s method obey the'* 7 PPYINg Y g Y

principle of probability kinematics for belief revision. Pr'(vi) = qi-

4.2 From Pearl’s Method to Jeffrey’s Rule Suppose instead that we want to revise the distribuften

With the previous result, we now show how we can easilyusmg Pearl's method. We can do this by applying the method

iy Yof virtual evidence, with likelihood ratiog, ..., A,, such
translate between the two methods of specifying uncertai at ! "

evidence. For example, to translate from Pearl’s method to
Jeffrey’s rule, we note that the new probabilities of events
1, - .., Y after applying virtual evidence, with likelihood ra-

Alz...:An:L'...:qin

PT(’Yl) . Pr(’}/n)'
Therefore \; = kq;/Pr(v;), wherek is a constant. Substi-

oS A1, ..., An, are given by: tuting A; in Pearl’s method (Equation 4), we get:
Pr(yi|m) = > Pr(w|n) kg

wk Pr(w|n) = Pr(w) () T
> Pri) e S P

= "W 77— .
= > Pr(vi)A; - Pr(w)Prq(Zvy if w =,

= PT(’Yi)W- because _; ¢; = 1. This is exactly the distribution obtained

j J)Ng

by Jeffrey’s rule (Equation 2). We now illustrate this transla-
Suppose instead that we want to revise the distribuffen tion by revisiting Example 1.

us_ing Jeffrey’s rule, a_lssuming that af.ter accepting uncertaigxamme 4 In Example 1, we applied Jeffrey's rule on the
evidence, the probability of; becomes: original distribution Pr to obtain new distribution?r’. We
A; can also do this by applying the method of virtual evidence.
q; = PT(%)W- We can interpret the inspection of the cloth by candlelight as
3 T\ virtual evidencey, wherePr(n | ¢,) : Pr(n | ) : Pr(n |
Substituting the above probability in Jeffrey’s rule (Equa- €v) = Ag = Ap = Ay, = 7 : 2.5 : .375." The probability
tion 2), we get: distribution of the color of the cloth after applying virtual
evidence is therefore given by:

Pr(%)iz P)‘i
Pr(vi)A; Pr(cg)A
/ — J P — 9/"*9 =7
Priw) Priv)—>00 ricg [m) Pr(cg)hy + Prics)h + Pricany
i . PT(Cb>)\b
— Prw)— i w =y, P = — 25
( )zj Pr(vj)A; =7 rice [ m) Pricg)hg + Pr(co)n + Pr(co)h
which is exactly the distribution obtained by the method of py(c, | 1)) = Pr(cy) A _ o5,
virtual evidence (Equation 4). We now illustrate this transla- Pr(cg)Ag + Pr(cy) Ny + Pr(cy)Ay

tion by revisiting Example 2. We can easily verify that this probability distributidpr(- |

Example 3 In Example 2, we applied the method of virtual 7) obtained by virtual evidence is the same as the distribution
evidence onPr, by specifying the virtual evidence?r(n | Pr’ obtained by Jeffrey’s rule.

a) : Pr(n | @) = Ay : Ag = 4 : 1. The original prob-

abilities of a and @ are given by: Pr(a) = .010094, and 5 |Interpreting Evidential Statements

Pr(a) = .989906. After applying the virtual evidence, the . . ,
ik — ; . The evidence specification protocols adopted by Jeffrey’s rule
new probabilities ofi anda are given by: and Pearl's method have been discussed by P2aai, in

Aa N ' relation to the problem of formally interpreting evidential
Pr(a|n) = Pr(a) Pr(a)ha + Pri@hs 039189, statements. Consider the following statement as an example:
_ _ py- Looking at this evidence, | am willing to bet 2:1
Praln) = Pr@) gy prang 6081 that David is not the killer.

This statement can be formally interpreted using either pro-
tocol. For example, itx denotes the event “David is not the
killer,” this statement can be interpreted in two ways:

Alternatively, we can apply Jeffrey’s rule to obtain the new
distribution Pr’ such thatPr’(a) = Pr(a | n) ~ .039189
and Pr'(a) = Pr(a | n) ~ .960811, and Pr’ will be the
same to the distributioPr(- | n) obtained by virtual evi- 1The X's are chosen such that = kPr'(c;)/Pr(c;), wherek
dence. is a constant.
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1. After accepting the evidence, the probability that Davidgardless of how this is accomplished though, we need to
is not the killer becomes twice the probability that David stress that the process of mapping an informal evidential
is the killer: Pr'(a) = 2/3 and Pr' (@) = 1/3. statement into a revised probability distribution involves three

2. The probability that | will see this evideneggiven that distinct elements:

David is not the killer is twice the probability that | will 1. One must adopt a formal method for specifying evi-
see it given that David is the killet?r(n | ) : Pr(n | dence.
a)=2:1.

2. One must interpret the informal evidential statement, by
The first interpretation translates directly into a formal piece  translating it into a formal piece of evidence.

9f evidence, Je'ffrey’s"s.tyle, and can pe ch.ar'acterized as ang one must apply a revision, by mapping the original

‘All things con3|der_ed interpretation since it is a statement probability distribution and formal piece of evidence

about the agent’s final beliefs, which are a function of both into a new distribution.

his prior beliefs and the eviden¢Bearl, 2001 On the other ] ] ]

hand, the second interpretation translates directly into a forOur main point here is that Jeffrey’s rule and Pearl’s method

mal piece of evidence, Pearl's style, and can be charactefmploys the same belief revision principle, i.e. probability

ized as a “Nothing else considered” interpretation since it i&inematics. Moreover, although they adopt different, formal

a statement about the evidence ofigarl, 2001 methods for specifying ey!der]ce, one can translate between
The two interpretations can lead to contradictory conclu-the two methods' of specn‘|cat|on.’ Finally, one may take the

sions about the evidence. For example, if we use the “Nothindi€W that Jeffrey’s rule and Pearl’s method constitute com-

else considered” approach to interpret our statement, we wilnitments to hoyv |nformal evidential statements should be in-

conclude that the evidence is against David being the killetterpreted, making the first and second elements the same, but

However, if we use the “All things considered” interpretation, We do not take this view here. Instead, we regard the issue of

it is not clear whether the evidence is for or against, unles§térpretation as a third, orthogonal dimension which is best

we know the original probability that David is the killer. If, addressed independently.

for example, David is one of four suspects who are equally

likely to be the killer, we will originally havePr(a) = 3/4. 6 Commutativity of Iterated Revisions

Therefore, 'ghig evider_lce has actually inqreased the probabi\I/-Ve now discuss the problem of commutativity of iterated re-
ity that David is the killer! Because of this, Pearl argues forvisions that is, whether the order in which we incorporate

the “Nothing else considered” interpretation, as it provides certain evidence mattets.

a summary of the evidence and the evidence alone, and dig-nlt. Ik that iterated revisi by Jeffrev’s rul
cusses how people tend to use betting odds to quantify thejr '* 'S Well Known that iterated revisions by Jefirey's rule are

beliefs even when they are based on the evidence[gwlgrl, "t commutativéDiaconis & Zabell, 198P As a simple ex-
2001. ample, assume that we are given a piece of uncertain evidence

which suggests that the probability of evenis .7, followed

Example 2 provides another opportunity to illustrate theb another piece of uncertain evidence which suggests that
subtlety involved in interpreting evidential statements. Thetﬁ/e probabiIFi)ty ofa is .8. After incorporating bothg?)ieces
evidential statement in this case is “Mr. Holmes concludes that order, we will believe that the probability ofis .S.

. 0 : ;
that there is an 80,,@ chance _that Mrs. Gibbons q'd heag:owever, if the reversed order of revision is employed, we
the alarm going off.” Interpreting this statement using the ill believe that the probability ofv is .7. In general, even if

ﬁil/ ;[Zl)ngs]gg?as)ldiref .ag)p\rler? SP e%w; :n%?é[:iﬁ g Zﬂgﬁ'tot?];r;awe are given pieces of uncertain evidence on different events,

the alarm has gone off. This interpretation assumes that thléerat_ed revisions by Jefirey's rule are not commutatlve;
4 : 1 ratio applies to the posterior beliefsdranda, after Mr. This was viewed as a problematic aspect of Jeffrey's rule
Holmes has accommodated the evidence provided by Mr ora long time, until clarified recently by Wagn{?2002].
Gibson. However, in Example 2, this statement was given &'t \Wagner observed and stressed that the evidence spec-
“Nothing else considered” interpretation, as by Péaggg, ~'cation method adopted by Jeffrey is suitable for the "All
Page 44-4] where thet - 1 ratio is taken as a quantificatibn things considered” interpretation of evidential statements.
of the evidence strength. That is, the statement is interpretedO"€0Ver. he argued convincingly that when evidential state-
asPr(y | a) : Pr(n | @) = 4 : 1, wherey stands for the ments carry this interpretation, they must not be commutative
evidence. In fact, the two interpretations will lead to two dif- to start W'.th' So the lack of commutativity is not a problem

of the revision method, but a property of the method used to

ferent probability distributions and, hence, give us different

answers to further probabilistic queries. For example, if Wespecify evidence. In fact, Wagner suggested a third method

use the “All things considered” approach in interpreting thisfor specifying evidence based on Bayes facf@sod, 1950;

evidential statement, the probability of having a burglary will 1983; Jeffrey, 199 which leads to commutativity. Specif-

be P (b) = 7.53x 10~3, which is much larger than the prob- ically, if Pr and Pr’ are two probability distributions, and

ability we get using the “Nothing else considered” approach 2, . T . - . _
in Example 2, which i$.85 x 10—, There is a key distinction between iterated revisions using cer

. ) ) . tain evidence versus uncertain evidence. In the former case, pieces
From the discussions above, the formal interpretation obs evidence may be logically inconsistent, which adds another di-

evidential statements appears to be a non-trivial task, whichension of complexity to the problefiDarwiche & Pearl, 1997

can be sensitive to context and communication protocols. Rdeading to different properties and treatments.
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~; and~; are two events, thBayes facto(or odds factor), beliefs. We have recently proposed a distance measure de-
Fpr.pr(vi 7). Is defined as the ratio of new-to-old odds:  fined between two probability distributions which can be used
wer Pr'(+:)) Pr(v;) to bound the amount of belief change induced by a revision
Ferr pr(i : 5) bef 2T \Na)/ 2T \T5) [Chan & I_I)arW|che_:, 200R We review this measure next ano_l
’ Pr(vi)/ Pr(v;) then use it to provide some guarantees on any revision which
Given this notion, one can specify uncertain evidence on & Pased on probability kinemati€s.
set of mutually exclusive and exhaustive evefts...,y,  Definition 1 [Chan & Darwiche, 200R Let Pr and Pr’ be

by specifying the Bayes factor for every pair of eveptaind  two probability distributions over the same set of worlds

v;. One interesting property of this method of specificationwe define a measui@(Pr, Pr') as follows:
is that Bayes factors do not constrain the probability distribu-

tion Pr, i.e., any evidence specified in this way is compatible 1, . p,y % | priw) . Prw)
with every distributionPr.> Hence, they are suitable for a (Pr, Pri) = T Pr(w) S Pr(w)’
“Nothing else considered” interpretation of evidential state- ) i

ments. where0/0 is defined as 1.

Interestingly enough, Wagnd2004 showed that when This distance measure can also be expressed using the Bayes
evidence is specified using Bayes factors and revisions afgctor:
accomplished by probability kinematics, belief revision be-

comes commutativé. This was an illustration that Jeffrey’s D(Pr,Pr') =In max Fppr pr(w; : wj)-
rule is indeed composed of two independent elements: an ev- o
idence specification method, and a revision method. This measure satisfies the three properties of distance: posi-

In fact, we now show that the evidence specificationtiveness, symmetry, and the triangle inequality. It is useful to
method adopted by Pearl’s method corresponds to the methadmpute this distance measure between two probability dis-
of specifying evidence by Bayes factors. This has a numbetributions as it allows us to bound the difference in beliefs
of implications. First, it shows that revisions by the virtual captured by them.

evidence method are commutative. Second, it provides aneorem 1 [Chan & Darwiche, 200R Let Pr and Pr’ be

alternate, more classical, semantics for the virtual evidenc e L
v ; v 9= { ili istributions over th m f worlds. L
method. Finally, it shows again that Jeffrey’s rule and Pearl’sﬁm0 probability distributions over the same set of worlds. Let

method both revise distributions using probability kinemat-"" and§ be two events. We then have:

ics. . o —p(prpry o 9@l B) _ peprpr)
Specifically, suppose that we revise a probability distribu- € = 0| p) — ¢ )
tion Pr using the method of virtual evidence, with likelihood

ratios\y, ..., \, bearing on events,...,~,, and suppose WhereO(a | 3) = Pr(a | 8)/Pr(@ | ) is the odds of

that we get distributiorPr’ as a result. We then have: eventa given with respect taPr, andO’(« | 5) = Pr'(«a |
Py Py B3)/Pr'(a | B) is the odds of event given3 with respect to
For pe(vi 1 vj) = Pri(y)/Pr'(v;) Pr’% The bound is tight in the sense that for every pair of
’ Pr(vi)/Pr(v;) distributions Pr and Pr’, there are events and 3 such that:
Pr(vi)Xi/(Y_, Pr(ve)ie) / (=
PT('YJ')’\J'/(ZZ Pr(ve) ) M — D(Pr.Pr ); M — o~ D(Pr.Pr')
= Pr(q:) O(a | /6) O(a ‘ 6)
Pr(v) According to Theorem 1, if we are able to compute the dis-
_ Ai _ tance measure between the original and revised distributions,
Aj we can get a tight bound on the new belief in any conditional

event given our original belief in that event. The following
theorem computes this distance measure for belief revision
methods based on probability kinematics.

That is, if we specify evidence by Bayes factqy \; for ev-
ery pair of eventsy; and~;, and then revise distributiofr
using probability kinematics, we obtain the same distribution

that arises from applying the virtual evidence method. Theorem 2 If Pr’ comes fromPr by probability kinematics
ON Y1, ..oy Yo the distance measure betweBn and Pr’ is
7 Bounding Belief Change Induced by given by:
Probability Kinematics Pr'(v:) _ Pr'(y)

D(Pr, Pr') = Inmax nmin .
( : i Pr(v) i Pr(v)

- 5The results in this section are reformulations of previous results
3This is not true if we use ratios of probabilities instead of ratios[Chan & Darwiche, 200R and are inspired by a new understand-

of odds. For example, iPr’ (o)) = 2Pr(«), we must havePr(a) < ing of Jeffrey’s rule and Pearl’s method as two specific instances of

.5 becausePr’(a) < 1 [Wagner, 200R revision based on probability kinematics, and the understanding of
4Wagner shows not only that the representation of uncertain evPearl’s method in terms of Bayes factors.

idence using Bayes factors is sufficient for commutativity, butin a  °Of course, we must havBr(8) # 0 and Pr’(3) # 0 for the

large number of cases, necessary. odds to be defined.

One important question relating to belief revision is that of
measuring the extent to which a revision disturbs existin
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Theorem 2 allows us to compute the distance measure fd¥0-10065. We also wish to thank Carl Wagner, Judea Pearl,

revisions based on Jeffrey’s rule and virtual evidence. and the late Richard Jeffrey, for their valuable comments and
Corollary 1 If Pr’ comes fromPr by applying Jeffrey’s rule discussions.
to eventsyy, ..., v,, with posterior probabilitiesyy, . . ., g,,
the distance measure betweBn and Pr’ is given by: References
, ¢ g [Chan & Darwiche, 200R Hei Chan and Adnan Darwiche.
D(Pr, Pr') = Inmax Priv) Inmin Pr(v)’ A distance measure for bounding probabilistic belief

_ change. IrProceedings of the Eighteenth National Confer-
Corollary 2 If Pr’ comes fromPr by applying the method  ence on Artificial Intelligencepages 539-545, Edmonton,

of virtual evidence, with likelihood ratiak,, .. ., \,, bearing Canada, July 2002.
) .
SR/grl]’ by’% the distance measure betweBn and Pr' is [Darwiche & Pearl, 1997 Adnan Darwiche and Judea Pearl.

On the logic of iterated belief revisionArtificial Intelli-

D(Pr, Pr') = Inmax \; — Inmin \;. gence87(1-2):1-29, January 1997.
- . . [Diaconis & Zabell, 198p Persi Diaconis and Sandy L.

The significance of Corollaries 1 and 2 is that we can com- 7 p0 | yndating subjective probabilityJournal of the
pute the distance measure easily in both cases. For Jeffrey’s American Statistical Associatioiv:822—830. 1982
rule, we can compute the distance measure by knowing onIE/ ) - ' o
the prior and posterior probabilities of evenis. .., v,. For ~ [Good, 1950 Irving J. Good. Probability and the Weighing
Pearl’s method, we can compute the distance measure by Of Evidence Charles Griffin, London, 1950.
knowing only the likelihood ratios, . . ., A,. For bothrevi-  [Good, 1983 Irving J. Good. Good Thinking: the Founda-
sion methods, the distance measure can be computed in con-tions of Probability and Its Applications University of
stant time from the uncertain evidence, and we can guarantee Minnesota Press, Minneapolis, 1983.

a bound on the belief change due to the revision principl . . -
o h . - . Jeffrey, 1965 Richard C. Jeffrey. The Logic of Decision
of probability kinematics, without explicitly knowing the re- Et Mcéraw-lfill New York 1965)( (2nd eégition) University

vised probability distribution. ; : :
We close this section by showing that the principle of prob- gggglcago Press, Chicago, 1983. (Paperback correction)

ability kinematics is optimal in a very precise sense: it com- . .
mits to a probability distribution that minimizes our distance [Jeffrey, 1992 Richard C. Jeffrey. Probability and the Art

measure. of Judgement Cambridge University Press, Cambridge,
Theorem 3 If Pr’ comes fromPr by probability kinematics 1992. _ .

on~i,...,vn, itis optimal in the following sense. Among all [Jer}sgn, 20d1Finn V. JensenBayesian Networks and De-
possible distributions that agree wif’ on the probabilities cision Graphs Springer—\Verglag, New York, 2001.

of eventsyy, ..., v, Pr'is the closest t@r according tothe  [pearl, 1988 Judea PearlProbabilistic Reasoning in Intel-
distance measure given by Definition 1. ligent Systems: Networks of Plausible Inferenborgan

Kaufmann, San Francisco, 1988.

8 QOHClUSIOh _ o [Pearl, 2001 Judea Pearl. On two pseudo-paradoxes in
In this paper, we analyzed two main methods for revising Bayesian analysisAnnals of Mathematics and Atrtificial
probability distributions given uncertain evidence: Jeffrey’s Intelligence32:171-177, 2001.

rule and Pearl’s method of virtual evidence. We showed thafWagner 200P Carl Wagner. Probability kinematics and
the two methods use the same belief revision principle, i.e: comm'utativity Philosophy.of Sciend®9:266—278. 2002

probability kinematics, with their difference being only in the
manner in which they specify uncertain evidence, and showed
how to translate between the two methods for specifying evi-
dence. We also discussed the much debated problem of inter-
preting evidential statements. Moreover, we showed that the
method of virtual evidence can be reformulated in terms of
Bayes factors, which implies a number of results, including
the commutativity of revisions based on this method. Finally,
we showed that revisions based on probability kinematics are
optimal in a very specific way, and pointed to a distance mea-
sure for bounding belief change triggered by any revision
based on probability kinematics. Our bounds included Jef-
frey’s rule and Pearl’s method as special cases.
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Quantifying information and contradiction in propositional logic
through test actions
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Abstract

Degrees of information and of contradiction are in-
vestigated within a uniform propositional frame-
work, based on test actions. We consider that the
degree of information of a propositional formula
is based on the cost of actions needed to identify
the truth values of each atomic proposition, while
the degree of contradiction of a formula is based
on the cost of actions needed to make the formula
classically consistent. Our definitions are to a large
extent independent of the underlying propositional
logic; this flexibility is of prime importance since
there is no unique, fully accepted logic for reason-
ing under inconsistency.

1 Introduction

Information and contradiction are two fundamental aspects
of knowledge processing. Quantifying them is an important
issue when reasoning about beliefs (or preferences) stemming
from one or different sources. Here are some contexts where
quantifying information and contradiction is relevant:

e diagnosis and testing. In model-based diagnosis, some
initial assumptions that each component works correctly are
made; these assumptions may conflict with actual observa-
tions. Measuring the conflict of the resulting base may be a
good hint about how hard it will be to identify the faulty com-
ponents.

e preference elicitation. In the interactive process of elicitat-
ing the preference profile of an individual (user) about a set
of possible alternatives, it is not unfrequent that contradictory
preferences arise. In this situation, it is useful to quantify and
localize the contradictions as well as the information about
the user’s preferences, so as to be in position to choose the
next questions to ask.

o belief merging. In this framework, degrees of information
and contradiction can be the basis on which one can decide
whether to take or not into account the data conveyed by an
agent. If the degree of contradiction of the data given by an
agent is high, it may be relevant to reject the information,
since there is a significant evidence that the source is not reli-
able; however, this must be balanced by the quantity of infor-
mation furnished by the agent, especially when she also gives
some important and uncontroversial pieces of information.

e group decision making. Contradictions arise frequently
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when trying to reach a compromise among several agents who
have possibly conflictual preferences about a common deci-
sion (like voting, resource sharing, public goods buying). In
this context, not only it is relevant to compute a global degree
of conflict (among the set of agents) but also degrees of con-
flicts associated with small groups of agents (coalitions) so as
to localize as precisely as possible where the conflicts are.

Now, what do “degree of information” and “degree of con-
tradiction” mean? There is no consensus about it. The main
features shared by existing definitions (and there are not nu-
merous, cf. Section 7) is that (1) such degrees are numerical
values, and (2) they vary depending on the representation lan-
guage. Thus, one may consider a as fully informative in the
case where a is the single atomic proposition of the language
but surely not fully informative when the vocabulary also con-
tains b (provided that ¢ and b are independent propositions).

In this paper, our point of view is that it is inadequate
to quantify the information/contradiction conveyed by some
data without considering at the same time a set of available
actions and a goal to be reached. Accordingly, our degrees
of information and contradiction are defined in an “active”
way. Acting so as to reduce inconsistency or to gain infor-
mation often relies on performing knowledge-gathering ac-
tions (also called tests). We consider that the degree of in-
formation of an information base is based on the number (or
the cost) of actions needed to identify the truth value of each
atomic proposition (the lower the cost the more informative
the base); and that the degree of contradiction of an infor-
mation base is based on the number (or the cost) of actions
needed to render the base classically consistent. Thus, both
degrees are dependent on the language but also on the given
set of tests and the way plans costs are computed.

The rest of this paper is organized as follows. After some
formal preliminaries in Section 2, we present our framework
in Section 3. In order to show the generality of our frame-
work, we instantiate it to three different propositional log-
ics: classical logic (Section 4), the paraconsistent logic L P,
(Section 5) and a syntax-based approach to inconsistency
handling (Section 6). Related work is given in Section 7, and
some conclusions in Section 8.

2 Formal preliminaries and notations

We consider a propositional language £pg based on a finite
set of propositional symbols P.S and a set of connectives that
may vary depending on the logic used. Well-formed formulas
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are denoted by ¢, 1, etc. The available information is repre-
sented by a formula X of Lpg (called information base).

Since we wish to keep a reasonable level of generality, we
do not want to commit right now to a particular propositional
logic. Indeed, flexibility is a major feature of our framework,
and it is essential at least for two reasons. On the one hand,
classical logic is inadequate to handle contradiction: ex falso
quodlibet sequitur (a single, local contradiction is sufficient
to pollute the whole information base). On the other hand,
there is no unique, fully accepted, logic for reasoning under
inconsistency. This is reflected by the various approaches that
can be found in the literature under different names like belief
revision, merging, paraconsistent logics, etc.

Lpg is required to possess the following ingredients:

1. A consequence relation =1, on Lpgs X Lpg.

2. An acceptance function A, C Lps X Lpg: AL(3,¢)
means that given the information base X, ¢ is accepted
as a true information (we say that X accepts ¢). By de-
fault, acceptance is defined by: Ay (X, ¢) iff (X EL ¢
and X £, ). We say that X is informative about  iff
exactly one of Ay (%, ¢) or AL (X, —p) holds, and that
3 is fully informative iff for any ¢ € Lpg, 3 is infor-
mative about (.

3. A contradiction indicator C;, C Lps X Lpg: if
CL (X3, ¢) holds, then we say that X is contradictory
about ¢. By default, we define C, (X, ¢) iff (X =L ¢
and 3 =1, ). X is said to be contradiction-free iff for
every ¢ € Lpg, we do not have C, (X, ).

4. A weak revision operator x : Lps X Lps — Lpg:
Y% represents the new information base obtained once
taking account of the observation ¢ into the informa-
tion base X. For the sake of generality, we are not
very demanding about x. The only requirement is that
Y x ¢ L ¢, which expresses that our tests are assumed
reliable (each test outcome must be true in the actual
world)!. In the following we will simply refer to those
operators as revision operators (omitting the weak). It
would be interesting to explore in more details what hap-
pens when one puts more requirements on * (this is left
for further research).

3 Degree of ignorance and degree of
contradiction

In this section, we give general definitions of degrees of con-
tradiction and ignorance, i.e., of lack of information, which
are to a large extent independent of the logic chosen to repre-
sent information. These definitions will be specified further
in Sections 4 to 6 where the logic will be fixed.

Definition 3.1 (test contexts) A test context Cp., (W.rt.
Lpg) is a pair (T, c) where T is a finite set of tests and c¢
is a cost function from T to IN*. The outcome to any test
t, € T is one of ¢, ~p, where ¢ € Lps. We say that t,
is the test about , and we assume w.l.o.g. that at most one
test t, of T is about ¢ for each ¢ € Lpg. A context is stan-
dard iff Vt, € T, we have c(t,) = 1 (every test has a unit

"While this condition corresponds to the “success” postulate in
the AGM framework [Alchourrén er al., 1985], we do not ask our
operators to be AGM ones, especially because the AGM framework
is not suited to characterize the revision of an inconsistent formula.
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cost). A context is universal iff for every ¢ € Lpg, there is a
testt, € T. A context is atomic iff the testable formulas are
exactly the atomic propositions (t, € T iff v € PS).

Definition 3.2 (test plans, trajectories) Given a test context
Crps, a test plan 7 is a finite binary tree; each of its non-
terminal nodes is labelled with a test action t,; the left and
right arcs leaving every non-terminal node labelled with t
are respectively labelled with the outcomes ¢ and —p. An
(outcome) trajectory (01, ..., 0,) with respect to w is the se-
quence of test outcomes on a branch of w. The cost of a trajec-
tory (01, . .., 0,) with respect to T is defined as X', c(t,,),
where each t, is the test labelling the node of m reached by
following the path (o1, . ..,0;,_1) from the root of .

Definition 3.3 (disambiguation, purification) Let © be a
test plan and X the initial information base.

e The application of w on ¥ is the tree apply(m,X), iso-
morphic to , whose nodes are labelled with informa-
tion bases defined inductively as follows:

— the root € of apply(m, X) is labelled with ¥(¢) = 3;

— letn be a node of apply(m, X)), labelled with the in-
Jormation base ¥(n), whose corresponding node in
m is non-terminal and labelled with t,; then n has
two children in apply(m,Y), labelled respectively
with ¥(n) = @ and X(n) = .

e 7 disambiguates ¢ given X iff for every terminal node n
of apply(m, ), X(n) is informative about ¢ (i.e., either
AL(Z, ) or AL (3, —p)). 7 (fully) disambiguates X iff
it disambiguates all formulas of Lpg, i.e., iff for any ter-
minal node n of apply(w,X), (n) is fully informative.

e 7 purifies ¢ given X iff for every terminal node n of
apply(m, X)), 3(n) is not contradictory about ¢ (i.e., not
CrL(X(n),p)). = (fully) purifies X iff it eliminates all
contradictions in X, i.e., iff for any terminal node n of
apply(m, ), X(n) is contradiction-free.

Clearly enough, it can be the case that there is no plan to
purify or disambiguate a formula; especially, there is no plan
for purifying the constant _L (false) in any of the three logics
considered in the following.

In our framework, degrees of ignorance and contradiction
are defined in a uniform way: the degree of ignorance (resp.
of contradiction) of ¥ measures the minimal effort necessary
to disambiguate (resp. to purify) 3.

Definition 3.4 (degree of contradiction, of ignorance)
Let us define the cost ¢(m) of a test plan 7 as the maximum of
the costs of its trajectories. Then

o The degree of contradiction of X is defined by
de(X) = min({c(m) | ™ purifies X}).
When no plan purifies 33, we let do(X) = +o0.
o The degree of ignorance of . is defined by
dr(2) = min({c(n) | 7 disambiguates 3}).
When no plan disambiguates ¥, we let dj(¥) = +oo.

Clearly, both degrees depend on the test context; by default,
we consider the standard atomic context.

In the previous definition, we actually define pessimistic
degrees of contradiction and ignorance (because the cost of
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a plan is defined as the maximum cost among its trajecto-
ries); this principle, consisting in assuming the worst out-
come, is known in decision theory as Wald criterion. Other
criteria could be used instead, such as the optimistic crite-
rion obtained by replacing max by min. More interesting,
the criterion obtained by first using maz and then min for
tie-breaking, or the lexvmax criterion, allow for a better dis-
crimination than the pure pessimistic criterion. The choice
of a criterion is fairly independent from the other issues dis-
cussed in this paper, which gives our framework a good level
of flexibility and generality. Due to space limitations, how-
ever, we consider only the pessimistic criterion in the rest of
the paper.

The definitions below concern the cost of being informa-
tive about a formula ¢ (resp. of getting rid of contradictions
about ) given an initial information base X..

Definition 3.5 (disambiguation cost, purification cost)
e The disambiguation cost of ¢ given ¥, denoted by
Cp (X, @), is the minimum cost of a test plan applied
to 3 and disambiguating .

e The purification cost of p given %, denoted by Cp (%, @),
is the minimum cost of a test plan applied to X and pu-

rifying .

The disambiguation cost of ¢ given X can be seen as the
price one is ready to pay for being informed about ¢. The pu-
rification cost of ¢ given X is a bit less intuitive: in a database
context, for instance, it represents the cost that the database
holder is ready to pay to ensure that the database does not
contain any contradictory information about a given formula.

Proposition 3.1 The degrees defined above are related as
follows:

o d;(2) > do(X); e Cp(Z,¢) > Cp(Z,¢);
o Cp(Z,9) =Cp(S,—p); e d;(X) > Cp(%,¢)
o Cp(3,¢) = Cp(S,—p); o do(X) > Cp(%, p)

4 Case study 1: classical logic

In this section, we fix Lpg to classical propositional logic

CL, which means that we fix the following:

e The language of C'L is built up from the connectives A, V,
—, — and the constants T, _L;

e Interpretations are mappings from PS to {T,F} and the
consequence relation is defined as usual by 3 ¢ ¢ iff
Modcorn(X) € Moder,(v), where Moder,(3) denotes
the set of classical models of X.

Clearly enough, Acr, (X, ¢) holds iff ¥ Ecr ¢ and X is
consistent; and Cor, (X, ) holds iff 3 is inconsistent. Fi-
nally, let ¥ x ¢ = X A ¢ (i.e., the revision operator is simple
expansion).

Example 4.1 Figure I reports a test plan of minimal cost that
Sully disambiguates ¥ = (aVb)\(a — c) (w.r.t. the standard
atomic test context).

Accordingly, the degree of ignorance of X is 2 given the
standard atomic context; as Figure 1 also shows, such a de-
gree can be strictly lower than the number of literals built up
from PS that are not accepted by X (here, the information
given by the test outcomes within the test plan are crucial).

108

“ (aVb)A(a—c) —a

b N b c b e

aNbAc aN-bAc —aAbAc —aAbA-c

Figure 1: Degree of ignorance of (a V b) A (a — ¢)

Proposition 4.1 Given any test context:

Cp (X, ¢) = 0iff X is consistent and (X |= ¢ or X = —p);
if 3 is inconsistent, then Cp (X, ) = +00;

CD(Ev pV "/J) < CD(Eﬂ 90) + CD(Ev w)’

CD(Ev © A "/J) < CD(Eﬂ 90) + CD(Ev w)’

dl(z) < ZwGPS OD(Zv f)

Degrees of conflict and purification are not relevant when
Lpg is classical logic, just because inconsistency is an ex-
tremely rough notion in classical logic. Indeed, we have:

0 if X is consistent
de(¥) = 400 if X is inconsistent

and Cp(2, ¢) = dc(X) for all ¢.

Example 4.2 Let a, b be two (independent) atomic proposi-
tions we focus on. Starting from an information base rep-
resented by T (no contradiction, no information), stepwise
expansions progressively lead to a base Y. having a single
model over {a,b} like (a = T,b = T). In this situation, the
degrees of ignorance and of contradiction (given the standard
atomic context) are minimal (no contradiction, full informa-
tion). But each additional expansion that does not lead to
an equivalent information base leads to an inconsistent one;
for instance, the resulting base X x ~a has a maximal degree
of contradiction. This is counterintuitive since it seems that
a N\ b A\ —a is both more informative and less contradictory
than a AN'b A —a A\ —b. This is not reflected by our degrees
when classical logic is considered.

dr({T})=2dc({T}H =0

dr(fa}) =1, do({a}) =0

dr({aAb}) =0, dc({and}) =0

di({a ANbA—a}) = +oo, do({a ANbA—a}) =400
di({aNbA=aN=b}) = +oo, do({aAbA—aN—b}) = +o0

This example also shows that mere expansion is not a very
satisfying revision operator. Indeed, since it does not enable
to purify any inconsistent base (whatever the test context),
expansion does not enable as well to disambiguate any incon-
sistent base. Furthermore, it may lead to degrees of contra-
diction (or purification costs) that are not intuitively correct.
Thus, on the example, we have d;({a Ab A —a}) = +oo,
while given the standard atomic context, two tests are suffi-
cient to determine the actual world (over {a,b}). The rea-
son of this discrepancy between what is expected and what is
achieved is that expanding an inconsistent information base
always leads to an inconsistent base, while it would be neces-
sary to restore consistency for achieving purification and dis-
ambiguation in classical logic. Note that using AGM revision
instead of expansion would not help a lot since AGM opera-
tors do not behave well when applied to inconsistent bases.

%A way to do it consists in forgetting information [Lang and Mar-
quis, 2002] (possibly everything) in {a A b A —a}.
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S Case study 2: the paraconsistent logic LF,,

Paraconsistent logics have been introduced to avoid ex falso
quodlibet sequitur of classical logic, hence handling incon-
sistent bases in a much more satisfying way. While many
paraconsistent logics have been defined so far and could be
used in our framework, we focus here on the L P, logic as
defined in [Priest, 19911]. This choice is mainly motivated by
the fact that this logic is simple enough and has an inference
relation that coincides with classical entailment whenever the
information base is classically consistent (this feature is not
shared by many paraconsistent logics).
e The language of L P, is built up from the connectives A,
V, -, — and the constants T, L.
e An interpretation w for LP,, maps each propositional
atom to one of the three “truth values” F, B, T, the third
truth value B meaning intuitively “both true and false”.

375 is the set of all interpretations for LP,,. “Truth val-
ues” are ordered as follows: F <; B <; T.
—w(M)=T,w(l)=F
— w(-a)=B iff w(a)=
wa) =T iff w(a)= F
— w(aAf) = ming, (w(a),w(F))
— w(aV f) = maxe, (w(a),w(d))

T ifw(a)=F
—wla—f)= { w(B) othe(rw)ise

e The set of models of a formula ¢ is Modyp(¢) = {w €
379 | w(p) € {T,B}}. Define w! = {x € PS |w(z) =
B}. Then min(Modrp(¢)) = {w € Modrp(p) | Fu' €
Modpp(p) st w'! C w!}. The consequence relation
is defined by ¥ Erp, ¢ iff min(Modrp(X)) C
Modypp ((,0)

e The definitions of A p, (2, ¢) and CLp,, (X, ¢) are those
by default; C'rp,, (X, ) holds only if 3 has no classical
model.

Now, what about the revision operator? Actually, the issue
of revision in paraconsistent logic has never been considered
so far. Expansion is not satisfactory as a revision operator for
LP,, because it enables neither the purification task nor the
disambiguation one when > has no classical model w (i.e.,
such that w(x) # B for each x € P.S), whatever the test con-
text. Among the many possible choices, we have considered
the following revision operator, defined model-theoretically
(for the sake of brevity, we characterize only its restriction to
the case the revision formula ¢ is a literal [).

Let force(w, 1) be the interpretation of 3 defined by (for
every literal | =  or —x):

{ force(w,z)(z) =T

Yy € PS,y # x, force(w, z)(y) = w(y)
{ force(w,—x)(x) =F
Yy € PS,y # x, force(w, z)(y) = w(y)

Then the revision operator is defined by:
{w E X |w(l) = T} if this set is non-

Modpp(3X+l) = { empty, otherwise
{force(w,l) | w | ¥ and w(l) = B}.
Example 5.1 Stepping back to Example 4.2, we can check
that L P,, leads to more intuitive values for the degrees of ig-

norance and contradiction of the bases we considered. Given
the standard atomic test context, we now have:

o« di({T}) =2.dc({T}) =0
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Figure 2: Degrees of ignorance and contradiction in L P,

dr(fa}) =1, do({a}) =0
dr({anb}) =0,dc({and})=0
{fanbA—-a})=1dc({aAbA-a}) =1
di{aANbA—aA=b}) =2, doc({aANbA—-aN-b}) =2
Thus, starting from T, expansion (i.e. the logical strength-
ening of an information base) leads to more information up
to a point where full information is reached, then progres-
sively to more contradiction and less information, up to an
information base with full contradiction and no information.

Example 5.2 Let us now consider the base ¥ = {a N —a N\
((bAc)Vd)}. Figure 2 reports a plan of minimal cost (given
the standard atomic context) which disambiguates 3 (the sub-
tree rooted below the —a outcome is similar to the one of a
and is not represented). Here, the degree of ignorance of X
is 4 and the degree of contradiction of ¥ is 1 (after testing a
there is no contradiction any more).

Contrariwise to expansion, this revision operator is ade-
quate to our objective:

Prgposition 5.1 Every information base that has a model €
has a finite degree of ignorance and a finite degree of
contradiction given any atomic or universal test context.

6 Case study 3: “syntax-based” information
bases

Many approaches to reasoning under inconsistency make use
of the selection of maximal consistent subsets of a belief base.
This principle comes down to [Rescher and Manor, 1970] and
is known under different names such as the possible-world
approach [Ginsberg and Smith, 1988], assumption-based the-
ories [Poole, 1988], supernormal default theories [Brewka,
19891, syntax-based approaches [Nebel, 1991] etc. We retain
the last name and call the logic SBL>.

The language of SBL is defined as the set of all pairs
Y = (a,A), where A = {01,...,0,}; @, b1, ..., &, are
propositional formulas from the language of C'L. « represent
the set of hard facts and 61, . . ., d,, the defaults. Formulas of
the form («, () are called simple formulas and, slightly abus-
ing notations, are abbreviated into o — thus the language of
SBL can be seen as an extension of that of classical logic. A

3Saying that the approach is “syntax-based” actually means that
{®1,...,%n} should not be identified with o1 A ... A ¢p, or, in
other words, that the comma is viewed as a (non truth-functional)
connective.
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maximal scenario of X is a subset A’ of A such that o A A/
is consistent and there is no A” > A’ such that a A A” is
consistent. We denote by M S(X) the set of all maximal sce-
narios of X.

The semantics of SBL is defined by a preference rela-
tion over classical interpretations. Let ¥ = (o, A). If
w € 2P5 we define Sat(w,X) = {i | w Ecr i}
For w,w’ € Moder(a), we say that w >y ' iff
Sat(w,X) D Sat(w',X). Now, Modspr(X) = {w|w Fcr
« and there is no w’ ¢, « suchthatw’ >yx w}. Conse-
quence in SBL is defined by ¥ =g, X iff Modspr(X) C
Modgspr(¥') — especially, if ¢ is a simple formula, then
Y EspL @ iff o is a skeptical consequence of X in the sense
of default logic.

Let ¢ be a simple formula. Acceptance is defined by the
default formulation. Equivalently, Aspr, ({a, A}, ) holds iff
(o, A) Espr @ and « is consistent. Contradiction refers
to maximal scenarios: Cspr, (X, ) iff MS(X) = @ or there
exists A/, A” € MS(X) such that o A A’ =¢p, p and a A
A" Ecr —. Lastly, (o, A) %@ is defined as (a A, A), i.e.,
the hard facts are expanded with the revision formula.

Example 6.1 X~ = (0, {a,~a A b,a — ¢,—c,c — a}). Here
is a purification plan of minimal cost for Y. with respect to
the standard atomic context. We start by testing a, ¥ x —~a =
(—a, A) is contradiction-free because it has a single maximal
scenario {—a A'b,a — ¢,~c,c — a}; L xa = {(a,A) is
not contradiction-free because it has two maximal scenarios
{a,a — ¢,c — a} and {a,—c,c — a}, then testing c leads
to X% (a A ¢) and X * (a A —c¢), both being contradiction-
free. Hence, given the standard atomic context, dc(3) =
2 and d;(X) = 3 (since disambiguating b will require one
additional test).

Proposition 6.1

e 3 is contradiction-free iff M S(X) is a singleton.
o X = (o, A) is fully informative iff M.S(X) is a singleton
{A"} and Modcr (o N A') is a singleton.

Despite it mainly amounts to expansion of the hard facts,
if the hard constraint o of X is true for sure in the actual
world (i.e., it is consistent and consistency cannot be ques-
tioned by expansion with test outcomes), then X has a finite
degree of contradiction and a finite degree of ignorance given
any atomic or universal context.

7 Related work

To the best of our knowledge, only few proposals for a notion
of degree of information can be found in the literature, and
things are even worse to what concerns the notion of degree
of contradiction. All existing approaches are stuck to specific
propositional logics with the corresponding consequence re-
lations, which address only some aspects of the paraconsis-
tency issue, if any (as evoked previously, there is no undebat-
able paraconsistent inference relation).

Shannon’s information theory [Shannon, 1948] provides
the most famous approach on which notions of quantity of
information can be defined, but it relies on the assumption
that the available information is given under the form of a
probability distribution; furthermore, it cannot directly ad-
dress inconsistent data. Interestingly, our definition of degree
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of information is general enough to recover classical entropy,
applied to classical logic®.

Lozinskii [1994a] gives a set of properties that a measure
of quantity of information should satisfy. Our degree of ig-
norance is fully compatible with Lozinskii’s requirements in
several cases. The degree of information defined by Lozin-
skii corresponds to the notion in Shannon’s theory, assuming
a uniform distribution over the set of propositional interpre-
tations®. It is thus required that the input information base
Y has a classical model. [Lozinskii, 1994b] extends [Lozin-
skii, 1994a] by considering as well some inconsistent logi-
cal systems, through a more general notion of model. It is
specifically focused on so-called quasi-models of the infor-
mation set Y, which are the models of the maximal (w.r.t.
C) consistent subsets of >. This is sufficient to avoid the
notion of degree of information to trivialize when applied to
an inconsistent X (unless it is a singleton). However, no no-
tion of degree of contradiction is specifically introduced in
Lozinskii’s approach. He claims that “an inconsistent infor-
mation base always contains less semantic information than
any of its maximal consistent subsets”. In our point of view,
this may lead to counterintuitive results. For instance, given
PS = {a,b,c}, according to Lozinskii, {a} contains more
information than {a A —a Ab A c}. That is not always the case
in our framework: it depends on the context under consider-
ation. Thus, while the degree of contradiction of the former
is lower than the degree of contradiction of the latter, the de-
gree of information of the latter is greater than the one of the
former (w.r.t. the standard atomic test context).

Wong and Besnard [2001] criticize the syntax-sensitivity of
Lozinskii’s approach. In particular, the presence of tautolo-
gies in X may unexpectedly change the quantity of informa-
tion. As they note this can be easily repaired by considering
the models of X over the set of variables on which 3 depends
[Lang and Marquis, 1998], instead of the set of variables oc-
curring in X. Wong and Besnard also adhere to Lozinskii’s
definition of degree of information; what changes is the un-
derlying notion of quasi-model, since the paraconsistent logic
they considered is quasi-classical logic [Besnard and Hunter,
1995; Hunter, 2000].

[Knight, 2003] reports some other postulates for a mea-
sure of quantity of information. Our measure d; does not
satisfy all of them, even in simple cases (for space reasons,
we cannot detail it here). This contrasts with the two mea-
sures introduced by Knight, which generalize in an elegant
way Shannon’s entropy-based measure to the case the infor-
mation base is an inconsistent set of formulas. However, both
measures trivialize when the information set is an inconsis-
tent singleton.

The only two approaches we are aware of, which con-
sider (non-trivial) degrees of inconsistency defined for clas-

“Let prs: be the probability distribution stating that all models of
> over PSS are equiprobable (and the other ones impossible), i.e., for
any w = 3, pre(w) = m. The entropy of prs is defined
as H(prs) = Zw\:z —prs(w).logeprs(w) = log2| Modcr (X)].
Therefore, the integer upper part of H (prs) is nothing but the min-
imal number of tests that have to be performed to identify the actual
world given the standard universal test context.

SSuch a degree was already known by Kemeny [1953] and Hin-
tikka [1970].
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sical formulas (i.e., without additional information, like a
preference preorder), are [Knight, 2002] and [Hunter, 2002].
Knight finds a set ¥ of classical formulas maximally a-
consistent whenever « is the greatest number for which a
probability measure P exists, satisfying P(yp) > « for ev-
ery ¢ € Y. Accordingly, his measure makes sense when
the logic SBL is considered, but trivializes whenever X is a
singleton. Hunter appeals to quasi-classical logic as a frame-
work for dealing with inconsistent information. Considering
the minimal quasi-classical models of the information base X
(roughly, the “most classical” ones), Hunter defines the de-
gree of coherence of ¥ as the ratio between the amount of
contradiction (conflict) and the amount of information (opin-
ion) of the formula. Such a degree of coherence does not
always give what is expected. Consider for instance the
two information sets ¥ = {e A —e,a V (b A ¢ A d)} and
¥ = {e A e, (aANb)V (cAd)}. [Hunter, 2002] shows
that Coherence(Y) > Coherence(X.'). We feel it counterintu-
itive since the two bases shares the same contradiction e A —e,
which is not related to the other formulas of both bases®.
Finally, Hunter [2003] defines a degree of significance of
the contradictions, which makes sense when some informa-
tion about the importance of potential conflicts is available.

8 Conclusion

The main contribution of the paper is a uniform action-based
framework for quantifying both degrees of information and of
contradiction. The framework is parameterized by a proposi-
tional logic (together with the corresponding notions of con-
sequence, acceptance, contradiction and a revision operator),
a test context and an aggregation criterion for computing plan
costs. These parameters enable a great flexibility.

There are many interesting notions that can be easily de-
fined in our framework but that we cannot mention here for
space reasons. Let us note that through the notion of purifi-
cation plan, our approach for quantifying contradiction also
allows to localize conflicts. Note also that notions of joint de-
grees and conditional degrees of information / contradiction
can be easily defined. Another simple extension would con-
sist in taking advantage of additional knowledge about the
sources of information and the origin of conflicts (e.g., in a
diagnosis setting, it can be the case that the failure of a com-
ponent physically causes the failure of other components).

Many other extensions of our approach can be envisioned.
For instance, coping with preferences over the goal variables
(determining whether a holds is more important than deter-
mining whether b holds). Another possible extension con-
cerns the case where ontic actions are available and the objec-
tive is to let the actual world as unchanged as possible (i.e.,
we can execute invasive actions but we prefer not to do it).
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SIf we instantiate our framework with L P,,, logic (under standard
atomic context), we get do(X) = de(X') = 1, d;(Z) = 5, and
d;(X') = 4, showing that there is the same amount of contradiction
in the two bases and that there is less information in ¥ than in X'.
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Abstract

We consider the problem of updating nonmono-
tonic knowledge bases represented by epistemic
logic programs where disjunctive information and
notions of knowledge and beliefs can be explic-
itly expressed. We propose a formulation for epis-
temic logic program updates based on a princi-
ple called minimal change and maximal coherence.
The central feature of our approach is that during
an update procedure, contradictory information is
removed on a basis of minimal change under the
semantics of epistemic logic programs and then co-
herent information is maximally retained in the up-
date result. By using our approach, we can char-
acterize an update result in both semantic and syn-
tactic forms. We show that our approach handles
update sequences and satisfies the consistency re-
quirement. We also investigate important semantic
properties of our update approach such as reduc-
tion, persistence and preservation.

1 Introduction

Logic programming has been proved to be one of the most
promising logic based formulations for problem solving,
knowledge representation and reasoning, and reasoning about
actions and plans. Recent research on logic program updates
further shows that logic programming also provides a feasi-
ble framework for modeling agents’ activities in dynamic en-
vironments [Alferes and et al, 2000; Eiter and et al, 2002;
Sakama and Inoue, 1999; Zhang and Foo, 1998].

While all current approaches for logic program updates fo-
cus on the problem of updating extended logic programs or
their variations, updating epistemic logic programs, however,
has yet to be explored in the research. By combining knowl-
edge and belief operators into logic rules, epistemic logic
programming [Gelfond, 1994] is a powerful representation
formalism in logic programming paradigm. It can deal with
more difficult problems in reasoning with disjunctive infor-
mation while traditional disjunctive extended logic programs
fail to handle. Furthermore, epistemic logic programs seem
more feasible for knowledge reasoning than many other au-
toepistemic logics [Gelfond, 1994] and has been used as a
formal basis for modeling knowledge in action theories, e.g.
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[Lobo et al., 2001]. When we use an epistemic logic pro-
gram to represent an agent’s knowledge base, it is a nontrivial
question how the agent’s knowledge base (an epistemic logic
program) can be updated when new information is received.

In this paper, we propose an approach for epistemic logic
program updates. Contrary to other logic programs, notions
of knowledge and beliefs in epistemic logic programs have
strong semantic connections to the standard Kripke structures
of modal logics. On the other hand, epistemic logic programs
are also sensitive with various syntactic forms. Hence, we be-
lieve that a pure model-based or syntax-based approach will
not be appropriate to handle epistemic logic program updates.
Instead, we require our update formulation to meet three ma-
jor criteria: (1) an update should be performed on a basis
of minimal change semantics to remove contradictory infor-
mation; (2) based on the minimal change semantics, the up-
date result should have a clear syntactic representation and
contain maximal consistent information from previous pro-
gram(s); and (3) the underlying update procedure should be
consistent, that is, updating a consistent program by another
consistent program (or a sequence of consistent programs)
should generate a consistent result. Our main idea to accom-
plish these criteria is so called minimal change and maximal
coherence which presents both semantic and syntactic fea-
tures in an update procedure.

The paper is organized as follows. Section 2 presents a
brief overview on epistemic logic programs. Section 3 de-
velops a formulation for epistemic logic program updates,
while section 4 extends this formulation to handle update se-
quences. Section 5 investigates important semantic properties
for our update approach. Finally, section 6 concludes the pa-
per with discussions on related work and future research.

2 Epistemic Logic Programs: An Overview

In this section, we present a general overview on epistemic
logic programs. Gelfond extended the syntax and semantics
of disjunctive logic programs to allow the correct representa-
tion of incomplete information (knowledge) in the presence
of multiple extensions. Consider the following disjunctive
program about the policy of offering scholarships in some
university [Gelfond, 1994]:
P:
r1: eligible(z) < highGPA(z),
rq: eligible(z) « minority(z), fairGPA(z),
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ry: —eligible(z) « —fairGPA(z),
—highGPA(z),

rq: interview(z) < not eligible(z),
not —eligible(z),

r5: fairGPA(mike) or highGPA(mike) .

Rule r, can be viewed as a formalization of the statement:
“the sutdents whose eligibility is not decided by rules rq,
ry and r3 should be interviewed by the committee”. It is
easy to see that P has two answer sets {highGPA(mike),
eligible(mike)} and {fairGPA(mike), interview(mike)}.
Therefore the answer to query interview(mike) is unknown,
which seems too weak from our intuition. Epistemic logic
programs will overcome this kind of difficulties in reasoning
with incomplete information.

In epistemic logic programs, the language of (disjunctive)
extended logic programs is expanded with two modal opera-
tors K and M. KF isread as “F is known to be true” and MF
is read as “F may be believed to be true”. For our purpose,
in this paper we will only consider propositional epistemic
logic programs where rules containing variables are viewed
as the set of all ground rules by replacing these variables with
all constants occurring in the language. The semantics for
epistemic logic programs is defined by pairs (A, W), where
A is a collection of sets of ground literals called the sets of
possible beliefs of certain agent, while W is a set in A called
the agent’s working set of beliefs. The truth of a formula ¥
in (A, W) is denoted by (A, W) = F and the falsity by
(A, W) =|F, and are defined as follows:

) = Fiff F € W where F is a ground atom.

) = KFiff (A, W;) = F forall W, € A.

) E MF iff (A, W;) = F for some W, € A.
YEFAGIff (A, W) EFand (A, W) E G.

) E For Giff (A, W) | =(=F A=G).
)
)
)
)
)

EEEEREEERES
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E -Fiff (A, W) =|F.

|F iff =F € W where F is a ground atom.
KFiff (A, W) [~ KF.

|MF iff (A, W) = MF.

=|F A Giff (A, W) =|For (4, W) =|G.
A, W) =|F or G iff (A, W) =|F and (A, W) =|G.

Itis clear that if a formula G is of the form K'F, - KF, MF
or =" MF, then its truth value in (LA, W) will not depend on W
and we call G a subjective formula. On the other hand, if G
does not contain K or M, then its truth value in (A, W) will
only depend on W and we call G an objective formula. In
the case that G is subjective, we simply write A = G instead
of (A, W) £ G,and W = G instead of (A, W) = G in
the case that G is objective.

An epistemic logic program is a finite set of rules of the
form:

F Gy, GuynotGpyq, - -+, notGy- @))]

In (1) F' is of the form Fy or --- or Fy and Fy, - - -, F} are
objective literals, G, - - -, G, are objective or subjective lit-
erals, and G, 41, - - -, Gy, are objective literals. For an epis-
temic logic program P, its semantics is given by its world
view which is defined in the following steps:

Step 1. Let P be an epistemic logic program not containing
modal operators K and M and negation as failure not. A
set W of ground literals is called a belief set of P iff W

(
(
(
(
(
(
(
(
(
(
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is a minimal set of satisfying conditions: (i) for each rule
F + Gy, -, Gy fromP suchthat W = Gy A---A Gy, We
have W |= F; and (ii) if W contains a pair of complementary
literals then W = Lit,i.e. W is an inconsistent belief set.
Step 2. Let P be an epistemic logic program not containing
modal operators K and M and W be a set of ground literals
in the language of P. By P we denote the result of (i)
removing from P all the rules containing formulas of the form
notG such that W |= G and (ii) removing from the rules in
‘P all other occurrences of formulas of the form notG.

Step 3. Finally, let P be an arbitrary epistemic logic program
and A a collection of sets of ground literals in its language.
By P4 we denote the epistemic logic program obtained from
P by (i) removing from P all rules containing formulas of
the form G such that G is subjective and A [~ G, and (ii)
removing from rules in P all other occurrences of subjective
formulas.

Now we define that a collection .4 of sets of ground literals
is a world view of P if A is the collection of all belief sets of
‘P 4. Consider program P about the eligibility of scholarship
discussed earlier, if we replace rule r4 with the following
rule:

ry: interview(z) « —Keligible(z),
- K —eligible(z),
then the epistemic logic program that consists of rules
ri, r9, r3, 74, and r5 will have a unique world view
{{highGPA(mike), eligible(mike), interview (mike)},
{fairGPA(mike), interview(mike)}}, which will result in a
yes answer to the query interview(mike).

3 Formalizing Epistemic Logic Program
Updates

From this section, we start to develop a formulation for epis-
temic logic program updates. Consider the update of an epis-
temic logic program P; by another epistemic logic program
Ps. Our approach consists of two stages: firstly, we update
each world view of Py by Ps - this will remove contradictory
information between P and P- and ensure a minimal change
for the underlying update semantics; and secondly, from the
first stage result, we will derive a resulting program which re-
tains the maximal consistent information represented by P .

3.1 Preliminaries

To begin with, we first introduce some useful notions. Let .4
be a collection of belief sets (i.e. sets of ground literals) and
P an epistemic logic program. We call a pair (A, W) where
W € A an epistemic model induced from A. If A is a world
view of P, then M = (A, W) is also called an epistemic
model of P. We use ind(.A) to denote the set of all epistemic
models induced from .4. Note ||ind(A)|| = ||A]|.

Consider a rule r of the form (1). We use H(r) and
B(r) to denote the head and body parts of rule r respec-
tively. For instance, for rule r: a or =b + ¢, Kd, not —e,
we have H(r) = {a,—b},and B(r) = {¢, Kd, not—e}. We
say H(r) is satisfied in an epistemic model M, denoted as
M = H(r), iff forsome F € H(r) M |= F. We say B(r)
is satisfied in M, denoted as M |= B(r), iff (1) for each ob-
jective or subjective literal G € B(r) M = G, and (2) for
each not G € B(r) M |£ G. r is satisfied in M, denoted
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as M E r, if M = B(r) implies M = H(r). An epis-
temic logic program P is satisfied in M if each rule of P is
satisfied in M. P is satisfied in a collection of belief sets A
if P is satisfied in all epistemic models induced from .4. A
ground literal L is derivable from P, denoted as P = L, if L
is true in all world views of P, i.e. L is true in all epistemic
models induced from each world view of P.

A collection of belief sets is consistent if each of its belief
sets is consistent. An epistemic logic program is consistent if
it has a world view and all of its world views are consistent.
To simplify our presentation, in the rest of this paper, we will
simply call an epistemic logic program program. By V(P)
we denote the set of all collections of belief sets in which P
is satisfied. We also denote the set of all world views of P as
A(P). Clearly A(P) C V(P).

3.2 Minimal Change on World View Updates

Let W and W; be two belief sets. We define Diff (W, W)
to be the set |(W \ Wi) U (W \ W)|'. Our method of up-
dating world views shares a similar spirit of traditional model
based update [Winslett, 1988] by defining a closeness relation
between collections of belief sets, and after the update, the re-
sulting collection of belief sets should be as close as possible
to the original one.

Definition 1 (Closeness) Let A, A1 and As be three collec-
tions of belief sets. We say A; is as close to A as A,, denoted
as Ay < Ay, iff forany W € A and Wy € As, there exists
a Wy € Ay such that Diff (W, W1) C Diff (W, Wa). We
denote A1 <4 Az if A1 <4 Asg and Ay L4 A;.

Proposition 1 <4 is a partial ordering.

Definition 2 (Updating world views) Let A be a world view
of some program and P a program. A collection of belief sets
A’ is a possible result of updating A by P, if

1. A EP(ie. A € V(P)); and

2. there does not exist another collection of belief sets A"
satisfying condition I and A" <4 A'.

We use Res(A, P) to denote the set of all possible collections
of belief sets after updating A by P.

Example 1 Consider two epistemic logic programs P; and
‘P5 where
7)12
a <+,
—b + not c,
¢ < not —b, and
7?22
b or c + Ka,
Clearly, P; has one world view A; = {{a,—b},{a, c}}.
Updating A; by Ps, according to Definition 2, we obtain
a unique result A’ = {{a, b}, {a,c}}. Note that neither
A" = {{a, c}} nor A* = {{a,—b,c},{a,c}} is a result
of updating A by P5. Although A” = Py and A* |= Ps, we
have A" <4, A" and A’ <4, .A* according to Definition 1.

|

'For a set of ground literals W, |W| = {|I| | | € W} and here
|1| is I’s corresponding propositional atom, i.e. |I| = a if [ is a or
-a.
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Proposition 2 Given a collection of belief sets A and a
program P. Then Res(A,P) = Min(V(P),<a), where
Min(V(P),<4) is the subset of V (P) containing all mini-
mal elements with respect to ordering < 4.

3.3 Maximal Coherence and Resulting Programs

As discussed earlier, during the second stage of an update
procedure, we need to derive a resulting program which
should contain the maximal consistent information repre-
sented by the initial program in syntactic forms. This is
achieved by introducing the concept of coherence. Let
M = (A, W) be an epistemic model and r a rule of
the form (1) and M | r. We define S(M, H(r)) =
{t |1 € H(r)n W and M | B(r)}. Intuitively, if
M [ B(r), then S(M, H(r)) presents all literals occur-
ring in H(r) that are true in W. For example, let M =
({{a,b},{a,c},{a,b,ec}}, {a,b,c})and r : b or ¢ + Ka,
then S(M, H(r)) = {b,c}. In the case M = B(r), we
have S(M, H(r)) = 0.

Definition 3 (Subsumption) Given two collections of belief
sets A1 and As and a program P where A; € V(P). As is
subsumed by A with respect to P, denoted as Az Cp Ay,
iff Ay € V(P) and for each My € ind(As) there exists a
My € ind (A1) such that for each r € P, S(Ms, H(r)) C
S(Ml, H(TQ)).

Given A; | P, if A, is subsumed by .A; with respect
to P, then each rule r in P is also satisfied in .45 without
increasing the satisfied literals of H (r) in epistemic models
induced from .A5. For instance, let ? = {r : a or b « Kc},
A= {{aa b,c, }: {b: Cy d}} and A; = {{aa C}: {b: c, 6}},
then A5 Cp A;. Note that belief set {a, ¢} in .45 only con-
tains one literal of H () where belief set {a, b, ¢} in .4, con-
tains both literals of H(r).

Definition 4 (Coherence) Let P and P’ be two programs
and A € V(P). P’ is coherent with P with respect to A
iffor each A" € Res(A,P'), A is consistent and A’ Cp A.

The intuitive meaning of coherence is explained as follows.
Given a collection of belief sets A and programs P and P’
where A |= P. Updating .A by P’ will change A to other
collections of belief sets that satisfy P’. Coherence ensures
that such changes do not violate the satisfaction of P, i.e.
for each A’ € Res(A,P') A" = P. Furthermore, it also
ensures that the result .A’ is not larger than .4 in terms of
‘P’s satisfaction. Note that coherence only associates with
consistent programs.

Proposition 3 Ler P and P’ be two programs and A €
V(P). If P’ is coherent with P with respect to A, then P UP’
is a consistent program.

Proof: Since P’ is coherent with P with respect to A, it
means that for each A’ € Res(A,P') A’ is consistent,
A" E P and A" E P. It also follows A" € V(P UP’).
From Lemma 1 in section 5, we know that P U P’ is a
consistent program. B

Now the resulting program can be specified by the follow-
ing definition.
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Definition 5 (Resulting programs) Let P, and P be two
programs and Ay € A(P1). A program P’ is a possible
resulting program after updating Py by Pa, iff P! = P; U P,
where P{ is a maximal subset of Py such that for each A’ €
Res( A1, P2) Py is coherent with Ps with respect to A’

Example 2 Example 1 continued. Note that 4; =
{{a,—b},{a, c}} is the unique world view of P;. After up-
dating A; by Py, wehave Res(A1,P2) = {{{a, b}, {a,c}}}
as shown in Example 1. Then it can be verified that {a «} is
the only maximal subset of P that is coherent with P with
respect to {{a, b}, {a, ¢}}. Therefore, from Definition 5, we
have
P
a+,
b or ¢ « Ka,

from which, we conclude that P’ has a unique world view

{{a,b},{a,c}}. 1
4 Handling Update Sequences

In this section, we extend our previous formulation to han-
dle update sequences where more than two programs are
involved. Let Pq,---, Py be consistent programs. P =
(Py,- -+, Px) is called an update sequence. Informally per-
forming this update sequence means that program P is se-
quentially updated by Ps, ---, by Px. From our intuition,
during this process we would like to assign P; a higher prior-
ity of persistence than P; where j > ¢ since P; represents the
agent’s newly received knowledge comparing to P;. There-
fore, after the performance of this update sequence, it is de-
sirable to achieve a result which maximally contains infor-
mation represented by Py, Pr_1, - - -, P1 with progressively
decreasing priorities. Similarly to our previous update for-
mulation, we will formalize this principle from both seman-
tic and syntactic considerations. We first illustrate our idea by
the following example.

Example 3 Consider an update sequence P = (P, P2, Ps),
where

7?12
ri: b« Ka,
ry: —b + Ka,
7?22
r3. a <,
7)32

rq: —a or —b .

To perform update sequence P, we first update P1 by P,
which, according to the approach developed earlier, will gen-
erate two resulting programs: P’ = {ry,r3} and P" =
{ry, r3}. Now we consider to update P’ and P” by P5 re-
spectively. However, this time, we cannot simply apply our
previous update approach because both P’ and P” contain
rules from P; and Ps where rules from P, should have a
higher priority to be maintained during the change. For in-
stance, consider the update of P’ by P5. P’ has one world
view A’ = {{a, b}}. Then updating A’ by P5 will generate a
result A” = {{—a, b}, {a,—b}}. Clearly, both {r } and {r3}
are the maximal subsets of P’ that are coherent with P53 with
respect to . A”. However, as we discussed above, we should
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only have a final resulting program {r3} U P5 because rs has
a higher priority than r; to be persistent during the update.
Updating P by Ps, on the other hand, will result in a result-
ing program P’ U P as there is no any contradiction between
P and Ps. 1

Let P = (P1,---,Px) be an update sequence and P’ a
subset of P; U --- U Py. We denote P'[P,i] = {r | r €
P;NP'} A < i< k). Note that P[P, 7] C P;. Now the
following two definitions formalize our idea of performing
update sequences as discussed above.

Definition 6 (Preferred subsets) Let P = (P, -, Py) be
an update sequence and P’ and P" two subsets of P1 U - - -U
Pr. We say that P’ is more preferred than P” with respect
to P, denoted as P’ <p P, iff (i) P" C P'; or (ii) there
exist some © and j where 1 < 1 < j < k such that for all |
(1 <1<k), P[P, CPIP,I, forsomel ( <I' <k)
PP, 1] C P[P, ), and P'[P, i] C P"[P, i].

Definition 7 (Update selection functions) Let P be the col-
lection of all epistemic logic programs. For each 1 > 1, we
define 11; to be a i-ary update selection function if TI; is a
mapping:

M :Px o xP—s2F

where the following conditions hold:

1. if i = 1, then for any update sequence P = (P1),
IL(P) = {P1};

2. if i = 2, then for any update sequence P = (P1,P3),
M5(P) = {P’ | where P’ is a resulting program as de-
scribed in Definition 5};

3. ifi = k and k > 2, then for any update sequence P =
(P1,-+,Pr), P € Ix(P) iff P = P* U Py, where P*
is obtained as follows:

(a) letPy = (P1, -, Pr—1) and P’ € Mi_1(P1);
(b) let A be a world view of P’', and P* is a maximal

subset of P’ such that for all A’ € Res(A, Py) P*
is coherent with Py, with respect to A’;

(c) there does not exist another maximal subset P1 of
P’ that satisfies condition (b) and PT <p, P*2.

Example 4 Consider an irrigation system which has the fol-
lowing general rules to decide whether the plants should be
watered:

If there is no evidence showing that it will not be
raining next day, then we do not need to water the
plants; and

If there is no evidence showing that the soil is dry,
then we do not need to water the plants.

It is also assumed that the soil is dry or it will not be raining
next day. This scenario can be represented by the following
program Py:

2Note that here we refer to the same world view .4 of P’ as in
(b) when we say P! is coherent with Py with respect to all A’ in
Res(A, Pr).

115



7)12
ri: mwatering < not —to_be_raining,
ro: mwatering + not dry,
r3: dry or —to_be_raining +.

P has one world view:
{{dry, ~watering}, {—to_be_raining, ~watering}},

from which it is concluded that we do not need to water the
plants. However, from a conservative viewpoint for plants’
growth, this result is rather optimistic because r3 does not
represent an exclusive disjunctive information. Therefore, we
consider to update Py by Ps:

7)22
ry: watering — —K—dry, M—to_be_raining,
rs: mwatering < —dry,
r¢: nwatering < to_be_raining,

which says that if it is not known that the soil is dry and it
may be believed that it will not be raining next day, then we
water the plants; and we do not need to water the plants if the
soil is not dry or it will be raining next day. After a period
of time, suppose new information is further received that is
represented by Ps as follows:

7?32

ry: —dry or to_be_raining .

Now we consider the update sequence P = (P1, P2, Ps3).
Let Pi = (P1,P2). Then according to Defini-
tion 7, We have TIy(Py) = {P’}, where P/ =
{rs, ra, 15,76} (note that rules r; and ry are removed
from the initial program 7P;). P’ has one world
view {{dry, watering}, {—to_be_raining, watering}}, from
which itis concluded that we need to water the plants. Finally,
we have a unique resulting program TT3(P) = {P"'} where
P" = {r4, rs, 16, r7}, from which it is concluded that we no
longer need to water the plants, i.e. P = —watering. B

5 Semantic Characterizations

In this section, we study important semantic properties of
our approach for epistemic logic program updates. Let P =
(P1,---,Pr) be an update sequence and P a program, by
(P, P) we denote the update sequence (P1, - -, Px, P). By
Body(P) and Head(P) we denote the sets of all objective
literals occurring in the bodies and heads of rules in P re-
spectively®. To simplify our presentation, we also use no-
tion 7 (P) to denote an arbitrary resulting program in I (P)
whenever there is no confusion in the context. For instance,
by mx(P) = L, we mean that for any P € 11 (P), P | L;
and by 7 (P) = w41 (P, P), we mean that any resulting
program in ITx (P) is also a resulting program in TT; 41 (P, P),
and vice versa, etc..

Lemma 1 A program P is consistent iff V (P) # 0 and there
is a consistent collection of belief sets in 'V (P).

Theorem 1 Let P be an update sequence with a length of k
and P a program. Then the following properties hold:

3Note that Body(P) is different from B(r) while Head(P) =
Urep H(r). See section 3.1 for definitions on B(r) and H(r).
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1. m(P) is a consistent program (consistency property);
2 V(mi41(P,P)) C V(P);
3. if V(g (P)) C V(P), then w41 (P, P) = m(P) U P.

The following theorem provides a sufficient condition un-
der which the computation of a (k + 1)-length update se-
quence can be reduced to the computation on a k-length up-
date sequence.

Theorem 2 (Reduction property) Let P be an update se-
quence with a length of k, and P and P' two programs.
If V(ri(P) C V(P) C V(P'), then m42(P,P,P) =
7rk+1(P, PU 7)/)

Now we investigate two specific properties called persis-
tence and preservation for epistemic logic program updates.
Informally, the persistence property ensures that if a literal is
derivable from a program, then after updating this program,
this literal is still derivable from the resulting program. The
preservation property, on the other hand, says that if a literal
is derivable from a program, then updating other program by
this program will still preserve this literal’s derivability from
the resulting program. While the persistence property is usu-
ally not valid for classical belief revision and update due to
their nonmonotonicity, the preservation property, neverthe-
less, indeed holds for classical belief revision and update. It is
not difficult to observe that generally none of these two prop-
erties holds for extended logic program updates or epistemic
logic program updates. However, it is always worthwhile
to explore their restricted forms because under certain con-
ditions, these properties may significantly simplify the com-
putation of a query to the update result. We first present the
following lemma.

Lemma 2 Let P be a program and L a ground literal. Sup-
pose P’ is a subset of P such that P’ |= L and Body(P') N
Head(P\P')=0. Then P |= L.

Proof: (Proof Sketch) The proof for this lemma is rather
technical and involves the proof of a result so called splitting
theorem for epistemic logic programs which inherits a
similar feature of the splitting theorem for extended logic
programs [Lifschitz and Turner, 1994]. Basically, the
splitting theorem for epistemic logic programs states that
if Body(P') N Head(P \ P') = ( (here P is a consistent
program), then for any world view .4 of P and every belief
set W in A, there exists a belief set W’ that is in some world
view of P’ such that W' C W. Due to a space limit, here
we have to omit the formal proof of the splitting theorem
of epistemic logic programs [Zhang, 2003]*. Based on the
splitting theorem, this lemma is proved as follows. Consider
program P’. Since P’ |= L, for each world view A’ of P’,
A’ = L. That is, for each W' € A, L € W'. Suppose
P [ L. Then there exists a world view .A of P such that
A [~ L. Then there must be some belief set W € A such
that L ¢ W. However, since Body(P') N Head(P\P') = 0,

*One referee pointed that as a general extension of Lifschitz and
Turner’s result, Watson also proposed a splitting set theorem for
epistemic logic programs [Watson, 2000]. It appears that our split-
ting theorem has a different feature from Watson’s though the later
may be also used for this proof.
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from the splitting theorem, there exists a world view A* of
P’ such that for some W* € .A* we have W* C W. Since
A* = L, it follows L € W* and then L € W. Obviously
this contradicts the fact L ¢ W. Sowehave P |= L. &

From Lemma 2, we can prove the following two properties.

Theorem 3 (Persistence property) Let P be an update se-
quence with a length of k, P a program, and L a ground
literal. Suppose mi(P) = L. Then w1 (P,P) = Lif
V(7 (P)) C V(P) and Body(w(P)) N Head(P) = {.
Proof: Since V(7w (P)) C V(P), from Theorem 1, we
have 741 (P,P) = 7 (P) U P. On the other hand, from
condition Body(mx(P)) N Head(P) = § and Lemma 2, it
follows mx 1 (P,P) = L. W

Theorem 4 (Preservation property) Let P = (Py, -, Py)
be an update sequence with a length of k, P a program, and
L a ground literal. Suppose P |= L. Then w41 (P,P) E L

iflLIead(Uf:1 Pi) N Body(P) = 0.

Proof: Clearly P C m41(P,P). On the other hand, we
have 741 (P, P) = P* U P, where P* C Uf:ﬂ)z‘ and
satisfies conditions (b) and (c) in Definition 7. So we have

Head(P*) N Body(P) = 0. Then directly from Lemma 2,
we have 7,41 (P,P) = L. B

6 Concluding Remarks

In this paper, we proposed a formulation for epistemic logic
program updates. Our update approach was developed based
on the principle of minimal change and maximal coherence.
By using our approach, not only a minimal change semantics
is embedded into the underlying update procedure, but also a
maximal syntactic coherence is achieved after the update. We
also investigated important semantic properties of our update
approach. This work can be viewed as a further development
on knowledge update [Baral and Zhang, 2001]. Although all
current approaches of logic program updates have their own
features, it is not clear yet whether they are suitable to handle
epistemic logic program updates. For instance, in [Zhang,
2003] we demonstrated that a straightforward extension of
Alferes et al’s approach [Alferes and et al, 2000] or Eiter et
al’s approach [Eiter and et al, 2002] to epistemic logic pro-
gram updates may generate incorrect solutions, while the pro-
posed generic framework in [Eiter and et al, 2001] seems not
applicable to our case either. On the other hand, a syntax-
based approach, e.g. [Sakama and Inoue, 1999], cannot char-
acterize the semantics of epistemic logic program updates,
and some approaches, e.g. [Eiter and et al, 2002], do not obey
the consistency requirement that is believed to be one of the
essential requirements for any revision and update systems
[Katsuno and Mendelzon, 1991].

Several issues remain open for our future research. First, in
our update approach, we did not consider the issue of prefer-
ence over different resulting programs. In practice, it is possi-
ble that one resulting program is more preferred than the other
in terms of the domain semantics. This problem involves con-
flict resolution which is a difficult issue in logic program up-
dates [Zhang and Foo, 1998].  Second, as world view se-
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mantics can be viewed as a generalization of answer set se-
mantics, our update approach is also applicable for extended
logic program updates. Therefore, it is important to charac-
terize similarities and differences between our approach and
other logic program update approaches from a semantic view-
point. Finally, since epistemic logic programs have been used
as a main component in knowledge based action theories, e.g.
[Lobo et al., 20011, we expect that these theories may be sig-
nificantly enhanced for representing interactions between ac-
tions and knowledge by applying our update approach.
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Abstract

Increasing dialogue efficiency in case-based
reasoning (CBR) must be balanced against the risk
of commitment to a sub-optimal solution. Focusing
on incremental query elicitation in recommender
systems, we examine the limitations of naive
strategies such as terminating the dialogue when
the similarity of any case reaches a predefined
threshold. We also identify necessary and sufficient
conditions for recommendation dialogues to be
terminated without loss of solution quality. Finally,
we evaluate a number of attribute-selection
strategies in terms of dialogue efficiency given the
requirement that there must be no loss of solution
quality.

1 Introduction

In conversational case-based reasoning (CCBR), a query is
incrementally elicited in an interactive dialogue with the
user [Aha et al., 2001]. Attribute-selection strategies that
aim to minimize the length of such dialogues have recently
attracted much research interest [Doyle and Cunningham,
2000; Kohlmaier et al., 2001; McSherry, 2001; Schmitt ez
al., 2002]. Potential benefits include avoiding frustration for
the user, reducing network traffic in e-commerce domains,
and simplifying explanations of how conclusions were
reached [Breslow and Aha, 1997; Doyle and Cunningham,
2000]. While our focus in this paper is on incremental query
elicitation in recommender systems, it is worth noting that
the ability to solve problems by asking a small number of
questions has been a major factor in the success of help-
desk applications of CBR [Aha et al., 2001; Watson, 1997].
An advantage of information gain [Quinlan, 1986] as a
basis for attribute selection is that it tends to produce small
decision trees, thus helping to reduce the length of problem-
solving dialogues [Doyle and Cunningham, 2000;
McSherry, 2001]. However, concerns about its suitability in
e-commerce domains include the fact that no use is made of
the system’s similarity knowledge [Kohlmaier et al., 2001;
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Schmitt et al., 2002]. Any importance weights associated
with the case attributes are also ignored. As a result, it is
possible for a case to be recommended simply because no
other case has the preferred value for an attribute of low
importance, even if its values for other attributes are
unacceptable to the user.

Kohlmaier et al. [2001] propose a similarity-based
approach to attribute selection in which the best attribute is
the one that maximizes the expected variance of the
similarities of candidate cases. In domains in which cases
are indexed by different features, another alternative to
information gain is to rank questions in decreasing order of
their frequency in the most similar cases [Aha et al., 2001].

To address the trade-off between dialogue efficiency and
solution quality, a CBR system must also be capable of
recognizing when the dialogue can be terminated while
minimizing the risk of commitment to a sub-optimal
solution. Existing approaches include terminating the
dialogue when the similarity of any case reaches a
predefined threshold, or the achievable information gain is
less than a predefined level, or the set of candidate cases has
been reduced to a manageable size [Aha et al., 2001; Doyle
and Cunningham, 2000; Kohlmaier ef al., 2001].

However, a limitation of these approaches is that there is
no guarantee that a better solution would not be found if the
dialogue were allowed to continue. Whether it is possible to
identify more reliable criteria for termination of problem-
solving dialogues is an issue that has received little
attention, if any, in CBR research.

In Section 2, we examine the trade-off between dialogue
efficiency and solution quality in recommender systems. In
Section 3, we present empirical techniques for identifying
cases that can never emerge as the “best” case and can thus
be eliminated. In Section 4, we identify necessary and
sufficient conditions for the dialogue to be terminated
without loss of solution quality. In Section 5, we evaluate a
number of attribute-selection strategies in terms of dialogue
efficiency given the requirement that there must be no loss
of solution quality. Our conclusions are presented in
Section 6.

121



2 CCBRin Product Recommendation

A generic algorithm for CCBR in product recommendation
is shown in Figure 1. In this context, the elicited query, or
partial query, represents the preferences of the user with
respect to the attributes of the available products. At each
stage of the recommendation dialogue, the system selects
the next most useful attribute, asks the user for the preferred
value of this attribute, and retrieves the case (or product)
that is most similar to the query thus far elicited. The
dialogue continues until the termination -criteria are
satisfied, or until no further attributes remain. At this point,
the case that is most similar to the current query is presented
to the user as the recommended case.

algorithm CCBR
begin
0«0
repeat
select the next most useful attribute a
ask the user for the preferred value v of a
O—Q0uia=v}
retrieve the case C that is most similar to Q
until termination criteria are satisfied
recommend C
end

Figure 1. CCBR in product recommendation.

2.1 Similarity Measures

The similarity of a given case Cto a query Q over a set of
case attributes 4 is typically defined as:

Sim(C, 0)= Y w,sim,(C,Q)

acAd

where for each a € 4, w, is a numeric weight representing
the importance of a, and sim,(C, Q) is a measure of the
similarity of m,(C), the value of a in C, to m,(Q), the
preferred value of a. As usual in practice, we assume that
forall a € 4, 0 <sim,(x, y) <1 and sim,(x, y) = 1 if and only
if x = y. Often in practice, Sim(C, Q) is divided by Z w, to
aeA
give an overall similarity score between 0 and 1, though this
has no affect on the ranking of the retrieved cases. We will
say that Sim is a regular similarity measure if for each a €
A, the distance measure d,(x, y) = 1 - sim,(x, y) satisfies the
triangle inequality: d,(x, z) < d,(x, y) + d,(y, z) for all x, y, z.
At each stage of the CCBR process, retrieval is based on
an incomplete query Q in which preferred values are
specified for a subset 4, of the case attributes 4. The
similarity of a given case C to an incomplete query Q is:

Sim(C,Q)= Y w,sim,(C,0)

aeAQ
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In practice, the full-length query O* that represents the
preferences of the user with respect to all the case attributes
may never be known, and is only one of the many possible
completions of Q in the sense of the following definition.

Definition 1 Given an incomplete query Q, we say that a

full-length query Q" is a completion of Q if T (Q") = m,(Q)
foralla € Ap.

Proposition 1 If Q is an incomplete query, then for any case
C and completion Q" of O,

Sim(C,0") = Sim(C,0)+ Y w,sim,(C,0")

aeA—AQ

2.2 Measures of Retrieval Performance

Often in recommender systems, cases other than those that
are maximally similar to a target query are presented as
alternatives that the user may wish to consider [e.g.
McGinty and Smyth, 2002]. However, in measuring
retrieval performance, we assume that the retrieval set for a
given query Q is the set of cases C for which Sim(C, Q) is
maximal; that is, no case is more similar to Q.

Definition 2 Given a query Q, we define the retrieval set for
0O to be:

rs(Q) = {C: Sim(C, Q) = Sim(C®, Q) for all C°}

Often in practice, rs(Q) contains a single case; if not, we
assume that the user is shown all cases that are maximally
similar to her final query. A simple measure of dialogue
efficiency is the number of questions, on average, that the
user is asked before a recommendation is made. We
measure precision and recall for an incomplete query O
relative to the full-length query Q* that represents the
preferences of the user with respect to all the case attributes.

Definition 3 Given an incomplete query Q, we define:

[rs(Q) N rs(0%) y

precision(Q) = |rs(Q) | 100
 |rs(@)nrs(0¥)
recall(Q) = W x 100

2.3 Similarity Thresholds

We now use an example recommender system in the PC
domain to illustrate the trade-off between dialogue
efficiency and solution quality in CCBR with termination
based on similarity thresholds. The case library contains the
descriptions of 120 personal computers [McGinty and
Smyth, 2002]. The attributes in the case library and weights
assigned to them in our experiments are type (8), price (7),
manufacturer (6), processor (5), speed (4), monitor size (3),
memory (2), and hard disk capacity (1). In this initial
experiment, attributes are selected in decreasing order of
their importance weights and the dialogue is terminated
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when the similarity of any case reaches a predefined
threshold.

We use a leave-one-out approach in which each case is
temporarily removed from the case library and used to
represent the preferences of the user in a simulated
recommendation dialogue. We measure dialogue length as
the percentage of the 8 possible questions the user is asked
before the dialogue is terminated. Average dialogue length,
precision and recall over all simulated dialogues are shown
in Figure 2 for similarity thresholds in the range from 0.4 to
1. In this case library, there is never more than a single case
in the retrieval set for the full-length query that provides the
baseline for our evaluation of retrieval performance. It
follows that for each threshold, recall is the percentage of
dialogues in which this “best” case is recommended.

—O—Precision —@—Recall —{1— Dialogue Length (%)

100
80

20 U/J

O L) L) L) L) Ll Ll
04 05 06 07 08 09 1

Similarity Threshold

Figure 2. Trade-off between dialogue efficiency and solution
quality with termination based on a predefined threshold.

The similarity threshold of 0.7 can be seen to have
reduced average dialogue length by almost 50%. This
equates to about 4 out of 8 questions, on average, being
asked before a recommendation is made. However, the
trade-off is a reduction of more than 20% in both precision
and recall. This means that the best case is recommended in
less than 80% of dialogues. As precision is less than recall
for the 0.7 threshold, there are also occasions when the
system recommends the best case along with one or more
other cases that are equally similar to the final query. It is
also worth noting that even a threshold of 0.9, though
providing a reduction in dialogue length of 17%, does not
ensure that the best case is always recommended.

2.4 When Can the Dialogue be Safely Terminated?

The potentially damaging effects of similarity thresholds on
solution quality highlight the need for more reliable criteria
for terminating CCBR dialogues. An incomplete query O
gives perfect precision and recall if and only if rs(Q) =
rs(Q*), but the problem is that O* is unknown. One can
imagine an approach to CCBR that relies on exhaustive
search to determine when the dialogue can be safely
terminated; that is, in the certain knowledge that there can
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be no loss of precision or recall. The dialogue would be
terminated only if all possible completions Q" of the current
query Q yielded the same retrieval set as Q. However, this
approach is unfeasible in practice as the number of possible
completions of a given query is often very large.

In Section 4, we identify criteria for safely terminating
the dialogue that require minimal computational effort in
comparison with exhaustive search. The approach is based
on the concept of case dominance that we now introduce.

Definition 4 We say that a given case C, is dominated by
another case Cy with respect to an incomplete query Q if
Sim(C,, Q) < Sim(Cy, Q) and Sim(C,, Q") < Sim(C,, Q") for
all possible completions Q" of Q.

The importance of case dominance can easily be seen.
Any case that is dominated with respect to the current query
can be eliminated as it can never emerge as the best case
regardless of the preferences of the user with respect to the
remaining attributes. In the following section, we present
empirical techniques for identifying dominated cases that
can easily be applied in practice.

3 Identifying Dominated Cases

We now present 3 alternative criteria for identifying cases
that are dominated with respect to an incomplete query. We
will refer to the dominance criteria identified in Theorems 1,
2 and 3 as DCI1, DC2 and DC3 respectively. DC1 and DC2
are sufficient but not necessary conditions for a given case
to be dominated by another case, while DC3 is both a
necessary and a sufficient condition. DC1 and DC2 have the
advantage of not relying on the triangle inequality, but only
DC3 is guaranteed to detect all dominance relationships.

Theorem 1 A given case C, is dominated by another case
C| with respect to an incomplete query Q if:

Sim(C2,Q)+ D wa < Sim(C1,0)
acd-Ag

Proof Immediate from Theorem 2. O

A limitation of DCI is that it fails to recognize that the
similarity of the more similar case C; is a moving target for
the less similar case C,, and that the latter may be
dominated even if it can equal or exceed the current
similarity of C,. For example, if C; and C, have the same
values for one of the remaining attributes, then any increase
in similarity gained by C, with respect to this attribute is
also gained by Cj. Our second dominance criterion, DC2,
ignores attributes for which C; and C, have the same values,
thus making it less susceptible to this problem.

Theorem 2 A given case C, is dominated by another case
C, with respect to an incomplete query Q if:

Sim(C,,0)+ Y w, < Sim(C,,0)

aed;

where A; = {a € A-Ag: m,(C)) # 1 (Cy)}.
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Proof If A, = {a € 4 - Ap : 1,(Cy) = m,(Cy)}, then for any
completion Q" of O:

Sim(C,,0%) =
Sim(C,, Q)+ D w,sim,(Cy,07) + Y w,sim,(C,,0")

ac4; acdy
< Sim(Cy,0)+ D W, + Y w,sim,(C,0")
acd; acdy
< Sim(C;,0) + Zvvasima(Cl,Q*)SSim(Cl,Q+). 0
aedy
However, the moving target problem is only partially
addressed by disregarding attributes for which C; and C,
have the same values. Any increase in similarity gained by
C, with respect to an attribute for which they have different
values may also be gained in equal or greater measure by
C). Our third dominance criterion addresses this issue by
taking account of the similarity between C; and C, with
respect to each of the remaining attributes.

Lemma 1 If Sim is a regular similarity measure, then for
any cases Cy, C,, query Q, and a € A:
Sima(c29 Q) < Sima(Cb Q) +1- Sima(cla CZ)

Proof By the triangle inequality, 1 - sim,(C;, Q) < 1 -
sim(Cy, C)) + 1 - simy(C;, Q). The required inequality
easily follows. 0
Theorem 3 If Sim is a regular similarity measure, then a
given case C, is dominated by another case C with respect
to an incomplete query Q if and only if:

Sim(C,,0) + Zwa(l—sima(cl,cz)) < Sim(Cy,0Q)
aeA—AQ

Proof If the latter condition holds then it follows from
Lemma 1 that for any completion Q" of O:

Sim(C,,0") = Sim(C,,0)+ ZWasima (C,,0M)

aeAfAQ
< Sim(C,,0)+ Zwa (sim,(C,Q")+1—=sim,(C;,C5))
aeAfAQ
<Sim(C,,Q)+ ZWL,sima (C,,0)=Sim(C,,0").
aeA—AQ

So C; is dominated by C; as required. It remains to show
that if:

Sim(C1,Q) < Sim(C2,0) + Z Wy (1= simy (C1,C2))
acAd-Ap
then C, is not dominated by C,. Let Q" be the completion of
O such that n,(Q") = n,(C,) for all a € 4 - Ap. It can be seen
that sim,(C,, Q") = 1 and sim,(C,, Q") = sim,(C;, C,) for all
a € A-Agp,and so:
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Sim(Cy,Q0%) = Sim(C,,0)+ Y w,sim,(C,,0")

aeA—AQ
<Sim(C,0)+ Y w, (sim,(C,,0%)+1=sim,(C,,C,))
aeA—AQ
= Sim(Cp,Q)+ Y w, =Sim(C,,0").
aeAfAQ
It follows as required that C, is not dominated by C;. O

Figure 3 shows the numbers of dominated cases, on
average, according to DCI1, DC2 and DC3 after each
question in simulated dialogues based on the PC case library
[McGinty and Smyth, 2002]. The experimental setup is the
same here as in Section 2.3, except that the dialogue is
allowed to continue until no further attributes remain.

—X—DC1 —0—DC2 —e—DC3

3100 — e |
Y -
X

ST 77
2 40
P77
80‘/4;‘(/_)(/!!!!!

O 1 2 3 4 5 6 7 8

No. of Questions

Figure 3. Numbers of dominated cases in the PC case library
according to DC1, DC2, and DC3.

The results clearly show the inferiority of DC1 as a basis
for detecting dominance relationships. It fails to detect any
dominance relationships until three questions have been
asked, while it can be seen from the results for DC3 that
more than 70% of cases, on average, are in fact dominated
after the second question. The results also show DC2 to be
much more effective in detecting dominance relationships
than DC1, though unable to compete with DC3.

4 Safely Terminating the Dialogue

We now identify conditions in which a recommender
system dialogue can be terminated without loss of precision
or recall. We also show that these conditions must be
satisfied in order for the dialogue to be safely terminated.
That is, termination on the basis of any other criterion runs
the risk of some loss of solution quality.

Lemma 2 If Q is an incomplete query such that two cases
C,, C, € rs(Q) have the same values for all a € A - Ay, then
Sim(C,, Q") = Sim(C,, Q") for any completion Q" of Q.
Moreover, any case C; that is dominated by C) is also
dominated by C,.

Proof It easily follows from Proposition 1 that Sim(C;, Q")
= Sim(C,, Q) for any completion Q" of Q. If C; is
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dominated by Cj, then Sim(Cs, Q) < Sim(C;, Q) = Sim(C,,
0) and for any completion Q" of O, Sim(Cs, Q") < Sim(C,,
0" = Sim(C,, 0"). So C; is dominated by C, as required.

Theorem 4 The dialogue can be safely terminated if and
only if the current query Q is such that: (a) all cases in
rs(Q) have the same values for all a € A - Ay and (b) for
all Cy € rs(Q) and C, ¢ rs(Q), C, dominates C,.

Proof If (a) and (b) are true, then for any completion Q" of
0, all cases in rs(Q) are equally similar to Q" by Lemma 2.
On the other hand, if C; ¢ rs(Q), then (b) ensures that C; is
less similar to Q" than any case in rs(Q). It follows that
rs(Q") = rs(Q) for all completions Q" of O, and so the
dialogue can be safely terminated.

If (a) is not true, then there exist C;, C; € rs(Q) and a° €
A - A such that m,o(C,) # m.e(C,). It follows that if Q' is the
completion of Q such that m,(Q") = n,(C)) foralla € A4 - Ao,
then simq(C,, Q") < sime(Cy, Q7)) = 1, and so Sim(C,, Q") <
Sim(C,, Q). Thus C, ¢ rs(Q"). It follows that (a) is a
necessary condition for the dialogue to be safely terminated.

If (b) is not true, then there exist C; € rs(Q) and C, ¢
rs(Q) such that C, is not dominated by C,. As Sim(Cy, Q) >
Sim(C,, ), there must be a possible completion 0" of O
such that Sim(C,, Q") > Sim(C,, Q"). It follows that rs(Q") #
rs(Q), so the dialogue cannot be safely terminated. Thus (b)
is also a necessary condition for the dialogue to be safely
terminated. 0

The cost of testing condition (a) of Theorem 4 increases
only linearly with the size of the retrieval set. At first sight,
condition (b) may seem expensive to test, particularly in the
early stages of query elicitation when |rs(Q)| may be large.
However, it can be seen from Lemma 2 that if (a) is true and
C, is any case selected from rs(Q), then (b) is true if and
only if C; dominates C, for all C, ¢ rs(Q). Since (b) need
only be tested if (a) is true, this reduces the cost of testing
whether or not the dialogue can be safely terminated to one
that increases only linearly with the size of the case library.

It is worth noting that failure of the underlying similarity
measure to respect the triangle inequality does not affect the
ability of a CCBR algorithm that uses the termination
criteria presented in Theorem 4 to provide perfect precision
and recall. However, the use of DC2 (which does not rely on
the triangle inequality) as the dominance criterion is likely
to affect retrieval performance in terms of dialogue
efficiency. In the rest of this paper, we assume that the
underlying similarity measure is regular, thus permitting the
use of DC3 in the identification of dominance relationships.

S Attribute-Selection Strategies

We now examine the effects on dialogue efficiency of four
approaches to attribute selection in CCBR algorithms that
use the termination criteria we have shown to be essential to
ensure perfect precision and recall. Two of our algorithms
are goal driven in that attribute selection is based on the
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hypothesis that the preferred values of the remaining
attributes are the values in a target case C, initially selected
at random and revised if necessary as the user’s preferences
are elicited. No change is needed as long as C; € rs(Q),
which means that no case is more similar to the current
query Q than the target case. If C, ¢ rs(Q), then the target
case is replaced by another case selected at random from

rs(Q).

The algorithms compared in our evaluation are:

CCBRI1: Select attributes in random order

CCBR2: Select attributes in order of decreasing importance

CCBR3: Select the attribute that maximizes the similarity variance
of cases not currently dominated by the target case

CCBR4: Select the attribute that maximizes the number of cases
dominated by the target case

Attribute selection in CCBR3 is adapted from the
approach proposed by Kohlmaier ef al. [2001]. However, an
expected similarity variance over all values of each attribute
is not computed in our approach. Instead, the impact on
similarity variance of each attribute is evaluated only for its
value in the target case; this greatly reduces the
computational effort involved in attribute selection.

Our experimental method is designed to compare
average dialogue length for each attribute-selection strategy
with the optimal dialogue length that can be achieved by
any CCBR algorithm that always gives perfect precision and
recall. Any such algorithm, like the algorithms in our
evaluation, must use the termination criteria identified in
Theorem 4. As in our previous experiments, each case is
temporarily removed from the case library and used to
represent the preferences of the user. To determine the
optimal dialogue length for a left-out case, we simulate all
possible dialogues based on that case; that is, with the
available attributes selected in every possible order. The
optimal dialogue length is the minimum number of
questions asked over all such dialogues. For each left-out
case, we also record the dialogue length for each of our
attribute-selection strategies.

For each strategy, Figure 4 shows the maximum,
minimum, and average number of questions asked over all
simulated dialogues. Similar statistics are shown for the
optimal dialogues determined as described above. CCBR4
gave the best performance, reducing the number of
questions asked by up to 63% and by 35% on average
relative to a full-length query. Its average dialogue length of
5.2 is only 4% higher than the lowest possible average that
can be achieved by any CCBR algorithm that guarantees
perfect precision and recall.

Attribute selection based on similarity variance (CCBR3)
also performed well on this case library, with an average
dialogue length of 5.4 compared with 7.4 for the random
strategy (CCBR1). With an average dialogue length of 5.8,
selecting attributes in order of decreasing importance
(CCBR2) was also more effective in reducing average
dialogue length than the random strategy.
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Figure 4. Comparison of attribute-selection strategies
on the PC case library.

The case library used in our final experiment (www.ai-
cbr.org) contains over 1,000 holidays and their descriptions
in terms of 8 attributes such as price, region, duration, and
season. The experimental setup is the same as in our
previous experiment except that we do not attempt to
determine the optimal length of each dialogue. The results
are shown in Figure 5. Once again, CCBR4 gave the best
performance, reducing dialog length by up to 63% and by
25% on average. On this occasion CCBR3, though reducing
average dialogue length more effectively than CCBR1, was
outperformed by CCBR2.

O Max E Avg O Min

741 BJ----.
64 [.--..
54 [.....
4 1.
3 4.
2 4.

No. of Questions

CCBR1 CCBR2 CCBR3 CCBR4

Figure 5. Comparison of attribute-selection strategies
on the Travel case library.

6 Conclusions

Recognizing when problem-solving dialogues can be
terminated while minimizing the impact on solution quality
is an important issue that has received little attention in
CBR research. Focusing on incremental query elicitation in
recommender systems, we have identified necessary and
sufficient conditions for the dialogue to be terminated
without loss of solution quality. We have also evaluated
several attribute-selection strategies in terms of dialogue
efficiency given the requirement that there must be no loss
of solution quality. The best results were obtained with a
goal-driven strategy in which the selected attribute is the
one that maximizes the number of cases dominated by the
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target case. In spite of its low computational cost (linear in
the size of the case library) this strategy gave close to
optimal performance on the PC case library. It was also
more effective in reducing average dialogue length than the
other strategies evaluated on the Travel case library, a
standard benchmark containing over 1,000 cases.

A feature of CBR recommender systems on which the
techniques presented in this paper depend is that each
outcome class (a unique product or service) is represented
by a single case [McSherry, 2001]. Investigation of criteria
for safe termination of problem-solving dialogues in other
areas of CBR is an important objective for further research.
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Abstract

User feedback is vital in many recommender sys-
tems to help guide the search for good recommen-
dations. Preference-based feedback (e.g. “Show
me more like item A”) is an inherently ambiguous
form of feedback with a limited ability to guide the
recommendation process, and for this reason it is
usually avoided. Nevertheless we believe that cer-
tain domains demand the use of preference-based
feedback. As such, we describe and evaluate a flex-
ible recommendation strategy that has the potential
to improve the performance of case-based recom-
menders that rely on preference-based feedback.

1 Introduction

At last year’s European Case-Based Reasoning conference
(ECCBR 2002) in Scotland, delegates were treated to a
whiskey tasting. A range of different whiskeys were sam-
pled, each accompanied by a feature-based description (e.g.
distillery, age, alcohol content, cask, peatiness, sweetness,
palette, etc.). However, the value of these descriptions was
limited as most of us had little or no understanding of the
features, nor could we reliably reconcile individual features
with the taste of a particular whiskey. Nevertheless virtually
everyone could chose a favourite whiskey by the end of the
session (after a lot of sampling it has to be said!). This exam-
ple corresponds to a challenging problem for developers of
recommender systems, for reasons that will become clear.
Normally the success of case-based recommenders de-
pends on two important domain properties: (1) the items
need to be described using well-defined features; and (2)
users must have some understanding of these features and
how they relate to their requirements. For example, restau-
rants are readily described using features such as cuisine, lo-
cation and price, and most people have a reasonable under-
standing of their needs in relation to these features. When the
above characteristics are present content-based recommenda-
tion strategies can be combined with different forms of user
feedback, such as value elicitation (e.g. “I want an expensive,
Asian restaurant”) [Bridge, 2001], or critiquing (e.g. “Show

*The support of the Informatics Research Initiative of Enterprise
Ireland is gratefully acknowledged
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me more like Rolly’s Bistro but less formal’”), to good effect
[Burke, 2000]. However, if these properties are not present
then other strategies are needed. For example, if item de-
scriptions are not available, collaborative filtering can be used
to recommend items that have been rated positively by sim-
ilar users [Burke, 2000; Shardanand and Maes, 1995]. The
whiskey recommendation scenario above is different. The
availability of item descriptions suggests case-based recom-
mendation, but the lack of user expertise limits the use of
feedback strategies such as value elicitation or critiquing.

Indeed the whiskey domain is not unique in this respect. In
many domains users are able to express a preference without
necessarily understanding individual item properties. This is
especially true in domains where a specialised vocabulary al-
ready exists to describe items (e.g. fashion, jewellery, art, mu-
sic, etc.). Consider a recommender system designed to help
a bride-to-be to choose her ideal dress. Individual dresses are
described using specific features (e.g. coul-back, scoop-cut,
georgian-style, etc.) but most of these terms are meaningless
to the average bride, and yet the typical bride-to-be is capable
of recognising what she likes when she sees it. This problem
is more than the user being unaware of the correct vocabulary
to use during recommendation. The point is that even if they
were presented with the appropriate vocabulary terms, they
would not be in a position to use or appreciate these terms.

One form of feedback that could be used is preference-
based feedback; the user simply expresses a preference for
an item (e.g. “Show me more like dress 2”). This has
been largely avoided by researchers - it is assumed to be
too limited to efficiently guide the recommendation process.
Nevertheless in our research we are interested in looking at
how to make this a practical form of feedback in these chal-
lenging domains. Incidentally, unlike other feedback types,
preference-based feedback also benefits from minimal inter-
face needs, and so is particularly relevant for recommenders
designed for use with the current generation of mobile de-
vices, such as WAP phones and PDAs.

In this work we describe a way to improve the perfor-
mance of recommenders that use preference-based feedback.
Our novel adaptive selection method mirrors how real-life
sales assistants adapt their recommendation strategies in re-
sponse to user feedback by balancing the importance of sim-
ilarity and diversity during each recommendation cycle. Dra-
matic improvements in recommendation performance have
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been observed (e.g. reductions in dialog length of up to 80%).

2 Comparison-Based Recommendation

Comparison-based recommendation is a content-based
(or case-based) recommendation strategy [Burke, 2000;
McGinty and Smyth, 2002], as opposed to a collaborative
recommendation strategy [Burke, 2000; Konstan ef al., 1997,
Shardanand and Maes, 1995]. The notion of comparison-
based recommendation was introduced by [McGinty and
Smyth, 2002] to emphasise the role of feedback in content-
based recommenders, and to allow for an analysis of
preference-based feedback in particular. The focus was
on how query modification methods might be used with
preference-based feedback to produce efficient recommenda-
tion dialogs without richer forms of feedback like value elic-
itation or critiquing. We briefly review this earlier work, de-
scribing the basic comparison-based recommendation frame-
work and some successful query modification strategies.

2.1 The Basic Algorithm

Comparison-based recommendation (Figure 1) is an iterative
recommendation algorithm that presents the user with a se-
lection of k items as recommendations during each of a se-
quence of n recommendation cycles. During each cycle the
user expresses a preference for one of the suggestions and this
feedback is used to revise the query for the next cycle; in the
vocabulary of Shimazu, it is a type of navigation by propos-
ing [Shimazu, 2001]. The recommendation dialog terminates
when the user is presented with an acceptable suggestion.

2.2 Simple Selection: More Like This

The simplest approach to comparison-based recommendation
is to recommend the k£ most similar items to the current query,
and use the newly preferred item as the query for the rec-
ommendation next cycle. This more like this (MLT) method
is a facility often provided by Web search engines; although
it should be noted that search engines rarely rely upon this
method, primarily focusing instead on query elicitation and
term-based search. The MLT method is flawed by a ten-
dancy to follow so-called false-leads as it overfits to the cur-
rent preference, and this results in protracted recommenda-
tion dialogs. Using each preferred item as the next query is
problematic if some of its features are not relevant to the user.
For example, a user may indicate a preference for a whiskey
that is oak-aged, sweet, and peaty. But if the preference was
largely a result of the peatiness and independent of, or even at
odds with, the sweetness or the aging, then blindly focusing
the next selection on sweet and oak-aged whiskeys, as well
as peaty ones, may result in poor recommendations.

Figure 1 shows the scope of this problem by graphing the
similarity of the preference to the target in a sample recom-
mendation dialog. Instead of an increasing similarity pro-
file, we find sustained decreases in similarity as MLT follows
false-leads. Between cycle 3 and 11, target similarity falls
from 0.46 to as low as 0.26 as the user is forced to accept
poor recommendations, and again between cycle 11 and 40
there is a noticeable similarity trough. Indeed it is only after
cycle 38 that MLT finally begins to focus on the target region
and similarity rises.
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Figure 1: Profiling the similarity of the preference case to the
target case in a typical recommendation session

2.3 Query Modification Strategies

Query modification techniques can relieve the false-lead
problem, and have been shown to improve recommenda-
tion efficiency, reducing MLT dialogs by 30% on average
[McGinty and Smyth, 2002]. The central idea is to identify
features in the preference case that are likely to be the rea-
son for the user’s choice, and those features that are likely
to be irrelevant. Only relevant features are transferred to the
new query. Returning to the whiskey example above, if the
rejected cases are also very sweet then sweetness may irrel-
evant to the user. Hence, one query modification strategy,
partial MLT (pMLT) only includes preference features in the
query that are not found in any of the rejected cases.

[McGinty and Smyth, 2002] also propose more sophis-
ticated query modification strategies that weight preference
features in the query according to how likely they are to be
reliable. One strategy computes a weight for a preference
feature based on the proportion of rejected items that also
contain that feature. If 3 cases are recommended to the user,
and if the preference and just one of the rejected items are
oak-aged and then this feature is transferred to the new query
with a weight of 0.5 (50% of the rejected items are oak-aged).

3 Adaptive Case Selection

So far we have assumed the use of similarity-based selection
during each cycle. However, in the real-world two selection
strategies can be observed in the dialogs that take place be-
tween customers and sales assistants. If a customer is unsure
of their exact needs the sales assistant will tend to present a
diverse range of alternatives, based on a preliminary set of
requirements, to focus in on a promising region of a product
space. A good sales assistant can recognise when the cus-
tomer sees something that they genuinely like and uses this
as a cue to switch their strategy to one that tries to refine sub-
sequent recommendations in the region of the preference by
selecting similar items.

In this paper, instead of using query modification methods
to improve recommendation efficiency, we propose an alter-
native called adaptive selection. It adapts the way that new
items are selected for recommendation and is motivated by
the above observation that different selection strategies are
appropriate at different times in the recommendation process.
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3.1 Similarity vs Diversity

Our observation about real-life recommendation scenarios is
partly echoed by recent research that has questioned the ap-
parent over-emphasis on similarity in content-based recom-
menders, with diversity forwarded as an important additional
selection constraint. A number of strategies for improving
recommendation diversity have been suggested. [Shimazu,
2001] proposes the recommendation of three items or cases,
11, 12 and i3, per recommendation cycle: ¢; is the most simi-
lar case to the query; 7o is maximally dissimilar from #1; and
1;3 1s maximally dissimilar from ¢; and ¢2. By design these
items are maximally diverse, but similarity to the query may
be compromised as there are no guarantees that 7o and 73 will
be very similar to the query.

Other researchers have proposed alternative diversity en-
hancing mechanisms with a more manageable balance be-
tween item diversity and query similarity [Bridge, 2001;
McSherry, 2002; Smyth and McClave, 2001]. Although all
of these techniques introduce diversity into selection in a uni-
form way, they do not fully reflect the strategy switching seen
in real-world scenarios. Moreover, while increasing diversity
may improve the efficiency of of a recommender by allowing
it to cover more of the item-space per recommendation cy-
cle, it may also lead to new types of inefficiencies. Diversity
enhancing methods pass over items that might otherwise be
selected and the target item may be one of these.

A more flexible mechanism for introducing diversity must
be adopted based on whether or not the recommender has fo-
cussed on the correct region of the item space. If there is evi-
dence that it is correctly focused then a pure similarity-based
selection method can be used to refine the recommendations
and safe-guard against passing over the target item. If the
recommender is not correctly focused, then diversity is intro-
duced in order to maximise the coverage of the item space
in the next cycle, and so help to refocus the recommender by
offering the user contrasting recommendations.

3.2 Preference Carrying

Unfortunately it is not immediately obvious how to judge
whether the recommender is correctly focused; the target item
is unknown and user requirements are typically vague. Adap-
tive selection solves this by evaluating whether the recom-
mendations made in the i** cycle are an improvement on
those in the i — 1** cycle before choosing a selection strat-
egy for the i + 1" cycle.

This is achieved by carrying the preference item from the
previous cycle to the current cycle. If the user selects the car-
ried preference in the current cycle it must mean that they are
unhappy with the k£ — 1 new alternatives in that cycle. These
new items must have failed to improve upon the recommen-
dations made during the previous cycle, and so the recom-
mender must not be correctly focussed. If the user ignores the
carried preference and selects one of the newly recommended
items then the recommender must be correctly focused. Thus,
by carrying the preference item, and monitoring whether or
not the user reselects it, we can implement a switching mech-
anism between two alternative selection strategies: a refine
strategy that emphasises similarity; and a refocus strategy that
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balances similarity and diversity for improved recommenda-
tion coverage.

In theory carrying the preference may lead to new ineffi-
ciencies because the carried preference takes up a valuable
slot in each cycle, thus limiting recommendation coverage.
However, this is easily compensated for because carrying the
preference helps protect against against false-leads. If none
of the k — 1 new cases are relevant then by reselecting the
carried preference the user is at least maintaining the previ-
ous best recommendation rather than being forced to accept a
lower quality false-lead. In practice, this on its own can offer
a substantial improvement to recommendation efficiency.

3.3 Refine & Refocus

As mentioned above, the refine strategy makes use of a stan-
dard similarity-based selection method, picking k — 1 new
items that are maximally similar to the current query. The
refocus strategy uses the bounded-greedy diversity technique
proposed by [Smyth and McClave, 2001]; see Figure 2.

Very briefly, the bounded-greedy technique involves two
basic phases. First, the bk most similar items to the query
are selected (where b is typically an integer between 2 and 5).
During the second phase, the set (R) of selected items is built
incrementally. During each step of this build the remainder
of the bk items are ordered according to their guality and the
highest quality item added to R. The quality of a item ¢ is pro-
portional to the similarity between ¢ and the current query g,
and to the diversity of 7 relative to those items so far selected,
R ={r1,...,mm }; see Equations 1 & 2.

Quality(q,i, R) = a*xSim(q,4)+ (1 —a) * Div(i, R) (1)

Div(i,R) = 1ifR={};
_ Zj:l..m(l %Slm(l?rj))otherwise(z)

The first case to be selected is always the most similar to the
query and in subsequent iterations, the chosen case has the
highest quality relative to the query and diversity and cases
selected so far. Note, we set b = 3 and v = 0.5 to balance
similarity and diversity during refocusing.

4 Evaluation

In this section we evaluate the performance of adaptive se-
lection focusing on the average number of cycles and unique
items that must be presented to a user in a typical recommen-
dation dialog. The shorter the dialog, the more successful the
recommender is likely to be, and we demonstrate that adap-
tive selection delivers dramatic reductions in dialog length.

4.1 Setup

A case-base of 585 unique Scotish whiskey cases (Figure 3)
is used to compare two comparison-based recommenders us-
ing preference-based feedback: MLT uses the standard MLT
strategy; MLT+AS implements adaptive selection. We use
a leave-one-out methodology for testing using 200 randomly
selected cases as test cases. Each test case (base) is removed
from the case-base and used in two ways.
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14.
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16.

define Comparison-Based-Recommend (q,

ip_1 , ip < null
do
R « ItemRecommend (g, CB, k,

ip < UserReview (R, CB)

Q <« QueryRevise(q, i,, R)

ip_1 <« ip

until UserAccepts (i)
define QueryRevise (q, ip, R)

R” < R - {ip}
q « i
return g

define UserReview (R, CB)

i, < user’s preferred case from R

CB <~ CB - R

return i,

i

CB, k) i 17. define ItemRecommend (g, CB, k, ip, ipﬂ)

18. if(ip !'= null) && (ip == ip&)
19. R « ReFocus(q, CB, k)

ip%) 20. else
21. R « ReFine (g, CB, k)
22. return R
23. define ReFine (g, CB, k)
24. CB’ « sort CB in decreasing order of their sim to g
25. R <« top k items in CB’
26. return R
27. define ReFocus (g, CB, k, ip, ipﬂ)
28. return BoundedGreedySelection (g, CB, k, b)
29 define BoundedGreedySelection (g, CB, k, b)
30 CB' := bk cases in CB that are most similar to g
31. R := {}
32. For j := 1 to k
33. Sort CB' by Quality(qg,i,R) for each case i in CB*‘
34, R := R + First(CB'")
35 CB’ := CB’ - First(CB')
36 EndFor
37 return R
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Figure 2: The Comparison-Based Recommendation algorithm with adaptive selection.
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First it serves as the basis for a set of queries made by tak-
ing random subsets of features. Second, it is used to identify
a maximally similar (farget) case. Thus, the base is the ideal
query for a user, the generated query is the initial test query
given to the recommender, and the target is the best case for
the user given their ideal. During each recommendation cy-
cle 3 cases are recommended to the user, and the most sim-
ilar to the target is chosen as a preference, thus simulating a
user that is capable of correctly selecting the best preference
item in each cycle; we relax this assumption in Section 4.3.
A query is satisfied when the target is returned in a cycle,
thereby simulating the situation where the user is seeking a
specific case; once again, we relax this condition in Section
4.4. In total 1250 queries are generated and divided into three
groups based on their difficulty; where difficulty is based on
the number of recommendation cycles required by MLT.

4.2 Recommendation Efficiency

Basic recommendation efficiency can be measured in terms of
the average number of cycles (or unique cases or items) that
a user must work through before being presented with their
ideal target. The leave-one-out method outlined above is used
by the two recommenders for each of the 1250 queries and
and the mean number of cycles and unique items presented
to the user are measured. The results are shown in Figure
4(a-b) as graphs of mean cycles and items for each algorithm
and query group. The benefits of MLT+AS should be clear
for both measures. For example, we see that MLT requires
17.5 cycles (and 52.5 items) for simple queries, but MLT-AS
needs only 9.5 cycles (and 20 items), a relative reduction of
45% in terms of cycles, and 62% in terms of items.

We see similar results for the other query sets. In fact, the
relative reductions enjoyed by MLT-AS increase with query
difficulty. The recommendation dialogs associated with more
difficult queries include more false-leads than the dialogs
for simpler queries, and so offer adaptive selection an even
greater opportunity for dialog reduction. This trend is clearly
seen in Figure 4(c), which graphs the percentage reduction in
cycles and items due to MLT-AS, relative to MLT. For cycles,
the relative reduction grows from 45% (simple) to 68% (diffi-
cult) and for unique items it grows from 62% to 78%. These
results clearly show a dramatic benefit for adaptive selection.
Indeed this benefit is so great that MLT-AS is capable of satis-
fying the most difficult queries far more efficiently than MLT
takes to satisfy even the simplest queries.

4.3 Preference Noise

In this experiment we re-evaluate our recommenders by re-
laxing the assumption that the user always prefers the most
similar item to the target to test whether benefits are found
with sub-optimal preferences. The above experiment is re-
peated except that noise is introduced into the preference se-
lection by perturbing the similarities between each recom-
mended item and the target by some random amount within a
set noise limit. A 10% noise means that each similarity value
can change by up to +/-10% of its actual value. This will po-
tentially change the internal ordering of recommended items
during each cycle resulting in the selection of a preference
that may not be the most similar to the target. This approach
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mimics the situation where users are likely to make prefer-
ence mistakes more frequently if there is little difference be-
tween the target similarities of the recommended items.

Figure 4(d&e) graph the mean number of cycles and items
presented to the user versus the noise limit for moderate
queries. As expected, introducing preference noise has a neg-
ative impact on the ability of each recommender to locate the
target item. MLT dialogs increase from 24 cycles at 0% noise
to 39 cycles at 40% noise, and MLT-AS dialogs increase from
11 cycles to 37 cycles. The number of items required is also
seen to increase in a similar manner. However, the benefits of
MLT-AS remain across all levels of noise (see Figure 4(f)) al-
though the magnitude of these benefits is seen to fall as noise
increases. For example, the MLT-AS benefit, in terms of
unique items, falls from 68% at the 0% noise level to 36% at
the 40% level. Nevertheless, adaptive selection once again of-
fers significant improvements in recommendation efficiency
even when users make imperfect preference selections. While
the results presented here focus only on moderate queries, for
reasons of brevity, it is worth noting that qualitatively simi-
lar results are found for simple and difficult queries. Once
again the MLT-AS benefits increase with query difficulty; for
example, in terms of unique items, at the 40% noise level, a
27% MLT-AS benefit is observed for simple queries, and a
439% MLT-AS benefits for difficult queries.

4.4 Target Noise

Our second key assumption is that users are interested in a
single target item during recommendation, and that the dia-
log only terminates when this item is returned. It is perhaps
more realistic to assume that the user will be satisfied by any
one of a group of items that are similar to the optimal target.
We re-evaluate our recommenders under this more relaxed
termination condition by repeating the basic efficiency exper-
iment except that we terminate each dialog once an item has
been recommended that is within some pre-defined similarity
of the target. A similarity threshold of 70% means that the
dialog terminates when an item that is at least 70% similar to
the targer has been recommended.

Figure 4(g-i) presents the results in a number of ways. First
Figures 4(g&h) graph the mean number of cycles and items
presented to the user versus the similarity threshold for mod-
erate queries. As expected, relaxing the termination condi-
tion results in shorter recommendation dialogs for MLT and
MLT-AS. For example, MLT dialogs reduce from just under
26 cycles at the 100% similarity threshold (where the optimal
item must be recommended) to just over 17 cycles at 60%
similarity. MLT-AS dialogs reduce from 11 cycles to just un-
der 9 cycles across the same similarity range. The number
of items required is also seen to reduce in a similar manner.
However, positive MLT-AS benefits are maintained across all
similarity thresholds (see Figure 4(i)). In fact, as the threshold
increases, and the termination condition becomes more rigid,
we find increasing benefits for MLT-AS in terms of cycles and
items. For example, the MLT-AS benefit, in terms of unique
items, grows from 54% at the 60% similarity threshold to just
under 70% at the 100% threshold. Once again, adaptive se-
lection delivers significant improvements in recommendation
efficiency across a variety of termination conditions.
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4.5 Preference-Based vs Critiquing

Finally, it is worth briefly considering the impressive dialog
reductions observed for adaptive selection with preference-
based feedback in the context of a much richer form of
feedback, namely critiquing [Burke, 2000; McGinty and
Smyth, 2003]. Figure 5 presents an efficiency comparison
(in terms of average recommendation cycles) between our
two preference-based recommenders and an equivalent rec-
ommender that implements critiquing; briefly, during each
cycle feedback corresponds to a preference case plus a cri-
tique that constrains a selected feature value.

On the face of it we expect critiquing to produce more effi-
cient dialogs than preference-based feedback. And so it does
for all query types when compared to standard preference-
based feedback. However, the surprise is that combining
preference-based feedback and adaptive selection produces
recommendation dialogs that are consistently and signifi-
cantly shorter than even those produced by critiquing. For
example, relative to MLT-AS, critiquing requires 37% more
cycles for simple queries and 52% more cycles for the diffi-
cult queries.

5 Conclusions

To date preference-based feedback has been largely ignored
by recommender systems. It is an inherently ambiguous form
of feedback with a limited ability to efficiently guide the
recommendation process. Nevertheless, we believe that this
form of feedback is useful, and perhaps even vital, in cer-
tain recommendation domains where other forms of feedback
cannot be used, perhaps because of limited user expertise or
even basic device restrictions.

We have described how preference-based feedback can be
made more efficient using the adaptive selection technique,
which modifies its recommendation strategy depending on
whether or not the recommender is correctly focused on the
right region of the recommendation space. Using this method
we have demonstrated dramatic performance improvements
over standard preference-based feedback, across a variety of
experimental conditions, with reductions in dialog length of
up to nearly 80%. Indeed, adaptive selection is so effective
that it is capable of using simple and cheap preference-based
feedback to produce recommendation dialogs that are even
more efficient than those available with richer forms of feed-
back such as critiquing.

In this paper we have presented evaluation results from one
recommendation domain, Whiskey. This domain is especially
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interesting because of its dependency on preference-based
feedback (as discussed in Section 1). We have also tested our
technique on more traditional domain datasets (i.e. Travel,
PC) and have found similar results [McGinty and Smyth,
2003]. We believe that these results have the potential to
change the perception of simple preference-based feedback,
facilitating its practical use in a variety of recommendation
scenarios. Indeed adaptive selection is in no way limited to
preference-based feedback. In our future research we intend
to investigate if similar performance benefits can be achieved
by integrating this technique in recommenders that use other
forms of feedback (e.g. critiquing and rating-based).
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Abstract

We introduce a new kernel for Support Vector Ma-
chine learning in a natural language setting. As a
case study to incorporate domain knowledge into
a kernel, we consider the problem of resolving
Prepositional Phrase attachment ambiguities. The
new kernel is derived from a distance function
that proved to be succesful in memory-based learn-
ing. We start with the Simple Overlap Metric from
which we derive a Simple Overlap Kernel and ex-
tend it with Information Gain Weighting. Finally,
we combine it with a polynomial kernel to increase
the dimensionality of the feature space. The clo-
sure properties of kernels guarantee that the result
is again a kernel. This kernel achieves high clas-
sification accuracy and is efficient in both time and
space usage. We compare our results with those ob-
tained by memory-based and other learning meth-
ods. They make clear that the proposed kernel
achieves a higher classification accuracy.

1 Introduction

An important issue in natural language analysis is the resolu-
tion of structural ambiguity. A sentence is said to be struc-
turally ambiguous when it can be assigned to more than one
syntactic structure [Zavrel et al., 1997]. In Prepositional
Phrase (PP) attachment one wants to disambiguate between
cases where it is uncertain whether the PP attaches to the verb
or to the noun.

Example 1 Consider the following two sentences:
1. I bought the shirt with pockets.
2. Iwashed the shirt with soap.

In sentence 1, with modifies the noun shirt because with
pockets (PP) describes the shirt. In sentence 2 however, with
modifies the verb washed because with soap (PP) describes
how the shirt is washed [Ratnaparkhi, 1998].

This type of attachment ambiguity is easy for people to
resolve because they can use their world knowledge [Stetina

* Author funded by a doctoral grant of the institute for advance-
ment of scientific technological research in Flanders (IWT).
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and Nagao, 1997]. A computer program usually cannot rely
on that kind of knowledge.

This problem has already been tackled using memory-
based learning like for example k-nearest neighbours. Here,
the training examples are first stored in memory and classi-
fication of a new example is done based on the closest ex-
ample stored in memory. Therefore, one needs a function
that expresses the distance or similarity between examples.
There already exist several dedicated distance functions to
solve all kind of natural language problems using memory-
based learning [Veenstra et al., 2000; Zavrel et al., 1997,
Daelemans et al., 2002].

We will use a Support Vector Machine (SVM) to tackle the
problem of PP attachment disambiguation. Central to SVM
learning is the kernel function K : X x X — R where X
contains the examples and the kernel K calculates an inner
product in a second space, the feature space F'. This product
expresses how similar examples are.

Our goal is to combine the power of SVMs with the dis-
tance functions that are well-suited for the probem for which
they were designed. Deriving a distance from a kernel is
straightforward, see Section 2.1. However, deriving a kernel
from a distance is not trivial since kernels must satisfy some
extra conditions, i.e. being a kernel is a much stronger con-
dition than being a distance. In this paper we will describe
a method that shows how such dedicated distance functions
can be used as a basis for designing kernels that sequentially
can be used in SVM learning.

We use the PP attachment problem as a case study to illus-
trate our approach. As a starting point we take the Overlap
Metric that has been succesfully used in memory-based learn-
ing for the same problem [Zavrel ef al., 1997].

Section 2 will give a short overview of the theory of SVMs
together with some theorems and definitions that are needed
in Section 4. Based on [Zavrel et al., 19971, section 3 gives
an overview of metrics developed for memory-based learning
applied to the PP attachment problem. In Section 4 the new
kernels will be introduced. Finally Sections 5 and 6 give some
experimental results and a conclusion of this work.

2 Support Vector Machines

For simplicity, in our explanation we will consider the case
of binary classification only, i.e. we consider an input space
X with input vectors x and a target space D = {1, —1}. The
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goal of the SVM is to assign every x to one of two classes
D = {1,-1}. The decision boundary that separates the in-
put vectors belonging to different classes is usually an arbi-
trary n — 1-dimensional manifold if the input space X is n-
dimensional.

One of the basic ideas behind SVMs is to have a mapping
® from the original input space X into a high-dimensional
feature space F that is a Hilbert space, i.e. a complete vector
space provided with an inner product. Separation of the trans-
formed feature vectors ®(x) in F' is done linearly, i.e. by a
hyperplane. Cover’s theorem states that any consistent train-
ing set can be made linear separable provided the dimension
of F is high enough.

However, transforming the training set TS =
{X1,X2,...,Xj, ..., Xy} C X into such a higher-dimensional
space incurs both computational and learning-theoretic
problems. The high dimensionality of F' makes it very
expensive both in terms of memory and time to represent the
feature vectors ®(x;) corresponding to the training vectors
x;. Moreover, separating the data in this way exposes the
learning system to the risk of overfitting the data if the
separating hyperplane is not chosen properly.

SVMs sidestep both difficulties [Vapnik, 1998]. First,
overfitting is avoided by choosing the unique maximum mar-
gin hyperplane among all possible hyperplanes that can sep-
arate the data in F'. This hyperplane maximizes the distance
to the closest data points.

Second, the maximum margin hyperplane in F’ can be rep-
resented entirely in terms of training vectors x; € 7'S and a
kernel K.

Definition: A kernel is a function K : X x X — R so that
forallxandy in X, K (x,y) =< ®(x), ®(y) > where ®isa
(non-linear) mapping from the input space X into the Hilbert
space F provided with the inner product < .,. > [Cristianini
and Shawe-Taylor, 2000].

To be more precise, once we have chosen a kernel K we
can represent the maximal margin hyperplane (or decision
boundary) by a linear equation in x

Y diK(xi,x) +b=0 (1)
x;€TS

where the training vectors x; and their class labels d; are
given. The decision boundary is determined completely once
we know the «; and b. They are obtained by optimizing a
convex quadratic objective function with linear constraints.
Moreover, most of the ¢; prove to be zero. By definition the
vectors x; corresponding with non-zero «; are called the sup-
port vectors SV and this set consists of those data points that
lie closest to the hyperplane and thus are the most difficult to
classify.

In order to classify a new point Xy, One determines the
sign of

Z aidiK(xi: Xnew) +b
x;ESV

If this sign is positive Xy, belongs to class 1, if negative to
class -1, if zero X, lies on the decision boundary. Note

that we have now restricted the summation to the set SV of
support vectors because the other o; are zero anyway.
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To conclude, SVM can sidestep the above two difficulties
because neither the feature space F' nor the map ® from the
input space X into F' are explicitly defined, they are replaced
by the kernel K that operates on vectors of the input space
X.

2.1 Some Properties of Kernels

The selection of an appropriate kernel K is the most impor-
tant design decision in SVMs since it implicitly defines the
feature space F' and the map ®. A SVM will work correctly
even if we don’t know the exact form of the features that are
used in F'. Moreover, the kernel expresses prior knowledge
about the patterns being modelled, encoded as a similarity
measure between two vectors [Brown et al., 1999].

But not all maps over X x X are kernels. Since a kernel K
is related to an inner product, cfr. the definition above, it has
to satisfy some conditions that arise naturally from the defini-
tion of an inner product and are given by Mercer’s theorem:
the map must be continuous and positive definite [Vapnik,
1998].

In this paper we will use following methods to construct
kernels [Cristianini and Shawe-Taylor, 2000]:

M1 Making kernels from kernels: Based on the fact that ker-
nels satisfy a number of closure properties. In this case,
the Mercer conditions follow naturally from the closure
properties of kernels.

M2 Making kernels from features: Start from the features
of the input vectors and obtain a kernel by working out
their inner product. A feature is a component of the in-
put vector. In this case, the Mercer conditions follow
naturally from the definition of an inner product.

The set of kernels is closed under certain operations, this
allows us to make new kernels from existing ones (see M1).
We mention only the closure property used in the paper:

Closure properties of kernels: Let ® : X — R be a map
and K be a kernel over R™ x " then the following function
isakernel K (x,y) = K (®(x), (y)).

Another interesting property is that we can derive a dis-
tance d from a kernel K as follows:

Distance derived from a kernel: Let K be a
kernel over X x X, then d defined as d(x,y) =
VE(x,x) —2K(x,y) + K(y,y) is a distance on X and
consequentially (X, d) is a metric space.

3 Metrics for Memory-based Learning

In this section, we will focus on the distance functions [Zavrel
et al., 1997; Cost and Salzberg, 1993] used for memory-based
learning with symbolic values. First, we will have a look at
the Simple Overlap Metric (SOM) and next we will discuss
Information Gain Weighting IGW). Memory-based learning
is a class of machine learning techniques where training in-
stances are stored in memory first and classification of new
instances later on is based on the distance (or similarity) be-
tween the new instance and the closest training instances that
have already been stored in memory. A well-known example
of memory-based learning is k-nearest neighbours classifica-
tion. We will not go into further detail, the literature offers
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many books and articles that provide a comprehensive intro-
duction to memory-based learning, e.g. [Mitchell, 1997]. For
our purpose, the important thing to remember is that we will
be working with symbolic values like strings over an alphabet
of characters. Instances are n-dimensional vectors a and b in
some universe {2™. The components of the vectors in Q™ are
strings, i.e. a;,b; € ¥*, with ¥* the set of all strings over
some alphabet ¥. Notice that for n = 1, Q™ becomes 2 and
the elements of €2 are strings in ¥*. In order for the inner
products defined below to be meaningful, the set of strings {2
has to be finite. As a result the set of vectors ™ is also finite
as required.

3.1 Simple Overlap Metric

The most basic metric for vectors with symbolic values is the
Simple Overlap Metric(SOM) [Zavrel et al., 19971:

dsom : Q" x Q" = R 2 dsom(a,b) = 6(ai,bi) (2)
i=1

with
6(ai, b)) =1 — bq;(bi) 3)

and
0:0xQ—{1,0}:8,,(b;)=14if a; =b;, else 0 (4)
Here dsons(a,b) is the distance between the vectors a and
b, represented by n features and 4 is the distance per feature.
The k-nearest neighbour algorithm equipped with this metric
is called IB1 [Aha et al., 1991]. The IB1 algorithm simply
counts the number of (mis)matching feature values in both
vectors. This is a reasonable choice if we have no information
about the importance of the different features. But if we do
have information about feature importance then we can add

linguistic bias to weight the different features.

3.2 Information Gain Weighting

Information Gain Weighting (IGW) measures for every fea-
ture ¢ separately how much information it contributes to our
knowledge of the correct class label. The Information Gain
(IG) of a feature ¢ is measured by calculating the entropy be-
tween the cases with and without knowledge of the value of
that feature:

2vey; P(v) X H(C|v)
si(1)
si(i) = — Z P(v)loga P(v)
vEV;

Where C' is the set of class labels, V; is the set of values
for feature i, H(C) = — .o P(c)loga P(c) is the entropy
of the class labels and si() is the split info. The resulting
weights w; can be used to extend Equation 2 with weights
(see Equation 6). The k-nearest neigbour algorithm equipped
with this metric is called IB1-IG [Zavrel et al., 1997] and the
corresponding distance called djq:

wi:H(C)—

&)

dig : Q" x Q" = R 1 drg(a,b) =Y wid(ai, b;) (6)
=1

with ¢ like in Eqs. 3 and 4.
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4 A Kernel for Natural Language settings

In this section, we will describe the kernel that we have con-
structed from the IGW metric djg from the previous sec-
tion. A kernel will be a function K : Q" x Q" — R
and the mapping to the feature space F' will be of the form
®: Q" - R We will begin with the simple, one-
dimensional, unweighted case (Section 4.1). Next, we will
extend it to n dimensions (Section 4.2) and add IGW (Sec-
tion 4.3) and finally in Section 4.4 the Polynomial Informa-
tion Gain (PIG) kernel will be introduced.

4.1 A Simple Overlap Kernel (SOK) in one
dimension

If we only want to consider vectors in a one-dimensional
space then we have to take a closer look at Equations 3 and 4.
To derive a kernel from this distance function we will use M2
from Section 2.1. Consider the inner product space R of
functions f : Q@ — R, the inner product of two functions f
and g is defined as:

<f,9>=) f(z)g(x) @)

zeQ

Next, let psok : Q — R with

1
V2
be a feature mapping to the feature space F'. The function
d, is defined as d,(z) = 1 when z = a and 0 otherwise
(see Equation 4). Starting from the features and the above de-
fined feature mapping we will now work out the inner prod-

uct to come to the corresponding kernel ksox : 2 x Q@ — R:
ksok(a,b) =< é¢sok(a),psok(b) >

dsok(a) = —=d, (8)

1 1
=< 7§6a, E‘S” >
3 2 ecq 0a(2)-0p(2)

= 30a(b)

We don’t have to proof that the kernel kso i satisfies the Mer-
cer conditions because this follows naturally from the defini-
tion of the inner product. We started from the features, de-
fined a mapping ¢sox on the features and we worked out the
inner product between them, see M2 from Section 2.1. How-
ever, to show that the kernel really corresponds to the distance
function given in Equations 3 and 4 we have to verify the dis-
tance formula for kernels given in Section 2.1:

(5(&, b) = \/kSOK(a, a) - 2k50K(a, b) + kSOK(b, b)

_ \/%(5(1(@) — 25, (b) + 8y (D))

=/3(2 = 244 (b))

=1—304(b)
The last step is justified by the fact that 1 — 8,(b) is either 0
or 1 [Ramon, 2002].
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4.2 Extending the SOK to n» Dimensions

In this section we consider vectors a,b € ™, the distance
between these vectors is measured by the distance dsons
from Equation 2. Now consider the inner product space "
(the space of functions f : 2™ — R) comparable to the one
in Equation 7, with the following inner product:

<f9>= Y f(x)9(x) ©)

xeQ™

We begin by defining a mapping ®sox : Q" — R?":

1
®s0k(a) \/553
We will again use M2 from Section 2.1 to derive a ker-
nel for dsopr. We work out the inner product between
the feature vectors ®sox(a) and ®soxr(b) to come to
the corresponding kernel Kgox ar x Q" - R
Ksok(a,b) =< ®s0k(a),®sok(b) >

= 5 Yoxeqn 0a(X).0b(x)
= %6a(b)

=5 iy Oa (bs)
Here the function 8, is defined as da(x) = > i, 0q, (s)
with &g, (z;) like in Equations 4 and 8. Notice
that this corresponds to the inner product between the

vectors & = (gsox(ar),...,¢sok(an)) and b =
(psox (b1), ..., psok (by)). So, alternatively we can write
Ksokg : Q" x Q" — R:

ZkSOK ai, b;) (10)

Ksok(a,b)

We don’t have to proof that the kernel Kgox is a valid
kernel as this follows naturally from the definition of
the inner product. However, we again have to show that
it is a kernel that corresponds to the distance function
dsom from Equation 2. In the following we will show
that the kernel Ksok in fact corresponds to the square
root of dsops, we will call this distance function d,:

dr(a,b)  =\/Kyop (@,a) — 2K,y (a,b) + Kyor (b, b)
= /(1 =80y (b1)) + - + (1 — da, (b))
= /> 6(ai, bi)
dsom(a,b)

However, this does not impose any problems for the kernel
we are aiming to develop.

4.3 Adding Information Gain to the SOK

Next, we will introduce IGW into the kernel. We will con-
struct a kernel based on the distance function d;g from Equa-
tion 6. We have to define new mappings ¢ and ® to cope with
the weights:

Brq: Q" = R Y 5 (11)

: ‘1310(3) = ﬁ
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Wi

¢IG 0= §RQ : ([51@(&,') = E

We will start again by working out the inner prod-
uct for the 1-dimensional case kg Qx0Q - RN

krg(as,b;) =< ¢ralas), dra(b;) >

8,

i

12)

—<f6a,,f6 >

= % EzeQ (sai ('Z')(sbl (Z‘)

2
= u;, da; (bi)
The function kjg is guaranteed to be a valid kernel, this
follows naturally from the definition of the inner product
(see M2 from Section 2.1). In the same way as for Ksox
we can show that Kjg corresponds to the inner product
between the vectors a = (¢rg(a1),...,¢1¢(an)) and
b = (¢16(b1), ..., $1c(by)), yielding the following result for
the kernel K7g : Q™ x Q™ — &t

Zle a;,b z

Also, in the same way as we d1d before we can show for kjg
that it corresponds to a distance function ;g : 2 X 2 — R
with d7g(ai, b;)) = w;d(a;,b;) with § as defined in Equa-
tion 3. Furthermore, in the same way as we did for Kgpok in
Section 4.2 we can show that the kernel K g corresponds to
the square root of the distance function d;¢ from Equation 6.

KIGab

4.4 A Polynomial Information Gain Kernel

In this section, we will increase the dimensionality of the fea-
ture space F' by making use of a polynomial kernel Koy .
We will start this section by giving an example [Cristianini
and Shawe-Taylor, 20001:

Example 2 (Polynomial kernel):  Consider a two di-
mensional input space X, with vectors x,y € X:

2
<xy>* = (Thiew)

- 28712)) (1,1) (-'L'z.Z'])(yzyJ)

poly(xa y)
which is equivalent to an inner product between feature vec-
tors of the form

P pory(x) =

We call the kernel K poiy a polynomial kernel because it maps
the vectors from the input space X to the feature space F of
all monomials of degree 2.

(SL'%, .73%, 2331'7:2)

Next, we will derive the Polynomial Information Gain
(PIG) kernel Kprg, making use of M1 from Section 2.1.
We will do this based on the closure property mentioned in
Section 2.1. Consider the feature mapping ® ;5 from Equa-
tion 11, the kernel K prg will be defined by a combination of
this feature mapping and the polynomial kernel Koy from
the above example.

Kpra(a,b) = Kpoy(®16(a), ®16(b)) 13)

CASE-BASED REASONING



with
P : Q" — §RQ

as defined in Equation 11 and

Kpoiy : R x R = R

From the closure properties of kernels, it follows naturally
that K pyg indeed is a valid kernel which calculates the in-
ner product of two vectors transformed by a feature mapping
(PPIG Q" = \%Qm.

The mapping ®p;e maps vectors a € 2" to the space
R with m > n. The features of the vectors in R?”
are combinations (inner products) of the following form:
< ¢r16(a:), prg(a;) > and 2 < ¢rg(ai), ¢ra(a;) >. In
this way we aim to capture more relevant information that
might be present in such combinations. Notice that the inner
product here above is the one defined in Equation 7.

5 Experimental Results

In the following section, we will give some experimental re-
sults we obtained with the kernels K7 and Kpjg. First
we will describe the PP attachment disambiguation problem
in more detail, followed by the experimental set up (Sec-
tion 5.2). Finally, we will present the results and compare
them to other methods that have been applied on the same
data set (Section 5.3).

5.1 PP attachment disambiguation problem

If it is uncertain in a sentence whether the preposition attaches
to the verb or to the noun then we have a prepositional phrase
(PP) attachment problem. For example, in sentence 1 of Ex-
ample 1, with modifies the noun shirt because with pockets
(PP) describes the shirt. In contrast, in sentence 2, with mod-
ifies the verb washed because with soap (PP) describes how
the shirt is washed [Ratnaparkhi, 1998].

Example 3 For the purpose of PP attachment disambigua-
tion, sentences 1 and 2 from Example 1 will be reduced to
vectors a and b € Q* as follows:

1. a = (bought, shirt, with, pockets)
2. b = (washed, shirt, with, soap)

In fact, we only keep those words that are of
any importance to the PP attachment problem, i.e.
(V(erb),N(oun),P(reposition),N(oun)).

In the case where sentences are reduced to quadruples as
illustrated in Example 3, the human performance is approx-
imately 88.2% [Ratnaparkhi et al., 1994]. This performance
rate gives us an acceptable upper limit for the maximum
performance of a computer because it seems unreasonable
to expect an algorithm to perform much better than a hu-
man. As we will show in our experimental results the kernel
K¢ achieves a classification accuracy up to 82,9%, see Sec-
tion 5.3. However, in [Zavrel et al., 1997] the IB1-IG attains
a maximum classification accuracy of 84.1%, this is a good
indication of the classification accuracy that should be possi-
ble to obtain with a kernel based on the distance defined in
Equation 6.
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5.2 Experimental Setup

The experiments have been done with LIBSVM, a C/C++ and
Java library for SVMs [Chih-Chung and Chi-Jen, 2002]. The
machine we have used is a Pentium III with 256MB RAM
memory, running Windows XP. We choose to implement the
kernels K7 and K pyg in Java.

The type of SVM learning we have used is C-SVM [Chih-
Chung and Chi-Jen, 2002]. The parameter C' controls the
model complexity versus the model accuracy and has to be
chosen based on the complexity of the problem.

The experiments in this section are conducted on a simpli-
fied version of the full PP attachment problem (see Example
3). The data consists of four-tuples of words, extracted from
the Wall Street Journal Treebank [Marcus ef al., 1993] by a
group at IBM [Ratnaparkhi et al., 1994].

The data set contains 20801 training patterns, 3097 test
patterns and an independant validation set of 4093 patterns
for parameter optimization. All of the models described be-
low were trained on all training examples and the results are
given for the 3097 test patterns. For the benchmark compari-
son with other models from the literature, we use only results
for which all parameters have been optimized on the valida-
tion set. For more details concerning the data set we refer
to [Zavrel et al., 1997].

5.3 Results

The table below gives the results obtained with the kernels
K1 and Kprg and compares them to other methods taken
from the literature:

Method Percent correct
Kig 82.9%
Kpra 84.8%
IB1 83.7%
IB1-IG 84.1%
C4.5 79.7%
Maximum Entropy 77.7%
Transformations 81.9%
Back-off model 84.1%
Late Closure 59.0%
Most Likely for each P | 72.0%

The results for Kjg and Kpjg were obtained after opti-
mization of the parameter C on the validation set. For Kg
this optimal value was C' = 0.8 and for K pjg this optimal
value was C' = 0.55. The scores of IB1, IB1-IG, C4.5, Late
Closure and Most Likely for each P are taken from [Zavrel
et al., 1997], the scores from Maximum Entropy are taken
from [Ratnaparkhi et al., 1994] and the scores of Transfor-
mations are taken from [Collins and Brooks, 1995].

The fact that the kernel K ;g performs worse than IB1-IG,
although it is equipped with the very same distance metric,
may seem somehow surprising. We believe this is because
SVMs perform linear separation in the feature space F'. The
decision boundary of IB1-IG on the other hand is non-linear.
Due to the linearity of the decision boundary of the SVM,
some points get misclassified. The number of misclassifica-
tions is controlled by the parameter C. Choosing a larger

'This data set is freely available by ftp from

ftp://ftp.cis.upenn.edu/pub/adwait/PPattachData/.
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value for C forces the SVM to avoid classification errors.
However, choosing a value for C that is too high will result
in overfitting. Increasing the dimensionality of F' makes lin-
ear separation easier (Cover’s theorem). This can be seen by
comparing the classification accuracies between the kernels
K ;g and Kpjg. The results also show that our kernel K pr¢
outperforms all other methods in the comparison.

6 Conclusion

In this paper, we have proposed a method for designing ker-
nels for SVM learning in natural language settings. As a start-
ing point we took distance functions that have been used in
memory-based learning. The resulting kernel K prg achieves
high classification accuracy compared to other methods that
have been applied on the same data set. In our approach we
started from the vectors of the input space, defined a map-
ping on those vectors and worked out their inner product in
the feature space. All necesary kernel conditions follow nat-
urally from the definition of the inner product. We used the
distance formula for kernels to show that the kernels are ac-
tually based on the distance functions from Section 3. The
experimental results of the kernel K pyg show that increasing
the dimensionality in the feature space yields better results.
We increased the dimensionality of the feature space by mak-
ing combinations of the features ® g through a polynomial
kernel. In this way, we do not only take into account the sim-
ilarity between corresponding features of vectors, but we also
take into account the similarity between non-corresponding
features of the vectors. In fact this comes down to taking into
account, to a greater extend, the context in wich a word oc-
curs.

We used the resolvement of PP attachment ambiguities as a
case-study to validate our findings, but it is our belief that the
kernel K pr can be used for a wide range of natural language
problems. In the future we will apply our kernels in more
complex natural language settings and compare the results to
other methods that have been applied on the same problems.
At the moment we are already running experiments on lan-
guage independent named-entity recognition [Sang, 2002].
The first results look promising, but it is too early to draw
any significant conclusions. We will also try to further ex-
tend the kernels proposed in this paper to achieve even higher
accuracies. Moreover, there are still many distance functions
reported in the literature that have not yet been investigated to
see whether they are applicable in SVM learning, we intend
to investigate such distance functions and if possible derive a
kernel from them.
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Abstract

We introduce a logical formalism of irreflexive
causal production relations that possesses both a
standard monotonic semantics, and a natural non-
monotonic semantics. The formalism is shown to
provide a complete characterization for the causal
reasoning behind causal theories frivtcCain and
Turner, 1997. It is shown also that any causal re-
lation is reducible to its Horn sub-relation with re-
spect to the nonmonotonic semantics. We describe
also a general correspondence between causal re-
lations and abductive systems, which shows, in ef-
fect, that causal relations allow to express abductive
reasoning. The results of the study seem to sug-
gest causal production relations as a viable general
framework for nonmonotonic reasoning.

Introduction

Causal theories have been introducefMicCain and Turner,

The importance of determinate theories lies in the fact that
(modulo some mild finiteness restrictions) the explained in-
terpretations of such a theory are precisely the interpretations
of its classicacompletion(see[McCain and Turner, 199Y.
Consequently, the nonmonotonic consequences of such the-
ories are obtainable by the use of classical inference tools
(such as the Causal Calculator, describefGiunchigliaet

al., 2001).

Finally, we will describe a relationship between causal re-
lations and abductive reasoning. As we will see, the latter
will be representable via a special kind of causal relations
calledabductive causal relationsThis will serve as yet an-
other justification for our general claim that causal produc-
tion relations could be used as a general-purpose formalism
for nonmonotonic reasoning, a viable alternative to other non-
monotonic formalisms (such as default logic).

2 Causal production relations

We will assume that our language is an ordinary proposi-
tional language with the classical connectives and constants

1997 as a nonmonotonic formalism that provides a natura A, v, -, —, t, f}. In addition,= andTh will denote, respec-

solution for both the frame and ramification problem in rea-tively, the classical entailment and the associated logical clo-

soning about actions (s¢&iunchigliaet al, 2001 for a de-  sure operator.

tailed exposition). A causal theory is a set of causal rules A causal ruleis a rule of the formA = B, whereA and

A=>B that express a kind of a causal relation among proposi3 are classical propositions. Informally, such a rule says

tions. The nonmonotonic semantics of such theories is detethat, wheneverd holds, B is caused. The following defini-

mined by causally explained interpretations, namely the intion describes an inference system for causal rules that will be

terpretations that are both closed with respect to the causghown to be adequate (and complete) for causal theories. Ac-

rules and such that every fact holding in them is caused.  tually, many of the postulates below (e.g., And and Or) have
The above formalism has been defined semantically, andiready been suggested in the literature (Heéschitz, 1997;

the main aim of our study consists in laying down its log- Schwind, 1999).

ical foundations. As we will show, such foundations CanlE)efinition 2.1. A causal production relatior(or simply a

bel bu'E in the frlzlslm(al\llcvork Olf an(;nferencel systen{lhforl Causacaysal relatiol) is a relation=> on the set of propositions sat-
rules that we wil callcausal production relationsThe I0g-  iging the following conditions:

ical origins of the latter are in input/output logifglakinson ]

and der Torre, 2040 but we will supply them with a nat- (Strengthening) If A= B andB = C, thenA=C;
ural nonmonotonic semantics allowing to represent signifi{Weakening) If A= B andB E C, thenA= C;
cant parts of nonmonotonic reasoning. Tht_Js, the main resuPAnd) If A= BandA= C, thenA= B A C:
of the present study is that causal production relations com*

pletely characterize the inference rules for causal conditionOr)  If A= CandB=-C,thenAv B=C;

als that preserve the nonmonotonic semantics of causal thegcut) If A= BandA A B= C, thenA= C;
ries. It will be shown also that any causal theory is reducible(.l.ruth) t=t:

with respect to this semantics todeterminatecausal the- ] '
ory that contain only Horn causal rules with literals in heads (Falsity) ~ f=f.
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Though causal relations satisfy most of the rules for clas- Now the above lemma says that any causal rule can be de-
sical entailment, their distinctive feature is that they are ir-composed into a (non-causal) constraint and a conditional ab-
reflexive, that is, they do not satisfy the postuldte> A. Ac-  ducible. This decomposition neatly delineates two kinds of
tually, such relations correspond to a strongest kinshpfit-  information conveyed by causal rules. One is a logical infor-
output logicsfrom [Makinson and der Torre, 2000basic ~ mation that constraints the set of admissible models, while the
input-output logics with reusable output, with the only dis- other is an explanatory information describing what proposi-
tinction that causal relations satisfy also Falsity. The lattetions are caused (explainable) in such motlels
restricts the universe of discourse to consistent thebries For a finite set of propositions A « will denote their con-

As a consequence of Cut, any causal relation will alreadyunction. We will extend causal rules to rules having arbitrary
be transitive, that is, it will satisfy sets of propositions as premises using the following ‘com-

(Transitivity) If A= B andB = C, thenA = C. pactness’ recipe: for any sef

However, transitivity is a weaker property than Cut, since u=A = /\ a= A, for some finitea C u.
it does not imply the latter (seMakinson and der Torre,
2004). In addition, the material implications corresponding For a given causal relatios-, we will denote byC(u) the
to the causal rules can be used as auxiliary assumptions Bt of propositions caused hythat is

making derivations. This is a consequence of the following _
property that holds for causal relations: Clu) = {A]u= A}
(AS) If A= B andCA(A—B)= D, thenC = D. The operatoC will play much the same role as the usual

) i ) derivability operator for consequence relations. It satisfies the
Remark. The notion of a causal production sanctioned byfollowing familiar properties:

the above postulates stemporal For example, the rule
p/Ag = —q cannot be understood as saying thandg jointly If u C v, thenC(u) C C(v)
cause—q (afterwards) in a temporal sense; instead, by Cut C(C(u)) € C(u)

and Falsity it impliep A ¢ = f, which means, in effect, that . . . . .
p A g cannot hold. Speaking generally, ‘causally consistent’ Still, C'is not mclqswe, thatisy < C.(“) does not alwa}ys
propositions cannot cause an effect incompatible with them{10!d- AlSo, it is not idempotent, that i€(C()) can be dis-
A representation of temporal and action domains in this fornct fromC ().

malism can be achieved, however, by adding explicit tempo- . ) )

ral arguments to propositions, just as in the classical logi Monotonic semantics of causal inference
(see[Giunchigliaet al., 2001). We will describe now a monotonic semantics for causal re-

A constraintis a causal rule of the forml = f. Such lations. Actually, it will be just a slight modification of the
constraints correspond to state constraints in action theoriesemantics given ifiTurner, 1999.

Now, any causal rule implies the corresponding constraint: A fully formal semantic interpretation of causal relations
(Reduction) If A= B, thenA A —B = f. cpuld be given.ir_] terms of pqs_sible _vvorlds frames of the form
(i,W), wherei is a propositional interpretation, whild

Note, however, that the reverse entailment does not holdg a set of propositional interpretations that contair(see
Actually, given the rest of the postulates, Reduction can refTurner, 1999). In order to make our descriptions more trans-
place the Cut postulate: parent, however, we will identify such frames with pairs of
Lemma 2.1. Cut is equivalent to Reduction. theories of the fornja, u), wherea is a world (maximal de-
Another important fact about causal relations is the foIIow-dlm:d’['\lgl.y closgd ?]et), .wh|la_”|sba deI?udgfu\f/]ely ¢ Iosgtlj selt n-
ing ‘decomposition’ of causal rules: cluded Ina. -such pairs wiil be calle itheories Clearly,

. ) ~any possible worlds framg, W) determines a certain bithe-
Lemma 2.2. Any causal ruled = B is equivalent to a pair  ory, and vice versa, so all our definitions will admit a purely
of rulesAA-B=fandAA B=B. semantic reformulation.

Causal rules of the ford A B = B are ‘classically trivial’, By a causal semantice/e will mean a set of bitheories.
but they play an important explanatory role in non-reflexive The corresponding notion of validity for causal rules is given
causal reasoning. Namely, they say that, in any causally et the next definition.
plained interpretation in whicH holds, we can freely accept Definition 3.1. e A causal ruled = B holdsin a bitheory
B, since it is self-explanatory in this context. Accordingly, (a, ) if either A ¢ o, or B € u.
such rules could be callecbnditional abducibles We will
discuss the role of abducibles later as part of the general cor-
respondence between causal and abductive reagoning

e A= Bisvalid with respect to a causal semantig it
holds in all bitheories frons.

— We will denote by=-5 the set of all causal rules that are
~‘Infact, it has been shown [Bochman, 200Rthat other, weaker  valid in a causal semantid It can be easily verified that this
input-output logics can also be given a semantics of the kind deset js closed with respect to the postulates for causal relations,

scrizbed in what follows. and hence we have

Note also that, under the general correspondence between
causal inference and default logic (d8airner, 1999), such rules 8Cf. a similar decomposition of causal rules [ifihielscher,
correspond to normal defaults in default logic. 1997.
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Lemma 3.1. =3 is a causal production relation. Definition 4.1. A causally explained worlfor a causal rela-

To prove completeness, for any causal relationve con-  tion = is a worlda such thatx = C(a). Thenonmonotonic
sider itscanonical causal semanticefined as the séd_, of ~ Semanticof = is the set of all causally explained worlds.
all bitheories of the fornfa,, C(«v)) such that(a) € . Then Propositions that hold in all causally explained worlds are
the following theorem shows that this semantics determinegonsidered as the nonmonotonic consequences determined by
precisely the source causal relation, including the causal rulese causal relation. This semantics is indeed nonmonotonic,
with arbitrary sets of premises. In other words, the sourcgince the set of such consequences changes nonmonotonically
causal relation istrongly completéor this semantics. with changes in the underlying set of causal rules.
Theorem 3.2. For any set of propositions, Now we will establish a correspondence between the above
v= Aiff A € u, for any(a, u) € B such thaw C a. ?r%nr;z}r':}llgcs:;r:]dat:depgﬂlngsrl(gg?|c semantics of causal theories
Thus, any causal semantics determines a causal relation A causal theonyjis an arbitrary set of causal rules. Given

and vice versa, any causal relation is generated by somgcausal theonA and a set: of propositions, we define the
causal semantics. Hence we conclude with the following genfollowing set:

eral completeness result:
Corollary 3.3. Arelation on propositions is a causal relation A(u) ={A|B=A € A, for someB € u}

iff it is generated by a causal semantics. According to[McCain and Turner, 1997 a world « is

. . causally explainedvith respect toA if it is the only world

3.1 POSS'pIe worlds Sema.ntICS o . containingA(«). Or, equivalently, wheax = Th(A(a)).

Causal relations can also be given a semantic interpretation in Now, causal relations can also be considered as (rather big)

terms of standard possible worlds models. causal theories. Moreover, it can be easily verified that for
As usual, apossible worlds models a triple W = the |atter the above definition is equivalent to the definition

(W, R, V), whereW is a set of worlds [ is a binary acces-  of causally explained worlds, given earlier. Note also that for

sibility relation onW¥, while V' is a function assigning each any causal theory\ there exists a least causal relation that

world a propositional interpretation. Intuitively,23 means  jncludesA. We will denote it by=A. Actually, = A is the

thata and 3 are, respectively, an initial state (input) and aset of all causal rules that can be derived franusing the
possible output state of a causal production based on a givefpstulates for causal relations.

set of causal rules. A possible worlds modeajissi-reflexive Let us introduce now the following definition:

if its accessibility relation satisfies the condition: L . .
y Definition 4.2. Two causal theories will be called (non-

If a3, thenaRa. monotonically)equivalentif they determine the same set of
The following definition provides the notion of validity for causally explained worlds.

causal rules in such models: As afirst part of our general result, the next theorem shows

Definition 3.2. A =- B will be said to bevalid in a possible  that the postulates of causal inference preserve the above non-
worlds model(W, R) if, for any worldsa, 8 such thatvR3,  monotonic semantics.

if A holds inca, thenB holds ing.

Theorem 4.1. = A is equivalent taA.
Then we have 4 q

Theorem 3.4. A relation is causal if and only if it is deter- 11 @bove theorem shows, in effect, that the logic of
Tied by a.qﬁasi-reflexive possible worlds model _causal relat|on_s is adequate for the nonmonotonic reasoning
o i ' in causal theories.
The above semantics immediately suggests a modal trans- | et us say that a causal rulekiorn one if it has the form
lation of causal rules (sd@urner, 1999). Namely, the valid- 4 1, wherel is a literal or the falsity constaiff. Our next

ity of A= in a possible worlds model is equivalent to valid- result will show that any causal theory is equivalent to a Horn
ity of the formulaA—[1B, where(J is a standard modal op-  theory. But first one more distinction.

erator. Consequently, causal rules are representable by Suf)r(]efinition 43

modal formulas e A causal theory isleterminatdf it con-

tains only Horn rules. A causal relation will be called
determinateif it is generated by a determinate causal
theory.

e A causal theonyA will be said to bdocally finiteif, for

Recall that the canonical semantics of a causal relation a?y proqosu’uoniaﬁom, there is OI;Iy_ ahf'n';[je number
is determined by all worlda for which C(a)Ca. These are of causal rules I that contairp in their heads.
the worlds that are closed with respect to the causal rules of e A causal theory will be calledefiniteif it is determinate
=. Still, due to non-reflexivity of=-, only some of them and locally finite.

are worlds in which any proposition is also caused by some cjearly, any finite causal theory will be locally finite,
causal rule. These are the worldshat are fixed points af,  though not vice versa. Similarly, any finite determinate the-

that is, the worlds for whichy = C(a). In such worlds any oy will be definite. As can be easily verified, a determinate
fact is causally explained. It is these worlds that determine

the nonmonotonic semantics, defined below. 4Thus, any constraind = f will be a Horn rule in this sense.

4 The nonmonotonic semantics

In addition to the monotonic semantics, a causal relation de-
termines also a natural nonmonotonic semantics.
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causal theory is definite if and only if, for any literfalthere  is a monotonic (logical) notion, and hence, unlike the non-

is no more than a finite number of rules with the héa@on-  monotonic equivalence, it is preserved under addition of new

sequently, our definition of definite theories turns out to becausal rules. For example, though any causal theory is equiv-

equivalent to that given ifiMcCain and Turner, 1997 alent to a determinate one, they may give different results if
By a determinate subrelationf a causal relation> we  we add some causal rules to them.

will mean the least causal relation generated by the set of aftxample. (continued) Let us add a ruke=> —p V ¢ both to

Horn rules from=-. Then we have the causal theory in the preceding example, and to its deter-
Theorem 4.2. Any causal relation is nonmonotonically minate counterpart. In the first case we obtain a theory which
equivalent to its determinate subrelation. impliest = ¢ (by And), and hence it will have two explained

By Theorem 4.1 we can conclude now that any causal thelpterpretatlons{n g} and{~p, q}. For the reduced determi-

orv is equivalent to some determinate theor nate theory, however, the addition of this rule will gie ¢}
E y Iq Th Lt Y. as the only explained interpretation.

xample. The causal theory What we need is a stronger, monotonic counterpart of the
{p=p,~p=-p,~q=-qt=pVq} notion of equivalence that would be preserved under addition

) ) . of new causal rules. This immediately suggests the following
has a single causally explained interpretatign—q}. The  definition.

last rulet = p V ¢ is not Horn, but it implies a constraint
—(p V ¢q) =f (by Reduction), and it can be verified that the
determinate causal theory obtained by replacing the rule wit
this constraint will be equivalent to the original theory.

Actually, there is a simple algorithm of transforming any ~ Strongly equivalent theories are ‘equivalent forever’, that
causal theory\ into an equivalent determinate theahy,. It IS, they are interchangeable in any larger causal theory with-
consists in two steps: out changing the nonmonotonic semantics. Consequently,
strong equivalence can be seen as an equivalence with respect
to the monotonic logic of causal theories. And the next result
shows that this logic is precisely the logic of causal relations.

Definition 4.5. Two causal theoried andT" will be said to
pestrongly equivalenif, for any set® of causal rulesA U @
is nonmonotonically equivalent ioU &.

1. For any causal ruled = B from A, a constraintA A
—-B=fis added taA,;

2. If {A;= B;} is a (minimal) set of rules fron\ such
that A\ B; E [, for some literal, then a ruleh 4, =1 is

added toA .
. ) The above result (and its proof) has the same pattern as
Then the following result can be proved: the corresponding results about strong equivalence of logic
Lemma 4.3. A is equivalent tQ\,. programs and default theories (siefschitz et al, 2001;

Unfortunately, the above algorithm is not modular. More- Turner, 200}). Lo :
over, it does not preserve local finiteness: there are locally 1€ above resultimplies, in effect, that causal relations are

finite causal theories such that their determinate counterparfé@ximal inference relations that are adequate for reasoning

are not locally finite. Still, in many simple cases it gives aWith causal theories: any postulate that is not valid for causal

convenient recipe for transforming an arbitrary causal theory€lations can be ‘falsified’ by finding a suitable extension of
into an equivalent determinate theory. two causal theories that would determine different causally

Now we are going to show the second part of our main€XpPlained interpretations, and hence would produce different

result, namely that causal relations constitute a maximal logi@®nmonotonic conclusions.
suitable for reasoning in causal theories. To begin with, we

Theorem 4.5. Two causal theories are strongly equivalent if
and only if they are causally equivalent.

introduce 5 Causation versus abduction
Definition 4.4. Causal theories\ andI” arecausally equiv-  Causal inference has numerous connections with other non-
alentif = coincides with=-. monotonic formalisms. ThugTurner, 1999describes the re-

Two theories are causally equivalent if each can be oblations with circumscription, autoepistemic and default logic.
tained from the other using the postulates of causal relationd? this section we will describe a correspondence between
In other words, they are equivalent in the ‘causal logic’ asso@usal inference and abductive reasoning. In addition to spe-
ciated with the latter. For example, a thednt v B = C} cific results, this will give us a broader perspective on the
is causally equivalent to the theoyd = C, B=C} (by representation capabilities of causal relations.

Strengthening and Or). Speaking generally, any causal the- A generalabductive frameworlcan be defined as a pair

ory is causally equivalent to a theory with rules of the formA = (Cn,.A), whereCn is a supraclassical consequence
Al =\/1;, wherel;, ; are literals. relation, while A is a distinguished set adbducibles A

Now, by Theorem 4.1, we immediately obtain proposition A is explainablein an abductive framework
, . if there exists a consistent set of abducibieS .4 such that
Corollary 4.4. Causally equivalent theories are nonmono- 4 ~ Cn(a).
tonically equivalent. A general correspondence between abductive frameworks
The reverse implication in the above corollary does notand input-output logics has been establishedBachman,
hold, and a deep reason for this is that the causal equivalen@07, based on the identification between the above notion
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of explainability and input-output derivability. By this corre- a finite language should be well-founded. Moreover, let us
spondence, abducibles are representable by ‘reflexive’ propay that a causal relationfigitary if it is generated by some
sitions satisfying input-output ruleg = A, while abductive finite set of causal rules. Then we have
frameworks themselves correspond exactly to input-outpuf emma 5.2. Any finitary causal relation is well-founded.
logics satisfying an additional postulate of Abduction (see _. .
below). By these results, input-output logics allow to give _FlnaIIy, the next res_ult shows that all such causal relations
a syntax-independent representation of abductive reasoningill P& weakly abductive.

Theorem 5.3. Any well-founded causal relation is weakly

5.1 The abductive subrelation abductive.

We will begin with the following definitions: It turns out that well-foundedness is not the only condi-
Definition 5.1. e A proposition A is an abduciblein a tion that is sufficient for weak abductivity. Thus, adequately
causal relations if A= A: acyclic causal theories (sé®cCain and Turner, 1998&or

o T o a definition) are not in general well-founded, but they also
e A causal relation isbductiveif it satisfies satisfy this property.
(Abduction) If A= B, thenA=-C'= B, forsome ab- Theorem 5.4. Any adequately acyclic causal relation is
ducibleC. weakly abductive.

Causal inference in abductive causal relations is always The above results show that in many cases of interest, the
mediated by abducibles. Consequently, propositions caus&tbnmonotonic semantics of causal theories can also be com-
by worlds are caused, in effect, by the abducibles that hold ifuted using abduction. Still, as a general conclusion, we can
these worlds: say that causal inference constitutes a proper generalization

Cla) =C(anA), of abductive reasoning beyond the situations where facts are

where A is the set of abducibles. As we mentioned, abducXplainable by reference to a fixed set of self-explanatory ab-
tive causal relations correspond to a certain class of abductivducibles.

systems. Moreover, it has been showrBochman, 200R ) )

that the nonmonotonic semantics of such causal relations d& Conclusions and perspectives

scribes, in effect, thexplanatory closureor completionin - Symming up the main results, we can argue that causal rela-
associated abductive frameworks (§8ensoleetal, 1991).  tions constitute a powerful formalism for nonmonotonic rea-
It turns out that any causal relation includes a greatest soning, especially suitable for representing action domains. It
abductive subrelation. The latter can be defined as follows: has been shown, in particular, that it gives an exact descrip-
A=B = (30)(A=C=C= B) tion of thg logic underl'ying causal theories. We have seen
also that it allows to give a syntax-independent representa-
Theorem 5.1. If = is a causal relation, ther>® is the great-  tion of abductive reasoning. If we add to this also the natural
est abductive causal relation includedss. correspondences with other nonmonotonic formalisms, such

The abductive subrelation of a causal relation preserve :ndggﬁg:;lggl'fcﬁlgi2;:;'{'2“&10!5'[;2% r(:[s?grc]:g:}elrz?)s'i;vrﬁficant
many properties of the latter. For example, both have th

same constraints and abducibles art of nonmonotonic reasoning.
; L . Viewed from this perspective, there is still much to be done
. _Recgll thatin dca;:sall;;} explained .||.1terpre:]at|(|)ns any prop:o:n order to realize thpe opﬁ)oortunities created by the formalism
sition is caused by other propositions, the latter are als . e
caused by accepted propositions, and so on. Clearly, if Our%hsepr:c?re two kinds of problems that need to resolved in this

‘causal resources’ are limited, such a causal chain should sto . . L
N . The nonmonotonic semantics for causal theories is based
somewhere. More exactly, it should reach abducible (self-

explanatory) propositions. This indicates that in many casegnr thsetrg::nup_)llﬁeof rlijg(lz\i/elres?rlnccfilg:a%)rne\)/(vgﬁhlés t?]t;\t”ﬁuv?/g
the nonmonotonic semantics associated with a causal theog y 9. P P PlES, P'e,

should be determined by the corresponding abductive subr éal“slg &OaﬁlagiallarigfbslefOiLtaercfggt?oﬁrsopoAssltgr;,e;tulsth%L:jlgir?e
lation. Below we will make this claim precise. b P ’ ’ 9

o _ _ a new propositional atom to the language makes any causal
Definition 5.2. A causal relation will be calledveakly ab-  theory inconsistent, since we have no causal rules for it. This
ductiveif it is nonmonotonically equivalent to its abductive makes causal theories extremely sensitive to the underlying

subrelation. language in which they are formulated. One way out has
The next definition will give us an important sufficient con- been suggested iifschitz, 1997; it amounts to restricting
dition for weak abductivity. the principle of universal causation to a particular subset of

explainablepropositions. This approach, however, is purely

Definition 5.3. A causal relation=- is well-foundedif any syntactical and hence retains language dependence.

infinite sequencg Ao, A1, Ao, ... } of propositions such that 1016 subtle, yet perceptible difficulties arise also in rep-
Apt1= Ap, for everyn > 0, contains an abducible. resenting indeterminate situations in causal theories. Thus,
The above definition describes a variant of a standardince any causal theory is reducible to a determinate theory,
notion of well-foundedness with respect to the (transitive)causal rules with disjunctive heads are ignored in the non-
causal order. It should be clear that any causal relation imonotonic semantics; more exactly, they are informative only
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to the extent that they imply corresponding non-causal confMakinson and der Torre, 20DM. Makinson and L. Van der
straints or Horn rules. This does not mean, however, that Torre. Input/Output logics. Journal of Philosophical
we cannot represent indeterminate information in causal the- Logic, 29:383-408, 2000.
ories. Actually, one qf the main cqntrlbutlons péicCain . [McCain and Turner, 1997N. McCain and H. Turner.
and Turner, 1997consisted in showing how we can do this * " ~aysal theories of action and change. Rroceedings
quite naturally in common cases (see dlsim, 1994). Still, . —
. X . AAAI-97, pages 460-465, 1997.

there is yet no systematic understanding whether and how T ) )
indeterminate information can be represented by Horn causaMcCain and Turner, 19,98N- McCain and H. Turner. Sat-
rules. isfiability planning with causal theories. Iroceedings

A more general problem concerns the role and place of KR-98 Trento, 1998.
causal inference in general nonmonotonic reasoning. Thoudlchwind, 1999 C. Schwind. Causality in action theories.
the former covers many areas of nonmonotonic reasoning, Linkdping Electronic Articles in Computer and Informa-
it does not cover them _aII. Thus, it _does not seem su_itable tion Science4(4), 1999.
for solving the qualification problem in representing aCt'OnS'[Thielscher, 19977 M. Thielscher. Ramification and causal-

Speaking generally, causal reasoning appears to be indepen-ii, artificial Intelligence 89:317—364. 1997
dent of the kind of nonmonotonicity described by preferential - Aricl 'gence 89: ' '

inference fromKrauset al, 199d. This naturally suggests LTurner, 1999 H. Turner. A logic of universal causatioAr-
that the two kinds of nonmonotonic reasoning with condition-  tificial Intelligence 113:87-123, 1999.

als could be combined into a single formalism, a grand uni{Turner, 2001 H. Turner. Strong equivalence for logic pro-
form theory of nonmonotonic reasoning. Actually, this idea grams and default theories (made easy). In T. Eiter,
is not new; it has been explored more than ten years ago in W. Faber, and M. Truszchgki, editors Proceedings LP-
[Geffner, 1992 It remains to be seen whether current stud- NMR’0L pages 81-92, Vienna, 2001. Springer. LNAI
ies of causal reasoning can contribute to viability of such a 2173.

general theory.
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Abstract

Causality is typically treated an all-or-nothing con-
cept; either A is a cause of B or it is not. We extend
the definition of causality introduced by Halpern
and Pearl 2001a to take into account the degreeof
responsibilityof A for B. For example, if someone
wins an election 11-0, then each person who votes
for him is less responsible for the victory than if he
had won 6-5. We then define a notion of degree
of blame which takes into account an agent’s epis-
temic state. Roughly speaking, the degree of blame
of A for B is the expected degree of responsibil-
ity of A for B, taken over the epistemic state of an
agent.

1 Introduction

There have been many attempts to define causalitygoing back
to Hume 1739, and continuing to the present (see, for exam-
ple, [Collins etal., 2003; Pearl, 2000] for some recent work).
While many definitions of causality have been proposed, all
of them treat causality is treated as an all-or-nothing concept.
That is, A is either a cause of B or it is not. As a consequence,
thinking only in terms of causality does not at times allow us
to make distinctions that we may want to make. For example,
suppose that Mr. B wins an election against Mr. G by a vote
of 11-0. Each of the people who voted for Mr. B is a cause of
him winning. However, it seems that their degree of respon-
sibility should not be as great as in the case when Mr. B wins
6-5.

In this paper, we present a definition of responsibility that
takes this distinction into account. The definition is an ex-
tension of a definition of causality introduced by Halpern and
Pearl 2001a. Like many other definitions of causality going
back to Hume 1739, this definition is based on counterfactual
dependence. Roughly speaking, A is a cause of B if, had
A not happened (this is the counterfactual condition, since A
did in fact happen) then B would not have happened. As is
well known, this naive definition does not capture all the sub-
tleties involved with causality. In the case of the 6-5 vote, it

*Supported in part by NSF under grant CTC-0208535 and by
the DoD Multidisciplinary University Research Initiative (MURI)
program administered by ONR under grant N00014-01-1-0795.
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is clear that, according to this definition, each of the voters
for Mr. B is a cause of him winning, since if they had voted
against Mr. B, he would have lost. On the other hand, in the
case of the 11-0 vote, there are no causes according to the
naive counterfactual definition. A change of one vote does
not makes no difference. Indeed, in this case, we do say in
natural language that the cause is somewhat “diffuse”.

While in this case the standard counterfactual definition
may not seem quite so problematic, the following example
(taken from [Hall, 2003]) shows that things can be even more
subtle. Suppose that Suzy and Billy both pick up rocks and
throw them at a bottle. Suzy’s rock gets there first, shattering
the bottle. Since both throws are perfectly accurate, Billy’s
would have shattered the bottle had Suzy not thrown. Thus,
according to the naive counterfactual definition, Suzy’s throw
is not a cause of the bottle shattering. This certainly seems
counter to intuition.

Both problems are dealt with the same way in [Halpern and
Pearl, 2001a]. Roughly speaking, the idea is that A is a cause
of B if B counterfactually depends on C' undersomecon-
tingency For example, voter 1 is a cause of Mr. B winning
even if the vote is 11-0 because, under the contingency that
5 of the other voters had voted for Mr. G instead, voter 1’s
vote would have become critical; if he had then changed his
vote, Mr. B would not have won. Similarly, Suzy’s throw is
the cause of the bottle shattering because the bottle shattering
counterfactually depends on Suzy’s throw, under the contin-
gency that Billy doesn’t throw. (There are further subtleties
in the definition that guarantee that, if things are modeled ap-
propriately, Billy’s throw is not a cause. These are discussed
in Section 2.)

It is precisely this consideration of contingencies that lets
us define degree of responsibility. We take the degree of re-
sponsibility of A for B to be 1/(N + 1), where N is the
minimal number of changes that have to be made to obtain a
contingency where B counterfactually depends on A. (If A
is not a cause of B, then the degree of responsibility is 0.) In
particular, this means that in the case of the 11-0 vote, the de-
gree of responsibility of any voter for the victory is 1/6, since
5 changes have to be made before a vote is critical. If the vote
were 1001-0, the degree of responsibility of any voter would
be 1/501. On the other hand, if the vote is 5-4, then the
degree of responsibility of each voter for Mr. B for Mr. B’s
victory is 1; each voter is critical. As we would expect, those
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voters who voted for Mr. G have degree of responsibility 0
for Mr. B’s victory, since they are not causes of the victory.
Finally, in the case of Suzy and Billy, even though Suzy is
the only cause of the bottle shattering, Suzy’s degree of re-
sponsibility is 1/2, while Billy’s is 0. Thus, the degree of
responsibility measures to some extent whether or not there
are other potential causes.

When determining responsibility, it is assumed that every-
thing relevant about the facts of the world and how the world
works (which we characterize in terms of what are called
structual equation$ is known. For example, when saying
that voter 1 has degree of responsibility 1/6 for Mr. B’s win
when the vote is 11-0, we assume that the vote and the pro-
cedure for determining a winner (majority wins) is known.
There is no uncertainty about this. Just as with causality, there
is no difficulty in talking about the probability that someone
has a certain degree of responsibility by putting a probability
distribution on the way the world could be and how it works.
But this misses out on important component of determining
what we call here blame the epistemic state. Consider a doc-
tor who treats a patient with a particular drug resulting in the
patient’s death. The doctor’s treatment is a cause of the pa-
tient’s death; indeed, the doctor may well bear degree of re-
sponsibility 1 for the death. However, if the doctor had no
idea that the treatment had adverse side effects for people
with high blood pressure, he should perhaps not be held to
blame for the death. Actually, in legal arguments, it may not
be so relevant what the doctor actually did or did not know,
but what he shouldhaveknown Thus, rather than considering
the doctor’s actual epistemic state, it may be more important
to consider what his epistemic state should have been. But,
in any case, if we are trying to determine whether the doctor
is to blame for the patient’s death, we must take into account
the doctor’s epistemic state.

We present a definition of blame that considers whether
agent a performing action b is to blame for an outcome .
The definition is relative to an epistemic state for a, which is
taken, roughly speaking, to be a set of situations before ac-
tion b is performed, together with a probability on them. The
degree of blame is then essentially the expected degree of re-
sponsibility of action b for ¢ (except that we ignore situations
where ¢ was already true or b was already performed). To
understand the difference between responsibility and blame,
suppose that there is a firing squad consisting of ten excel-
lent marksmen. Only one of them has live bullets in his rifle;
the rest have blanks. The marksmen do not know which of
them has the live bullets. The marksmen shoot at the prisoner
and he dies. The only marksman that is the cause of the pris-
oner’s death is the one with the live bullets. That marksman
has degree of responsibility 1 for the death; all the rest have
degree of responsibility 0. However, each of the marksmen
has degree of blame 1,/10.

While we believe that our definitions of responsibility and
blame are reasonable, they certainly do not capture all the
connotations of these words as used in the literature. In the
philosophy literature, papers on responsibility typically are
concerned with moral responsibility(see, for example, [Zim-

1We thank Tim Williamson for this example.
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merman, 1988]). Our definitions, by design, do not take
into account intentions or possible alternative actions, both
of which seem necessary in dealing with moral issues. For
example, there is no question that Truman was in part respon-
sible and to blame for the deaths resulting from dropping the
atom bombs on Hiroshima and Nagasaki. However, to decide
whether this is a morally reprehensible act, it is also necessary
to consider the alternative actions he could have performed,
and their possible outcomes. While our definitions do not di-
rectly address these moral issues, we believe that they may be
helpful in elucidating them.

The rest of this paper is organized as follows. In Sec-
tion 2 we review the basic definitions of causal models based
on structural equations, which are the basis for our defi-
nitions of responsibility and blame. In Section 3, we re-
view the definition of causality from [Halpern and Pearl,
2001a], and show how it can be modified to give a defi-
nition of responsibility. In Section 3.3, we give our def-
inition of blame. In Section 4, we discuss the com-
plexity of computing responsibility and blame. Proofs of
the theorems can be found in the full paper, available at
http://www.cs.cornell.edu/home/halpern/papers/blame.ps.

2 Causal Models: A Review

In this section, we review the details of the definitions of
causal models from [Halpern and Pearl, 2001a].

A signatue is a tuple S = (U, V,R), where U is a fi-
nite set of exogenousvariables, V is a set of endaenous
variables, and the function R : &/ UV — D associates
with every variable Y € i/ UV a nonempty set R(Y") of
possible values for Y from the range D. Intuitively, the
exogenous variables are ones whose values are determined
by factors outside the model, while the endogenous vari-
ables are ones whose values are ultimately determined by
the exogenous variables. A causal model over signature
S is a tuple M = (S,F), where F associates with ev-
ery endogenous variable X € V a function Fx such that
Fyx : (XUEUR(U) X (Xygv\{X}R(Y))) — R(X) That
is, F'x describes how the value of the endogenous variable X
is determined by the values of all other variables in &/ U V.
If the range D contains only two values, we say that M is a
binary causalmodel

We can describe (some salient features of) a causal model
M using a causalnetwork This is a graph with nodes cor-
responding to the random variables in V and an edge from a
node labeled X to one labeled Y if Fy- depends on the value
of X. Intuitively, variables can have a causal effect only on
their descendants in the causal network; if Y is not a descen-
dant of X, then a change in the value of X has no affect on
the value of Y. For ease of exposition, we restrict attention
to what are called recuisive models. These are ones whose
associated causal network is a directed acyclic graph (that is,
a graph that has no cycle of edges). Actually, it suffices for
our purposes that, for each setting « for the variables in U,
there is no cycle among the edges of causal network. We call
a setting @ for the variables in U a contet. It should be clear
that if M is a recursive causal model, then there is always a
unique solution to the equations in M, given a context.
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The equations determined by {Fx : X € V} can be
thought of as representing processes (or mechanisms) by
which values are assigned to variables. For example, if
Fx(Y,Z,U) = Y + U (which we usually write as X =
Y +U), thenif Y = 3and U = 2, then X = 5, regardless
of how Z is set. This equation also gives counterfactual in-
formation. It says that, in the context U = 4, if Y were 4,
then X would be u + 4, regardless of what value X, Y, and
Z actually take in the real world.

While the equations for a given problem are typically ob-
vious, the choice of variables may not be. For example, con-
sider the rock-throwing example from the introduction. In
this case, a naive model might have an exogenous variable
U that encapsulates whatever background factors cause Suzy
and Billy to decide to throw the rock (the details of U do not
matter, since we are interested only in the context where U’s
value is such that both Suzy and Billy throw), a variable ST'
for Suzy throws (ST" = 1 if Suzy throws, and ST = 0 if she
doesn’t), a variable BT for Billy throws, and a variable BS
for bottle shatters. In the naive model, whose graph is given
in Figure 1, BS'is 1 if one of ST and BT is 1. (Note that the
graph omits the exogenous variable U, since it plays no role.
In the graph, there is an arrow from variable X to variable Y
if the value of Y depends on the value of X.)

BS

Figure 1: A naive model for the rock-throwing example.

This causal model does not distinguish between Suzy and
Billy’s rocks hitting the bottle simultaneously and Suzy’s
rock hitting first. A more sophisticated model might also in-
clude variables SH and BH, for Suzy’s rock hits the bottle
and Billy’s rock hits the bottle. Clearly BS is 1 iff one of
BH and BT is 1. However, now, SH is 1 if ST is 1, and
BH =1if BH = 1and SH = 0. Thus, Billy’s throw hits
if Billy throws and Suzy’s rock doesn’t hit. This model is de-
scribed by the following graph, where we implicitly assume a
context where Suzy throws first, so there is an edge from SH
to BH, but not one in the other direction.

T T\ BS
/

BT—BH

Figure 2: A better model for the rock-throwing example.

Given a causal model M = (S, F), a (possibly empty)
vector X of variables in V, and vectors £ and @ of values

for the variables in X and #/, respectively, we can define a
new causal model denoted A/ . over the signature Sy =

X—Z
U,V — X,R|, g). Formally, Mg . = (Sg,FX7),

x

where F{f‘—f is obtained from Fy by setting the values of
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the variables in X to 7. Intuitively, this is the causal model
that results when the variables in X are set to & by some ex-

ternal action that affects only the variables in X; we do not
model the action or its causes explicitly. For example, if M is
the more sophisticated model for the rock-throwing example,
then Mgp. ¢ is the model where Suzy doesn’t throw.

Given a signature S = (U, V,R), a formula of the form
X =z, for X € Vand z € R(X), is called a primitive
event A basic causalformulais one of the form [Y; «
Y1y -5 Y — Y], where

e ¢ isa Boolean combination of primitive events;
e Yi,...,Y} aredistinct variables in V; and
e y; € R(Y;).

Such a formula is abbreviated as [Y « 4. The special
case where k = 0 is abbreviated as ¢. Intuitively, [Y7 «—
Y1,..-, Y, — yrlp says that ¢ holds in the counterfactual
world that would arise if Y; issettoy;, i = 1, ..., k. Acausal
formulais a Boolean combination of basic causal formulas.
A causal formula ¢ is true or false in a causal model, given
a context. We write (M, @) = ¢ if @ is true in causal model
M given context @. (M, @) = [Y «— 7)(X = z) if the vari-
able X has value z in the unique (since we are dealing with
recursive models) solution to the equations in M?hyﬂ in con-

text « (that is, the unique vector of values for the exogenous
variables that simultaneously satisfies all equations Fé’kg,

Z €V — Y, with the variables in ¢/ set to ). We extend the
definition to arbitrary causal formulas in the obvious way.

3 Causality and Responsibility

3.1 Causality

We start with the definition of cause from [Halpern and Pearl,

2001al.

Definition 3.1 We saythat X = 7 is a cause of ¢ in (M, @)

if thefollowing threeconditionshold:

ACL. (M,@) = (X =) A .

AC2. Thee exist a partition (Z, W) of V with X
somesetting (7, @) of the variablesin (X
thatif (M, @) |= Z = z* for Z € Z, then

@) (M, @) E [X « &, W «— @']~y. Thatis, chang-
ing (X, W) from (Z, @) to (¥, @) changesy from
true to false.

(b) (M) = [X — W «— @, Z' — z¥¢ for all
subsetsZ’ of Z. Thatis, settingW to «’ should
haveno effecton ¢ aslong as X hasthevaluez,

evenif all thevariablesin an arbitrary subsebf 7
are setto their original valuesin the context .

- Z and
, W) sud

AC3. (X = 7) is minimal, thatis, no subsebf X satisfies
AC2.

AC1 just says that A cannot be a cause of B unless both A
and B are true, while AC3 is a minimality condition to pre-
vent, for example, Suzy throwing the rock and sneezing from
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being a cause of the bottle shattering. Eiter and Lukasiewicz
2002b showed that one consequence of AC3 is that causes can
always be taken to be single conjuncts. Thus, from here on in,
we talk about X = x being the cause of ¢, rather than X=z
being the cause. The core of this definition lies in AC2. Infor-
mally, the variables in Z should be thought of as describing
the “active causal process” from X to ¢. These are the vari-
ables that mediate between X and p. AC2(a) is reminiscent
of the traditional counterfactual criterion, according to which
X = x is a cause of ¢ if change the value of X results in
 being false. However, AC2(a) is more permissive than the
traditional criterion; it allows the dependence of ¢ on X to
be tested under special structural contingenciesin which the
variables W are held constant at some setting «’. AC2(b) is
an attempt to counteract the “permissiveness” of AC2(a) with
regard to structural contingencies. Essentially, it ensures that
X alone suffices to bring about the change from ¢ to —p; set-
ting W to o’ merely eliminates spurious side effects that tend
to mask the action of X.

To understand the role of AC2(b), consider the rock-
throwing example again. In the model in Figure 1, it is
easy to see that both Suzy and Billy are causes of the bot-
tle shattering. Taking Z = {ST, BS?}, consider the structural
contingency where Billy doesn’t throw (BT = 0). Clearly
[ST+ 0,BT «— 0]BS = 0and [ST« 1,BT «+ 0]BS =1
both hold, so Suzy is a cause of the bottle shattering. A sym-
metric argument shows that Billy is also the cause.

But now consider the model described in Figure 2. It is
still the case that Suzy is a cause in this model. We can
take Z = {ST,SH BS} and again consider the contingency
where Billy doesn’t throw. However, Billy is not a cause of
the bottle shattering. For suppose that we now take 7 =
{BT,BH, BS} and consider the contingency where Suzy
doesn’t throw. Clearly AC2(a) holds, since if Billy doesn’t
throw (under this contingency), then the bottle doesn’t shat-
ter. However, AC2(b) does not hold. Since BH € Z, if we
set BH to 0 (it’s original value), then AC2(b) requires that
[BT « 1,ST « 0,BH « 0](BS = 1) hold, but it does
not. Similar arguments show that no other choice of (Z, W)
makes Billy’s throw a cause.

3.2 Responsibility

The definition of responsibility in causal models extends the
definition of causality.

Definition 3.2 Thedegree of responsibility of X = z for ¢
in (M, @), denoteddr((M, @), (X = x),¢),is0if X =
is nota causeof p in (M, a); itisl/(k+1)if X =zisa
causeof o in (M, @) andthere existsa partition (Z, W) and
setting(a’, w") for which AC2 holdssud that (a) k variables
in W havedifferentvaluesin «' than they do in the context
i and (b) there is no partition (Z’, W’) andsetting (", @")
satisfyingAC2 sudh thatonly ¥’ < k variableshavedifferent
valuesin «" thanthey do the context 4.

Intuitively, dr((M, @), (X = x), @) measures the minimal
number of changes that have to be made in % in order to
make  counterfactually depend on X. If no partition of ) to
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(Z, W) makes ¢ counterfactually depend on (X = z), then
the minimal number of changes in @ in Definition 3.2 is taken
to have cardinality oo, and thus the degree of responsibility
of X = zis 0. If ¢ counterfactually depends on X = z, that
is, changing the value of X alone falsifies ¢ in (M, @), then
the degree of responsibility of X = z in ¢ is 1. In other cases
the degree of responsibility is strictly between 0 and 1. Note
that X = z is a causeof ¢ iff the degree of responsibility of
X = x for ¢ is greater than 0.

Example 3.3 Consider the voting example from the intro-
duction. Suppose there are 11 voters. \Voter i is represented
by a variable X;, i = 1,...,11; the outcome is represented
by the variable O, which is 1 if Mr. B wins and 0 if Mr. B
wins. In the context where Mr. B wins 11-0, it is easy to
check that each voter is a cause of the victory (thatis X; = 1
isacause of O =1, fori =1,...,11). However, the degree
of responsibility of X; = 1 foris O = 1 is just 1/6, since at
least five other voters must change their votes before chang-
ing X; to 0 results in O = 0. But now consider the context
where Mr. B wins 6-5. Again, each voter who votes for Mr. B
is a cause of him winning. However, now each of these voters
have degree of responsibility 1. That is, if X; = 1, changing
X, to 0 is already enough to make O = 0; no other variables
need to change.

Example 3.4 Itis easy to see that Suzy’s throw has degree of
responsibility 1/2 for the bottle shattering both in the naive
model described in Figure 1 and the “better” model of Fig-
ure 2 in the context where both Suzy and Billy throw. In both
cases, we must consider the contingency where Billy does
not throw. Although Suzy is the only cause of the bottle shat-
tering in the latter model, her degree of responsibility is still
only 1/2, since the bottle would have shattered even if she
hadn’t thrown. This is a subtlety not captured by the notion
of causality.

Interestingly, in a companion paper [Chockler etal., 2003]
we apply our notion of responsibility to program verification.
The idea is to determine the degree of responsibility of the
setting of each state for the satisfaction of a specification in a
given system. For example, given a specification of the form
<Op (eventually p is true), if p is true in only one state of the
verified system, then that state has degree of responsibility 1
for the specification. On the other hand, if p is true in three
states, each state only has degree of responsibility 1/3. Expe-
rience has shown that if there are many states with low degree
of responsibility for a specification, then either the specifica-
tion is incomplete (perhaps p really did have to happen three
times, in which case the specification should have said so), or
there is a problem with the system generated by the program,
since it has redundant states.

The degree of responsibility can also be used to provide
a measure of the degree of fault-tolerance in a system. If a
component is critical to an outcome, it will have degree of
responsibility 1. To ensure fault tolerance, we need to make
sure that no component has a high degree of responsibility
for an outcome. Going back to the example of <p, the degree
of responsibility of 1/3 for a state means that the system is
robust to the simultaneous failures of at most two states.
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3.3 Blame

The definitions of both causality and responsibility assume
that the context and the structural equations are given; there
is no uncertainty. We are often interested in assigning a de-
gree of blameto an action. This assignment depends on the
epistemic state of the agent before the action was performed.
Intuitively, if the agent had no reason to believe that his action
would result in a certain outcome, then he is not to blame for
the outcome (even if in fact his action caused the outcome).

To deal with the fact that we are considering two points
in time—Dbefore the action was performed and after—we add
superscripts to variables. We use a superscript O to denote the
value of the random variable before the action was performed
and the superscript 1 to denote the value of the random vari-
able after. Thus, Y° = 1 denotes that the random variable
Y has value 1 before the action is performed, while Y! = 2
denotes that it had value 1 afterwards. If ¢ is a Boolean com-
bination of (unsuperscripted) random variables, we use ¢°
and ¢! to denote the value of ¢ before and after the action is
performed, respectively.

There are two significant sources of uncertainty for an
agent who is contemplating performing an action:

e what the true situation is; for example, a doctor may be
uncertain about whether a patient has high blood pres-
sure.

e how the world works; for example, a doctor may be un-
certain about the side effects of a given medication.

In our framework, the “true situation” is determined by
the context and “how the world works” is determined by the
structural equations. Thus, we model an agent’s uncertainty
by a pair (K, Pr), where K is a set of pairs of the form (M, @),
where M is a causal model and @ is a context, and Pr is
a probability distribution over K. Following [Halpern and
Pearl, 2001b], who used such epistemic states in the defini-
tion of explanation we call a pair (M, @) a situation

Roughly speaking, the degree of blame that setting X to
x has for ¢ is the expected degree of responsibility of X =

x for ¢, taken over the situations (My_, .. 4), where

(M, QY — 7) € K. Our actual definition of blame is just
this definition, except that, when computing the expectation,
we do not count situations in K where ¢ was already true or
X was already x. To understand why, suppose that we are
trying to compute the degree of blame of Suzy’s throwing the
rock for the bottle shattering. Assume that we are interested
in a period in a bottle in the period between time 0 and time 1,
and the bottle was actually shattered at time 1. We certainly
don’t want to say that Suzy’s throw was to blame if Suzy
didn’t throw between time 0 and time 1 or if the bottle was
already shattered at time 0. So suppose that Suzy does in fact
throw between time 0 and time 1, and at time 0, she considers
the following four situations to be equally likely:

e (M, 1), where the bottle was already shattered before
Suzy’s throw;

e (M,, 1), where the bottle was whole before Suzy’s
throw, and Suzy and Billy both hit the bottle simulta-
neously (as described in the model in Figure 1);
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e (Ms,i3), where the bottle was whole before Suzy’s
throw, and Suzy’s throw hit before Billy’s throw (as de-
scribed in the model in Figure 2); and

e (My,y4), where the bottle was whole before Suzy’s
throw, and Billy did not throw.

To compute the degree of blame assigned to Suzy’s throwing
the rock for the hottle shattering, we ignore (M, 1), because
the bottle is already shattered in (A, @) before Suzy’s ac-
tion. The degree of responsibility of Suzy’s throw for the
bottle shattering is 1/2 in (Ms, u5) and (M3, u3), and is 1
in (My,1iy). It is easy to see that the degree of blame is
1 1 1 1 1 _ 1

12t stz l=35

Definition 3.5 Thedegree of blame of setting X to « for ¢
relative to epistemic state (1C, Pr), denoteddb(/C, Pr, X
z, ), is Z{(M,ﬁ)eic;(M,u)\:XO;é w/\wo}dr((]\{, @), X' =
r, ") Pr((M, 7).

Example 3.6 Consider again the example of the firing squad
with ten excellent marksmen. Suppose that marksman 1
knows that exactly one marksman has a live bullet in his rifle.
Thus, he considers 10 situations possible, depending on who
has the bullet. Let p; be his prior probability that marksman
1 has the live bullet. Then the degree of blame of his shot for
the death is p;. The degree of responsibility is either 1 or 0,
depending on whether or not he actually had the live bullet.
Thus, it is possible for the degree of responsibility to be 1 and
the degree of blame to be 0 (if he ascribes probability 0 to his
having the live bullet, when in fact he does), and it is possi-
ble for the degree of responsibility to be 0 and the degree of
blame to be 1 (if he mistakenly ascribes probability 1 to his
having the bullet when he in fact does not).

Example 3.7 The previous example suggests that both de-
gree of blame and degree of responsibility may be relevant in
a legal setting. Another issue that is relevant in legal settings
is whether to consider actual epistemic state or to consider
what the epistemic state should have been. The former is rel-
evant when considering intent. To see the relevance of the
latter, consider a patient who dies as a result of being treated
by a doctor with a particular drug. Assume that the patient
died due to the drug’s adverse side effects on people with
high blood pressure and, for simplicity, that this was the only
cause of death. Suppose that the doctor was not aware of the
drug’s adverse side effects. (Formally, this means that he does
not consider possible a situation with a causal model where
taking the drug causes death.) Then, relative to the doctor’s
actual epistemic state, the doctor’s degree of blame will be
0. However, a lawyer might argue in court that the doctor
should have known that treatment had adverse side effects
for patients with high blood pressure (because this is well
documented in the literature) and thus should have checked
the patient’s blood pressure. If the doctor had performed this
test, he would of course have known that the patient had high
blood pressure. With respect to the resulting epistemic state,
the doctor’s degree of blame for the death is quite high. Of
course, the lawyer’s job is to convince the court that the lat-
ter epistemic state is the appropriate one to consider when
assigning degree of blame.
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4 The Complexity of Computing
Responsibility and Blame

In this section we present complexity results for computing
the degree of responsibility and blame for general recursive
models.

4.1 Complexity of responsibility

Complexity results for computing causality were presented
by Eiter and Lukasiewicz 2002a; 2002b. They showed that
the problem of detecting whether X = =z is an actual cause
of ¢ is ¥4’ -complete for general recursive models and NP-
complete for binary models [Eiter and Lukasiewicz, 2002b].
(Recall that 22" is the second level of the polynomial hierar-
chy and that binary models are ones where all random vari-
ables can take on exactly two values.) There is a similar gap
between the complexity of computing the degree of responsi-
bility and blame in general models and in binary models.

For a complexity class A, FPAI°s™ consists of all func-
tions that can be computed by a polynomial-time Turing ma-
chine with an oracle for a problem in A, which on input 2 asks
a total of O(log |z|) queries (cf. [Papadimitriou, 1984]). We
show that computing the degree of responsibility of X = «
for ¢ in arbitrary models is FP=2 l°& ] _complete. In [Chock-
ler et al., 2003], we show that computing the degree of re-
sponsibility in binary models is FPNFHog ™_complete.

Since there are no known natural FP™> [°gnl_complete
problems, the first step in showing that computing the de-
gree of responsibility is Fp¥: llon] -complete is to define an
FP¥2 llog nl_complete problem. We start by defining one that
we call MAXQSAT,.

Recall that a quantified Boolean formula [Stockmeyer,
1977] (QBF) has the form VX;3X5 ..., where X1, X, ...
are propositional variables and  is a propositional formula.
A QBF is closedif it has no free propositional variables.
TQBF consists of the closed QBF formulas that are true. For
example, VX3Y(X = Y) € TQBF. As shown by Stock-
meyer 1977, the following problem QSAT is ¥4’ -complete:

QSAT, = {IXVY(X,Y) € TQBF : ¢ € 3—CNF}.

That is, QSAT,, is the language of all true QBFs of the form
AXVY, AXVY 1), where 9 is a Boolean formula in 3-CNF.
A witness f for a true closed QBF 3XVY is an as-

signment f to X under which VY is true. We define
MAXQSAT, as the problem of computing the maximal num-

ber of variables in X that can be assigned 1 in a witness
for 3XVY . Formally, given a QBF & = 3X VY1), define
MAXQSAT,(®) to be k if there exists a witness for @ that
assigns exactly & of the variables in X the value 1, and every

other witness for ® assigns at most &’ < k variables in X the
value 1. If & ¢ QSAT,, then MAXQSAT(®) = —1.

Theorem 4.1 MAXQSA, is FP™2 (& "]_complete

The proof of Theorem 4.1 shows explicitly how to reduce

the computation of any FP=2 18] problem to MAXQSATS.
Given a polynomial-time Turing machine M with oracle in
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¥ that on an input of size n makes O(log n) oracles queries,
we construct a formula ¢ = EI)?V?@, where ) is a Boolean
formula in 3-CNF such that given MAXQSAT,(®) we can
compute the output of M in polynomial time. Essentially,
the formula ¢ describes the output of M for all possible se-
quences of answers for oracle queries and MAXQSAT(®)
gives the correct sequence of answers. Since the total number
of oracle queries is O(logn), the number of all possible se-
guences of answers is polynomial in the size of the input, and
thus the size of ® is also polynomial in the size of the input.
The construction is somewhat complicated; see the full paper
for details.

Similarly to MAXQSAT,, we define
MINQSAT,(3XVY¢) to be the minimum number of
variables in X that can be assigned 1 in a witness for
3X VY if there is such a witness, and | X| + 1 otherwise. It
is easy to see that MINQSAT, has the same complexity as
MAXQSAT,, since

MAXQSAT,(IXVY 1)) = | X| — MINQSAT, (IX VY1),
where (1)) is obtained from ¢ by replacing each propositional
variable X € X with its negation.

Using a reduction from MINQSAT 2, we can prove the de-
sired complexity result.

Theorem 4.2 The degree of responsibilityis FP>z llegnl
completdor geneal recursivecausalmodels.

Proof: Due to lack of space, we present the proof here in a

somewhat abridged form. Membership in FPZ2 [°& ] can e
proved using an argument similar to the one used in [Chockler
etal., 2003] to prove membership of the degree of responsi-
bility for binary causal models in FPNFllog 7],

The proof that computing the degree of responsibility
is FP2 loen]_hard essentially follows from an argument in
[Eiter and Lukasiewicz, 2002a] showing that QSAT; can be
reduced to the problem of detecting causality. In fact, their ar-
gument actually provides a reduction from MINQSAT to the

degree of responsibility. Given a QBF of the form 3XVY ),
Eiter and Lukasiewicz construct a causal model M/ whose en-
dogenous variables include X, Y, and a fresh variable X*.

They consider a context « in which all variables in X get

the value 0. They show that YX3Y is true iff X* = 0
is a cause of ¢ in (M,u). If X* = 0 is indeed a cause,

then the set W in AC2 must be a subset of X. That is, if
there is a partition (1, Z) and a setting (z/, ") satisfying
AC2 showing that X* = 0 is a cause of 1, then W must

be a subset of X. Moreover, the variables in W that change
value from 0 to 1 in «’ are precisely those such that an as-

signment f that assigns 1 to just those variables makes A
true. It then easily follows that MINQSAT,(3XVY 1)) =
i < |X|+1iffdr((M,u),X* = 0,¢) = 1/(i + 1
and MINQSAT,(3XVY ) = |X| + 1 iff dr((M,u), X*
0,v) = 0.

~—

i
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4.2 Complexity of blame

Given an epistemic state (K, Pr), where K consists of IV pos-
sible situations, each with at most n random variables, the
straightforward way to compute db(KC, Pr, X < x, ) is by
computing dr((M, @), X* = x,¢") for each (M,d) € K
such that (M, @) = X° # o A =, and then computing the
expected degree of responsibility with respect to these situa-
tions, as in Definition 3.5. Recall that the degree of respon-
sibility in each model is determined by using a binary search
thus uses O(logn) queries in each model in K. Since the
number of models is IV, we get a polynomial time algorithm
with NV logn oracle queries. The type of oracle depends on
whether the models are binary or general. For binary models
it is enough to have an NP oracle, whereas for general mod-
els we need a ©:4'-oracle. We do not have a matching lower
bound but, as we show in the full paper, any binary-search
style algorithm for computing the degree of blame requires
Q(N log n) oracle queries, for N = o(n).
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Abstract

This paper reconsiders the notions of actual cause
and explanation in functional causal models. We
demonstrate that isomorphic causal models can
generate intuitively different causal pronounce-
ments. This occurs because psychological factors
not represented in the model determine what cri-
teria we use to determine causation. This par-
tially explains the difficulty encountered in previ-
ous attempts to define actual cause. Freed from
trying fit all examples to match intuition directly
(which is not possible using only the information
in causal models), we provide definitions for cau-
sation matching the different causal criteria we in-
tuitively apply. This formulation avoids difficulties
associated with previous definitions, and allows a
more refined discussion of what constitutes a cause
in a given situation. The definitions of actual cause
also allow for more refined formulations of expla-
nation.

Introduction

have been previous attempts to use functional causal models
as a basis for defining actual cause, but they have been shown
to suffer from serious defects of their olliHopkins & Pearl,
2003. In this paper, we identify (at least partially) why pre-
vious methods have failed, and provide new definitions that
avoid many of their problems. These definitions allow for a
more refined determination of actual causation. Additionally,
they provide a useful basis for producing explanations.

2 Review of causal models

In this section we review the basic definitions frgPearl,
2004 that we will use. First we need some notation. Upper
case letters (e.gX,Y, Z) represent variables. Lower case
letters (e.g.z, y, z) represent a particular value of the corre-
sponding variable. Bold face upper case letters ®.gY, Z)
represent sets of variables, and bold face lower case letters
(e.0.x,y,z) an instantiation of the corresponding variables.
A causal models a triple (U, V, F) whereU is the set

of background (or exogenous) variables (i.e. their values are
determined outside the model), aMlis the set of endoge-
nous variables (i.e. those whose value is determined by model
variables).F = {fx | X € V}is a set of functions where

x maps fromU U (V \ X) to X. Together, for any set-

Identifying an actual cause in a specific situation is a normaj ing of the background variableg; determines the values of
part of every day human reasoning. From the specifics of thg yariables inV. Theparentsof a variableX are the vari-
situation, we sift through the events, identifying those thatyples that directly influence the value &f (i.e. the set of
actually caused the event in question. This is different thar,riaples that is non-trivial irfx). The causal diagram of a
general claims about causal tendencies. In fact, the causg|gde| is a directed graph with vertic U V where there
nature of events can actually run counter to the general causgl g, edge from verteX to vertexY’ iff X is a parent oft’
tendency of the variables. For example, buying a lottery tickef, the model. We will restrict our attention to models with
has the general tendency to decrease wealth. However, Ebyclic causal diagrams. A submodel of causal madein-
certain circumstances (the numbers on the ticket correspongky interventiorX — x is a causal model/,, — (U, V, F)
to the winning numbers), it can cause a significant increasg,here]:x = {fy | Y € V\ X} U{X = x}. This allows
wealth. People are able to make these situation dependept 1o talk about what would have happeneXihad beerx.
pronouncements fairly easily. We will write Y, (u) to mean the value th& takes on in
Automating causal determinations has a number of apme submodelZ, in contextU = u. For a propositional for-
plications, including natural language processing, diagnosismma% defined over primitives of the forlX = z, px(u)

and planning. Unfortunately, formulating a successful noyepresents the value of the formula when the primitives are
tion of actual cause has proved elusive. Previous attempis,ajuated in modelZ, in contextu.

were often hindered by trying to embed them in formalisms

that are not appropriate for modeling causality (feearl, .

2000, Chapter 1]0for a discussion of these). Recently, func- 3 Previous work
tional causal modelEPearl, 2000 have proven to be an ef- Formulating the notion of cause has been a topic of philo-
fective formalism for modeling causal relationships. Theresophic debate for many years. Unfortunately, all of the philo-
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sophical works of which we are aware either suffer from seri-based on psychological factors outside of the causal model.
ous problems, or are not precise enough to be falsifiable (See We believe that the difficulties associated with previous
[Halpern & Pearl, 2001 &or a review of some of these prob- definitions are at least in part due to the fact that they failed
lems). to distinguish between different notions of cadsén fact,

There have been at least two previous attempts to formulatee would argue that like many problems in philosophy, one
actual cause in functional causal models. The first was theeason cause eludes satisfactory definition is because the intu-
causal beam approadRearl, 200 This notion of actual itive concept is fundamentally imprecise. What criteria to ap-
cause seemed to be too restrictive, classifying certain eveny is often a subjective decision, witnessed by the ease with
as noncauses that intuitively clearly should have been caus#&ghich one can often convince others that an alternate crite-
(See for example the critique {Halpern & Pearl, 20013  ria is the appropriate one. For example, one may argue that
The othefHalpern & Pearl, 20044 which we will call ASC it is inappropriate to say that arsonist 1 caused the fire since
for Alternate situation Strong Cause) tried to remedy thoseegardless of his action, the fire would still have occurred.

problems, but introduced several othefblopkins & Pearl, While the choice of criteria for determining cause is im-

2009 provides a thorough analysis of its problems. precise and subject to factors not representable in a func-
tional causal model, the same is not true once a criteria has

4 Why so hard? been chosen. Each criteria is precise and completely decid-

able based on the causal model and the state of its variables.
The many formulations encountered, and the problems thelformulating and illustrating appropriate definitions of these
exhibit beg the question: why is ascribing cause so difficult tacriteria is the focus of the next section.
formalize? Consider the following example frdidalpern &
Pearl, 2001k Two arsonists light matches at opposite ends5 A new proposal

gtmaer ;or;roes_t. . BIOth start fwe;?, _an? tthg forrgst bL:rr]nsfdowrlm this section, we introduce basic definitions which we then
: nist alone was sulficient to burn down the 10rresty , 5446 to form criteria for evaluating causal relationships.
Now, we ask whether arsonist 1 lighting his match caused thg\S there are several ways in which an event may be consid-

forrest to burn down. Clearly it did. The reason being that it o 5 cayse, we provide definitions for the different aspects.
was sufficient to burn it down, and participated in the actualyg pejieve that all causal tests are based on two basic ideas,
causal process that brought it about. which are related to , though distinct from, necessity and suf-

Consider another example: A prisoner is scheduled for exgiciency. By combining these two criteria we can produce the
ecution. The execution proceeds as follows: The execution&jitrerent criteria used for making causal judgments.

selects a gun from among several, which may or may nothave st we need some background and auxiliary definitions.

a bullet in the chamber. The prisoner is given the option Ofgremost among them is what we allow to be causes and ef-
death by lethal injection (which is always fatal), or face ex-fqetg
ecution by gunshot. If the prisoner selects gunshot, the ex-

ecutioner fires the weapon. If the weapon he selected had 3efinition 1 An instantiationx, of endogenous variablex

bullet, it kills the prisoner. If not, the execution fails and the IS @néventin contextu if X(u) = x. A propositional formula
prisoner goes free. In the situation we consider, the prisonef, defined over the endogenous variables of the model is an
chooses execution by lethal injection. As it turns out, the se&ffectin contextu if o(u).
lected gun was loaded so the prisoner would have died evefiny potential cause of an effect must be an event. Note that
if he had he chosen gunshot. we force events and effects to be true in the situation being
Now, we ask if the prisoner’s choice of execution methodconsidered. This is merely a convenience meant to simplify
caused his death. Obviously it did not. The reason being tha&aubsequent definitions.
in this circumstance, regardless of his choice, he would still Since we are concerned with determining cause in a partic-
die. That is, his choice had no impact on the outcome. ular context, the causal diagram of a model is not very infor-
Surprisingly, the obvious causal models in these two exammative. A variableX thatin general is necessary to determine
ples are in fact isomorphic as are the specific situations corthe value of another variable (and hence has an edge from
sidered. The effect (forrest burns down death) occurs in X toY in the diagram), may become irrelevant in a particular
all but one possible instantiation of its direct causes (neithegontext. That is, a particular value of the background vari-
arsonist lights their match> execution by gunshot is selected ablesu may make the value df" unresponsive to the value
and the gun is not loaded) and both sufficient conditions ocof X. This observation motivates the following definition:
curred in the situation under consideration. In other wordspefinition 2 The context diagranof causal worldM (u) is
the information that rendered one a cause and the other a nothe directed graph whose vertices are the endogenous vari-
cause is not contained in the causal model, or the specific sitibles ofM/, and includes each eddeX, ') where the func-
uation. We achieved intuitively different results because weion fy- is nontrivial in X when the background variables are
tested different notions of cause. In the forest fire examplefixed tou.
we tested the_ ab_|l|ty to produce the fire, i.e. whether it WaSrhe context diagram simplifies reasoning about causal rela-
capable of bringing about the result. In the second examﬂonships in a specific context
ple, we tested the consequentiality of the choice of execution '
methods, i.e. whether an alternate decision would produce a *[Hall, 2004 makes a similar argument, although the details dif-
different result. The choice of what test to apply seems to béer from ours.
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Another preliminary notion we will need is sufficienty. causes must be fixed. That is, a new value can not be added,

Definition 3 An eveni is sufficientto cause effeap in con- if the relevant parents have not already been included.

textu if for all instantiationsw of the nondescendan® of  Definition 5 An evenk is astrongly sufficient causef effect
X in the context diagram o/ (u), @xw(u). ¢ in contextu if either of the following conditions hold:

Note that it must hold only when the nondescendants are ma- ¢ For all instantiationsz of Z = V \ X, 0xz(u)

nipulated. Descendants are excluded from manipulation since . . . :
we believe that the values they take on, including interplay ® X IS @ sufficient cause gf and there exists some child
between them, are an integral component of determining cau-  €Venty of x which is a strongly sufficient cause pfin
sation. Allowing them to be manipulated would upset and ~ Contextu

skew that process. Effectively, what we require is that the event be sufficient
Sufficiency is not really strong enough for our purposesor the effect, and that as the causal process progresses from
For example, consider this example fréhtall, 2002: the event, the sufficiency is maintained. This prevents events
Suzy and Billy both pick up rocks and throw them that are preempted from being strongly sufficient. For exam-
at a bottle. Suzy’s rock gets there first, shattering  ple, while {BT=T} is sufficient for{BS=T}, the only child
the bottle. Since both throws are perfectly accurate, ~ €vent,{BT=T,BH=F} is not, so the event is not strongly suf-
Billy’s would have shattered the bottle had it not ficient. Suzy throwing, on the other hand, is strongly suf-
been preempted by Suzy’s throw ficient, withessed by the sequenf®T=T}, {ST=T,SH=T},
{ST=T,SH=T,BH=R, {ST=T,SH=T,BH=F,BS=F.
Strong sufficiency is the first of the two primary notions

ST BT used to evaluate causality in specific situations. In fact, strong
| | sufficiency by itself corresponds to one of the primary notions

SH——BH of causation. Strong sufficiency corresponds to our intuitions
\ / about physical causality. The cause sets in motion a chain of

events capable of bringing about the effect. Intuitively, we
expect causation to be transitive.xlftausesy andy causes

z, We expectx to causez.? It is not hard to see that strong
sufficiency meets that expectation. In fact, strong sufficiency
turns out to be the only transitive relation among our defini-

. . tions of cause.
Figure 1 shows the causal diagram of a model of the story The other primary consideration when testing actual

(the background variables, as well as the functional relation- ausality is the notion of consequentiality. In addition to par-

ship between variables should be obvious in this story, aswelt”.">%. "~ . )
as the others, so will not be explicated). BT (ST) represent Icipating in the causal process, we often require that an event

; : - ) e in some sense consequential in order to be considered a
%2{ rgist':ijrzné)trtlgrggvtltrllg aBr|1-(|j fgSngt;i%rsef (;err;thse %ﬂ%ﬁz éﬁ;ﬁiﬁ)n gg:ause. That consideration motivates the following definition.
Billy throwing is sufficient to cause the bottle to shatter, butDefinition 6 LetZ be the nondescendantsXfin the context
it doesn't actually participate in the causal process that maddiagram ofu. Then, an event is potentially consequential
the bottle shatter. Suzy’s action preempted Billy's. We ex-with respect to effecp in contextu if for some instantia-
pect not only sufficiency of the cause, but that in some senseions x’ of X, andz of Z, px,(u) and -y, ,(u). Eventx
the event actually participates in the causal process. Defining actually consequentiatith respect to effeap if for some
this notion has been one of the primary difficulties in talkinginstantiationx’ of X, —¢, (u).
about actual cause. The following two definitions formalize

these notions in a way that avoids the problems associatddK€ Strong sufficiency, actual consequentiality alone is a
with previous approaches common criteria for causation. For example, in the execution

example from Section 4 the choice of lethal injection was not
Definition 4 Let Z be the children oX in the context dia- considered a cause of his death precisely because it was not
gram ofu, and letY be some non-empty subse@fLetW  consequential. If instead the gun had not been loaded, which
be the intersection of the descendantXdincludingX) and  would make the decision consequential, we would consider
the ancestors ok (excludingY). Then evenky is achild it a cause. Note that a consequential event necessarily par-
of eventx in contextu if W C X. ticipates in the actual causal process. That is, for every actu-

A child event can be thought of as a next step in an unfolding!!Y consequential event, there is a minimal strongly sufficient
causal process. The criteria that C X is merely to enforce vent that contains some member of the consequential event.

the intuition that before a variable takes on a value, its direct F0tential consequentiality on the other hand is not of it-

- self enough for an event to be considered a cause. However,
2Note that this definition differs from the definition for suffi- combining it with strong sufficiency produces a very common

ciency presented ifPearl, 200D That definition was used for a causal criteria.

different purpose, and is not appropriate in this context. Itismore

closely related to, although distinct from the notion of sustenance °In fact, this intuition is so strong that some theories of causation

[Pearl, 200D start with the transitivity of cause as a starting pélrewis, 1986.

BS

Figure 1: Rock throwing example
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Test Strong Test Consequentiality is brought about (namely, via the left-hand track, or
Sufficiency Actual Potential No via the right-hand track).

Yes Strong Sustaining| Strongly
Sufficient
No Consequential - -

Two models which produced different causal pronounce-
ments were given, demonstrating the impact that model
choice has on the determination of causation. The model that
classified it as a cause is the one we are interested in. Figure 2
"hows the model. F represents the state of the switch, LT (RT)
whether the train goes down the left (right) track, and A rep-
resents whether the train arrives. The justification given was

Table 1: Different types of actual cause can be tested by co
bining tests for strong sufficiency and consequentiality.

Definition 7 An eventx sustaingeffecty in contextu if x is

strongly sufficient and potentially consequential for F
The notion of sustenance defined here is a modified version of /\
the one that appeared jRearl, 2000 It differs in two ways. LT RT
First, it requires strong sufficiency as opposed to merely suf- \/

ficiency. Second, it fixes the variabl®¥, against whichx
must be tested, while the previous definition Msisas one of
the parameters.

Sustenance is a very commonly applied criteria for cau-
sation. Most of the examples iHalpern & Pearl, 2001a
which were deemed causes correspond to our notion of susg‘

A

Figure 2: A possible model for the train story

taining cause. In the forrest fire example in Section 4, arsoni hat under normal circumstances, we may not call it a cause,
9 o ‘mp ; L ut if something abnormal were to happen (for example, one
1 was considered a cause of the fire because it sustained t

forrest fire Fthe tracks malfunctions, or is. dgstroyed) then Fhe_ action
A more .restrictive causal criteria is also sometimes usefuIWO-UId t_)e a cause. Our_ new definitions say that flipping the
switch is a strongly sufficient cause ( In the words of Hall it
Definition 8 An eventix is astrong causef ¢ in contextu if “helps to determine how the arrival is brought about”), but it
x is a strongly sufficient and actually consequential cause ofs not even potentially consequential, so is not a contributory
©. cause. This seems a more satisfactory result.

A strong cause can be thought of as a complete explication of Unlike the ASC definition, these definitions do not always
why the effect occurred. reduce to singleton causes even if minimality is enforced.

Often we talk about an event helping to cause an event evendditionally, .the different criteria produ.ce causes that cor-
though it is neither consequential nor sufficient. It is instead ©SPONd to different ways that people think about cause.

part of some cause. That consideration motivates the follow- " OF €xample, consider a situation where 5 people vote re-
ing definition. garding a ballot measure. The votes are tallied, and the mea-

o ) ) sure passes if 3 or more vote for it. The associated diagram
Definition 9 An eventy (y may be empty) is eontributory  gppears in Figure 3. Suppose that 4 vote for the measure, and

causeof effectp in contextu if x is potentially consequential, 1 yotes against. According to the ASC definition, each in-
and for some evemt, xz is a minimal sustaining cause gf

Contributory causation is the closest in spirit to the ASC defi- V, V, V, V, Vi
nition. If we insist on minimality, it reduces to singletons just \\ ' //
as that definition does. Additionally, in all but one example

T

included in[Halpern & Pearl, 200Jacontributory causation
matches the pronouncements of the ASC definition. We con- |
sider that example among others in the next section. P

6 Examples . .

_ P . Figure 3: A voting example. ThE&; correspond to the votes
The single example presented [idalpern & Pearl, 2000a  ¢ast7 the vote tally, and® whether the measure passed.
where the ASC definition differs from our definition of con-

tributory causation comes from the following story (along gjyidual who votes for the measure is an actual cause of the

with some commentary), quoted frdiiall, 2003: measure passing. In the causal beam approach, nothing qual-
You are standing at a switch in the railroad tracks. ifies as a cause of the measure passing. In this approach, it
Here comes the train: If you flip the switch, you'll depends what type of cause we are considering.
send the train down the left-hand track; if you Three votes for the measure constitute a strong cause of the
leave where it is, the train will follow the right- measure passing, while two do not. This corresponds to our
hand track. Either way, the train will arrive at the notion that a majority of the votes is required to cause it to
same point, since the tracks reconverge up ahead. pass.
Your action is not among the causes of this ar- Two votes for the measure constitute a consequential cause.
rival; it merely helps to determine how the arrival Changing those votes to vote against the measure would make
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the measure fail. This corresponds to the way we often talkn light of our new definitions, we do not see that particular
about causes in elections. Often election outcomes are atonsideration as a problem. According to our definition, it
tributed to the voting behavior of some minority of the elec-again depends on what you are looking for. It is sustaining,
torate (in U.S. politics these include “Reagan Democrats”put it is not consequential. Typically, when we are testing if
“soccer moms”, “angry white men” , “African Americans”, an event caused something to remain unchanged, we are look-
etc). While they are far from sufficient to win an election, ing for a consequential cause. That is clearly the case in this
we say that they caused the election result because if thegxample. However, it is still reasonable to say that cutting off
had voted significantly differently the outcome of the electionhis finger at the factory was a sustaining cause, because that
would have been different. On the other hand, most peoplevent makes certain the effect, regardless of what Larry does
understand that in the vast majority of elections their singleor does not do.
vote did not cause the outcome. This is reflected in our defi- Our definitions also handle correctly the exampldddap-
nitions by the fact that none of the criteria yield a single voterkins & Pearl, 2008 avoiding the problems of ASC, but be-
as a cause in this situation. A single vote for the measure is @ause of space limitations we will not review them all here.
contributory cause however, as one would expect. We will consider a single example of the problem to demon-
[Halpern & Pearl, 2004aprovides a number of examples strate how these definitions avoid it. Consider the following
that have proved problematic for other methods. As most oftory: Before an execution, the captain loads one of the guns
the examples correspond either to issues of sustenance or casf-the two members of his firing squad, putting a blank in
sequentialit§ (and with the exception of the train example the other gun. Both gunmen then fire simultaneously and
considered above, all of the positive examples are contributhe prisoner dies. In the current situation, the captain put
tory causes, and the negative examples are not), we will nahe bullet in the gun of gunman 1, and both men shoot. The
review them all here. We would like to revisit one exam- model consists of the loader, and the two gunmen as direct
ple that was considered troublesome. The first version of theauses of the the variable representing whether the prisoner
story is as follows: A machine severed Fred’s finger while hes alive. Now, we ask if gunman 2 shooting caused the pris-
was at work. He was rushed to the hospital and it was reatsner’'s death. According to the ASC definition, it did. Gun-
tached. A month later his finger worked just as before. Weman 2 did not cause the prisoner’s death according to any of
would of course not consider getting his finger cut off a causeur definitions of cause. It is clearly not consequential, nor
of it being fully function later (because it is not consequen-sufficient, so it can not be a cause. It is not a contributory
tial). Now, suppose we add another component to the story: kause either because it is not a member of any minimal suffi-
is possible that Larry the loanshark may be waiting outside fotient cause. According to these definitions, gunman 1 shoot-
Fred, so that he can cut off his finger to make an example dihg is a consequential cause, gunman 1 shooting and the cap-
him for not paying his loan promptly. If Larry cuts off the fin- tain loading his gun is a strong cause, and gunman 1 shooting
ger, he will destroy it so that it can not be reattached. If Frecand the captain loading his gun are both contributory causes.
severs his finger at the factory, he will be rushed to the hos-
pital, so Larry will not have an opportunity to do it himself. Z Explanations

The causal diagram appears in Figure 4. Now, consider th
If we have a probability distribution quantifying our uncer-

FS LL tainty about what context will actually occur, we can use that
N distribution, combined with our model to produce explana-
LC tions for an observed effect.
l Causation forms an integral part of evaluating explanations
(see[Chajewska & Halpern, 1997; Pearl, 2000; Halpern &
FF Pearl, 2001bfor critiques of methods that ignore causal con-

siderations when producing causes). In spirit, we agree with

i i i _the intuitive notion of explanation put forth ifHalpern &
Figure 4: Finger severing example. FS represents severing hF-SearI, 2001h That is, an explanation is fundamentally just a

finger. LL represents whether Larry is lurking. LC represents,ynothesized event which if true would be a possible cause of
whether Larry cuts off his finger and FF represents whethefne opserved phenomenon. Our new view of actual causation,
his finger is fully functional however, makes the particulars somewhat different. Our def-
o . . ., initions of actual cause form the basis for evaluating possible
situation in which Larry turns out not to be waiting outside, eypjanations. We allow any instantiation of endogenous vari-
and Fred does sever his finger. Was Fred cutting his finger offjjjes 10 be an explanation and compare them based on how
a cause of his finger being fully functional the next month?e|| they explain the effect. According to our view, there are
According to the ASC definition it is. This was considered gitferent types of explanation, just as there are different types
d!sturbmg because adding a provision for a contingency thatf causes. Which type of explanation to choose depends on
did not occur changed the the event from noncause to causgs intended purpose. This is in contrast to the approach using

“In fact, most of the difficult examples play off of the conflict- ASC as the basis for causal explanation. We believe that this

ing interpretation of cause between sustenance and consequentialigPProach provides more flexibility and is more general than
That s, the event in question is typically either consequential or susASC based explanations.
taining, but not both. By way of example, consider the following situation: We
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Explanation| Posterior| Explanatory Power This is not to say that the measures usedHalpern &
Variable | =0 | =1 =0 =1 Pearl, 2001bare not useful. In fact they can be very useful.
X1 52 |.48| .35 .65 We simply note that our definitions allow a further analysis
Xo 67].33| .40 .60 that is useful in other situations. They prove especially useful
X3 74| .26 42 .58 when we are looking for a sufficient or sustaining explana-

tions. Because our definitions can handle different notions of

Table 2: Posteriors and explanatory power for possible explaf2use, the explanations they produce can be more informa-
nations in the circuit example according to ASC definition. Ve than the explanations formed when using the methods in
[Halpern & Pearl, 2001p where they are restricted to one

weak form of cause.
have a circuit consisting of a single 3 input parity gate, with
inputs X1, X, and X3, and outpult” (i.e. Y = 1whenan 8 Conclusion
odd number of the inputs are 1). Each input has an assocj-

ated background variable, independent of the others, wher e demonstrated that the intuitive choice of causal criteria is
X; = U; and Pr(U; — 1’) — 1/(j +2). So typica{lly subjective, and is influenced psychological factors not repre-
Jg — Y Jj — - . '

Y = 0andX; — 0. Now, suppose that we observe that sentable in a causal model. The criteria, once chosen however
Y — 1 and we want an exblanation in terms of thevari-  can be evaluated from the information contained in the causal

ables. The first question is what constitutes an explanatio odel. We presented new criteria covering the different no-
(or even a partial explanation in the ASC definition). Ac- lons of causation. Fundamental among these is the defini-

cording to the ASC based definition, the only possible expla{io.? 0‘; Str‘;ﬂg ?“fﬁgiefﬂ‘?g(' thiCh F;m\ﬂdes ‘?[‘. s'imgle a}n(:hin-
nations (or partial explanations) are singleténslow, how uitively satisfying definition for actually participating in the

can we compare between them? The ASC approach provid tive causal process that generated the effect. These defini-
three measures of the quality of an instantiatioas an ex- ions avoid the problems of previous attempts, and allow for

planation of effecty in light of evidencee (which must entail a more f‘?f‘”ed discus_sion of actual _causality. Additiona_lly,
©). The first, named goodnessIs (x causesp|xe).® The they provide a foundation for evaluating explanations, which
second, the bosterior probability &(x|e). The third, ex- proves to be more satisfactory than previous attempts to use

planatory power ir(x causesp|x). The goodness of all functional causal models for explanation.

explanations in this example are 1. Also, the explanatory

power, Pr(x causeg|x) = Pr(xy|x) since every instant- ACknowledgment

ation is a weak cause according to the ASC definition. TaThis work has been partially supported by MURI grant
ble 2 shows the explanatory power and posterior probabilityN00014-00-1-0617

of the different possible explanations. It is not clear how to
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Abstract

An approach for designing countermeasuresto cure
conflict in aircraft pilots’ activities is presented,
both based on Atrtificial Intelligence and Human
Factors concepts.

The first step is to track the pilot’s activity, i.e. to
reconstruct what he has actually done thanks to the
flight parameters and reference models describing
the mission and procedures. The second step is
to detect conflict in the pilot’s activity, and this is
linked to what really matters to the achievement
of the mission. The third step is to design accu-
rate countermeasures which are likely to do bet-
ter than the existing onboard devices. The three
steps are presented and supported by experimental
results obtained from private and professional pi-
lots.

1 Introduction

The review of civilian and military reports reveals that a con-
flictual situation is a precursor to the loss of aircrews’ situa-
tion awareness and is a major cause of air accidents. Conflict
may occur through different forms: open conflict between the
different operators (Air Philippines crash, April 1999), repre-
sentation conflict about the aircraft position (Korean air, Au-
gust 1997), resource conflict (Streamline, May 2000), knowl-
edge conflict (Crossair, January 2000), or more recently, a
conflict between automated systems (TCAS) and human op-
erators (air collision between a Tupolev 154 and a Boeing 757
over Switzerland, July 2002). Therefore, the idea is to detect
conflict so as to propose accurate on-line countermeasures to
pilots.

The first step is to track the pilot’s activity, i.e. to reconstruct
what he has actually done thanks to the flight parameters and
reference models describing the mission and procedures. The
second step is to detect conflict in the pilot’s activity, and this
is linked to what really matters to the achievement of the mis-
sion. The third step is to design accurate countermeasures
which are likely to do better than the existing onboard de-
vices. The three steps are presented and supported by experi-
mental results obtained both from private and military pilots.

COGNITIVE MODELING

2 Track the pilot’s activity

2.1 Reference model

The approach to capture the pilot’s activity is based on situa-
tion tracking classically used for system diagnosis, monitor-
ing and intelligence [Ghallab, 1996; Chaudron et al., 1997;
Rota and Thonnat, 2000]. Whatever the formalism used to
represent knowledge, situation tracking rests on a matching
between observed facts and known situations (reference mod-
els), and its object is to carry out postdictions, predictions or
to diagnose the current state of the system.

To represent knowledge, we use the concept of propositional
attitude, “which covers the notions of belief, desire, inten-
tion, [...] which have in common the fact of being identified
by their propositional contents” [Tessier et al., 2000].
Definition: a propositional attitude (PA) is a pair (K,T)
where K is a logical cube, i.e. a conjunction of first order
literals [Chaudron et al., 2003], and T is the time interval
within which the properties captured by K are true.

The pilot’s knowledge is divided into three categories of PAs,
which constitute the reference model:

o Propositional attitude goal describes a goal of the mission.
Ex: pa_goal (goal (5), <Landi ng(francazal )>,T)
means that the fifth goal of the mission is to land at Francazal
during time interval T.

e Propositional attitude plan describes the properties the pilot
is committed to satisfy to reach a PA-goal as long as he car-
ries out this goal.

Ex: pa_pl an(goal (5), <VORfrequency(116),

VOR headi ng_def | ecti on(true), gear down(true),
flapsdown(2),visibility(true)>T)

means that to satisfy goal 5, the pilot has to select the accu-
rate radio frequency, fly a correct route, lower gears and flap
deflection 2 and have a good visibility during time interval T.
e A crucial propositional attitude describes the hard con-
straints associated to one or several goals.

Ex: pa_cruci al (goal (5),<visibility(true)>T)
means that to succeed in landing at Francazal, the pilot must
have a correct visibility during T.

Remark: the model does not implement deontic logic [Traum
and Allen, 1994] to capture the pilot’s obligations; at each
time step, the system will check whether the pilot meets the
different constraints on the PA-goals.
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2.2 Observed activity

The pilot’s activity is observed and analyzed through his ac-
tions on the airplane interface: during the experiments, the
flight parameters are recorded every second. The parameters
are then translated into symbolic knowledge and aggregated
to build observation propositional attitudes.

The numerical thresholds that are used for numerical to sym-
bolic translation are adjusted during interviews with the pilots
to built an accurate model for each pilot. For example, if the
pilot has to fly 2500 ft, he defines his own flight envelope
where he feels secure [Amalberti and Wioland, 1997]. After
numerical to symbolic translation, parameter altitude is char-
acterizedasal ti tude(f al se) (i.e. out of flight envelope)
oral titude(true) (i.e. within flight envelope).

The same kind of analysis is performed with parameters such
as the route, the fuel level, etc.

Therefore, propositional attitude observation describes per-
ceived and deduced facts from the pilot’s activity:

Ex: pa_obs(<VORf requency(116),

VOR headi ng_defl ecti on(true), gear down(true),
flaps.down(3),visibility(fal se)>, <1500, 1500>)
means that at time 1500, the pilot has selected the accurate
radio frequency, is flying a correct route, has lowered gears
and flap deflection 3 and has a bad visibility.

3 Detect conflict
3.1 Conflict

Considering research in the field of A.l. and partic-
ularly on multi-agent systems, the focus has been
brought much on how to avoid, solve or get rid of
conflicts, especially via negotiation [Sycara, 1989;
Rosenschein and Zlotkin, 1994], argumentation [Jung and
Tambe, 2000] or constraint satisfaction [Conry et al., 1991;
Khedro and Genesereth, 1994; Hannebauer, 2000]. Such
approaches, where (i) conflict is likened to formal inconsis-
tency and (ii) the internal knowledge of the agents is clearly
identified, are not suited to our purpose. Indeed in aeronau-
tics, uncertainty on data is high and the human behavior is
extremely variable and unpredictable. Moreover, while in
air, aircrews frequently face incoherent situations due to the
uncertain environment (e.g. weather, failures) or because
of their own errors. Nevertheless, these situations are not
necessarily conflictual, and pilots are used to going on with
their missions with such inconsistencies. An inconsistency
becomes conflictual only if it leads to a critical flight phase
and matters to the mission or to the aircrew’s safety.
Therefore we are very close to Easterbrook’s definition of
conflict [Easterbrook, 1991]: ““[...] viewpoints are free to
differ, and only conflict when that difference matters for
some reason, leading to interference. [...] A conflict, then,
is simply a difference that matters”” This point of view
has been emphasized in social sciences [Festinger, 1957;
Lewin et al., 1939] and in A.l. applied to social modeling
[Castelfranchi, 2000], where human conflict is seen as the
result of an impossibility to succeed in a goal that matters.
Definition: a conflict is a set of propositional attitudes that is
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not coherent® and the fact that it is not coherent matters.

The inconsistency of a set of PAs matters either because
there is a need:

e to satisfy the rationality? of the agent(s) involved (pilot,
copilot ...);

e or to build a coherent set of knowledge;

e or to decide on further goals.

All these different reasons are implemented in the reference
model as crucial propositional attitudes (see section 2.1).
Therefore a conflict is an incoherent set of knowledge that
matters through one or several crucial propositional attitudes.

3.2 Conflict detection

Conflict detection is a tracking process that monitors the
pilot’s PAs at each time step ¢. It is a two-step process: (1)
detect the sets of PAs that are not coherent at time ¢ and (2)
detect the conflicts given the crucial PAs that concern time
t. One could have designed a single-step process, however
it is of great interest to track PAs that are not coherent and
do not conflict: indeed, contrary to the minimal inconsistent
sets approach [De Kleer, 1986], we aim at capturing all
the inconsistencies and analyzing how they are managed
by the pilots for “lessons learned” and further man-artefact
interaction model tuning.

(1) Detect the sets of PAs that are not coherent

Predicate not _hol d_t oget her detects incoherent sets of
PAs Inc; at time ¢.

Ex: given the set of PAs

e pa_goal (goal (5), <Landi ng(francazal ) >, <1000, t 1>)

e pa_pl an(goal (5), <VORfrequency(116),

VOR headi ng_def | ecti on(true), gear down(true),
flapsdown(2),visibility(true)>, <1000, t1>)

e pa_obs(<VORfrequency(116),

VOR headi ng_defl ecti on(true), gear down(true),
flaps_.down(3),visibility(false)>, <1500, 1500>),
two incoherent sets of PAs are detected:

— not _hol d_t oget her (pa-pl an(5, fl aps_.down(2)),
pa_obs(fl aps_down(3), <1500, 1500>) ;

— not _hol d_t oget her (pa_pl an(5, visibility(true),
paobs(visibility(false)), <1500, 1500>).

(2) Detect the conflicts

The crucial PAs that concern time ¢ are then considered.
Definition: let Inc; an incoherent set of PAs at time ¢. If
Inc; includes PAs or properties that matter through one or
several crucial PAs, then I'nc; is a conflict.

Predicate mat t er s screens sets Inc; thanks to the crucial
PAs, so as to determine whether they are conflicts or not.

Ex: for the previous example, the crucial PA that holds at
time 1500 is:

epa._crucial (goal (5),<visibility(true)>,

<1000, t 1>)

Predicate mat t er s detects that one of the two incoherent

Lin relation to the formalism used to represent the properties in
the PAs.

2According to Festinger [Festinger, 1957] who postulates that an
individual always aims at being coherent when interacting with his
environment.
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sets of PAs is conflictual:

mat t er s( pa_pl an(goal (5),visibility(true)),
pa-obs(visibility(false), <1500, 1500>)

The other set of PAs relative to flaps deflection is not a
conflict because a landing with flap deflection 3 is possible
even though less recommended.

3.3 Preliminary experiment and results

A preliminary experiment designed to test conflict tracking
[Dehais, 2002] was conducted with ten pilots on a research
flight simulator. The pilots were proposed a flight scenario
whose aim was to follow a flight plan at a constant altitude
and then land with instruments. The difficult point in this
scenario was to manage the fuel consumption correctly con-
sidering refuelling areas.

This experiment has validated conflict detection and interest-
ingly enough has shown that a psychological perseveration
phenomenon appeared with conflict : the pilots who faced
conflictual situations did not come to the right decision to
solve their conflict, on the contrary they got themselves tan-
gled up in it, and all the more so since the temporal pressure
was increasing. The most surprising thing was that all the
necessary data to come to the accurate decision were avail-
able and displayed on the onboard equipments.

Ex: one of the pilots flew toward waypoint 5 instead of fly-
ing first over waypoint 6 for refuelling, and started circling
around, until he ran out of fuel (see figure 1).
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Figure 1: Conflict and perseveration

During the debriefing, the pilot explained that he was con-
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vinced that waypoint 5 was the refuelling area (in spite of
the map displayed in the cockpit); he reached it and noticed
that the fuel level did not increase. Thinking he had missed
waypoint 5, he decided to fly back to waypoint 5. He did
this manoeuvre again and again till he ran out of fuel, getting
more and more stressed.

4 Send accurate countermeasures
4.1 Guidelines

The findings of the preliminary experiments are akin
to a recently published report of the BEAS (the French
national institute for air accident analysis) that re-
veals that pilots’ erroneous attitudes of persevera-
tion have been responsible for more than 40 percent
of casualties in air crash (in civilian aeronautics).
This behavior, called the “perseveration syndrome”,
is studied in neuropsychology [Vand Der Kolk, 1994;
Pastor, 2000] and psychology [Beauvois and Joule, 1999]:
it is known to summon up all the pilot’s mental efforts
toward a unique objective (excessive focus on a single
display or focus of the pilot’s reasoning on a single task).
Once entangled in perseveration, the pilot does anything to
succeed in his objective even if it is dangerous in terms of
security, and worse, he neglects any kind of information that
could question his reasoning (like alarms or data on displays).

Therefore the idea is to design countermeasures in order to
break this mechanism and get the pilot out of the conflict. The
design of the countermeasures is grounded on the following
theoretical and empirical results:

o conflictual situations lead pilots to persevere;

o additional information (alarms, data on displays) designed
to warn pilots are often unnoticed when pilots persevere.
Our conjectures are then:

— with an accurate on-line conflict detection, it is possible to
analyze and predict the subject of the pilot’s perseveration;
— instead of adding information (classical alarms), it is more
efficient to remove the information on which the pilot is fo-
cused and which makes him persevere, and to display a mes-
sage to explain his error instead.

Ex: in the experiment described afterwards, pilots persevere
in trying a dangerous landing at Francazal despite the bad
visibility, with a particular focus on an instrument called the
H.S.1.% to locate Francazal airport. The countermeasures will
consist in removing the H.S.I. during a few seconds, to dis-
play two short messages instead, one after the other (“Land-
ing is dangerous”... ”look at central display”) and next to
send an explanation of the conflict on the central display
(“Low visibility on Francazal, fly back to Blagnac™).

The idea here is to shock the pilot’s attentional mechanisms
with the short disappearance of the H.S.1., to introduce a cog-
nitive conflict (“if I land, I crash”) to affect the pilot’s reason-
ing, and to propose a solution on the central display.

3http://www.bea-fr.org
4The H.S.1 is a display that gives the route to follow and indicates
any discrepancy from the selected route.
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4.2 GHOST

Ghost is an experimental environment designed to test coun-
termeasures to cure the pilot’s perseveration. It is composed
of:

e Flightgear®, an open source flight simulator, which means
that many modifications can be made, e.g. implementing new
displays. To fly the airplane, pilots have a stick, rudder and
a keyboard. Almost all the airports and beacons (NDB and
VORS®) of the world are modeled, and the air traffic control is
simulated. During the experiment, the flight simulator inter-
face is displayed on a giant screen;

e Atlas’, a freeware designed to follow the pilot’s route. The
airplane trajectory, cities, airports and beacons are displayed
with an adjustable focus;

e a wizard of Oz interface (see figure2) we have designed
and implemented, which allows a human operator to trigger
events (failures, weather alteration and the countermeasures)
from an external computer via a local connection (TCP/IP
protocol, sockets communication).

As far as the countermeasures are concerned, several actions
are available to the wizard of Oz:

e replace a display on which the pilot is focused by a black
one (time of reappearance is adjustable);

e blink a display (frequency and time of blinking is ad-
justable);

o fade a display and brighten it again;

e send a message to a blinked, removed or faded display;

e send a message to the central display for explicit conflict
solving.

=0z FGFS Wizard. EIEE

File  About

7 erzsoior | |7 Altudendcaor

®
N

[7_Dual-manfold-pressur| [[7_Tachimeter

message to send — | ONtime (ms) [200
Send To FGFS| — OFF time (ms) [200
Cleartext — | Number of blinks [5——

Figure 2: The wizard of Oz interface - countermeasures

4.3 Experimental scenarios

As conflict appears when a desired goal cannot be reached,
we have designed three experimental scenarios where a cru-

Shttp://www.fightgear.org/

5NDB and VOR are two kind of radionavigation beacons used to
guide pilots.

"http://atlas.sf.net
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cial goal of the mission cannot be achieved:

e scenario 1 is a navigation task from Toulouse-Blagnac air-
port to Francazal airport including three waypoints (VOR
117.70, NDB 331 and NDB 423). An atmospheric depres-
sion is positioned in such a way that the pilot cannot see the
landing ground but at the last moment when it is too late to
land on it.

e scenario 2 is a navigation task from Toulouse-Blagnac air-
port to Francazal airport including three waypoints (VOR
117.70, NDB 415 and NDB 423). The visibility is decreased
from the runway threshold: from far away, the landing ground
is visible but as the pilot gets closer to it, it disappears totally
in a thick fog.

e scenario 3 is a navigation from Toulouse-Blagnac back to
Toulouse-Blagnac including three waypoints (VOR 117.70,
NDB 331 and NDB 423). An atmospheric depression is posi-
tioned over waypoint 2 (NDB 331), and as the pilot flies over
this waypoint, the left engine fails.

In scenarios 1 and 2 the pilot’s conflict can be summarized as
“should | try a dangerous landing at Francazal or should |
fly back to Blagnac for a safer landing?”. If our conjectures
hold, pilots will persevere and try to land at Francazal.

In scenario 3, the pilot’s conflict can be summarized as
“should I go on with the mission despite the failure or should
I land at Francazal and therefore abort the mission?”

4.4 Experimental Results

21 experiments were conducted with Ghost in December
2002 (see figure 3). The pilots’ experiences ranged from
novice (5 hours, small aircraft) to very experienced (3500
hours, military aircraft). Conflicts where detected with the
conflict tracker (described above) and were inputs for the wiz-
ard of Oz to elaborate the countermeasures.

Results for scenarios 1 and 2: “impossible landing”

In these scenarios, the pilots faced the decision of mission
abortion, i.e. not to land at Francazal and fly back to Blagnac.
Both scenarios were tested within two different contexts:
without countermeasures and with countermeasures.

e Context 1: no countermeasures

7 pilots tested scenario 1 or 2 without any countermeasures
(see next table). “Circuits” corresponds to the number of cir-
cuits performed by the pilot round Francazal before crashing
or landing.

Pilot | Scenario | Circuits Results
Pilotl 1 3 crash
Pilot2 1 3 crash
Pilot3 1 1 chance landing
Pilot4 1 1 chance landing
Pilot5 2 1 crash
Pilot6 2 1 chance landing
Pilot7 2 1 crash

The results suggest that without any countermeasures,
none of the pilots came to the right decision (fly back to
Blagnac): they all persevered at trying to land at Francazal.
Four of them hit the ground, and the other three had a “chance
landing”, which means that while they were flying round
Francazal, the runway appeared between two fog banks and
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they succeeded in achieving a quick landing. During the de-
briefing, all of them admitted they had come to an erroneous
and dangerous decision.

e Context 2: with countermeasures

12 pilots tested scenario 1 or 2 with countermeasures (see
next table). “Circuits” corresponds to the number of circuits
performed by the pilot round Francazal before a countermea-
sures is triggered by the wizard of Oz.

Pilot | Scenario | Circuits| Results

Pilot8 1 3 crash on Francazal
Pilot9 1 2 back to Blagnac
Pilot10 1 2 back to Blagnac
Pilotll 1 2 back to Blaghac
Pilot12 2 3 back to Blaghac
Pilot13 2 2 back to Blagnac
Pilot14 2 2 back to Blagnac
Pilotl5 2 2 back to Blaghac
Pilot16 1 2 chance landing Francazal
Pilot17 1 2 back to Blagnac
Pilot18 1 2 back to Blaghac
Pilot19 1 5 crash on Francazal

The results show the efficiency of the countermeasures

to cure perseveration: 9 pilots out of 12 changed their
minds thanks to the countermeasures, and flew back safely
to Blagnac. During the debriefing, all the pilots confirmed
that the countermeasures were immediately responsible for
their change of mind. Moreover, the short disappearance of
the data due to the countermeasures did not cause any stress
to them. 4 military pilots found that the solutions proposed
by the countermeasures were close to what a human co-pilot
would have proposed.
The results with Pilot19 suggest that the more a pilot perse-
veres, the more difficult it is to get him out of perseveration.
During the debriefing, Pilot19 told us that he was obsessed
by the idea of landing, and that he became more and more
stressed as long as he was flying round Francazal. He then
declared that he did not notice any countermeasures. Pilot16
and Pilot8 also persevered despite the countermeasures: they
declared they knew they were not flying properly and that
they had done that on purpose because they wanted to test the
flight simulator.

Results for scenario 3: “failure”

Only 2 pilots tested scenario 3. One pilot experimented this
scenario without any countermeasures: he did not notice the
failure and hit the ground. The second pilot was warned
through the countermeasures that he had a failure and that
there was a landing ground at vector 80: the pilot immediately
performed an emergency landing on this landing ground.
Other experiments are currently being conducted with this
scenario.

Other results

During the experiments, 9 pilots made errors, e.g. selection
of a wrong radio frequency, erroneous altitude, omission to
retract flaps and landing gear. To warn them, the wizard of
Oz blinked the display on which they were focusing and
displayed the error (e.g.: “gear still down”). In each case,
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the countermeasure was successful: the pilots performed
the correct action at once. During the debriefing, the pilots
declared that this kind of alarm was very interesting, and
much more efficient and stressless than a classical audio or
visual alarm because they could identify at once what the
problem was.

These experiments have shown also the significance of the
message contents on the blinked display. For example, as far
as the erroneous landing at Francazal is concerned, the ini-
tial message was “Don’t land”, but the pilots did not take it
into account, thinking it was a bug of the simulator. When
the message was changed to “Fly back to Blagnac” or “Im-
mediate overshoot” it was understood and taken into account
at once.

Figure 3: GHOST

5 Conclusion and perspectives

We have presented an approach to detect and cure conflicts in
aircraft pilots” activities. A first experiment has validated the
conflict detection tool and has shown that pilots facing con-
flicts have a trend to persevere in erroneous behaviors. This
agrees with the observations made by experts of the pilots’
behaviors in real air accidents. These first results have led us
to design GHOST, an experimental environment dedicated to
test countermeasures designed to get pilots out of persever-
ation. A second experiment was conducted with twenty-one
pilots in this new experimental environment: it has proved
the efficiency of the countermeasures to cure perseveration
and has also confirmed the relevance of conflict detection.
Further experiments are to be conducted to go on tuning the
countermeasures according to the pilots’ feedback.

The next step is to design and implement the whole coun-
termeasures closed-loop, i.e to remove the wizard of Oz and
perform an automated conflict and perseveration manage-
ment. This is currently done thanks to (see figure 4):

o the conflict detection tool (see section 3).

o Kalmansymbo(aéro), a situation tracker and predictor
[Tessier, 2003] which is based on predicate/transition timed
Petri nets for procedure and pilot’s activity modeling.
Kalmansymbo assesses the current situation thanks to the pa-
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rameters received in real-time from Flightgear and predicts
what is likely to happen. Both the current situation and the
predictions are inputs for the conflict detection tool, which
allows possible conflicts to be better anticipated.

e a tool for building and sending accurate countermeasures
back to the pilot via the Flightgear cockpit.

Kalmansymbo-aéro
Flightgear

LOW VI SIBILITY
ON FRANCAZAL
GO TO NDB 415

Conflict detection

COUNTERMEASURES

Figure 4: The countermeasures closed-loop
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Abstract

Conventional methods used for the interpretation
of activation data provided by functional neuro-
imaging techniques provide useful insights on
what the networks of cerebral structures are, and
when and how much they activate. However,
they do not explain how the activation of these
large-scale networks derives from the cerebral
information processing mechanisms involved in
cognitive functions. At this global level of repre-
sentation, the human brain can be considered as
a dynamic biological system. Dynamic Bayesian
networks seem currently the most promising
modeling paradigm. Our modeling approach is
based on the anatomical connectivity of cerebral
regions, the information processing within cere-
bral areas and the causal influences that con-
nected regions exert on each other. The capabili-
ties of the formalism’s current version are illus-
trated by the modeling of a phonemic categoriza-
tion process, explaining the different cerebral ac-
tivations in normal and dyslexic subjects. The
simulation data are compared to experimental re-
sults [Ruff et al., 2001].

1 Introduction

In Neurology and Neuropsychology, the diagnosis of the
neurological causes of cognitive disorders, as well as the
understanding and the prediction of the clinical outcomes
of focal or degenerative cerebral lesions, necessitate
knowing the link between brain and mind, that is what
the cerebral substratum of a cognitive or a sensorimotor
function is and how the substratum’s activity can be in-
terpreted in cognitive terms, i.e. in terms of information
processing.

Studies in humans and animals [Bressler, 1995; Dé-
monet ef al., 1994] have shown that sensorimotor or cog-
nitive functions are the offspring of the activity of ori-
ented large-scale networks of anatomically connected
cerebral regions (Figure 1). In humans, functional neuro-
imaging techniques provide activation data, which are
indirect measures of the brain’s electrical or metabolic
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activity during a task performance. Statistical analyses of
the activation data allow determining where [Fox and
Raichle, 1985], i.e. in which areas, and/or when [Giard et
al., 1995] during the task performance, the activation
reaches local extrema. Through the study of covariation
between local activations, they give a sketch of what the
network of cerebral areas involved in the cognitive func-
tion is [Herbster et al., 1996]. A known oriented ana-
tomical link between 2 areas allows determining why the
activation of one area can affect the other one [Biichel
and Friston, 1997]. Above methods allow identifying the
substratum of a cognitive function and the activation
level and dynamics of the substratum during the function
performance. They do not give any clue of how the cog-
nitive processes participating in the function are imple-
mented by the substratum and Ahow the activation derives
from the processing. That is, they do not allow interpret-
ing neuroimaging data as the result of information proc-
essing at the integrated level of large-scale networks.

Phoneme

Primary Sequence
Auditive
Cortex Wernicke’s

Area

Inferior
Temporal
Gyrus

Broca's ,.+**"
Area
Fusiform

Anterior Gyrus

Cingular
Cortex

Posterior
Cingular
Cortex

Thalamus

Figure 1: Large-scale network involved in phoneme monitor-
ing, according to results from [Démonet, ef al., 1994]

Interpretative models, linking a networked structure
activity to the realization of a function, are at the core of
Computational Neurosciences. Most existing works in the
domain are based on formal neural networks, with vary-
ing levels of biological plausibility, from physiology
[Wang and Buzsaki, 1996], hardly interpretable in terms
of information processing, to more or less biologically
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plausible models of how basic cognitive functions
emerge from neuronal activation [Grossberg et al., 2002],
and to purely functional models [Cohen et al., 1990], not
concerned with cerebral plausibility. Although these
models answer the how, they do not meet two major re-
quirements for an interpretative approach of functional
neuroimaging data. The models are not explicit enough to
be directly used for clinical purpose, and they cannot
evolve quickly and easily with new findings in neurosci-
ence, such as the integration of more detailed knowledge
on the substratum, which often necessitates a complete
rebuilding of the formal network.

The causal connectivity approach [Pastor et al., 2000]
aims at answering the how and satisfying the constraints.
However, the underlying formalism, causal qualitative
networks based on interval calculus, limits severely the
biological plausibility of the models, since it cannot rep-
resent major cerebral features, such as learning or the
non-linearity and the uncertainty of cerebral processes.
Dynamic Bayesian networks only meet the three major
constraints: temporal evolution, uncertainty and nonlin-
earity [Labatut and Pastor, 2001]. The utility of graphical
probabilistic formalisms for cognitive modeling has also
been demonstrated in the representation of visuomotor
mechanisms with Bayesian networks [Ghahramani and
Wolpert, 1997].

Hereafter, we describe how the interpretation of func-
tional images for a clinical purpose can be tackled. Sec-
tion 2 presents our viewpoint on large-scale cerebral
networks. After a short introduction to dynamic Bayesian
networks, section 3 describes the characteristics of our
formalism. Section 4 illustrates the formalism’s capabili-
ties by an example. We conclude with some perspectives.

2 Representation of Large-Scale Cere-
bral Networks

2.1 Structural and Functional Nodes

The function implemented by a large-scale network de-
pends on three properties: the network’s structure
[Goldman-Rakic, 1988], the functional role of each node
(E.g. Wernicke’s area (Figure 1), which is supposed to
realize the early stages of phoneme processing), and the
properties of the links (length, role: inhibitory or excita-
tory, ...). In each network, regions, which are the struc-
tural nodes, are information processors and connecting
oriented fibers are information transmitters [Leiner and
Leiner, 1997].

All neurons in a region do not have the same structure
or the same role. Similar neurons constitute generally
local populations that realize a specific function. For ex-
ample, the inhibitory role of GABAergic neurons on
other neuronal populations may explain the fact that
every visual stimulus is not perceived in high frequency
stimulation [Pastor, et al., 2000]. Therefore, each region
is itself a network of smaller neuronal populations (func-
tional nodes), connected through neuronal fibers. These
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nodes are information processors that implement func-
tional primitives, which may all be different.

A large-scale network has therefore neurophysiologi-
cally constrained, oriented edges and possibly differenti-
ated nodes. The explicit representation of the nodes’
function allows the direct expression of hypotheses on
cerebral processing, and their easy modification in order
to follow the evolution of knowledge in neurosciences.
This cannot be dealt with by formal neural networks’
implicit modeling that requires modifying the whole net-
work architecture to implement functional changes.
Hereafter, a structural or a functional structure will be
indifferently named a cerebral zone.

2.2 Information Representation and
Processing

The cerebral information processed by a neuronal popula-
tion can be seen as the abstraction of the number and the
pattern of the neurons firing for this information. It can be
represented both by an energy level and by a category. En-
ergy is indirectly represented by the imprecise activation
data provided by neuroimaging techniques. The category
representation is in agreement with the “topical” organiza-
tion of the brain, which reflects category maps of the input
stimuli, and can persist from primary cortices to nonprimary
cortices and subcortical structures [Alexander et al., 1992],
through transmission fibers [Leiner and Leiner, 1997]. The
energy and the category of a stimulus can also be easily
extracted from its psychophysical properties.

Modeling cerebral processes necessitates an explicit and
discrete representation of time, both for taking into account
the dynamics of cerebral mechanisms (transmission delays,
response times...), and for complying with sampled func-
tional neuroimaging data.

According to a definition of causality inspired by Hume
[Hume, 1740] and consistent with Pearl’s probabilistic cau-
sality [Pearl, 2001], information processing in a large-scale
network can be considered as mediated through causal
mechanisms. Causality is defined by three properties: spatial
and temporal contiguity, temporal consistency, and statisti-
cal regularity [Labatut and Pastor, 2001]. In other words,
two entities A and B are causally linked if they are contigu-
ous relatively to the system they belong to, if the beginning
of A precedes temporally the beginning of B, and if most of
the times, A provokes B. In the brain, oriented anatomical
links provide spatial and temporal contiguity between cere-
bral nodes, cerebral events are temporally consistent (a fir-
ing zone provokes the activation of downstream zones), and
there is a statistical regularity in the response of a specific
neuronal population to a given stimulus.

3 Description of the Formalism
3.1 Dynamic Bayesian Networks

In summary, the brain can be viewed as a network whose
nodes are differentiated dynamic and adaptive informa-
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tion processors and oriented edges convey causality.
Moreover, cerebral mechanisms, which are the abstrac-
tion, at the level of a neuronal population, of the chemi-
cal and electrical mechanisms at the cell levels, are often
nonlinear. Causal dynamic Bayesian networks are the
paradigm that meets best the constraints derived from
these properties [Labatut and Pastor, 2001].

A causal Bayesian network consists of a directed
acyclic graph where nodes represent random variables
and edges represent causal relationships between the
variables [Pearl, 1988]. A conditional probability is asso-
ciated with each relationship between a node and its par-
ents. If the node is a root, the probability distribution is a
prior. When some nodes’ values are observed, posterior
probabilities for the hidden nodes can be computed
thanks to inference algorithms such as the junction tree
algorithm [Jensen, 1996].

In a dynamic Bayesian network (DBN), the evolution
of random variables through time is considered. Time is
seen as a series of intervals called time slices [Dean and
Kanazawa, 1988]. For each slice, a submodel represents
the state of the modeled system. DBNs are used to model
Markovian processes, i.e. processes where a temporally
limited knowledge of the past is sufficient to predict the
future. The choice of the inference algorithm, generally
an extension of the junction tree algorithm [Murphy,
1999], depends on the DBN’s structure, the nature of its
variables (discrete or continuous), and relationships (lin-
ear or nonlinear).

Activation data and/or the subject’s responses to the
stimuli are the only observable variables we have. There-
fore, they must be integrated in our models. One may
reasonably consider that the hidden variables, describing
the successive states of the cerebral network, constitute a
Markov chain, and that observable variables depend only
on them. Moreover, the variables are continuous and their
relationships may be nonlinear. This is typically the de-
scription of a type of DBNs called fully nonlinear state
space models. Specific and recent algorithms allowing
dealing with nonlinearity exist for this type of structures.
Their general principle is to linearize the model in order
to apply the classic Kalman filter. These algorithms differ
on the used linearization method: first-order Taylor ap-
proximations for the extended Kalman filter [Julier and
Uhlmann, 1997; Norgaard et al., 2000] or polynomial
approximations for the unscented Kalman filter [Julier
and Uhlmann, 1997], the divided difference filter (DDF)
[Norgaard, et al., 2000], and others [Van Der Merwe and
Wan, 2001]. The algorithms based on polynomial ap-
proximations seem to give more reliable results
[Norgaard, ef al., 2000]. Their computational complexity
is O(L’), where L is the state dimension [Van Der Merwe
and Wan, 2001]. They offer equivalent qualities, but
those of the DDF are more accurate according to its au-
thor [Norgaard, et al., 2000].
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3.2 Formal definition

Static and Dynamic Networks

A static network is the graphical representation of a
large-scale network, whose nodes are cerebral zones and
edges are the oriented axon bundles connecting zones.
Due to anatomical loops, it is often cyclic. The DBN is
the acyclic temporal expansion of the static network.
Each node of the DBN is the processing entity related to
a cerebral zone, i.e. the mathematical expression, at a
given time slice, of information processing in the zone.
Each edge is the propagation entity, whose orientation is
its corresponding axon bundle’s orientation. When deriv-
ing the DBN from the static network, values are given to
the temporal parameters, according to known physiology
results (e.g. the transmission speed in some neural fi-
bers). That is, the length of the time slices is fixed, and a
delay representing the average propagation time in the
bundle’s fibers is associated to the propagation entity.

Information Representation

Cerebral information is the flowing entity that is com-
puted at each spatial (cerebral zone) and temporal (time
slice) step, by a processing entity. It is a two-
dimensioned data. The first part, the magnitude, stands
for the cerebral energy needed to process the information
in the zone. It is represented by a real random variable in
the DBN. For the second part, the type, which represents
the cerebral category the zone attributes to the informa-
tion, the representation is based on the symbol and cate-
gorical field concepts.

A symbol represents a “pure” (i.e. not blurred with
noise or another symbol) category of information. For
example, when the information represents a linguistic
stimulus, a symbol may refer to a non ambiguous pho-
neme. For cerebral information, the symbol represents, in
each zone, the neuronal subpopulation being sensitive to
(i.e. that fires for) the corresponding category. It may be,
in the primary auditory cortex, the subpopulation sensi-
tive to a specific frequency interval. A categorical field
is a set of symbols describing stimuli of the same seman-
tic class. The “color” categorical field contains all the
color symbols, but it cannot contain phonemes.

A type concerns several symbols, due to the presence
of noise or because of some compound information. Let
S be the set of all existing symbols. We assume that a
type T is defined for only one categorical field. Let g,

be the subset of S, corresponding to this categorical
field. The type T is an application from S to [0’1], with

the property ZT(S): 1> i.€. it describes a symbol reparti-
seSy
tion for a specific categorical field. In a stimulus, this
repartition corresponds to the relative importance of each
symbol compounding the information carried by the
stimulus. Inside the model, 7(s) stands for the proportion
of s-sensitive neurons in the population that fired for the
information whose type is 7. Unlike the magnitude, the
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type is not represented by a random variable. Indeed, it is
not necessary to represent its uncertainty (and hence to
make the computational complexity harder) since we
cannot compare it to neuroimaging data.

At time ¢ and node X, the information is represented by
the type T, and the magnitude A} at the output of X.

Propagation and Processing

For a zone X, both the cerebral propagation mecha-
nisms (i.e. the relationships towards the zone) and the
processing (spatial and temporal integration of the inputs,
and processing as such) are described by a pair of func-
tions, the type fr, and the magnitude functions S, - In

the general case where n zones Y,,...,Y are inputs to X,
let 9,,...,0, be the corresponding delays of these rela-

tionships. In the DBN, the general form of the magnitude
functions is:

MYy = fo (MM M ) (1

where fj, can be a nonlinear function. The random vari-
able y, ~ N(O,o-z) models uncertainty in the cerebral

processing.

The type function is any combination of the incoming
types and of the previous type that respects our type defi-
nition. If all types are defined on the same categorical
field S, the type function can be the linear combination:

Te(s)=c, T, (s)+...4 ¢, T, () +¢, Ty ' (s)» Vs€S (2)
where S is the categorical field of 7/, 779 777, and

7¢'; and with ZC- =1 in order to keep the property

2. Ti(s)=1

ses

The functions’ definition, as well as the setting of the
parameters’ values (e.g. the value of a firing threshold),
utilize mostly results in neuropsychology or in neuro-
physiology. The existence of generic models, that is, non
instantiated, reusable, models of functional networks, is
assumed. For example, primary cortices may implement
the same mechanisms, although they are parameterized so
that they can process different types of stimuli [Pastor, ef
al., 2000].

4 Example

The model, presented hereafter, is based on an experi-
mental study [Ruff, ef al., 2001] that focused on the dif-
ferences between normal and dyslexic subjects during a
passive phonemic categorization process.

Six patients and six controls were submitted to a pas-
sive hearing of stimuli that are mixes of the two phoneti-
cally close syllables /pa/ and /ta/. The pivot is noted dev0
and the deviants are 4 different mixes of /pa/ and /ta/,
noted dev2M, devIM, deviP, dev2P (Table 1). The meas-
urements were made with fMRI. An experiment is consti-
tuted of 5 blocks, corresponding to the pivot and the de-
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viants. Each block contains 6 sequences of 4 sounds, 3
pivots and the block’s deviant, in a random order.

We focus on a single region, a part of the right tempo-
ral superior gyrus involved in the early processing of
auditory stimuli and activated differently in controls and
dyslexic subjects. Phylogeny is in favor of the existence
of specialized phonemic processors in this area (Figure
2). Since their location is unknown, they cannot consti-
tute separate structural nodes. They are supposed to have
the same building functional nodes. According to our
genericity hypothesis, the processors’ structure and pa-
rameters are based on a previously released visual cortex
model [Pastor, et al.,, 2000]. The Input Gating Nodes
(IGN,) express the phoneme processors’ sensitivity to the
stimulus. The Output Gating Nodes (OGN,) send infor-
mation to the downstream areas. Intra and inter (lateral)
inhibitions (/N, and LIN,) are assumed between the /pa/
and /ta/ processors. LIN, make the activation of an /GN,
cause an inhibition in the opposite /GN,. Each Firing
Threshold Node (F7TN,) is modulated by an OGN, that
can lower it. Since only one activation measure is pro-
vided by fMRI for the area, it is represented by the sole
ANnode in the static model. Stim stands for the stimulus.

Stimulus Right Temporal Superior Gyrus

(

Figure 2: Static network used to model the cerebral phonemic
categorization process.

Except for the parameterization of the /GN, nodes,
which reflects the specialization of each phonemic proc-
essor to the phoneme category (/pa/ or /ta/), the functions
for both the /pa/ and /ta/ parts share exactly the same
structure and parameters. Thus, only the pa part will be
presented. In the following equations, the i parameter of
the function of a node X is noted 4.

The refractory period of the processor’s neurons is
modeled in /GN,, by a sigmoid function ¢, that makes

the node sensitive to the incoming stimulus only if the
magnitude of the output is already close to zero:

‘ ) ( =2 = -2
M 6v,, = v 8ien,, Lsim XI ~ Py (M OGN, ))A/[ Stim
2) apt-t _(3) -1 (4) g1 t
+agpM IGN,, M N, M un, TGy, )

The categorical field contains two symbols (pa and ta).
The type of a stimulus represents the proportions of the
two symbols (Table 1).
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name | dev2M  deviM  dev( deviP  dev2P  sens,,  Sens,

pa 07 055 04 025 0.1 0.8 0.2
value

ta

0.3 0.45 0.6 0.75 0.9 0.2 0.8
value

Table 1: Constants for both phonemic categorization models

The sensitivity of each /GN, to the received type is de-
fined by a constant type sens,. IGN,, is more sensitive to
the symbol pa, and IGN,, to ta. The function Liov,, in

equation (3) is used with the constant sens,, and the in-
coming stimulus’ type 7.2 in order to modulate the mag-

nitude of /GN,,;:

g[GNW (T.S{t:ri ) = T.S{t:rﬁ (pa )sens pa (pa ) + Tét:n% (ta )Se‘}’lS pa (ta)

The types are used only for the input gating; they do
not intervene in the rest of the model. The sigmoid ¢,

in OGN,,’s magnitude function allows it to fire only if
the magnitude coming from the /GN,, is greater than the
firing threshold’s (F7TN,,) one:

t _ -1 ygt-l -1
M o6, = 4oan Poan (M IGN,, M FIN,, )Al IGN,,

(2) -1 '
+ aponM oan,, TUocw,, 4)
t ()1 (2)3 s1-1 t
M/v a/\fMocw +ay an Ty, ®)
' (1) -1 (2) 11 t
M LIN,, =a,yM 6N, T a;M un,, Ty, (6)

M ;‘TV = GL%V (al(rr)w(agm M ;‘TIN )+ aI(TT)NM (f);'}N )+ u;"GN,,U (7)

AN consists in the sum of the successive /GNs’ activa-
tions during one experimental block:

My =M, +Mg, +Miy (®)

This is a gross approximation of the fMRI data, which
models only the part of the information processing mecha-
nisms in the activation building and neglects metabolic
processes at the level of the cerebral blood flow. Since, ex-
cept the Stim and the AN nodes, all nodes represent neu-
ronal activities, the time unit is set to 1 ms. We used the
DD? algorithm [Norgaard, et al., 2000] to perform the simu-
lations.

The hypothesis is that the difference of processing be-
tween normal and dyslexic subjects is caused by a disorder
in the inhibitory mechanisms. Thus, the two models, one for
the average patient and the other for the average control, use
the same functions and share the same parameters, except
for the inhibition nodes (/N, and LIN,). There are no lateral
inhibitions in the dyslexic model. It can be interpreted in
cognitive terms as the fact that all the processors compete
for each stimulus and that no clear category can be built.
Also, the dyslexic model’s internal inhibitions are slightly
stronger than in the normal one, leading to a slowing in the
stimulus perception. These two tentative interpretations are
good starting points for new experiments.

The differences in the inhibition parameters are suffi-
cient to obtain very different activation data. For con-
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trols, the more distant (from the pivotal stimulus, cate-
gorically speaking) the deviant is, the stronger the activa-
tion is (Figure 3). This is supposed to be caused by a ha-
bituation mechanism that lowers the activation, followed
by an activation the force of which depends on the “sur-
prise” caused by the deviant. Dyslexic subjects do not
correctly categorize the different phonemes, both the pa
and the ta parts of the gyrus activate for each block. This
illustrates how activation data can be explained thanks to
the understanding of the cerebral information processing
mechanisms expressed in the models.

Controls

Simulation

Mean
Control

Adtivetion (atitrary Lrits)
|

rest Dev2M DeviM DevO DeviP Dev2P

Dyslexic
Subjects

Simulation

- - Mean
Dyslexic
Subject

Activation (arbitrary urits)

rest Dev2M DeviM DevO DeviP Dev2P

Figure 3: Compared results between simulated data (£ 2 stan-
dard deviations) and experimental measures.

5 Conclusion

Instead of building a specialized model, designed for a
specific function or cerebral network, we have presented
a general framework, allowing the interpretation of func-
tional neuroimaging data. This framework has been de-
signed to be open to evolutions of the knowledge in neu-
ropsychology and neurophysiology. Using DBNs allows
modeling the brain as a dynamic causal probabilistic
network with nonlinear relationships. We have illustrated
this with an example concerning a language-related proc-
ess. Currently, our framework is adapted to automatic
processing, which is dominant in cerebral functioning. In
function of the stimulus type, nodes can react differently
and different networks may be activated, thus implement-
ing different functions. Our future work will focus on the
integration of more biological plausibility in the frame-
work. The representation of complex relationships be-
tween and inside the zones will allow the representation
of controlled processes and contextual modulation of the
cerebral activity. The combination of types from different
categorical domains and the search for regularities in the
combinations will allow the implementation of learning
mechanisms. Another essential topic is to make our mod-
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els independent of the used data acquisition technique,
thanks to inferface models, able to translate cerebral in-
formation processing variables into neuroimaging results.
Our long-term goal is to progressively include in our
framework various validated models and to build a con-
sistent and general brain theory based on large-scale net-
works.
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