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Abstract

A longstanding goal in planning research is the ability to gen-
eralize plans developed for some set of environments to a
new but similar environment, with minimal or no replanning.
Such generalization can both reduce planning time and al-
low us to tackle larger domains than the ones tractable for
direct planning. In this paper, we present an approach to
the generalization problem based on a new framework of re-
lational Markov Decision Processes (RMDPs). An RMDP
can model a set of similar environments by representing ob-
jects as instances of different classes. In order to generalize
plans to multiple environments, we define an approximate
value function specified in terms of classes of objects and, in
a multiagent setting, by classes of agents. This class-based
approximate value function is optimized relative to a sam-
pled subset of environments, and computed using an efficient
linear programming method. We prove that a polynomial
number of sampled environments suffices to achieve perfor-
mance close to the performance achievable when optimizing
over the entire space. Our experimental results show that our
method generalizes plans successfully to new, significantly
larger, environments, with minimal loss of performance rel-
ative to environment-specific planning. We demonstrate our
approach on a real strategic computer war game.

1 Introduction
Most planning methods optimize the plan of an agent in a
fixed environment. However, in many real-world settings, an
agent will face multiple environments over its lifetime, and
its experience with one environment should help it to perform
well in another, even with minimal or no replanning.
Consider, for example, an agent designed to play a strate-
gic computer war game, such as the Freecraft game shown
in Fig. 1 (an open source version of the popular Warcraft
game). In this game, the agent is faced with many scenar-
ios. In each scenario, it must control a set of agents (or units)
with different skills in order to defeat an opponent. Most sce-
narios share the same basic elements: resources, such as gold
and wood; units, such as peasants, who collect resources and
build structures, and footmen, who fight with enemy units;
and structures, such as barracks, which are used to train foot-
men. Each scenario is composed of these same basic build-
ing blocks, but they differ in terms of the map layout, types
of units available, amounts of resources, etc. We would like
the agent to learn from its experience with playing some sce-
narios, enabling it to tackle new scenarios without significant
amounts of replanning. In particular, we would like the agent
to generalize from simple scenarios, allowing it to deal with
other scenarios that are too complex for any effective planner.
The idea of generalization has been a longstanding goal in
Markov Decision Process (MDP) and reinforcement learning
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Figure 1: Freecraft strategic domain with 9 peasants, a barrack, a

castle, a forest, a gold mine, 3 footmen, and an enemy, executing the
generalized policy computed by our algorithm.

research [15; 16], and even earlier in traditional planning [5].
This problem is a challenging one, because it is often unclear
how to translate the solution obtained for one domain to an-
other. MDP solutions assign values and/or actions to states.
Two different MDPs (e.g., two Freecraft scenarios), are typ-
ically quite different, in that they have a different set (and
even number) of states and actions. In cases such as this, the
mapping of one solution to another is not well-defined.

Our approach is based on the insight that many domains
can be described in terms of objects and the relations between
them. A particular domain will involve multiple objects from
several classes. Different tasks in the same domain will typ-
ically involve different sets of objects, related to each other
in different ways. For example, in Freecraft, different tasks
might involve different numbers of peasants, footmen, ene-
mies, etc. We therefore define a notion of a relational MDP
(RMDP), based on the probabilistic relational model (PRM)
framework [10]. An RMDP for a particular domain pro-
vides a general schema for an entire suite of environments,
or worlds, in that domain. It specifies a set of classes, and
how the dynamics and rewards of an object in a given class
depend on the state of that object and of related objects.

We use the class structure of the RMDP to define a value
function that can be generalized from one domain to another.
We begin with the assumption that the value function can
be well-approximated as a sum of value subfunctions for the
different objects in the domain. Thus, the value of a global
Freecraft state is approximated as a sum of terms correspond-
ing to the state of individual peasants, footmen, gold, etc. We
then assume that individual objects in the same class have
a very similar value function. Thus, we define the notion
of a class-based value function, where each class is associ-
ated with a class subfunction. All objects in the same class
have the value subfunction of their class, and the overall value
function for a particular environment is the sum of value sub-
functions for the individual objects in the domain.

A set of value subfunctions for the different classes imme-
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diately determines a value function for any new environment
in the domain, and can be used for acting. Thus, we can com-
pute a set of class subfunctions based on a subset of environ-
ments, and apply them to another one without replanning.

We provide an optimality criterion for evaluating a class-
based value function for a distribution over environments, and
show how it can, in principle, be optimized using a linear pro-
gram. We can also “learn” a value function by optimizing
it relative to a sample of environments encountered by the
agent. We prove that a polynomial number of sampled en-
vironments suffice to construct a class-based value function
which is close to the one obtainable for the entire distribution
over environments. Finally, we show how we can improve
the quality of our approximation by automatically discover-
ing subclasses of objects that have “similar” value functions.

We present experiments for a computer systems admin-
istration task and two Freecraft tasks. Our results show
that we can successfully generalize class-based value func-
tions. Importantly, our approach also obtains effective poli-
cies for problems significantly larger than our planning algo-
rithm could handle otherwise.

2 Relational Markov Decision Processes

A relational MDP defines the system dynamics and rewards
at the level of a template for a task domain. Given a particu-
lar environment within that domain, it defines a specific MDP
instantiated for that environment. As in the PRM framework
of [10], the domain is defined via a schema, which speci-
fies a set of object classes C = {C4,...,C.}. Each class
C is also associated with a set of state variables S|C] =
{C.51,...,C.S;}, which describe the state of an object in
that class. Each state variable C.S has a domain of possible
values Dom[C.S]. We define S¢ to be the set of possible
states for an object in C, i.e., the possible assignments to the
state variables of C'.

For  example, our Freecraft domain  might
have classes such as Peasant, Footman, Gold;
the class Peasant may have a state variable

Task  whose domain is Dom[Peasant.Tusk] =
{Waiting, Mining, Harvesting, Building}, and a state
variable Health whose domain has three values. In this
case, Speasant Would have 4 - 3 = 12 values, one for each
combination of values for Task and Health.

The schema also specifies a set of links L|C] =
{L1,...,L;} for each class representing links between ob-
jects in the domain. Each link C.L has a range p[C.L] = C'.
For example, Peasant objects might be linked to Barrack
objects — p[Peasant.BuildTarget] = Barrack, and to the
global Gold and Wood resource objects. In a more com-
plex situation, a link may relate C' to many instances of a
class C’, which we denote by p[C.L] = {C"}, for example,
p[Enemy.My_Footmen] = {Footman} indicates that an instance
of the enemy class may be related to many footman instances.

A particular instance of the schema is defined via a
world w, specifying the set of objects of each class; we use
O[w][C] to denote the objects in class C, and Ofw] to de-
note the total set of objects in w. The world w also spec-
ifies the links between objects, which we take to be fixed
throughout time. Thus, for each link C.L, and for each
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o € O[w]|C], w specifies a set of objects o’ € p[C.L], de-
noted o.L. For example, in a world containing 2 peasants,
we would have O[w|[Peasant] = {Peasantl, Peasant2};
if Peasantl is building a barracks, we would have that
Peasant1.BuildTarget = Barrackl.

The dynamics and rewards of an RMDP are also de-
fined at the schema level. For each class, the schema
specifies an action C.A, which can take on one of sev-
eral values Dom[C.A]. For example, Dom[Peasant.A] =
{Wait, Mine, Harvest, Build}. Each class C is also associ-
ated with a transition model P®, which specifies the proba-
bility distribution over the next state of an object o in class
C, given the current state of o, the action taken on o, and the
states and actions of all of the objects linked to o:

PY(St | 8c,C.A Scr,,CL1.A,...,Scr,,C.Li.A). (1)

For example, the status of a barrack, Barrack.Status’,
depends on its status in the previous time step, on
the task performed by any peasant that could build it
(Barrack.BuiltBy.Task), on the amount of wood and gold, etc.

The transition model is conditioned on the state of C.L;,
which is, in general, an entire set of objects (e.g., the set of
peasants linked to a barrack). Thus we must now provide
a compact specification of the transition model that can de-
pend on the state of an unbounded number of variables. We
can deal with this issue using the idea of aggregation [10].
In Freecraft, our model uses the count aggregator f, where
the probability that Barrack.Status transitions from Unbuilt to
Built depends on #[Barrack.BuiltBy.Task = Built], the num-
ber of peasants in Barrack.BuiltBy whose Task is Build.

Finally, we also define rewards at the class level. We as-
sume for simplicity that rewards are associated only with the
states of individual objects; adding more global dependencies
is possible, but complicates planning significantly. We define
a reward function R®(S¢, C.A), which represents the con-
tribution to the reward of any object in C'. For example, we
may have a reward function associated with the Enemy class,
which specifies a reward of 10 if the state of an enemy object
is Dead: RE"™ (Enemy.State = Dead) = 10. We assume
that the reward for each object is bounded by R, 4.

Given a world, the RMDP uniquely defines a ground fac-
tored MDP I1,,, whose transition model is specified (as usual)
as a dynamic Bayesian network (DBN) [3]. The random vari-
ables in this factored MDP are the state variables of the in-
dividual objects 0.5, for each 0 € O[w][C] and for each
S € S[C]. Thus, the state s of the system at a given point in
time is a vector defining the states of the individual objects in
the world. For any subset of variables X in the model, we de-
fine s[X] to be the part of the instantiation s that corresponds
to the variables X. The ground DBN for the transition dy-
namics specifies the dependence of the variables at time ¢ 4 1
on the variables at time ¢. The parents of a variable 0.S are
the state variables of the objects o’ that are linked to o. In our
example with the two peasants, we might have the random
variables Peasantl.Task, Peasant2.Task, Barrackl.Status,
etc. The parents of the time ¢ + 1 variable Barrackl.Status’
are the time t variables Barrackl.Status’, Peasantl.Tusk,
Peasant2.Task, Gold1l.Amount and Wood1l.Amount.

The transition model is the same for all instances in the
same class, as in (1). Thus, all of the o.Status variables for
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Figure 2: Freecraft tactical domain: (a) Schema; (b) Resulting fac-
tored MDP for a world with 2 footmen and 2 enemies.

barrack objects o share the same conditional probability dis-
tribution. Note, however, that each specific barrack depends
on the particular peasants linked to it. Thus, the actual parents
in the DBN of the status variables for two different barrack
objects can be different.

The reward function is simply the sum of the reward func-
tions for the individual objects:

R(s,a)=Y_ > R(s[S.] alo.A]).

CeC 0e0w][C]

Thus, for reward function for the Enemy class described
above, our overall reward function in a given state will be
10 times the number of dead enemies in that state.

It remains to specify the actions in the ground MDP. The
RMDP specifies a set of possible actions for every object in
the world. In a setting where only a single action can be taken
at any time step, the agent must choose both an object to
act on, and which action to perform on that object. Here,
the set of actions in the ground MDP is simply the union
UsewDoml[o.A]. In a setting where multiple actions can be
performed in parallel (say, in a multiagent setting), it might
be possible to perform an action on every object in the domain
at every step. Here, the set of actions in the ground MDP is a
vector specifying an action for every object: X ,¢,,Dom[o.A].
Intermediate cases, allowing degrees of parallelism, are also
possible. For simplicity of presentation, we focus on the mul-
tiagent case, such as Freecraft, where, an action is an assign-
ment to the action of every unit.

Example 2.1 (Freecraft tactical domain) Consider a sim-
plified version of Freecraft, whose schema is illustrated
in Fig. 2(a), where only two classes of units partici-
pate in the game: C = {Footman, Enemy}. Both
the footman and the enemy classes have only one state
variable each, Health, with domain Dom[Health) =
{Healthy, Wounded, Dead}. The footman class contains
one single-valued link: p[Footman.My_Enemy| = Enemy.
Thus the transition model for a footman’s health will
depend on the health of its enemy: P™"™" (St iman |
S'Footman, SFootman.My_Enemy ), 1-€., If a footman’s enemy is
not dead, than the probability that a footman will be-
come wounded, or die, is significantly higher. A foot-
man can choose to attack any enemy. Thus each foot-
man is associated with an action Footman.A which se-
lects the enemy it is attacking.! As a consequence, an

'A model where an action can change the link structure in the
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enemy could end up being linked to a set of footmen,
p|[Enemy.My_Footmen] = {Footman}. In this case, the
transition model of the health of an enemy may depend
on the number of footmen who are not dead and whose
action choice is to attack this enemy: PE™( Enemy |
Senemy s 1S Enemy.My_Foomen, Enemy.My_Footmen.A)). Finally, we
must define the template for the reward function. Here there
is only a reward when an enemy is dead: RE”emy(SEnemy).

We now have a template to describe any instance of
the tactical Freecraft domain. In a particular world,
we must define the instances of each class and the
links between these instances. For example, a world
with 2 footmen and 2 enemies will have 4 objects:
{Footmanl, Footman2, Enemyl, Enemy2}.  Each foorman
will be linked to an enemy: Footmanl .My _Enemy =
Enemyl and Footman2.My_Enemy = Enemy2. Each en-
emy will be linked to both footmen: Enemyl.My_Footmen =
Enemy2.My_Footmen = {Footmanl, Footman2}. The tem-
plate, along with the number of objects and the links in this
specific (“2vs2”) world yield a well-defined factored MDP,
Isy50, as shown in Fig. 2(b). 1

3 Approximately Solving Relational MDPs

There are many approaches to solving MDPs [15]. An ef-
fective one is based on linear programming (LP): Let S(II)
denote the states in an MDP II and A(II) the actions. If
S(II) = {s1,...,8n}, our LP variables are Vi,...,Vn,
where V; represents V(s;), the value of state s;. The LP for-
mulation is:

Minimize: ), o(s;)V;;
Subjectto:  V; > R(s;,a)+v >, P(s}, | si,a)Vi
Vs; € S(II), a € A(ID).
The state relevance weights a(s1),...,a(sy) in the objec-

tive function are any set of positive weights, a(s;) > 0.

In our setting, the state space is exponentially large, with
one state for each joint assignment to the random variables
0.5 of every object (e.g., exponential in the number of units in
the Freecraft scenario). In a multiagent problem, the number
of actions is also exponential in the number of agents. Thus
this LP has both an exponential number of variables and an
exponential number of constraints. Therefore the exact solu-
tion to this linear program is infeasible.

We address this issue using the assumption that the
value function can be well-approximated as a sum of
local value subfunctions associated with the individual
objects in the model. (This approximation is a special
case of the factored linear value function approach used
in [6].) Thus we associate a value subfunction V, with
every object in w. Most simply, this local value function
can depend only on the state of the individual object S,.
In our example, the local value subfunction Vgyepy; for
enemy object Enemyl might associate a numeric value for
each assignment to the variable Enemyl.Health. A richer
approximation might associate a value function with pairs,
or even small subsets, of closely related objects. Thus, the

world requires a small extension of our basic representation. We
omit details due to lack of space.
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function Vg,pmans for Footmanl might be defined over the
joint assignments of Footmanl.Health and Enemyl.Health,
where Footmanl .My_Enemy = Enemyl. We will repre-
sent the complete value function for a world as the sum
of the local value subfunction for each individual object
in this world. In our example world (w = 2vs2) with
2 footmen and 2 enemies, the global value function will
be: Voo (FI1.Health, El.Health, F2.Health, E2.Health) =
Vroomani (F1.Health, E1 Health) + Vgyemy: (EI1.Health) +
Vroorman2 (F2.Health, E2.Health) + Vinemy2 (E2.Health).

Let T, be the scope of the value subfunction of object o,
i.e., the state variables that V), depends on. Given the local
subfunctions, we approximate the global value function as:

Vu(s) = Z Vo(s[To)]). )

0€0[w]

As for any linear approximation to the value function, the
LP approach can be adapted to use this value function rep-
resentation [14]. Our LP variables are now the local compo-
nents of the individual local value functions:

Vo(ts) : 0 € Olw], t, € Dom|[T,]}. 3)

In our example, there will be one LP variable for each joint
assignment of F1.Health and E1.Health to represent the com-
ponents of Vg, otmani- Similar LP variables will be included for
the components of Visoman2s Venemyt> and Vegpemy2.

As before, we have a constraint for each global state s and
each global action a:

220 Vo(8[To]) = 32, R°(s[S,], alo.A])+
V2w Pu(s' [ 5,a) 32, Vo(s'[T]); Vs, a.

This transformation has the effect of reducing the number of
free variables in the LP to n (the number of objects) times the
number of parameters required to describe an object’s local
value function. However, we still have a constraint for each
global state and action, an exponentially large number.

Guestrin, Koller and Parr [6] (GKP hereafter) show that,
in certain cases, this exponentially large LP can be solved
efficiently and exactly. In particular, this compact solution
applies when the MDP is factored (i.e., represented as a
DBN), and the approximate value function is decomposed
as a weighted linear combination of local basis functions, as
above. Under these assumptions, GKP present a decomposi-
tion of the LP which grows exponentially only in the induced
tree width of a graph determined by the complexity of the
process dynamics and the locality of the basis function.

This approach applies very easily here. The structure of
the DBN representing the process dynamics is highly fac-
tored, defined via local interactions between objects. Simi-
larly, the value functions are local, involving only single ob-
jects or groups of closely related objects. Often, the induced
width of the resulting graph in such problems is quite small,
allowing the techniques of GKP to be applied efficiently.

“

4 Generalizing Value Functions

Although this approach provides us with a principled way
of decomposing a high-dimensional value function in certain
types of domains, it does not help us address the generaliza-
tion problem: A local value function for objects in a world w
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does not help us provide a value function for objects in other
worlds, especially worlds with different sets of objects.

To obtain generalization, we build on the intuition that dif-
ferent objects in the same class behave similarly: they share
the transition model and reward function. Although they dif-
fer in their interactions with other objects, their local contri-
bution to the value function is often similar. For example,
it may be reasonable to assume that different footmen have a
similar long-term chance of killing enemies. Thus, we restrict
our class of value functions by requiring that all of the objects
in a given class share the same local value subfunction.

Formally, we define a class-based local value subfunc-
tion V¢ for each class. We assume that the parameteriza-
tion of this value function is well-defined for every object
o in C. This assumption holds trivially if the scope of V¢
is simply S¢: we simply have a parameter for each as-
signment to Dom[S¢]. When the local value function can
also depend on the states of neighboring objects, we must
define the parameterization accordingly; for example, we
might have a parameter for each possible joint state of a
linked footman-enemy pair. Specifically rather than defin-
ing separate subfunctions Vg,omani and Veoman2, We de-
fine a class-based subfunction Vpg,oma. Now the contri-
bution of Footmanl to the global value function will be
Vrvorman(F1.Health, E1.Health).  Similarly Footman2 will
contribute Vr,pman (F2.Health, E2.Health).

A class-based value function defines a specific value func-
tion for each world w, as the sum of the class-based local
value functions for the objects in w:

Vo(s) =D > Vo(s[Tu)). %)

CeC oeOw][C]

This value function depends both on the set of objects in the
world and (when local value functions can involve related ob-
jects) on the links between them. Importantly, although ob-
jects in the same class contribute the same function into the
summation of (5), the argument of the function for an object
is the state of that specific object (and perhaps its neighbors).
In any given state, the contributions of different objects of the
same class can differ. Thus, every footman has the same local
value subfunction parameters, but a dead footman will have a
lower contribution than one which is alive.

5 Finding Generalized MDP Solutions

With a class-level value function, we can easily generalize
from one or more worlds to another one. To do so, we as-
sume that a single set of local class-based value functions V¢
is a good approximation across a wide range of worlds w. As-
suming we have such a set of value functions, we can act in
any new world w without replanning, as described in Step 3
of Fig. 3. We simply define a world-specific value function as
in (5), and use it to act.

We must now optimize V¢ in a way that maximizes the
value over an entire set of worlds. To formalize this intuition,
we assume that there is a probability distribution P(w) over
the worlds that the agent encounters. We want to find a sin-
gle set of class-based local value functions { V¢ }cec thatis a
good fit for this distribution over worlds. We view this task as
one of optimizing for a single “meta-level” MDP II*, where
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nature first chooses a world w, and the rest of the dynam-
ics are then determined by the MDP II,,. Precisely, the state
space of IT* is {so} U|J_{(w,s) : s € S(Il,)}. The transi-
tion model is the obvious one: From the initial state sq, nature
chooses a world w according to P(w), and an initial state in
w according to the initial starting distribution PY(s) over the
states in w. The remaining evolution is then done according to
w’s dynamics. In our example, nature will choose the number
of footmen and enemies, and define the links between them,
which then yields a well-defined MDP,e.g., 11,;5.

5.1 LP Formulation

The meta-MDP II* allows us to formalize the task of finding a
generalized solution to an entire class of MDPs. Specifically,
we wish to optimize the class-level parameters for V¢, not for
a single ground MDP 11, but for the entire IT*.

We can address this problem using a similar LP solu-
tion to the one we used for a single world in Sec. 3. The
variables are simply parameters of the local class-level value
subfunctions {V¢(tc) C € C,tc € Dom[T¢]}. For
the constraints, recall that our object-based LP formulation
in (4) had a constraint for each state s and each action vector
a = {a,}ocow)- In the generalized solution, the state space
is the union of the state spaces of all possible worlds. Our
constraint set for II* will, therefore, be a union of constraint
sets, one for each world w, each with its own actions:

Vi(s) 2 3, RO(s[S0],a0) + 7 Xy Puls' | 8,a)Vu(s);
VYw, Vs € S(Il),a € A(IL,);
(6)
where the value function for a world, V,(s), is defined at
the class level as in Eq. (5). In principle, we should have an
additional constraint for the state sg. However, with a natural
choice of state relevance weights «, this constraint is elimi-
nated and the objective function becomes:

L 1+
Minimize: T’YZ Z P(w)P(s)V.,(s); (D)

w s€eS,

if P9(s) > 0,Vs. In some models, the potential number
of objects may be infinite, which could make the objective
function unbounded. To prevent this problem, we assume
that the P(w) goes to zero sufficiently fast, as the num-
ber of objects tends to infinity. To understand this assump-
tion, consider the following generative process for selecting
worlds: first, the number of objects is chosen according to
P(#); then, the classes and links of each object are cho-
sen according to P(wy | #). Using this decomposition, we
have that P(w) = P(#)P(w; | #). The intuitive assump-
tion described above can be formalized as: Vn, P(f = n) <
rkge~:"; for some kg > Ay > 0. Thus, the distribution P(f)
over number of objects can be chosen arbitrarily, as long as it
is bounded by some exponentially decaying function.

5.2 Sampling worlds

The main problem with this formulation is that the size of
the LP — the size of the objective and the number of con-
straints — grows with the number of worlds, which, in most
situations, grows exponentially with the number of possible
objects, or may even be infinite. A practical approach to ad-
dress this problem is to sample some reasonable number of
worlds from the distribution P(w), and then to solve the LP
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for these worlds only. The resulting class-based value func-
tion can then be used for worlds that were not sampled.

We will start by sampling a set D of m worlds according
to P(w). We can now define our LP in terms of the worlds
in D, rather than all possible worlds. For each world w in D,
our LP will contain a set of constraints of the form presented
in Eq. (4). Note that in all worlds these constraints share the
variables V¢, which represent our class-based value function.
The complete LP is given by:

Variables:  {Vc(te) : C € C,tc € Dom[T ]}
C 1
Minimize: 55230 5 Y oce Docoplic]
w\lo)VC\lo).
Yier, Po(to)Vol(to)
Subject to: e D ocowo) Yo (s[To]) =

Y ocoic) BE (8[S0], alo.A])+
OO Pu(s'| s, a) ZCEC
2 oeopie) Ve (8'[To]);

Yw e D, Vs € S(Il,),a € A(IL,);

(¥
where P9(T,) is the marginalization of P2(S,) to the vari-
ables in T',. For each world, the constraints have the same
form as the ones in Sec. 3. Thus, once we have sampled
worlds, we can apply the same LP decomposition techniques
of GKP to each world to solve this LP efficiently. Our gener-
alization algorithm is summarized in Step 2 of Fig. 3.

The solution obtained by the LP with sampled worlds will,
in general, not be equal to the one obtained if all worlds are
considered simultaneously. However, we can show that the
quality of the two approximations is close, if a sufficient num-
ber of worlds are sampled. Specifically, with a polynomial
number of sampled worlds, we can guarantee that, with high
probability, the quality of the value function approximation
obtained when sampling worlds is close to the one obtained
when considering all possible worlds.

Theorem 5.1 Consider the following class-based value func-

tions (each with k parameters): V obtained from the LP over
all possible worlds by minimizing Eq. (7) subject to the con-
straints in Eq. (6); V obtained from the LP with the sampled
worlds in (8); and V* the optimal value function of the meta-
MDP 1I1*. For a number of sampled worlds m polynomial in
(1/e,In1/6,1/(1—"), k, Ay, 1/Ky), the error is bounded by:

IV* =Vl < IV = Vlh,p, + eRmazs

with probability at least 1 — 0, for any § > 0 and € > 0;
where [[V||1,p, = >, ses., P(w)PJ(s) Vu(s)], and Rynax
is the maximum per-object reward. |

The proof, which is omitted for lack of space (see online ver-
sion of this paper), uses some of the techniques developed by
de Farias and Van Roy [2] for analyzing constraint sampling
in general MDPs. However, there are two important differ-
ences: First, our analysis includes the error introduced when
sampling the objective, which in our case is a sum only over
a subset of the worlds rather than over all of them as in the
LP for the full meta-MDP. This issue was not previously ad-
dressed. Second, the algorithm of de Farias and Van Roy re-
lies on the assumption that constraints are sampled according
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to some “ideal” distribution (the stationary distribution of the
optimal policy). Unfortunately, sampling from this distribu-
tion is as difficult as computing a near-optimal policy. In our
analysis, after each world is sampled, our algorithm exploits
the factored structure in the model to represent the constraints
exactly, avoiding the dependency on the “ideal” distribution.

6 Learning Classes of Objects

The definition of a class-based value function assumes that
all objects in a class have the same local value function. In
many cases, even objects in the same class might play differ-
ent roles in the model, and therefore have a different impact
on the overall value. For example, if only one peasant has
the capability to build barracks, his status may have a greater
impact. Distinctions of this type are not usually known in ad-
vance, but are learned by an agent as it gains experience with
a domain and detects regularities.

We propose a procedure that takes exactly this approach:
Assume that we have been presented with a set D of worlds
w. For each world w, an approximate value function V,, =
> o oLl V, was computed as described in Sec. 3. In addi-

tion, each object is associated with a set of features F,[0]. For
example, the features may include local information, such as
whether the object is a peasant linked to a barrack, or not, as
well as global information, such as whether this world con-
tains archers in addition to footmen. We can define our “train-
ing data” D as {(F,[0], Vo) : 0 € Olw],w € D}.

We now have a well-defined learning problem: given this
training data, we would like to partition the objects into
classes, such that objects of the same class have similar value
functions. There are many approaches for tackling such a
task. We choose to use decision tree regression, so as to con-
struct a tree that predicts the local value function parameters
given the features. Thus, each split in the tree corresponds to
a feature in F, [0]; each branch down the tree defines a subset
of local value functions in D whose feature values are as de-
fined by the path; the leaf at the end of the path is the average
value function for this set. As the regression tree learning al-
gorithm tries to construct a tree which is predictive about the
local value function, it will aim to construct a tree where the
mean at each leaf is very close to the training data assigned to
that leaf. Thus, the leaves tend to correspond to objects whose
local value functions are similar. We can thus take the leaves
in the tree to define our subclasses, where each subclass is
characterized by the combination of feature values specified
by the path to the corresponding leaf. This algorithm is sum-
marized in Step 1 of Fig. 3. Note that the mean subfunction at
a leaf is not used as the value subfunction for the correspond-
ing class; rather, the parameters of the value subfunction are
optimized using the class-based LP in Step 2 of the algorithm.

7 Experimental results

We evaluated our generalization algorithm on two domains:
computer network administration and Freecraft.

7.1 Computer network administration

For this problem, we implemented our algorithm in Matlab,
using CPLEX as the LP solver. Rather than using the full LP
decomposition of GKP [6], we used the constraint genera-
tion extension proposed in [13], as the memory requirements
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1. Learning Subclasses:
e Input:
— A set of training worlds D.
— A set of features F,, [o].
e Algorithm:

(a) For each w € D, compute an object-based value function,
as described in Sec. 3.

(b) Apply regression tree learning on {(Fu[0], Vo) : o0 €
Olw],w € D}.

(c) Define a subclass for each leaf, characterized by the fea-
ture vector associated with its path.

2. Computing Class-Based Value Function:
e Input:
— A set of (sub)class definitions C.
— Atemplate for {Vc : C € C}.
— A set of training worlds D.
e Algorithm:
(a) Compute the parameters for {Ve : C' € C} that optimize
the LP in (8) relative to the worlds in D.
3. Acting in a New World:
e Input:
— A set of local value functions {V¢ : C' € C}.
— A set of (sub)class definitions C.
- A world w.
e Algorithm: Repeat

(a) Obtain the current state s.

(b) Determine the appropriate class C' for each o € Ow] ac-
cording to its features.

(c) Define V,, according to (5).

(d) Use the coordination graph algorithm of GKP to com-
pute an action a that maximizes R(s,a) + v > ., P(s’ |
s,a)V.(s").

(e) Take action a in the world.

Figure 3: The overall generalization algorithm.

were lower for this second approach. We experimented with
the multiagent computer network examples in [6], using vari-
ous network topologies and “pair” basis functions that involve
states of neighboring machines (see [6]). In one of these prob-
lems, if we have n computers, then the underlying MDP has
9™ states and 2" actions. However, the LP decomposition
algorithm uses structure in the underlying factored model to
solve such problems very efficiently [6].

We first tested the extent to which value functions are
shared across objects. In Fig. 4(a), we plot the value each ob-
ject gave to the assignment Status = working, for instances
of the ‘three legs’ topology. These values cluster into three
classes. We used CART® to learn decision trees for our
class partition. In this case, the learning algorithm partitioned
the computers into three subclasses illustrated in Fig. 4(b):
‘server’, ‘intermediate’, and ‘leaf’. In Fig. 4(a), we see that
‘server’ (third column) has the highest value, because a bro-
ken server can cause a chain reaction affecting the whole net-
work, while ‘leaf’ value (first column) is lowest, as it cannot
affect any other computer.

We then evaluated the generalization quality of our class-
based value function by comparing its performance to that of
planning specifically for a new environment. For each topol-
ogy, we computed the class-based value function with 5 sam-
pled networks of up to 20 computers. We then sampled a
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Figure 4: Network administrator results: (a) Training data for learning classes; (b) Classes learned for ‘three legs’; (c) Generalization quality
(evaluated by 20 Monte Carlo runs of 100 steps); (d) Advantage of learning subclasses. Tactical Freecraft: (e) 3 footmen against 3 enemies.

new network and computed for it a value function that used
the same factorization, but with no class restrictions. This
value function has more parameters — different parameters
for each object, rather than for entire classes, which are opti-
mized for this particular network. This process was repeated
for 8 sets of networks. The results, shown in Fig. 4(c), in-
dicate that the value of the policy from the class-based value
function is very close to the value of replanning, suggesting
that we can generalize well to new problems. We also com-
puted a utopic upper bound on the expected value of the opti-
mal policy by removing the (negative) effect of the neighbors
on the status of the machines. Although this bound is loose,
our approximate policies still achieve a value close to it.

Next, we wanted to determine if our procedure for learn-
ing classes yields better approximations than the ones ob-
tained from the default classes. Fig. 4(d) compares the max-
norm error between our class-based value function and the
one obtained by replanning. The graph suggests that, by
learning classes using our decision trees regression tree pro-
cedure, we obtain a much better approximation of the value
function we would have, had we replanned.

7.2 Freecraft

In order to evaluate our algorithm in the Freecraft game, we
implemented the methods in C++ and used CPLEX as the LP
solver. We created two tasks that evaluate two aspects of the
game: long-term strategic decision making and local tactical
battle maneuvers. Our Freecraft interface, and scenarios for
these and other more complex tasks are publicly available at:
http://dags.stanford.edu/Freecraft/. FOr eaCh taSk we designed
an RMDP model to represent the system, by consulting a
“domain expert”. After planning, our policies were evaluated
on the actual game. To better visualize our results, we
direct the reader to view videos of our policies at a website:
http://robotics.stanford.edu/~guestrin/Research/Generalization/.
This website also contains details on our RMDP model. It is
important to note that, our policies were constructed relative
to a very approximate model of the game, but evaluated
against the real game.

In the tactical model, the goal is to take out an opposing
enemy force with an equivalent number of units. At each
time step, each footman decides which enemy to attack. The
enemies are controlled using Freecraft’s hand-built strategy.
We modelled footmen and enemies as each having 5 “health
points”, which can decrease as units are attacked. We used a
simple aggregator to represent the effect of multiple attack-
ers. To encourage coordination, each footman is linked to a
“buddy” in a ring structure. The local value functions include
terms over triples of linked variables. We solved this model
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for a world with 3 footmen and 3 enemies, shown in Fig. 4(e).
The resulting policy (which is fairly complex) demonstrates
successful coordination between our footmen: initially all
three footmen focus on one enemy. When the enemy be-
comes injured, one footman switches its target. Finally, when
the enemy is very weak, only one footman continues to at-
tack it, while the others tackle a different enemy. Using this
policy, our footmen defeat the enemies in Freecraft.

The factors generated in our planning algorithm grow ex-
ponentially in the number of units, so planning in larger mod-
els is infeasible. Fortunately, when executing a policy, we
instantiate the current state at every time step, and action se-
lection is significantly faster [6]. Thus, even though we can-
not execute Step 2 in Fig. 3 of our algorithm for larger sce-
narios, we can generalize our class-based value function to a
world with 4 footmen and enemies, without replanning using
only Step 3 of our approach. The policy continues to demon-
strate successful coordination between footmen, and we again
beat Freecraft’s policy. However, as the number of units in-
creases, the position of enemies becomes increasingly impor-
tant. Currently, our model does not consider this feature, and
in a world with 5 footmen and enemies, our policy loses to
Freecraft in a close battle.

In the strategic model, the goal is to kill a strong enemy.
The player starts with a few peasants, who can collect gold or
wood, or attempt to build a barrack, which requires both gold
and wood. All resources are consumed after each Build ac-
tion. With a barrack and gold, the player can train a footman.
The footmen can choose to attack the enemy. When attacked,
the enemy loses “health points”, but fights back and may kill
the footmen. We solved a model with 2 peasants, 1 barrack, 2
footmen, and an enemy. Every peasant was related to a “cen-
tral” peasant and every footman had a “buddy”. The scope
of our local value function included triples between related
objects. The resulting policy is quite interesting: the peasants
gather gold and wood to build a barrack, then gold to build a
footman. Rather than attacking the enemy at once, this foot-
man waits until a second footman is built. Then, they attack
the enemy together. The stronger enemy is able to kill both
footmen, but it becomes quite weak. When the next footman
is trained, rather than waiting for a second one, it attacks the
now weak enemy, and is able to kill him. Again, planning in
large scenarios is infeasible, but action selection can be per-
formed efficiently. Thus, we can use our generalized value
function to tackle a world with 9 peasants and 3 footmen,
without replanning. The 9 peasants coordinate to gather re-
sources. Interestingly, rather than attacking with 2 footmen,
the policy now waits for 3 to be trained before attacking. The
3 footmen kill the enemy, and only one of them dies. Thus,
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we have successfully generalized from a problem with about
106 joint state-action pairs to one with over 102 pairs.

8 Discussion and Conclusions

In this paper, we have tackled a longstanding goal in planning
research, the ability to generalize plans to new environments.
Such generalization has two complementary uses: First we
can tackle new environments with minimal or no replanning.
Second it allows us to generalize plans from smaller tractable
environments to significantly larger ones, which could not be
solved directly with our planning algorithm. Our experimen-
tal results support the fact that our class-based value function
generalizes well to new plans and that the class and subclass
structure discovered by our learning procedure improves the
quality of the approximation. Furthermore, we successfully
demonstrated our methods on a real strategic computer game,
which contains many characteristics present in real-world dy-
namic resource allocation problems.

Several other papers consider the generalization problem.
Several approaches can represent value functions in general
terms, but usually require it to be hand-constructed for the
particular task. Others [12; 8; 4] have focused on reusing so-
lutions from isomorphic regions of state space. By compari-
son, our method exploits similarities between objects evolv-
ing in parallel. It would be very interesting to combine these
two types of decomposition. The work of Boutilier er al. [1]
on symbolic value iteration computes first-order value func-
tions, which generalize over objects. However, it focuses on
computing exact value functions, which are unlikely to gen-
eralize to a different world. Furthermore, it relies on the use
of theorem proving tools, which adds to the complexity of the
approach. Methods in deterministic planning have focused on
generalizing from compactly described policies learned from
many domains to incrementally build a first-order policy [9;
11]. Closest in spirit to our approach is the recent work of
Yoon et al. [17], which extends these approaches to stochastic
domains. We perform a similar procedure to discover classes
by finding structure in the value function. However, our ap-
proach finds regularities in compactly represented value func-
tions rather than policies. Thus, we can tackle tasks such as
multiagent planning, where the action space is exponentially
large and compact policies often do not exist.

The key assumption in our method is interchangeability
between objects of the same class. Our mechanism for learn-
ing subclasses allows us to deal with cases where objects
in the domain can vary, but our generalizations will not be
successful in very heterogeneous environments, where most
objects have very different influences on the overall dynam-
ics or rewards. Additionally, the efficiency of our LP solu-
tion algorithm depends on the connectivity of the underlying
problem. In a domain with strong and constant interactions
between many objects (e.g., Robocup), or when the reward
function depends arbitrarily on the state of many objects (e.g.,
Blocksworld), the solution algorithm will probably not be ef-
ficient. In some cases, such as the Freecraft tactical domain,
we can use generalization to scale up to larger problems. In
others, we could combine our LP decomposition technique
with constraint sampling [2] to address this high connectiv-
ity issue. In general, however, extending these techniques to
highly connected problems is still an open problem. Finally,
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although we have successfully applied our class-value func-
tions to new environments without replanning, there are do-
mains where such direct application would not be sufficient
to obtain a good solution. In such domains, our generalized
value functions can provide a good initial policy, which could
be refined using a variety of local search methods.

We have assumed that relations do not change over time.
In many domains (e.g., Blocksworld or Robocup), this as-
sumption is false. In recent work, Guestrin et al. [7] show
that context-specific independence can allow for dynamically
changing coordination structures in multiagent environments.
Similar ideas may allow us to tackle dynamically changing
relational structures.

In summary, we believe that the class-based value func-
tions methods presented here will significantly further the ap-
plicability of MDP models to large-scale real-world tasks.
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Abstract

To operate effectively in complex environments
learning agents require the ability to selectively ig-
nore irrelevant details and form useful abstractions.
In this article we consider the question of what con-
stitutes a useful abstraction in a stochastic sequen-
tial decision problem modeled as a semi-Markov
Decision Process (SMDPs). We introduce the no-
tion of SMDP homomorphism and argue that it pro-
vides a useful tool for a rigorous study of abstrac-
tion for SMDPs. We present an SMDP minimiza-
tion framework and an abstraction framework for
factored MDPs based on SMDP homomorphisms.
We also model different classes of abstractions that
arise in hierarchical systems. Although we use the
options framework for purposes of illustration, the
ideas are more generally applicable. We also show
that the conditions for abstraction we employ are a
generalization of earlier work by Dietterich as ap-
plied to the options framework.

1 Introduction

The ability to form abstractions is one of the features that al-
lows humans to operate effectively in complex environments.
We systematically ignore information that we do not need for
performing the immediate task at hand. While driving, for
example, we may ignore details regarding clothing and the
state of our hair. Researchers in artificial intelligence (Al), in
particular machine learning (ML), have long recognized that
applying computational approaches to operating in complex
and real-world domains requires that we incorporate the abil-
ity to handle and form useful abstractions. In this article we
consider the question of what constitutes a useful abstraction.
Since this is a difficult problem when stated in general terms,
much of the work in this field is specialized to particular
classes of problems or specific modeling paradigms. In this
work we will focus on Markov decision processes (MDPs), a
formalism widely employed in modeling and solving stochas-
tic sequential decision problems and semi-Markov decision
processes (SMDPs), an extension to MDPs recently em-
ployed in modeling hierarchical systems [Sutton et al., 1999;
Dietterich, 2000; Parr and Russell, 1997].
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Our objective in this article is to introduce the concept of
an SMDP homomorphism and argue that it provides a unified
view of key issues essential for a rigorous treatment of ab-
straction for stochastic dynamic decision processes. The con-
cept of a homomorphism between dynamic systems, some-
times called a “dynamorphism” [Arbib and Manes, 1975],
has played an important role in theories of abstract automata
[Hartmanis and Stearns, 1966], theories of modeling and
simulation [Zeigler, 1972], and it is frequently used by re-
searchers studying model checking approaches to system val-
idation [Emerson and Sistla, 1996]. Although those study-
ing approximation and abstraction methods for MDPs and
SMDPs have employed formalisms that implicitly embody
the idea of a homomorphism, they have not made explicit use
of the appropriate homomorphism concept. We provide what
we claim is the appropriate concept and give examples of how
it can be widely useful as the basis of the study of abstraction
in a dynamic setting.

Informally, the kind of homomorphism we consider is a
mapping from one dynamic system to another that eliminates
state distinctions while preserving the system’s dynamics. We
present a definition of homomorphisms that is appropriate for
SMDPs. In earlier work [Ravindran and Barto, 2002] we de-
veloped an MDP abstraction framework based on our notion
of an MDP homomorphism. This framework extended the
MDP minimization framework proposed by [Dean and Gi-
van, 1997] and enabled the accommodation of redundancies
arising from symmetric equivalence of the kind illustrated in
Figure 1. While we can derive reduced models with a smaller
state set by applying minimization ideas, we do not neces-
sarily simplify the description of the problem in terms of the
number of parameters required to describe it. But MDPs of-
ten have additional structure associated with them that we
can exploit to develop compact representations. By inject-
ing structure in the definition of SMDP homomorphism we
can model abstraction schemes for structured MDPs. In this
paper we present one simple example of such an abstraction
scheme and mention other factored abstraction methods that
can be modeled by suitable structured homomorphisms.

In the second part of the paper we extend the notion of
SMDP homomorphism to hierarchical systems. In particu-
lar, we apply homomorphisms in the options framework in-
troduced by [Sutton et al., 1999] and show that this facili-
tates employing different abstractions at different levels of
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Figure 1: (a) A symmetric gridworld problem. The goal state is
G and there are four deterministic actions. This gridworld is sym-
metric about the NE-SW diagonal. For example, states A and B are
equivalent since for each action in A, there is an equivalent action in
B. Taking action E, say, in state A is equivalent to taking action N
in state B, in the sense that they go to equivalent states that are each
one step closer to the goal. (b) An equivalent reduced model of the
gridworld in (a). The states A and B in the original problem corre-
spond to the single state { A, B} in the reduced problem. A solution
to this reduced gridworld can be used to derive a solution to the full
problem.

a hierarchy. We also argue that homomorphisms allow us
to model aspects of symbolic Al techniques in represent-
ing higher level task structure. Finally, we show that the
SMDP homomorphism conditions generalize the “safe” state
abstraction conditions for hierarchical systems introduced by
[Dietterich, 2000].

After introducing some notation (Section 2), we define
SMDP homomorphisms and discuss modeling symmetries
(Section 3). Then we present a brief overview of our model
minimization framework (Section 4), discuss abstraction in
factored MDPs (Section 5) and abstraction in hierarchical
systems (Section 6). We conclude with some discussion of
directions for future research (Section 7).

2 Notation
A Markov Decision Process is a tuple (S, A, ¥, P, R), where
S ={1,2,---,n}isaset of states, A is a finite set of actions,

¥ C S x A is the set of admissible state-action pairs, P :
¥ x S — [0,1] is the transition probability function with
P(s,a,s") being the probability of transition from state s to
state s’ under action @, and R : ¥ — IR is the expected
reward function, with R(s, a) being the expected reward for
performing action a in state s. Let A; = {a|(s,a) € ¥} C A
denote the set of actions admissible in state s. We assume that
forall s € S, A is non-empty.

A discrete time semi-Markov decision process (SMDP) is a
generalization of an MDP in which actions can take variable
amounts of time to complete. As with an MDP, an SMDP
is a tuple (S, A, ¥, P, R), where S, A and U are the sets of
states, actions and admissible state-action pairs; P : ¥ x
S x IN — [0,1] is the transition probability function with
P(s,a,s’,N) being the probability of transition from state
s to state s’ under action « in N time steps, and R : ¥ x
IN — TR is the expected discounted reward function, with
R(s,a, N) being the expected reward for performing action
a in state s and completing it in V time steps.*

A stochastic policy, «, is a mapping from W to the real in-
terval [0, 1] with 3° ., 7(s,a) = 1forall s € S. For any

1We are adopting the formalism of [Dietterich, 2000].
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(s,a) € U, (s, a) gives the probability of executing action a
in state s. The value of a state-action pair (s, a) under policy
7 is the expected value of the sum of discounted future re-
wards starting from state s, taking action a, and following =
thereafter. When the SMDP has well defined terminal states,
we often do not discount future rewards. In such cases an
SMDP is equivalent to an MDP and we will ignore the tran-
sition times. The action-value function, @™, corresponding
to a policy = is the mapping from state-action pairs to their
values. The solution of an MDP is an optimal policy, 7*, that
uniformly dominates all other possible policies for that MDP.

Let B be a partition of a set X. Forany z € X, [z]g
denotes the block of B to which x belongs. Any function
f from a set X to aset Y induces a partition (or equivalence
relation) on X, with [z] , = [2']; ifand only if f(z) = f(2').

3 SMDP Homomor phisms

A homomorphism from a dynamic system M to a dynamic
system M’ is a mapping that preserves M’s dynamics, while
in general eliminating some of the details of the full system
M. One can think of M’ as a simplified model of M that
is nevertheless a valid model of M with respect to the as-
pect’s of M’s state that it preserves. The specific definition
of homomorphism that we claim is most useful for MDPs and
SMDPs is as follows:

Definition: An SMDP homomorphism A from
an SMDP M = (S5,A,9,P,R) to an SMDP
M = (§A, V' P R') is a surjection from ¥ to

U, defined by a tuple of surjections (f,g1,92, ", 9n),
with h((s,a)) = (f(s),gs(a)), where f : S — S’ and
gs 1 Ay — A}(S) for s € S, such that Vs, s’ € S,a € A, and
forall N € IN:

P'(f(s).gs(a), f(s),N)

> P(s,a,8",N),(1)

e,
R'(f(s),gs(a),N) = R(s,a,N). 2

We call M’ the homomorphic image of M under 4, and we
use the shorthand (s, a) to denote h((s,a)). The surjection
f maps states of M to states of M’, and since it is gener-
ally many-to-one, it generally induces nontrivial equivalence
classes of states s of M: [s] .. Each surjection g, recodes the
actions admissible in state s of M to actions admissible in
state f(s) of M. This state-dependent recoding of actions is
a key innovation of our definition, which we discuss in more
detail below. Condition (1) says that the transition probabili-
ties in the simpler SMDP M’ are expressible as sums of the
transition probabilities of the states of M that f maps to that
same state in M’. This is the stochastic version of the stan-
dard condition for homomorphisms of deterministic systems
that requires that the homomorphism commutes with the sys-
tem dynamics [Hartmanis and Stearns, 1966]. Condition (2)
says that state-action pairs that have the same image under
h have the same expected reward. An MDP homomorphism
is similar to an SMDP homomorphism except that the condi-
tions (1) and (2) apply only to the states and actions and not
to the transition times.

The state-dependent action mapping allows us to model
symmetric equivalence in MDPs and SMDPs. For example,
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if h = (f,91,92, -, gn) is @ homomorphism from the grid-
world of Figure 1(a) to that of Figure 1(b), then f(A) = f(B)
is the state marked {4, B} in Figure 1(b). Also g4(E) =
g(N) = E, ga(W) = gp(S) = W, and so on. Whereas
[Zinkevich and Balch, 2001] defined symmetries of MDPs by
employing equivalence relations on the state-action pairs, we
explicitly formalize the notion of SMDP symmetries employ-
ing SMDP homomaorphisms and group theoretic concepts.
Definitions: An SMDP homomorphism h =
<f7917927"'7gn> from SMDP M = <S»A7\IjaP7R>
to SMDP M’ = (S8’ A’, ¥’/ P’  R’) is an SMDP isomor-
phism from M to M’ if and only if f and g,, s € S, are
bijective. M is said to be isomorphic to M’ and vice versa.
An SMDP isomorphism from an SMDP M to itself is an
automorphism of M.

The set of all automorphisms of an SMDP M, denoted
by AutM, forms a group under composition of homomor-
phisms. This group is the symmetry group of M. In the
gridworld example of Figure 1, the symmetry group consists
of the identity map on states and actions, a reflection of the
states about the NE-SW diagonal and a swapping of actions
N and E and of actions S and W. Any subgroup of the sym-
metry group of an SMDP induces an equivalence relation on
¥, which can also be induced by a suitably defined homo-
morphism [Ravindran and Barto, 2001]. Therefore we can
model symmetric equivalence as a special case of homomor-
phic equivalence.

4 Minimization

The notion of homomorphic equivalence immediately gives
us an SMDP minimization framework. In [Ravindran and
Barto, 2001] we extended the minimization framework of
Dean and Givan [Dean and Givan, 1997; Givan et al., 2003]
to include state-dependent action recoding and showed that
if two state-action pairs have the same image under a homo-
morphism, then they have the same optimal value. We also
showed that when M’ is a homomorphic image of an MDP
M, apolicy in M’ can induce a policy in M that is closely
related. Specifically a policy that is optimal in M’ can induce
an optimal policy in M. Thus we can solve the original MDP
by solving a homomorphic image. It is easy to extend these
results to SMDP models.

Thus the goal of minimization is to derive a minimal image
of the SMDP, i.e., a homomorphic image with the least num-
ber of admissible state-action pairs. We also adapted an exist-
ing minimization algorithm to find minimal images employ-
ing state-action equivalence. Employing state-dependent ac-
tion recoding allows us to achieve greater reduction in model
size than possible with Dean and Givan’s framework. For ex-
ample, the gridworld in Figure 1(a) is minimal if we do not
consider state-dependent action mappings.

5 Abstraction in Structured MDPs

SMDP homomorphisms can also be used to model various
SMDP abstraction frameworks. The definition of homomor-
phism in Section 3 assumed a monolithic representation of
the state set. While we can derive an equivalent MDP model
with a smaller W, it does not follow that the description of the
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state set is necessarily simpler and hence might not lead to
a simpler problem representation. Many classes of problems
that are modeled as MDPs have some inherent structure. We
define structured forms of homomorphisms that can exploit
this structure in deriving simpler problem representations.
Factored MDPs are a popular way to model structure in
MDPs. A factored MDP is described, as before, by the tuple
(S, A, ¥, P, R). The state set S is now given by M features

or variables, S C Hij‘il S;, where S; is the set of permis-
sible values for feature 7. Thus any s € S is of the form
s = (s1,...,5m), where s, € S; for all i. The elements
of S are still uniquely labeled 1 through n. The transition
probabilities P are often described by a two-slice temporal
Bayesian network (2-TBN) [Dean and Kanazawa, 1989]. A
2-TBN is a two layer directed acyclic graph, whose nodes are
{s1,...,sm} and {s},...,s),}. Heres, denotes the value
of feature ¢ in the present state and s denotes the value of
feature ¢ in the resulting state. An arc from node s; to node
s’; indicates that the s; depends on s;. Many classes of struc-
tured problems may fae modeled by a 2-TBN in which the
arcs are restricted to go from nodes in the first set to those in
the second. The state-transition probabilities can be factored
as:

M
P(s,a,s') = H Prob(s;|Pre(s}, a)),
i=1

where Pre(s}, a) denotes the parents of node s; in the 2-TBN
corresponding to action a and each of the Prob(s;|Pre(s}, a))
is given by a conditional probability table (CPT) associated
with node s;. The reward function may be similarly repre-
sented.

Structuring the state space representation allows us to con-
sider morphisms that are structured, i. e. surjections from one
structured set to another. An example of a structured mor-
phism is a simple projection onto a subset of features. Here
the state set of the homomorphic image is described by a sub-
set of the features, while the rest are ignored. We introduce
some notation, after [Zeigler, 1972], to make the following

definitions easier. Given a structured set X C [, X,,
the i-th projection of X is a mapping p; : X — X, de-
fined by p;({(x1,...,2pm)) = z;. We extend this defini-
tion to that of a projection on a subset of features. Given
aset J C {1,..., M} the J-projection of X is a mapping
pJ - X — HjEJXj’ defined bpr = Hjerj'

Definition: A simple projection homomorphism A from a
structured MDP M = (S, A, ¥, P, R) to a structured MDP
M = (S AW P’ R') is a surjection from ¥ to W',
defined by a tuple of surjections (f, 91,92, ", 9gn), With
h(s,a) = (f(s),gs(a)), where f = pr : S — S’, where
FC{l,...,M}andg, : A, — A}, fors € S, such that

Vs,s' € S,a € A,

P'(f(s),gs(a), f(s"))

][ Prob(s)|Pre(s}, a)) (3)
JEF

R'(f(s).9s(a)) = R(s,a). (4)
The first condition implies that the subset F' should be cho-

sen such that the features chosen are sufficient to describe the
block transition dynamics of the system. In other words, the
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subgraph of the 2-TBN described by the projection should in-
clude all the incoming arcs incident on the chosen nodes. The
second condition requires that all the parents and the incom-
ing arcs to the reward node are also included in the subgraph.
To find such homomaorphic projections, we just need to work
back from the reward node including arcs and nodes, until
we reach the desired subgraph. Such an algorithm will run in
time polynomial in the number of features. It is evident that
the space of such simple projections is much smaller than
that of general maps and in general may not contain a ho-
momorphism reducing a given MDP. Without suitable con-
straints, often derived from prior knowledge of the structure
of the problem, searching for general structured homomor-
phisms results in a combinatorial explosion. Abstraction al-
gorithms developed by Boutilier and colleagues can be mod-
eled as converging to constrained forms of structured mor-
phisms assuming various representations of the CPTs—when
the space of morphisms is defined by boolean formulae of
the features [Boutilier and Dearden, 1994], when it is defined
by decision trees on the features [Boutilier et al., 1995] and
when it is defined by first-order logic formulae [Boutilier et
al., 2001].

6 Abstraction in Hierarchical Systems

In the previous section we showed that SMDP homomor-
phisms can model various abstraction schemes in “flat”
MDPs and SMDPs. SMDP homomorphisms are a convenient
and powerful formalism for modeling abstraction schemes in
hierarchical systems as well. Before we explore various ab-
straction approaches we first introduce a hierarchical archi-
tecture that supports abstraction.

6.1 Hierarchical Markov Options

Recently several hierarchical reinforcement learning frame-
works have been proposed [Parr and Russell, 1997; Sutton et
al., 1999; Dietterich, 2000] all of which use the SMDP for-
malism. In this article the hierarchical framework we adopt is
the options framework [Sutton et al., 1999], though the ideas
developed here are more generally applicable. Options are
actions that take multiple time steps to complete. They are
usually described by: the policy to follow while the option is
executing, the set of states in which the option can begin exe-
cution, and the termination function 8 which gives the prob-
ability with which the option can terminate in a given state.
The resulting systems are naturally modeled as SMDPs with
the transition time distributions induced by the option poli-
cies. We present an extension to the options framework that
readily facilitates modeling abstraction at multiple levels of
the hierarchy using SMDP homomorphisms.

We consider the class of options known as Markov options,
whose policies satisfy the Markov property and that terminate
on achieving a certain sub-goal. In such instances it is possi-
ble to implicitly define the option policy as the solution to an
option MDP, or an option SMDP if the option has access to
other options. Accordingly we define a hierarchical Markov
sub-goal option:

Definition: A hierarchical Markov sub-goal option of an
SMDP M = (S, A, ¥, P, R) is the tuple O = (Mo, Z,3),
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where Z C S is the initiation set of the option, 3 : S — [0, 1],
is the termination function and M is the option SMDP.
The state set of M is a subset of S and constitutes the do-
main of the option. The action set of M, is a subset of A
and may contain other options as well as “primitive” actions
in A. The reward function of M is chosen to reflect the
sub-goal of the option. The transition probabilities of Mo
are induced by P and the policies of lower level options. We
assume that the lower-level options are following fixed poli-
cies which are optimal in the corresponding option SMDPs.
The option policy = is obtained by solving M, treating it as
an episodic task with the possible initial states of the episodes
given by Z and the termination of each episode determined by
the option’s termination function 5.

For example, in the gridworld task shown in Figure 2(a),
an option to pick up the object and exit room 1 can be defined
as the solution to the problem shown in 2(b), with a suitably
defined reward function. The domain and the initiation set of
the option are all states in the room and the option terminates
on exiting the room with or without the object.

6.2 Option Specific Abstraction

The homomaorphism conditions (1) and (2) are very strict and
frequently we end up with trivial homomorphic images when
deriving abstractions based on a non-hierarchical SMDP. But
it is often possible to derive non-trivial reductions if we re-
strict attention to certain sub-problems, i.e., certain sub-goal
options. In such cases we can apply the ideas discussed in
Sections 4 and 5 to an option SMDP directly to derive abstrac-
tions that are specific to that option. The problem of learning
the option policy is transformed to the usually simpler prob-
lem of learning an optimal policy for the homomorphic im-
age.

6.3 Relativized Options

Consider the problem of navigating in the gridworld environ-
ment shown in Figure 2(a). The goal is to reach the central
corridor after collecting all the objects in the environment.
No non-trivial homomorphic image exists of the entire prob-
lem. But there are many similar components in the problem,
namely, the five sub-tasks of getting the object and exiting
room;. We can model these similar components by a “par-
tial” homomorphic image—where the homomorphism con-
ditions are applicable only to states in the rooms. One such
partial image is shown in Figure 2(b). Employing such an ab-
straction lets us compactly represent a related family of op-
tions, in this case the tasks of collecting objects and exiting
each of the five rooms, using a single option MDP. We refer
to this compact option as a relativized option. Such abstrac-
tions are an extension of the notion of relativized operators
introduced by [Iba, 1989]. Formally we define a relativized
option as follows:

Definition: A relativized option of an SMDP M =
(S, A, U, P,R) is the tuple O = (h, Mo,Z, (), where Z C
S is the initiation set, 5 : S” — [0, 1] is the termination func-
tionand h = (f, 91,92, -+, 9gn) IS @ partial homomorphism
from the SMDP (S, A, U, P, Rp) to the option SMDP M,
with R chosen based on the sub-task.
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Figure 2: (a) A simple rooms domain with similar rooms and usual
stochastic gridworld dynamics. The task is to collect all 5 objects
(black diamonds) in the environment and reach the central corridor.
The shaded squares are obstacles. (b) The option MDP correspond-
ing to a get-object-and-leave-room option.

Here the state set of Mo is S’ = f(So), where So is the
domain of the option, and the admissible state-action set is
h(). Going back to our example in Figure 2(a), we can now
define a single get-object-and-leave-room relativized option
using the option MDP of Figure 2(b). The policy learned in
this option MDP can then be suitably lifted to M to provide
different policy fragments in the different rooms. Figure 3
demonstrates the speed-up in performance when using a sin-
gle relativized option as opposed to five regular options. In
this experiment the option policies and the higher level pol-
icy were learned simultaneously.?

6.4 Modeling Higher Level Structure

SMDP homomorphisms have the power to model a broader
class of abstractions, those not supported by the base level
dynamics of the system but which can be induced at some
intermediate levels of the hierarchy. For example, consider
a multi-link assembly line robot arm that needs to move ob-
jects from one assembly line to another. The state of the sys-
tem is described by the joint angles and velocities, object-
shape, object-orientation, and Boolean variables indicating
whether the object is firmly-grasped and whether the object
is at-target-location. The primitive actions are various joint
torques. Depending on the configuration of the arm and the
shape and orientation of the object, this task requires different
sequences of actions, or policies, even though conceptually
the higher level task has the same “structure”—grasp object,
move object, and place object.

We can model this higher level task structure using a rel-
ativized option. First, we define suitable grasp-object op-
tions, such as grasp-cylinder, grasp-block etc. , and simi-
lar options for moving and placing objects. Then we form
a partial homomorphic image of the resulting SMDP—the
state set of the image is described by the two Boolean fea-
tures and the action set consists of grasp, move and place
actions. The partial homomorphism, which applies only to
the admissible state-option pairs of the SMDP, consists of
f = pjy, where J = { firmly-grasped, at-target-location
} and g(. object—shape) (grasp-object-shape) = grasp for all

2In [Ravindran and Barto, 2002] we have reported more detailed
experiments in this setting.
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Figure 3: Comparison of performance of learning agents employ-
ing regular and relativized options on the task shown in Figure 2.

object-shape and similarly for the move-object and place-
object options. A relativized option with this partial image
and partial homomorphism as the option MDP and option
homomorphism, respectively, captures the desired conceptual
structure. Executing the optimal policy for this option results
in action sequences of the form: grasp, move, place, . ... De-
pending on the object-shape these abstract actions get bound
to different lower level options. While techniques in sym-
bolic Al have long been able to model such higher level task
structure, the reinforcement learning community lacked an
obvious mechanism to do the same. Our work gives us new
tools to model conceptual task structure at various temporal
and spatial scales.

6.5 Relation to MaxQ Safe State-abstraction

[Dietterich, 2000] introduced safe state-abstraction condi-
tions for the MaxQ architecture, a hierarchical learning
framework related to the options framework. These condi-
tions ensure that the resulting abstractions do not result in any
loss of performance. He assumes that the sub-problems at dif-
ferent levels of the hierarchy are specified by factored MDPs.
The MaxQ architecture employs a form of value function de-
composition and some of the safe abstraction conditions ap-
ply only to this form of decomposition. The following condi-
tion is more universal and applies to the hierarchical Markov
options framework as well:

Definition: A Projection p is safe if: (i) for all (s,a) in ¥
and s’ in S, P(s,a,s’,N) = Prob(p;(s'),Nl|ps(s),a) x
Prob(prr—g(s')]s,a), and (ii) for all (s,a), (¢t,a) in U, if
ps(s) = ps(t), then R(s,a,N) = R(t,a, N).

Condition (i) states that the transition probability can be
expressed as a product of two probabilities, one of which de-
scribes the evolution of a subset of the features and depends
only on that subset. Condition (ii) states that if two states
project to the same abstract state, then they have the same
immediate reward. From equations 1-4, it is evident that the
above conditions are equivalent to the SMDP homomorphism
conditions if we restrict our attention to simple projection ho-
momorphisms and do not consider action remapping. Thus
the SMDP homomorphism conditions introduced here gener-
alize Dietterich’s safe state-abstraction condition as applica-
ble to the hierarchical Markov option framework.
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7 Discussion

The equivalence classes induced by SMDP homomorphisms
satisfy the stochastic version of the substitution property
[Hartmanis and Stearns, 1966]. This property is also closely
related to lumpability in Markov chains [Kemeny and Snell,
1960] and bisimulation homogeneity [Givan et al., 2003] in
MDPs. We chose the SMDP homomorphism as our basic
formalism because we believe that it is a simpler notion and
provides a more intuitive explanation of various abstraction
schemes.

The homomorphism conditions (1) and (2) are very strict
conditions that are often not met exactly in practice. One ap-
proach is to relax the homomorphism conditions somewhat
and allow small variations in the block transition probabil-
ities and rewards. We have explored this issue [Ravindran
and Barto, 2002], basing our approximate homomorphisms
on the concept of Bounded-parameter MDPs developed by
[Givan et al., 2000]. We are currently working on extending
approximate homomorphisms to hierarchical systems so as to
accommodate variations in transition-time distributions.

Although SMDP homomorphisms are powerful tools in
modeling abstraction, finding a minimal image of a given
SMDP is an NP-hard problem. While taking advantage of
structure allows us to develop efficient algorithms in special
cases, much work needs to be done to develop efficient gen-
eral purpose algorithms. Currently we are investigating meth-
ods that allow us to determine homomorphisms given a set of
candidate transformations in a hierarchical setting.

In this article we presented a novel definition of SMDP
homomorphism that employs state-dependent recoding of ac-
tions. This allows us to extend existing minimization and ab-
straction methods to a richer class of problems. We developed
notions of equivalence specialized to factored representations
and hierarchical architectures. We have shown that SMDP
homomorphism can serve as the basis for modeling a variety
of abstraction paradigms.
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Abstract

We investigate the problem of non-covariant behav-
ior of policy gradient reinforcement learning algo-
rithms. The policy gradient approach is amenable
to analysis by information geometric methods. This
leads us to propose a natural metric on controller
parameterization that results from considering the
manifold of probability distributions over paths in-
duced by a stochastic controller. Investigation
of this approach leads to a covariant gradient as-
cent rule. Interesting properties of this rule are
discussed, including its relation with actor-critic
style reinforcement learning algorithms. The al-
gorithms discussed here are computationally quite
efficient and on some interesting problems lead
to dramatic performance improvement over non-
covariant rules.

1 Introduction

Much recent work in reinforcement learning and stochastic
optimal control has focused on algorithms that search directly
through a space of policies rather than building approximate
value functions. Policy search has numerous advantages: do-
main knowledge may be easily encoded in a policy, the policy
may require less representational power than a value-function
approximation, there are simple extensions to the multi-agent
domain, and convergent algorithms are known. Furthermore,
policy search approaches have recently scored some encour-
aging successes [Bagnell and Schneider, 2001] [Baxter et al.,
1999] including helicopter control and game-playing.

One interesting aspect of existing gradient search algo-
rithms, however, is that they are non-covariant; that is, a
simple re-parameterization of the policy typically leads to a
different gradient direction. (Not that found by applying the
Jacobian of the re-parameterization to the gradient). This
is a odd result; it is intuitively difficult to justify the gradi-
ent computation as actually indicating the direction of steep-
est descent. This problem is well recognized in the pattern-
recognition and statistics communities and is a very active
area of research. [Kakade, 2002] was, to the best of our
knowledge the first to identify this problem in reinforcement
learning and to suggest that techniques from information ge-
ometry may prove valuable in its solution.
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Inspired by the work of [Amari and Nagaoka, 2000],
Kakade proposed a “natural gradient” algorithm. In particu-
lar, [Kakade, 2002] proposed a scheme for generating a met-
ric on parameter space that has interesting theoretical prop-
erties. Most convincingly, Kakade showed strong empiri-
cal evidence for the algorithm’s usefulness. In particular,
[Kakade, 2002] applies the algorithm to the Tetris problem
of [Bertsekas and Tsitsiklis, 1996]. This problem is partic-
ularly interesting as value function methods (as for example
described in [Bertsekas and Tsitsiklis, 1996] ) demonstrate
non-monotone performance; first policy iteration improves
the policy dramatically, but after a small number of iterations
the policy gets much worse. Normal gradient methods, in-
cluding second-order and conjugate methods also prove very
ineffective on this problem; even after a tremendous number
of rounds they only mildly increase the performance of the
game-player. The method presented in [Kakade, 2002] shows
rapid performance improvement and achieves a significantly
better policy than value-function methods (at their peak) in
comparable time.

However, despite recognizing an interesting defect in the
general approach and intuiting an apparently powerful algo-
rithm, Kakade concludes that his method also fails to be co-
variant leaving the problem open. We present here what we
believe to be an appropriate solution.

In Kakade’s work, there is no proper probability manifold,
but rather a collection of such (one for each state) based on
the policy. As such, Kakade must rely on an ad-hoc method
for generating a metric. Here instead we take a proper mani-
fold, the distribution over paths induced by the controller, and
compute a metric based on that. In the special case appropri-
ate to the average reward RL formulation, Kakade’s scheme
is shown to give rise to a bona-fide natural metric, despite the
observation in the paper that the learning was non-covariant.
We believe this is an artifact— perhaps of step-length. Fur-
ther, we note that parametric invariance does not require
this metric— there are numerous covariant metrics. Rather,
a stronger probabilistically natural invariance demands the
metric used. We describe this result to motivate our method.

Importantly, the notion of the metric on the path-
distribution allows us to provide very simple and natural ex-
tensions to Kakade’s algorithm that cover the finite horizon,
discounted start-state, and partially-observed reinforcement
learning problems as well as the average reward one. Fi-
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nally, for completeness, we describe the result discovered by
Kakade relating the invariant metric and compatible actor-
critic methods [Sutton et al., 1999].

1.1 Problem Setup and Notation

A stochastic control problem consists of paths £ (also called
system trajectories) in a space =, a distribution over path-
space, p(£), that is a function of a sequence of (finite) controls
(at)teqo,...,r}- indexed by time, from a space A. Throughout
this paper we will be considering Partially Observed Markov
Decision Problems, in which there are state-variables () of
the system that compose a path ¢ and render the past and fu-
ture independent. In a POMDP, p(¢) is defined by an initial
state and next state transition probabilities p(z¢|Ti—1, ar—1).
We also typically have a sequence of outputs (observations)
(Yt)tefo... 7y measurable with respect to 2. A controller (or
policy), 7, usually parameterized by 6, is a feedback-type
strategy that maps the history of observations (y;),. (0.7} 10
a distribution over controls a,. Most of the derivations will
be given in terms of memoryless stochastic controllers that
map the current state to a distribution over actions, although
they can be easily extended to finite window or recurrent rep-
resentations that operate on only the observations. The goal
in a control problem is to maximize the expected reinforce-
ment J(0) = > 2 pe(&)r(§) with respect to 6. The sum is
always assumed to exist for all controllers. The reward func-
tion on paths in a POMDP is additive in time (or in the infi-
nite time case, discounted or averaged), and a function R(x)
of state, although the algorithms discussed here are not neces-
sarily predicated on that assumption. Reinforcement learning
is the adaptive version of the control problem where we at-
tept to maximize the expected reinforcment by sampling tra-
jectories and then improving our policy. We use the notation
0; throughout to denote é%where the parameter ¢ should be
clear from context. For vectors « and y, we use the notation
(z]|y)ar to denote the inner product with respect to metric
M. The notation (f(z)),(,) indicates the expected value of
the function f with respect to the distribution p.

2 Covariance and Riemannian manifolds

2.1 Meaning of steepest ascent

For direct policy search methods, we are interested in finding
the direction of steepest ascent with respect to our current pa-
rameters. That is, we wish to maximize the reward function
J(6 + Af) subject to (AB||AF) = ¢, an infinitesimal. If we
reparameterize our controller in terms of, e.g. (, and express
the same effective infinitesimal policy change in terms of
these parameters, AJ will of course remain the same. How-
ever, if we measure lengths using the naive dot product, the
same effective change will not have the same size. It is this
problem that leads to the odd behavior of “steepest descent”
rules.

2.2 Non-covariant learning rule

To demonstrate the problem we first consider a simple two
state, two action MDP described in [Kakade02]. (Figure 1)
In state 0 executing action 0 returns to the same state and gets
areward of 1. Executing action 1 get no reward but transits to
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Figure 1: A two-state MDP. Each state has two controls one which
self transitions (and earns the reward that labels the state) and an-
other that simply transitions to the other state. Rewards occur only
on the transitions between different states.
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Figure 2: Log odds of actions for policies logp(a = 0|z)/p(a =
1|z) on the two-state MDP (horizontal axis corresponds to state 0).
Different curves correspond to varying A. Notice the non-covariant
policy behavior.

state 1. In state 1, action O returns to state 1 and gets reward
2. Action 1 transits to state 0 and achieves no reward.

Consider parameterized probabilistic policies of the form
m(a = 0z;6) = {—wgsemororse=r- A is an arbitrary scale
parameter that we use to demonstrate that even mildly differ-
ent parameterization lead to dramatically different behavior.
Below we plot the resulting track through the space of poli-
cies using the log ratio of probabilities of the actions for each
of the possible states. We start from a policy that makes it
somewhat more likely to choose action 0 in state 0 and action
1 in state 1. We then scale A to 1, .5, and 2 and plot the log
odds of the policy from state 1 (Figure 2).

The non-covariant behavior is quite clear in this graph.
Further, we note that it is very difficult to achieve a good
policy using this algorithm from this starting point as the
wrong action becomes overwhelmingly likely to be chosen
from state 0. If sampling were used to compute the gradient,
we would nearly never get samples from state 1— which we
need to improve the policy.

2.3 Path distribution manifolds

The control problem is essentially a coupled one of optimiza-
tion and integration over the space of possible paths, =. This
motivates the idea that instead of considering the (arbitrary)
distance in terms of parameterization of the policy, we may
consider distance in terms of the change in distribution over
paths resulting from the policy change. We may view the
distribution over paths p(¢;6) as a parameterized manifold
(nominally embedded in RI=!) of dimension |6|. This takes
some work to visualize; as an example consider a space of
three possible paths. All possible distributions over these
three paths can be smoothly represented with two parameters.
In Figure 3 (left) we see one visualization with the embedding
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Figure 3: An example probability manifold over paths. Each
axis represents the log probability of one of the three possible
paths. The manifold is formed as we vary the parameters
defining it throughout their domain. On the right we attach
the tangent space at a particular point in parameter space.

log p(¢;6)) :

With n parameters, assuming no redundancy, we generate
an n dimensional manifold. In the case pictured, it is the set
of all distributions on 3 paths, but in general, the dimension-
ality of the path probability manifold will be tremendously
less than the number of possible paths. It is important to un-
derstand the manifold under consideration is that of the prob-
ability distribution over paths and not of paths themselves.

The study of parameterized manifolds like that pictured
above is the domain of differential geometry. Here we are
interested in establishing a Riemannian structure on the man-
ifold of paths. By that we mean we wish to establish a metric
on the tangent space (the local linear approximation to the
manifold at a point £), so we can measure small parameter
changes. We do this with the metric (X|[Y),, ) on the tan-
gent space (which is spanned by the partials with respect to
each parameter) as 3, ;G'(£)X;Y;, where G is a positive
definite matrix. This is a very natural thing to do— instead
of just the standard dot product, we have a dot product that
allows us to represent rotations and scalings (exactly what
a positive definite matrix can represent) and that can vary
throughout the manifold. In Figure 3 (right) we depict the
tangent space at a point in our parameterization as the local
linear approximation at that point.

2.4 Steepest ascent on Riemannian manifold

There are two questions that then naturally arise— what is
steepest descent on a function defined over a Riemannian
space, and is there a Riemannian metric on the manifold of
the paths that is in some sense natural. We quickly answer
the first question, and pursue the second in the next two sec-
tions. A Lagrange multiplier argument (given schematically
here) makes it easy to see the form of the steepest descent
direction.

min L(0 + 06) = L(0) + VL(0) - 60 (1)
subject to (6]10) = € )
Form the Lagrangian:
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L0,)) = L(®) + VL) - 56 +

NG66;60; — €)
3)

and take derivatives with respect to each 46, then set to zero
to solve for the optimal direction:

VseL£(60,\) = VL(0) + A\GY56; =0

This implies that (since G is positive definite and hence
invertible), giving us:

80 o« GV L() 4)

That is, the direction of steepest descent is simply the nor-
mal gradient times the inverse of the metric evaluated at the
point of tangency. We call this the “natural gradient” for the
Reimannian manifold. [Amari and Nagaoka, 2000]

3 Invariance and Chentsov’s Theorem

Some confusion seems to surround the choice of metric on
probability manifolds. There is no unique answer for this
metric, even under the supposition of parametric invariance
as suggested by some authors. The issue is rather more sub-
tle. Any metric that transforms under parameter change ac-
cording to the Jacobian of the function connecting parameters
meets this requirement. This type of parametric covariance is
a minimum requirement for us. It is natural to suggest a met-
ric that preserves essential probabilistic aspects of the mani-
fold. Consider, for example, functions ¢ (Markov mappings,
congruent embeddings, or sufficient statistics, depending on
your viewpoint) that carry one distribution over paths to an-
other in a natural and recoverable way. For example, con-
sider the mapping between the two distributions P (paths) and
P(paths’)given by congruent embedding ¢ depicted below:

Paths @ % %
><@ @5\@

Paths’

The mapping ¢ above interchanges the role of two paths
and splits one path into two (with probability 1/2 for each
split). In a probabilistically fundamental way, the mani-
folds P(path) and P(path’) (where we imagine P(path) is
a smoothly parameterized set of distributions) are similar
to each other. For each path’ we can uniquely recover the
original probability. In this way, a parameterized distribu-
tion over paths can be embedded into a different path space.
(This equivalence can actually be phrased in a category the-
oretic way where the morphisms are these congruent embed-
dings.) [Chentsov, 1980] General congruent embeddings can
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be thought of as simply generalizations of the example de-
picted above to allow arbitrary permutations and arbitrary
probabilities for different paths stemming from a single path,
as well as compositions of these two. In the control problem
this could arise by simple permutation of the state variables
or change of co-ordinates to ones with redundant information.
It is natural to require that with our metric the congruent em-
bedding is an isometry on the tangent space. (i.e. preserves
the length of the vectors). That is, if we make a change of
size e (under the metric Gy) to the distribution P (paths)then
carrying that change through g we should measure the same
change € using G (p,). Adding the requirement of invariance
with respect to congruent embeddings leads to a unique (up to
scale) metric on the manifold. [Chentsov, 1980] This metric
is well-known in statistical inference as the Fisher-Rao metric
and it can be written as the Fisher information matrix [DeG-
root, 19701:

G = (0logp(&; 0)9;10gp(&;0)) , .0

Another way to derive the metric is to think about “dis-
tances” on probability spaces. The KL-divergence (or rel-
ative entropy) between two distributions is a natural diver-
gence on changes in a distribution. It is also manifestly in-
variant to re-parameterization. If we think about derivatives
as small changes in parameters (differentials) then we dis-
cover that we also get a unique metric as the second-order
Taylor expansion of the KL-divergence. This too agrees with
the Fisher information (up to scale). We note that the di-
rection of the KL-divergence is irrelevant as to second-order
KL(p, q) = KL(q, p) [Amari and Nagaoka, 2000].

4 Fisher-Rao Metric on the Path-space
Manifold

The issue now becomes how to derive the Fisher metric on
the space of path distributions. It turns out in the case of
processes with underlying Markovian state to be rather easy,
and involves only computations we already make in the likeli-
hood ratio approach standard in gradient-based reinforcement
learning.

4.1 Derivation of finite-time path metric

The Fisher information metric involves computing
(0ilogp(&; 8)0;logp(&; 9))1)(5:0). Fortunately, this is easy to
do. The essential algorithm within gradient methods like
REINFORCE and GPOMDP is a clever method of computing
(Oilogp(&; 0)) ¢, the expected score function. Thus, while
the expected score is the gradient, the correlation of the
score is the Fisher matrix. The following simple algorithm
is unbiased and converges almost surely (under the same
regularity conditions as in [Baxter ef al., 1999] as the number
of sample paths m goes to infinity:

Algorithm 1 (Finite-horizon metric computation) For i in
1 tom:

e Sample a path using the policy w(8):
(:I/'la 1,22, A2, ... :xn)

e Fortinlton:

& =
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- Compute z; = Y=Lz + 10;logm(alx; 6)
o G = FTlG + %sz
Return G

We use the Markov property and the invariance of the tran-
sition probabilities (given the actions) in the algorithm above
to compute J;logp(&; ) simply. These details can be ex-
tracted from the proofs below, as well as other, potentially
better ways to sample.

To compute the natural gradient, we simply invert this ma-
trix and multiply it with the gradient computed using standard
policy search methods.

4.2 Limiting metric for infinite horizon problems

A well-known result in statistics [DeGroot, 1970] gives a dif-
ferent form for the Fisher metric under appropriate regularity
conditions. We quickly derive that result, and then show how
this gives us a simple form for the path probability metric as
t — oo.

Gy = (Oilogp(¢;0)0;10gp(&;0)) c.0)
= Y 2in(&6)9;(logp(&; )

= > 0:(p(&;60)0;logp(&; 6)) —
> p(&;6)0,0;logp(&;6)
= —(0:0}102p(&;0))e0) + 0 D_ Op(&; )

= —(0:0;logp(&;0)) ,¢.p) ©)

The third line follows from the second by integrating by
parts and the fifth follows by observing that the total proba-
bility is constant.

Now we show that in the limit this leads to a simple metric
for the infinite horizon case. To get a convergent metric, we
must normalize the metric, in particular by the total length
of the path denoted ¢. Since the metric is defined only up to
scale, this is perfectly justified.

Theorem 1 (Infinite-Horizon Metric) For an  ergodic
Markov process the Fisher information matrix limits to the
expected Fisher information of the policy for each state and
control under stationary distribution of states and actions.
Proof: We use G} to indicate the t-step finite-horizon metric.

1
lim —GZ

t—oo t

1
Jim. —Z<8i8jlogp(€ $0))p(e:0)
1 99, 2iP(&:60)
Jm =2 > p&0d= g ©

For a Markov process we can write the likelihood ratio
9ip(&;0)
p(&;0)

as
9ip(€;0) _ Z O0ip(weq1|xe; 6)
t p(Ter1]7e;0)

PROBABILISTIC PLANNING



Using the chain rule we continue the derivation with d™(z)
indicating the stationary distribution:

mnGoz m_hzﬁﬁﬁﬂm@_

=00 ¢ tooo ¢ P(Tes1|Te; 0)
Oip(xi11|e;0)0;p(we41|we; 0)

P(@ei1 |z O)p(@erilz0) e

_ _Zdﬂ )(Gaﬂ(atkvt, ))+

m(ag|ze; 0)

5i7f(at|$t; 0)0;m(at|zs; 0)

m(ag|ze; 0)m(ar|ze; 0)

Oim(at|ze; 0)0;m (at|xe; 0)

= Zd“ m(al|z;0)
—me

= (Gu)ar ()

where the second equality follows by noting that the like-
lihood ratio is independent of transition probability matrix
given the action probability, and by application of the ergodic
theorem. The last line follows (with G .y the Fisher informa-
tion for the policy at a given state) as the second term in line
3 vanishes since the total probability is constant with respect
to 6. |

It is also interesting to consider what happens in the start-
state, discounted formulation of the problem. In this case we
would like our metric, using the general definition over path
distributions given above, to naturally weigh the start start
more than it necessarily is in the infinite horizon average case.
It is well-known that a discount factor + is equivalent to an
undiscounted problem where each trajectory terminates with
probability 1 — -y at each step. We can use this fact to derive
a metric more appropriate for the discounted formalism.
Theorem 2 (Start-State Metric) For a discounted Markov
process the Fisher information matrix equals the Fisher in-
formation of the policy for each state and control under the
limiting distribution of states and actions. Proof: The
proof is very similiar to the infinite horizon case and so we
simply sketch it:

Gy = —(0ilogp(&;0)0;logp(&;0)) c.0)

_ Jp(f 0)
L)

_ _Z (€:0)0 Z 9 (ar|xt)

m(ag|we)

- Treoy oaradialz)

m(at|z)?
Z:p(f; 0. 7&%{;%!?0
0,0;m(alx)
m(alz)

7r(at|a:t; 0)2

Z@,-@-ﬂ'(uﬁxﬁﬁ)

=

dm(z)m(at|ze)
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where d™(z) = >, v*Pr™(z; = x) is the limiting distri-
bution of states. Thus the infinite horizon (undiscounted) and
start-state metrics give essentially the same metric, with only
the effective weighting by states differing.

4.3 Maetrics for Partially Observed Problems

For policies that map the observation space of a partially-
observed markov decision process into distributions over ac-
tions, it is just as easy to derive appropriate metric using our
approach. The tuple (&, a;,y;) is also a markov chain, and
with only subtle changes to the arguments above we end up
with the same metric except using the limiting distribution of
observations instead of states.

5 Relation to Compatible Value Function
Actor Critic

Kakade noticed a fascinating connection between the limit-
ing metric given in Theorem 1 and the improvement direction
computed by a class of actor-critic methods that use a special
compatible function approximation technique.[Sutton er al.,
1999; Konda and Tsitsiklis, 2002] Following Kakade we let
(s, a) = O;logp(alx;#) and let the compatible function ap-
proximator be linear in 1):

:an

Z wi;

This type of value function approximator was initially sug-
gested as it may be used to compute the true gradient. In prac-
tice, it has not been clear what advantage this brings over the
gradient estimation routines of [Baxter et al., 1999]. How-
ever, “folk-wisdom” has it that performing an that infinitesi-
mal policy iteration (moving in the direction of the best policy
according to f™(x, a;w)) using this approximation has very
good properties and often significantly outperforms standard
gradient methods. The natural gradient provides insight into
this behavior. Let w minimize the squared value-function er-
ror:

Z dﬂ _Q(w7a;9))2

where Q(x,a;0) is the exact advantage function. [Sutton et
al., 1999] It is easy to check that ([Kakade, 2002], Theo-
rem 1) w o< Gp 18;J(6). That is, the direction of maximum
policy improvement is exactly the natural gradient direction.
This can be seen by simply differentiating e(w;#) to minimize
it with respect to w and noting the result of [Sutton et al.,
1999] that

m(alz)(f(z,a;0)

z,a;0)0;p(alz; 0)

=Y @

6 Demonstration

As a consequence of the results of section 5 and [Kakade,
2002], experimental results already exist demonstrating the
effectiveness of the natural gradient method. That is, all re-
sults using policy improvement with compatible function ap-
proximators are implicitly computing this result. As a demon-
stration, we computed analytically the natural gradient for the
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Figure 4: Performance comparison of covariant (nat and scaled)
and non-covariant (grad) on the 2-state MDP. The covariant learning
algorithm dramatically outperforms the standard gradient algorithm.
The standard method achieves J=2 after more than 1000 iterations.
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Figure 5: Path through policy space (showing log-odds of the ac-
tions with state 0 along the horizontal axis) of covariant (nat and
scaled) and non-covariant (grad) algorithms on the 2-state MDP.
Note that, as required, the path is independent of scaling for the
covariant algorithm.

problem given in Section 2.2. This problem is interesting as it
reveals some of the properties of the natural gradient method.
First it is easily checked that for a complete Boltzmann policy
in an MDP the natural gradient computes:

G HO)0:7(0) =) Q(x,a;0)dp(al;0)
z,a

This means that it is very similiar to the standard gradient
except that it removes the weighting of states by the stationary
distribution. Rather, each state is treated equally. This leads
to much more reasonable results in the problem discussed as
the partial derivative component for state 1 does not shrink as
the policy changes initially.

In Figure 4 we plot the performance of the natural gradi-
ent (using two different scalings) and the standard gradient
methods in optimizing the policy for this problem.

It is interesting to note that in this graph the behavior of
the natural gradient descent algorithm appears to be non-
covariant. This is simply due to the step size heuristic not
computing equivalent steps in the policy space. The direction
however is constant as illustrated in Figure 5.

7 Conclusions

[Kakade, 2002] suggested that covariant behavior of gradient
algorithms is an important desiderata in reinforcement learn-
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ing. Unfortunately, working in the space of policies, it was
difficult to generate such an algorithm. Here we proposed
considering the induced path-distribution manifold and used
notions from information geometry to propose a natural co-
variant algorithm. This leads to interesting insight and a prac-
tical algorithm. Fortunately, it agrees with the heuristic sug-
gested by Kakade (despite the suggestion in the paper that
the algorithm there was actually not covariant) in the infinite
horizon case and extends to cover new problems. [Peters ef
al., 2002] independently developed theory related to ours (in
particular the theorems in Section 4.2) and presented results
in the context of robot dynamic control.

Further work will provide more investigation into the ex-
perimental behavior of the algorithms presented. Future ef-
fort may also yield deeper insight into the relationship be-
tween the method presented here and value-function approx-
imations.
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Abstract

This paper introduces the Point-Based Value Iteration
(PBVI) algorithm for POMDP planning. PBVI approx-
imates an exact value iteration solution by selecting a
small set of representative belief points and then tracking
the value and its derivative for those points only. By us-
ing stochastic trajectories to choose belief points, and by
maintaining only one value hyper-plane per point, PBVI
successfully solves large problems: we present results on
a robotic laser tag problem as well as three test domains
from the literature.

1 Introduction

The value iteration algorithm for planning in partially ob-
servable Markov decision processes (POMDPs) was intro-
duced in the 1970s [Sondik, 1971]. Since its introduction
numerous authors have refined it [Cassandra et al., 1997,
Kaelbling et al., 1998; Zhang and Zhang, 2001] so that it can
solve harder problems. But, as the situation currently stands,
POMDP value iteration algorithms are widely believed not to
be able to scale to real-world-sized problems.

There are two distinct but interdependent reasons for the
limited scalability of POMDP value iteration algorithms. The
more widely-known reason is the so-called curse of dimen-
sionality [Kaelbling ef al., 1998]: in a problem with n phys-
ical states, POMDP planners must reason about belief states
in an (n — 1)-dimensional continuous space. So, naive ap-
proaches like discretizing the belief space scale exponentially
with the number of states.

The less-well-known reason for poor scaling behavior is
what we will call the curse of history: POMDP value iter-
ation is in many ways like breadth-first search in the space
of belief states. Starting from the empty history, it grows
a set of histories (each corresponding to a reachable belief)
by simulating the POMDP. So, the number of distinct action-
observation histories considered grows exponentially with the
planning horizon. Various clever pruning strategies [Littman
et al., 1995; Cassandra et al., 1997] have been proposed to
whittle down the set of histories considered, but the pruning
steps are usually expensive and seem to make a difference
only in the constant factors rather than the order of growth.

The two curses, history and dimensionality, are related: the
higher the dimension of a belief space, the more room it has

PROBABILISTIC PLANNING

for distinct histories. But, they can act independently: plan-
ning complexity can grow exponentially with horizon even
in problems with only a few states, and problems with a
large number of physical states may still only have a small
number of relevant histories. In most domains, the curse
of history affects POMDP value iteration far more strongly
than the curse of dimensionality [Kaelbling er al., 1998;
Zhou and Hansen, 2001]. That is, the number of distinct his-
tories which the algorithm maintains is a far better predictor
of running time than is the number of states. The main claim
of this paper is that, if we can avoid the curse of history, there
are many real-world POMDPs where the curse of dimension-
ality is not a problem.

Building on this insight, we present Point-Based Value It-
eration (PBVI), a new approximate POMDP planning al-
gorithm. PBVI selects a small set of representative belief
points and iteratively applies value updates to those points.
The point-based update is significantly more efficient than
an exact update (quadratic vs. exponential), and because it
updates both value and value gradient, it generalizes better
to unexplored beliefs than interpolation-type grid-based ap-
proximations which only update the value [Lovejoy, 1991;
Brafman, 1997; Hauskrecht, 2000; Zhou and Hansen, 2001;
Bonet, 2002]). In addition, exploiting an insight from policy
search methods and MDP exploration [Ng and Jordan, 2000;
Thrun, 1992], PBVI uses explorative stochastic trajectories to
select belief points, thus reducing the number of belief points
necessary to find a good solution compared to earlier ap-
proaches. Finally, the theoretical analysis of PBVI included
in this paper shows that it is guaranteed to have bounded error.

This paper presents empirical results demonstrating the
successful performance of the algorithm on a large (870
states) robot domain called 7Tag, inspired by the game of
lasertag. This is an order of magnitude larger than other prob-
lems commonly used to test scalable POMDP algorithms. In
addition, we include results for three well-known POMDPs,
where PBVI is able to match (in control quality, but with
fewer belief points) the performance of earlier algorithms.

2 An overview of POMDPs

The POMDP framework is a generalized model for plan-
ning under uncertainty [Kaelbling et al., 1998; Sondik, 1971].
A POMDP can be represented using the following n-tuple:
{S,A,0,by, T,Q, R,~}, where S is a (finite) set of discrete
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states, A is a set of discrete actions, and O is a set of dis-
crete observations providing incomplete and/or noisy state in-
formation. The POMDP model is parameterized by: by(s),
the initial belief distribution; T'(s, a,s') := Pr(sty1 = s |
a; = a,s; = s), the distribution describing the probability
of transitioning from state s to state s’ when taking action a;
Q(o,s,a) := Pr(og41 = o | ax = a,s¢4+1 = s), the dis-
tribution describing the probability of observing o from state
s after taking action a; R(s,a), the reward signal received
when executing action a in state s; and v, the discount factor.
A key assumption of POMDPs is that the state is only par-
tially observable. Therefore we rely on the concept of a belief
state, denoted b, to represent a probability distribution over

states. The belief is a sufficient statistic for a given history:
bt = PT‘(St | bo,ao,ol,...,ot_l,at_l,ot) (l)

and is updated at each time-step to incorporate the latest ac-
tion, observation pair:

bi(s') := (o, s, a) Z T(s,a,s )bi—1(s) (2)
sES
where 7 is the normalizing constant.

The goal of POMDP planning is to find a sequence of ac-
tions {ao, . .., a;} maximizing the expected sum of rewards
E[>,v'R(s¢,a¢)]. Given that the state is not necessarily
fully observable, the goal is to maximize expected reward for
each belief. The value function can be formulated as:

vy

R(b,a) +7 Y T(b,a,b)V (b 3)
bveB
When optimized exactly, this value function is always piece-
wise linear and convex in the belief [Sondik, 1971] (see
Fig. 1, left side). After n consecutive iterations, the solution
consists of a set of a-vectors: V,, = {ap, a1, ...,am }. Each
a-vector represents an |.S|-dimensional hyper-plane, and de-
fines the value function over a bounded region of the be-
lief: V,,(b) = maxaev, ) cq(s)b(s). In addition, each
a-vector is associated with an action, defining the best imme-
diate policy assuming optimal behavior for the following (n—
1) steps (as defined respectively by the sets {V,,_1, ..., Vo }).
The n-th horizon value function can be built from the pre-
vious solution V,,_; using the Backup operator, H. We use
notation V' = HV"' to denote an exact value backup:

V() = max |y R(sa)b(s)+ 4)
sES
'yz max Z Z T(s,a,s ) o, s',a)a'(s')b(s)]
oo™ ¢V s ares

A number of algorithms have been proposed to implement
this backup by directly manipulating a-vectors, using a com-
bination of set projection and pruning operations [Sondik,
1971; Cassandra et al., 1997; Zhang and Zhang, 2001].
We now describe the most straight-forward version of exact
POMDP value iteration.

To implement the exact update V- = HV', we first generate
intermediate sets I'** and I'*° ,Va € A,Vo € O (Step 1):

r* « a""(s) = R(s,a) )

'’ « af°(s) =7y Z T(s,a,s)Qo,s,a)a;(s),Va; € V'
s'eS
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Next we create ['* (Va € A), the cross-sum over observa-
tions, which includes one a®° from each I'“:° (Step 2):

rv = Ir*"gor**gor*2?go... (6)

Finally we take the union of I'* sets (Step 3):
V. = Ugeal™ (N

In practice, many of the vectors in the final set V' may be
completely dominated by another vector (o; - b < o - b, Vb),
or by a combination of other vectors. Those vectors can be
pruned away without affecting the solution. Finding dom-
inated vectors can be expensive (checking whether a single
vector is dominated requires solving a linear program), but is
usually worthwhile to avoid an explosion of the solution size.

To better understand the complexity of the exact update, let
|V'| be the number of a-vectors in the previous solution set.
Step 1 creates |A||O| |V'| projections and Step 2 generates
|A||V’|!©l cross-sums. So, in the worst case, the new solu-
tion |V| has size |A| [V'|I°! (time | S|?| A| |V’]!€!). Given that
this exponential growth occurs for every iteration, the impor-
tance of pruning away unnecessary vectors is clear. It also
highlights the impetus for approximate solutions.

3 Point-based value iteration

It is a well understood fact that most POMDP problems, even
given arbitrary action and observation sequences of infinite
length, are unlikely to reach most of the points in the belief
simplex. Thus it seems unnecessary to plan equally for all
beliefs, as exact algorithms do, and preferable to concentrate
planning on most probable beliefs.

The point-based value iteration (PBVI) algorithm solves a
POMDP for a finite set of belief points B = {bg, b1, ..., by }.
It initializes a separate a-vector for each selected point, and
repeatedly updates (via value backups) the value of that a-
vector. As shown in Figure 1, by maintaining a full a-vector
for each belief point, PBVI preserves the piece-wise linear-
ity and convexity of the value function, and defines a value
function over the entire belief simplex. This is in contrast
to grid-based approaches [Lovejoy, 1991; Brafman, 1997,
Hauskrecht, 2000; Zhou and Hansen, 2001; Bonet, 2002],
which update only the value at each belief grid point.

V={ oco,ocl,ocz}

b2 bl b0 b3

b2 bl b0 b3

Figure 1: POMDP value function representation using PBVI (on the
left) and a grid (on the right).

The complete PBVI algorithm is designed as an anytime
algorithm, interleaving steps of value iteration and steps of
belief set expansion. It starts with an initial set of belief points
for which it applies a first series of backup operations. It then
grows the set of belief points, and finds a new solution for the
expanded set. By interleaving value backup iterations with
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expansions of the belief set, PBVI offers a range of solutions,
gradually trading off computation time and solution quality.
We now describe how we can efficiently perform point-based
value backups and how we select belief points.

3.1 Point-based value backup

To plan for a finite set of belief points B, we modify the
backup operator (Eqn 4) such that only one a-vector per be-
lief point is maintained. For a point-based update V- = HV",

we start by creating projections (exactly as in Eqn 5) Va €
A,Yo € O (Step 1):

r* « a""(s) = R(s,a) ®
'’ « af°(s) =7y Z T(s,a,s)Qo,s ,a)a;(s),Va; € V'
s'eS

Next, the cross-sum operation (Eqn 6) is much simplified by
the fact that we are now operating over a finite set of points.
We construct Vb € B,Va € A (Step 2):

ry = 1M+ Z argmax(a - b) )
0cO acle.e

Finally, we find the best action for each belief point (Step 3):

V « argmax(I'; -b), VbeB (10)

Iy .VaeA

When performing point-based updates, the backup creates
|A||O]|V'] projections as in exact VI. However the final so-
lution V' is limited to containing only |B| components (in
time |S||A||V'||O||B|). Thus a full point-based value up-
date takes only polynomial time, and even more crucial, the
size of the solution set V' remains constant. As a result, the
pruning of a vectors (and solving of linear programs), so cru-
cial in exact POMDP algorithms, is now unnecessary. The
only pruning step is to refrain from adding to V' any vector
already included, which arises when two nearby belief points
support the same vector (e.g. b1, b, in Fig. 1).

In problems with a finite horizon h, we run h value backups
before expanding the set of belief points. In infinite-horizon
problems, we select the horizon so that (R,,4z — Rmin) 7" <
€.

3.2 Belief point set expansion

As explained above, PBVI focuses its planning on relevant
beliefs. More specifically, our error bound below suggests
that PBVI performs best when its belief set is uniformly dense
in the set of reachable beliefs. So, we initialize the set B to
contain the initial belief by and expand B by greedily choos-
ing new reachable beliefs that improve the worst-case density
as rapidly as possible.

For a given b € B, PBVI stochastically simulates a single-
step forward trajectory using each action to produce new be-
liefs {bay, bay , --- }.! It then measures the L, distance from by,
to B, and throws away b, if b,; € B. Finally, it keeps only

'To simulate an action a, first sample a state s from the distribu-

tion b. Then sample an observation according to (s, a, o) for the
given s and a. Finally compute b, using a Bayesian update (Eqn 2).
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the new belief b,, which is farthest away from any point al-
ready in B.2 PBVI tries to generate one new belief from each
previous belief; so, B at most doubles in size on each ex-
pansion.? Since expansion phases are interleaved with value
iteration, PBVI offers an anytime solution.

3.3 Convergence and error bounds

For any belief set B and horizon n, PBVI produces an esti-
mate V2. The error between V.2 and the true value function
V¥ is bounded. The bound depends on how densely B sam-
ples the belief simplex A; with denser sampling, V.2 con-
verges to V¥, the true value function* As n — oo, V.2
does not necessarily converge; but, our error bound still holds.
Cutting off the PBVI iteration at any sufficiently large hori-
zon, we know that the difference between VnB and the op-
timal infinite-horizon V* is not too large. (The overall er-
ror is bounded by ||V,.Z — V*||oc + ||V,;; — V*||oo. The first
term is bounded by our theorem below; the second is bounded
by v"||Vy: — V*||.) The remainder of this section states and
proves our error bound.

Define the density ep of a set of belief points B to be the
maximum distance from any legal belief to B. More pre-
cisely, eg = maxy ca minge g ||b—"b'||;. Then, we can prove:

Lemma 1 The error introduced by PBVI’s pruning step is at
— (Rmax_Rmin)fB

most Tlprune = - 15

Proof: Let b’ € A be the point where PBVI makes its worst
pruning error, and b € B be the closest (1-norm) sampled
belief to b'. Let a be the vector which is maximal at b, and o’
be maximal at b'. By erroneously pruning o', PBVI makes an
error of at most o’ - b’ — « - b’. On the other hand, since « is
maximal at b, then o’ - b < o - b. So,

nprune S a, . b, — Q- b’
= o b —ab+( b-—a - b) addzero
< dbV-—ab+a-b-—a-b aopt. atb
= (¢ -a) - -0 collect terms
< e —alleo|lb’ — b1 Holder
< o' — allwer def’nof ep
< 7&“*‘;‘__,?“““ €B see text

The last inequality holds because each a-vector represents
the reward achievable starting from some state and following
some sequence of actions and observations. ]

Theorem 1 For any belief set B and any horizon n, the error
of the PBVI algorithm n, = |V.B — V||« is bounded by

(Rmax - Rmin)eB
(1—7)?

The actual choice of norm doesn’t appear to matter in practice;
some of our experiments below used Euclidean distance (instead of
L) and the results appear identical.

3We experimented with other strategies such as adding a fixed
number of new beliefs, but since value iteration is much more ex-
pensive than belief computation the above algorithm worked best. If
desired, we can impose a maximum size on B based on time con-
straints or performance requirements.

*If not all beliefs are reachable, we don’t need to sample all of A
densely, but replace A by the set of reachable beliefs A below. The
error bounds and convergence results hold on A.

My <
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Proof:

Vi = Viilloo
[|HV,E, — HV; 1|

def’n of 7y,
def'nof H, H

Tn

IA

|HV,E, —HVE ||| +

[|HV,E., — HV;_ 1| triangle ineq.
S Tprune + ||HVnB—1 - HV;:71 | |00 def’n of Tprune
< Mprune +VViE L = ViZi]|so contraction
= Tprune + YMn—1 def’n of Mn—1
< Bmes Riminlep ;_R,;"i")EB + V-1 lemma 1
< (Bmas —Ryin)ep series sum 1

(1—-7)2

4 Experimental results

The domain of 7ag is based on the popular game of lasertag.
The goal is to search for and tag a moving opponent [Rosen-
crantz et al., 2003]. Figure 2a shows the live robot as it
moves in to capture an opponent. In our POMDP formula-
tion, the opponent moves stochastically according to a fixed
policy. The spatial configuration of the domain used for plan-
ning is illustrated in Figure 2b. This domain is an order of
magnitude larger (870 states) than most other POMDP prob-
lems considered thus far in the literature [Cassandra, 1999],
and is proposed as a new challenge for fast, scalable, POMDP
algorithms. A single iteration of optimal value iteration on a
problem of this size could produce over 10%° a-vectors before
pruning.

26 |27 |28

23 124 |25

21 |22

20
A
10 [11 |12 13 |14 16 17 |18 |19
[)ina
o—~1 [2 3 [4 |5 6 [7 [8 ]9
(r]

b. Tag configuration

a. Robots playing Tag

Figure 2: Tag domain (870 states, 5 actions, 30 observations)

The state space is described by the cross-product of
two features, Robot = {so,...,S29} and Opponent =
{50,...,829, Staggea}. Both agents start in independently-
selected random positions, and the game finishes when
Opponent = Siq44cq- The robot can select from five actions:
{North, South, East, West, Tag}. A reward of —1 is imposed
for each motion action; the Tag action results in a +10 re-
ward if Robot = Opponent, or —10 otherwise. Throughout
the game, the Robot’s position is fully observable, and the ef-
fect of a Move action has the predictable deterministic effect,

e.g.:
Pr(Robot = s10 | Robot = so, North) =1

The position of the opponent is completely unobservable un-

less both agents are in the same cell. At each step, the op-
ponent (with omniscient knowledge) moves away from the
robot with Pr = 0.8 and stays in place with Pr = 0.2, e.g.:

Pr(Opponent = s16 | Opponent = s15& Robot = so)

)
)

0.4
Pr(Opponent = sz0 | Opponent = s15& Robot = sp) = 0.4
0.2

Pr(Opponent = s15 | Opponent = s15& Robot = s
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Figure 3 shows the performance of PBVI on the Tag do-
main. Results are averaged over 10 runs of the algorithm,
times 100 different (randomly chosen) start positions for each
run. It shows the gradual improvement in performance as
samples are added (each shown data point represents a new
expansion of the belief set with value backups). In addition to
PBVI, we also apply the QMDP approximation as a baseline
comparison [Littman ez al., 1995]. The QMDP approxima-
tion is calculated by solving a POMDP as though it were fully
observable: Q(s,a) = R(s,a) + 7> 5T (s,a,s)V(s"),
and linearizing across ()-values to obtain the value at a be-
lief: V(b) = maza,ea ) ,c5b(s)Q(s,a). This approxima-
tion is quick to compute, and is remarkably effective in some
domains. In the Tag domain, however, it lacks the represen-
tational power to compute a good policy.

5 Additional experiments

5.1 Comparison on well-known problems

To further analyze the performance of PBVI, we applied it
to three well-known problems from the POMDP literature.
We selected Maze33, Hallway and Hallway?2 because they are
commonly used to test scalable POMDP algorithms [Littman
et al., 1995; Brafman, 1997; Poon, 2001]. Figure 3 presents
results for each domain. Replicating earlier experiments, re-
sults for Maze33 are averaged over 151 runs (reset after goal,
terminate after 500 steps); results for Hallway and Hallway2
are averaged over 251 runs (terminate at goal, max 251 steps).
In all cases, PBVI is able to find a good policy. Table 1
compares PBVI’s performance with previously published re-
sults, comparing goal completion rates, sum of rewards, pol-
icy computation time, and number of required belief points.
In all domains, PBVI achieves competitive performance, but
with fewer samples.

5.2 Validation of the belief set expansion

To further investigate the validity of our approach for gen-
erating new belief states (Section 3.2), we compared our
approach with three other techniques which might appear
promising. In all cases, we assume that the initial belief by
(given as part of the model) is the sole point in the initial set,
and consider four expansion methods:

1. Random (RA)

2. Stochastic Simulation with Random Action (SSRA)

3. Stochastic Simulation with Greedy Action (SSGA)

4. Stochastic Simulation with Explorative Action (SSEA)

The RA method consists of sampling a belief point from a
uniform distribution over the entire belief simplex. SSEA is
the standard PBVI expansion heuristic (Section 3.2). SSRA
similarly uses single-step forward simulation, but rather than
try all actions, it randomly selects one and automatically ac-
cepts the posterior belief unless it was already in B. Finally,
SSGA uses the most recent value function solution to pick the
greedy action at the given belief b, and performs a single-step
simulation to get a new belief b’ — B.

We revisited the Hallway, Hallway2, and Tag problems
from sections 4 and 5.1 to compare the performance of these
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Figure 3: PBVI performance for four problems: Tag(left), Maze33(center-left), Hallway(center-right) and Hallway2(right)

~* PBVI —~# PBVI
-10— QuoP 2o ﬁ!‘FE:Ene
a -12 o 1.5
% -14 % 1
* -16 = 0.5]
-18 o peesps 2N
_2?00 10 TIME (secs) 10’ 1o _0'1\)0’2 10’ TIME (secs) 1o 10
Method Goal% Reward Time(s) |B]
Maze33 / Tiger-Grid
QMDP[#] n.a. 0.198 0.19 n.a.
Grid [Brafman, 1997] n.a. 0.94 n.v. 174
PBUA [Poon, 2001] n.a. 2.30 12116 660
PBVI[# n.a. 2.25 3448 470
Hallway
QMDP[#] 47 0.261 0.51 n.a.
QMDP [Littman et al., 1995] 474 n.v. n.v. n.a.
PBUA [Poon, 2001] 100 0.53 450 300
PBVI[# 96 0.53 288 86
Hallway2
QMDP[#] 22 0.109 1.44 n.a.
QMDP [Littman et al., 1995] 25.9 n.v. n.v. n.a.
Grid [Brafman, 1997] 98 n.v. n.v. 337
PBUA [Poon, 2001] 100 0.35 27898 1840
PBVI[# 98 0.34 360 95
Tag
QMDP([#] 17 -16.769 13.55 n.a.
PBVI[# 59 -9.180 180880 1334

n.a.=not applicable n.v.=not available

Table 1: Results for POMDP domains. Those marked [*] were com-
puted by us; other results were likely computed on different plat-
forms, and therefore time comparisons may be approximate at best.
All results assume a standard (not lookahead) controller.

four heuristics. For each problem we apply PBVI using each
of the belief-point selection heuristics, and include the QMDP
approximation as a baseline comparison. Figure 4 shows the
computation time versus the reward performance for each do-
main.

The key result from Figure 4 is the rightmost panel, which
shows performance on the largest, most complicated domain.
In this domain our SSEA rule clearly performs best. In
smaller domains (left two panels) the choice of heuristic mat-
ters less: all heuristics except random exploration (RA) per-
form equivalently well.

6 Related work

Significant work has been done in recent years to improve
the tractability of POMDP solutions. A number of increas-
ingly efficient exact value iteration algorithms have been
proposed [Cassandra er al., 1997; Kaelbling et al., 1998;
Zhang and Zhang, 2001]. They are successful in finding op-
timal solutions, however are generally limited to very small
problems (a dozen states) since they plan optimally for all
beliefs. PBVI avoids the exponential growth in plan size by
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restricting value updates to a finite set of (reachable) beliefs.

There are several approximate value iteration algorithms
which are related to PBVI. For example, there are many grid-
based methods which iteratively update the values of discrete
belief points. These methods differ in how they partition the
belief space into a grid [Brafman, 1997; Zhou and Hansen,
2001].

More similar to PBVI are those approaches which update
both the value and gradient at each grid point [Lovejoy, 1991;
Hauskrecht, 2000; Poon, 2001]. While the actual point-based
update is essentially the same between all of these, the over-
all algorithms differ in a few important aspects. Whereas
Poon only accepts updates that increase the value at a grid
point (requiring special initialization of the value function),
and Hauskrecht always keeps earlier a-vectors (causing the
set to grow too quickly), PBVI requires no such assumptions.
A more important benefit of PBVI is the theoretical guaran-
tees it provides: our guarantees are more widely applicable
and provide stronger error bounds than those for other point-
based updates.

In addition, PBVI is significantly smarter than previous
algorithms about how it selects belief points. PBVI selects
only reachable beliefs; other algorithms use random beliefs,
or (like Poon’s and Lovejoy’s) require the inclusion of a large
number of fixed beliefs such as the corners of the probabil-
ity simplex. Moreover, PBVI selects belief points which im-
prove its error bounds as quickly as possible. In practice, our
experiments on the large domain of lasertag demonstrate that
PBVT’s belief-selection rule handily outperforms several al-
ternate methods. (Both Hauskrecht and Poon did consider
using stochastic simulation to generate new points, but nei-
ther found simulation to be superior to random point place-
ments. We attribute this result to the smaller size of their test
domains. We believe that as more POMDP research moves to
larger planning domains, newer and smarter belief selection
rules will become more and more important.)

Gradient-based policy search methods have also been used
to optimize POMDP solutions [Baxter and Bartlett, 2000;
Kearns et al., 1999; Ng and Jordan, 20001, successfully solv-
ing multi-dimensional, continuous-state problems. In our
view, one of the strengths of these methods lies in the fact
that they restrict optimization to reachable beliefs (as does
PBVI). Unfortunately, policy search techniques can be ham-
pered by low-gradient plateaus and poor local minima, and
typically require the selection of a restricted policy class.
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Figure 4: Belief expansion results for three problems: Hallway(left), Hallway2(center) and Tag(right)

7 Conclusion

This paper presents PBVI, a scalable anytime algorithm for
approximately solving POMDPs. We applied PBVI to a
robotic version of lasertag, where it successfully developed
a policy for capturing a moving opponent. Other POMDP
solvers had trouble computing useful policies for this domain.
PBVI also compared favorably with other solvers on three
well-known smaller test problems. We attribute PBVI’s suc-
cess to two features, both of which directly target the curse
of history. First, by using a trajectory-based approach to se-
lect belief points, PBVI focuses planning on reachable be-
liefs. Second, because it uses a fixed set of belief points, it
can perform fast value backups.

In experiments, PBVI beats back the curse of history far
enough that we can solve POMDPs an order of magnitude
larger than most previous algorithms. With this success, we
can now identify the next hurdle for POMDP research: con-
trary to our expectation, it turns out to be the old-fashioned
MDP problem of having too many distinct physical states.
This problem hits us in the cost of updating the point-based
value function vectors. (This cost is quadratic in the num-
ber of physical states.) While this problem is not necessar-
ily easy to overcome, we believe that sparse matrix computa-
tions, together with other approaches from the existing liter-
ature [Poupart and Boutilier, 2003; Roy and Gordon, 20031,
will allow us to to scale PBVI to problems which are at least
another order of magnitude larger. So, PBVI represents a
considerable step towards making POMDPs usable for real-
world problems.
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Abstract

Preference elicitation is a serious bottleneck in
many decision support applications and agent spec-
ification tasks. CP-nets were designed to make the
preference elicitation process simpler and more in-
tuitive for lay users by graphically structuring a
set of Ceteris Paribus (CP) preference statements —
preference statements most people find natural and
intuitive. In various contexts, CP-nets with an un-
derlying cyclic structure emerge naturally. Often,
they are inconsistent according to the current se-
mantics, and the user is required to revise them. In
this paper we show how optimization queries can
be meaningfully answered in many “inconsistent”
networks without troubling the user with requests
for revisions. We also describe a method for focus-
ing users’ revision process when revisions are fruly
needed. In the process, we provide a formal seman-
tics that justifies our approach and we introduce
new techniques for computing optimal outcomes.

1 Introduction

Ceteris Paribus (CP) preference statements are among the
most natural and most intuitive preference statements that
people make. Thus, it is not surprising that they have drawn
the attention of many researchers in philosophy and Al (e.g.,
[Doyle and Wellman, 1994; Hanson, 1996]). CP statements
indicate a preference for one value over another in the con-
text of a fixed background. For example, the statement “I
prefer an apple pie to a chocolate cake as a dessert, ceteris
paribus” expresses the fact that given two identical contexts
—1i.e., meals — that differ only in their dessert, the one contain-
ing an apple pie is preferred to the one containing a chocolate
cake. Finer distinctions can be made using conditional CP
statements. For example: “I prefer red wine over white wine
if the main course is beef.” In this case, the preference for
red wine to white wine is restricted to comparisons between
identical meals in which the main course is beef.

CP-nets [Boutilier ez al., 1999] are a graphical tool for rep-
resenting and for structuring a set of CP statements. A CP-
network consists of a graph describing the preferential depen-
dency relationship between different domain variables. Each
node is annotated by a conditional preference table (CPT) that
describes how the user’s preference over the different values
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of the variable associated with this node depends on the vari-
ables associated with the parents of this node.

Cyclic CP-nets emerge naturally when there is a set of in-
terdependent variables, none of which is more important than
the other. For example, [Domshlak ez al., 2001] note that such
dependency can emerge naturally among web-page compo-
nents in their web-personalization tool. Cyclic CP-network
raise some conceptual and computational problems to which
we still do not have satisfactory answers. Even worse, accord-
ing to the standard semantics of CP-nets, most cyclic CP-nets
are inconsistent. For example, in [Domshlak and Brafman,
2002], it was shown that the preference ordering induced by
any simple cycle (i.e, a cycle that does not contain smaller cy-
cles) with more than two nodes is inconsistent. That is, there
will be at least two outcomes, 01 and os, such that one can
show that o, is strictly preferred to o, and o0 is strictly pre-
ferred to 0,. In addition, whereas for acyclic networks one
can determine the most preferred outcome in linear time even
in the face of evidential constraints (i.e., constraints that fix
the value of certain variables), no corresponding algorithm is
known for networks that contain cycles.

The fact that many cyclic networks are inconsistent raises
a serious practical concern. When a user specifies an incon-
sistent cyclic network, we must ask him to revise his network.
To do so, we need to provide information that will help him
obtain a consistent network. In this paper we make two prac-
tical contributions aimed at improving this process. First, we
show that various optimization queries can be answered nat-
urally even when the network is “inconsistent” according to
the standard semantics. In such cases, no additional burden
is placed on the user. Second, when revision is required, we
show how the notion of a partial model, studied in the area of
logic programming, can be used to identify those aspects of a
model that require revision.

While pursuing our more practical goals we make a num-
ber of technical and semantic contributions. First, we pro-
vide a more flexible semantics for CP-nets that is identical
with the current semantics on those networks the latter con-
siders consistent. This semantics justifies our approach for
generating optimal outcomes given networks that are incon-
sistent under the standard semantics. Second, we show how
to answer optimization queries using various approaches that
include reduction to SAT, and reduction to logic programs.
This extends current methods which are restricted to acyclic
nets, and helps us define the notion of a partial outcome.
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The paper is structured as follows: In Section 2 we pro-
vide the necessary background on ceteris paribus preference
statements and CP-nets. In Sections 3 and 4 we take a closer
look at the notion of consistency in CP-nets and the problem
that cyclic networks introduce, we suggest a natural defini-
tion of a preferred model as one that cannot be improved, and
explain how the problem of the existence of such models can
be reduced into a CSP problem. In Section 5 we discuss an
alternative translation into nonmonotonic logic programs and
some of its implications, and in Section 6 we conclude. The
full version of this paper is available from the authors’ web
site. It contains proofs, an optimization method based on cut-
set conditioning, a discussion of constrained optimization and
other inference tasks, and a comparison with logic programs
with ordered disjunction [Brewka et al., 2002].!

2 CP-Nets

We start with a review of ceteris paribus preference state-
ments and preferential independence, followed by the defini-
tion of CP-nets.

2.1 Ceteris Paribus Preference Statements

A preference relation is a total pre-order (a ranking) over a
set of outcomes. Given two outcomes o, o', we write 0 > o'
if o is at least as preferred as o' and we write 0 = o if o is
strictly more preferred than o’.

The types of outcomes we are concerned with consist of
possible assignments to some set of variables. More formally,
we assume some given set V. = {X,..., X,,} of variables
with corresponding domains D(X1),...,D(X,,). The set of
possible outcomes is then D(X;) x -+ - x D(X,,). For exam-
ple, in the context of the problem of configuring a personal
computer (PC), the variables may be processor type, screen
size, operating system etc., where screen size has the domain
{17in, 19in, 21in}, operating system has the domain { LINUX,
Windows98, WindowsXP}, etc. Each assignment to the set of
variables specifies an outcome — a particular PC configura-
tion. Thus, a preference ordering over these outcomes speci-
fies a ranking over possible PC configurations.

The number of possible outcomes is exponential in n,
while the set of possible total orders on them is doubly ex-
ponential in n. Therefore, explicit specification and represen-
tation of a ranking are not realistic. We must find implicit
means of describing this preference relation. The notion of
conditional preferential independence plays a key role in such
representations. Intuitively, X and Y are conditionally pref-
erentially independent given Z (where X,Y,Z are disjoint
subsets of V) if for every fixed assignment to Z, the ranking
of X values is independent of the value of Y. Formally, let
X,Y and Z be a partition of V and let z € D(Z). X and Y
are conditionally preferentially independent given z iff, for
all x1, x», y1, y2 we have that

X1y12 = X2y12 iff X122 > X2y22

X and Y are conditionally preferentially independent given
Z if they are conditionally preferentially independent given

! A note on notation. Due to the difficulty of using the logical

negation operator, —, in drawing packages, we use two alternative
notations: a instead of —a, and al, a2 instead of a, —a.
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any assignment z € D(Z). In our PC example, the user may
assess operating system to be independent of other features
given processor type. That is, it always prefers LINUX given
an AMD processor and Windows98 given an Intel processor
(e.g., because he believes Windows98 is optimized for the
Intel processor, whereas LINUX is otherwise better). Condi-
tional preferential independence is a standard notion in multi-
attribute utility theory [Keeney and Raiffa, 1976].

2.2 CP-nets

CP-nets were introduced in [Boutilier et al., 1999] as a tool
for compactly and intuitively representing qualitative pref-
erence relations. This graphical model exploits conditional
preferential independence in structuring a decision maker’s
preferences under ceteris paribus (all else being equal) se-
mantics. CP-net is the first model based on the notions of
purely qualitative preferential independence, and bears a sur-
face similarity to Bayesian nets [Pearl, 1988]. However, the
nature of the relationship between nodes within a CP-net is
generally quite weak compared with the probabilistic rela-
tions in Bayes nets.

During preference elicitation, for each variable X in the
variable set V, the decision maker is asked to specify a set of
parent variables Pa(X) that can affect her preferences over
the values of X. That is, given a particular value assignment
to Pa(X), the decision maker should be able to determine a
preference order over the domain of X (denoted as D(X)),
all other things being equal.

The above information is used to create the graph of the
CP-net in which each node X has Pa(X) as its immediate
predecessors. Given this structural information, the decision
maker is asked to explicitly specify her preferences over the
values of X for each instantiation of Pa(X). This conditional
preference over the values of X is captured by a conditional
preference table (CPT) which is annotated with the node X in
the CP-net. That s, for each assignment to Pa(X), CPT(X)
specifies a total order (denoted =) over D(X), such that for
any two values z;, ; € D(X), either ; > x;, or x; > ;.

Formally, a CP-net N over variables V. = {X1,..., X,,}
is a directed graph G over Xi,..., X, and a set of condi-
tional preference tables C PT(X;) for each X; € V. Each
conditional preference table C'PT(X;) associates a total or-
der >; (u;) over the domain of X; with each instantiation u;
of X;’s parents Pa(X;) = U.

The semantics of CP-nets is defined as follows. A model
for a CP-net is a total-order over the set of possible outcomes
that satisfies every CPT within the CP-net. A total order sat-
isfies CPT(X) if for every pair of X-values z;,z; and every
assignment ¢ to Pa(X) such that z; > z; given c according
to CPT(X), the following holds: Let 0,0’ be two outcomes
that differ only in their assignment to X and satisfy ¢, and
suppose that o assigns z; to X and o' assigns z; to X, then,
o » o' holds in the model. We say that o = o' is valid ac-
cording to the CP-network if 0 > o' holds in all models of the
CP-net. A CP-net is said to be consistent if it has a model.

As an example, consider the network in Figure 1(a), in
which all variables are boolean. This network has three vari-
ables, A, B, and C'. The preferences over A and B are un-
conditional, whereas the preferences for C’s values depend
on the values of A and B. In Figure 1(b), we see the pref-
erence order induced by this CP-network. For every pair of
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ab | c»-¢
ab | é»c¢
ab | ¢»c¢

ab | c-¢

(a) (b)

Figure 1: A CP-net and its corresponding preferential order.

outcomes o0, o', we have that o = ¢’ is valid iff there is a path
from o' to o in this graph.

3 The Weak Preference Semantics

According to the standard semantics, the preferences ex-
pressed in the CPT of a CP-net are strict preferences. We
suggest viewing them as weak preferences using pre-orders
instead of strict orders. As we show, this leads to a semantics
that is only slightly weaker than the standard semantics. In
fact, it leads to identical orderings on CP-nets that are con-
sistent according to the standard semantics. More formally,
a model for a CP-network is a total pre-order over the set of
outcomes that satisfies every CPT within the CP-net. A to-
tal pre-order satisfies CPT(X) if for every pair of X-values
x;,x; and every assignment c to Pa(X) such that z; > z;
given ¢ according to CPT(X)? the following holds: Let o, o'
be two outcomes that satisfy ¢ and differ only in their assign-
ment to X, such that o assigns x; to X and o assigns z; to
X. Then, o > o' holds in the ordering. We say that o > o'
is valid according to the CP-network if o > o' holds in all
models of the CP-net. Finally, we say that o = o is valid
according to the CP-network if o > o' is valid but o’ > o is
not valid. Thus, if 0 > o' holds in all models and there is a
model in which o > o' holds, we say that o = o is valid.
Had we required o > o' to hold in all models for o > o' to be
valid, no strict preference would be valid. This is because the
preference relation in which all outcomes are equally desir-
able is a model for every CP-network according to the above
semantics. Thus, all CP-nets are “consistent” according to
our semantics.

The above semantics can be related to a more syntactic no-
tion of a proof of preference, or a flipping sequence [Boutilier
et al., 1999]. Let o be an outcome, and suppose that o as-
signs to X some value x; that the user ranks lower than z; in
parental context c satisfied in o. Then, we can improve o by
flipping the value of X from z; to ;. An improving flipping
sequence 01,0, . ..,0 is a sequence of outcomes such that

*In the standard semantics we have x; > x; instead of x; > x;.
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di: a2>atl
d2: al>a2

al: b2>bl
a2: b1>b2
b1: c2>ct
b2: c1>c2

Figure 2: A Simple 4-Cycle CP-network.

cl: d2>d1
c2: di>d2

0; is obtained from o0;_1 via a single improving flip. Natu-
rally, these definitions are with respect to some CP-network,
which we take to be fixed by the appropriate context.

Theorem 1 o > o' is valid iff there is an improving flipping
sequence from o' 1o o.

An immediate consequence is the following:

Consequence 1 o =~ o' is valid iff there is an improving flip-
ping sequence from o' to o but no improving flipping sequence
fromotoo.

Another interesting theorem relates the standard, stronger se-
mantics, and our semantics.

Theorem 2 Let G be a CP-network that is consistent accord-
ing to the standard semantics. Then, G satisfies o = o' ac-
cording to our semantics iff G satisfies o = o' according to
the standard semantics.

This theorem shows that our semantics is a direct extension
of the standard semantics. To understand it better, we will
soon take a look at networks that are inconsistent according
to the standard semantics.

Finally, we define the notion of optimality in the context of
a CP-network. There are two possible definitions: An out-
come o is said to be strongly optimal iff there is no other
outcome o' such that o' > o holds. An outcome o is said
to be weakly optimal iff there is no other outcome o’ such that
o' = o holds. Thus, in the first case, o is either strictly bet-
ter than any other outcome or incomparable. In the second
case, there may be other outcomes that are as preferred as o,
but no outcome that is strictly preferred over o. In networks
that are consistent according to the standard semantics, there
is a unique best outcome that is strictly better than any other
outcome. However, when we move beyond this class of net-
works, we can have more than one optimal outcome, and it
can be either strongly or weakly optimal. The latter class is
computationally more challenging to identify, and so we con-
centrate on strongly optimal outcomes.

4 Optimality in Cyclic Networks

The semantics of CP-nets allows for cycles. But only the
consistency of acyclic CP-nets is guaranteed according to the
standard semantics [Boutilier et al., 1999]. Moreover, such
networks have a unique optimal outcome. This remains true
even if we introduce evidential constraints, i.e., constraints
that fix the value of some variables.
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Cyclic networks often induce an inconsistent (i.e., cyclic)
preference order according to the standard semantics. For ex-
ample, consider the network in Figure 2 which contains a cy-
cle of size 4, called a simple cycle in [Domshlak and Braf-
man, 2002]. The web-personalization applications described
in [Domshlak ef al., 2001] naturally gives rise to such cyclic
structures. There, variables correspond to articles, ads, and
other content element in an online newspaper. The value of
each variable indicates whether it is currently displayed or
not. The CP-net captures the preferences of the editor regard-
ing the presentation of different elements on the user’s cur-
rent screen. These preferences together with user-generated
content constraints lead to a personalized view that takes into
account the user’s interests and the editor’s expertise on pre-
ferred combinations of news items. For example, in the CP-
net in Figure 2, A could be a review of a new Toyota 4x4
vehicle, B a test-drive of a new BMW series 7 car, C' a story
about a recent Man. United match, and D a story about Man.
City’s recent success. Suppose that Man. United is sponsored
by Toyota, and Man. City by BMW, and the editor would pre-
fer not to display stories about competing teams and/or com-
panies in the same screen. This is expressed in the CP-net in
Figure 2 by stipulating that if A is present then B should not,
if A is not present then B should be present, etc.

In [Domshlak and Brafman, 2002] it is shown that such a
network is not consistent, i.e., there is no total order of the set
of outcomes that satisfies all the preferences embodied in this
network. It is easy to see why this is so when we examine
Figure 3 which describes the relationships among different
possible outcomes. The nodes in that figure correspond to
outcomes and the edges correspond to legal improving (sin-
gle) flips. For example, consider the outcome a2b2c1d2 in the
lower left-hand side of Figure 3. Given that A is assigned a2,
we can see from the B’s CPT that b1 is a more preferred value
for B. Thus, there is an edge from a2b2c1d2 to a2blcld2.

We can see that Figure 3 contains cycles, making it impos-
sible to totally order its elements consistently. However, it
is also apparent that it contains two elements, a1b2c1d2 and
a2blc2d1 that, in some sense, can be viewed as optimal ele-
ments, as well as two elements, albleldl and a2b2c¢2d2, that
in some sense can be viewed as the worst elements.

Indeed, according to our semantics, this network induces
three classes of outcomes described in Figure 4. The out-
comes within each class are either equally preferred or in-
comparable, and there is a strict preference between outcomes
belonging to different classes. An important consequence of
this is that there are clear candidates for the set of optimal
outcomes: the two outcomes in the top class.

We can see that our semantics is more lenient, allowing for
specifications that, in some sense, are cyclic. If the cycle con-
tains all outcomes, then all outcomes are equally preferred.
This specification is not informative, and the user needs to
be informed of this fact. However, the example above shows
that the cycle may contain some, but not all of the outcomes.
Whereas the standard semantics will dismiss this CP-network
as inconsistent, our semantics is more tolerant, and can use
this CP-net to determine an optimal outcome.

We now turn to the computation of an optimal outcome
via a simple reduction to a CSP problem (or a SAT problem
when the variables are binary). The variables in our reduction
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a2bic2d1

aib1c2di a2b2c2d1 a2bictdi a2bic2d2

e
a2b a2b2c1di
1 a I
Y
a2b2c1d2 albic1d2 alb2c2d2 alb2c1dil
alb2cid2

Figure 3: Outcome Space for the 4-Cycle Network.

‘ alb2c1d2 a2bic2d1 ‘

T

a2b2c2d1  a2bicidl  a2b2c1dl albic2d1

a2b2c1d2  albl1c2d2

a2bicid2 alblcid2 ailb2c2di  a2b1c2d2 alb2cidl alb2c2d2

[ azbc2de atbictdi

Figure 4: Ordered Outcome Classes for 4-Cycle Network

consist of the variables in the CP-network. For every entry
in the CP Table of every variable v, we add the constraint
¢ — v1, where ¢ denotes the context (i.e., the assignment to
the parents of v) and v is the preferred value of v.

As an example, for the CP-network in Figure 1 we obtain
the following propositional formula.

anbA(anNb = c)A(aAb — E)A(@Aa — E)A(GAb— c).
In the case of Figure 2, we get the formula
(dl — a2) A (d2 — al) A (al = b2) A (a2 — D1)A
(b1 = 2) A (b2 — 1) A (el = d2) A (e2 — d2).

Lemma 1 o is a strongly optimal outcome for a CP-net iff it
satisfies the above CSP.

The above algorithm does not work when we have weakly
optimal outcomes, i.e., when we have a set of outcomes that
are equally preferred, but cannot be strictly improved. Fig-
ures 5 and 6 show an example of a network giving rise to
such a case and the relation over the outcome space it induces.
From now on, our treatment centers on strongly optimal out-
comes only, to which we simply refer as optimal outcomes.
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cl:a2>al
c2: al>a2

al: b2>bt

a2: b1>b2

d1>d2 b1: c2>ct
b2: ¢1>c2

Figure 5: A Network Without a Strongly Optimal Outcome

albicidi
a2bicidi

albic2d1 aib2ci1d1
a2bic2d1 a2b2ci1di

f

albic1d2 albic2d2 alb2c1d2 alb2c2d2
azbic1id2 a2bic2d2 a2b2c1d2 a2b2c2d2

ailb2c2d1
a2b2c2d1

Figure 6: Outcome Classes for Network in Figure 5

Lemma 1 implies that the problem of finding a single op-
timal outcome is in NP. When the CP-network is acyclic, an
optimal outcome can be found in linear time [Boutilier ef al.,
1999]. Our result indicates a linear time solution for simple-
cycle nets, too, if the variables are binary, because the result-
ing CSP is an instance of 2-SAT [Aspvall et al., 1979].

5 Logic Programs and Partial Consistency

We start with some background on the semantics of logic
programs, followed by a reduction of CP-net optimization to
logic programs. Then, using the notion of a partial stable
model of a logic program, we can define a corresponding no-
tion for a CP-net that captures those variables for which we
have some reasonable candidate for an optimal value.

5.1 The Semantics of Logic Programs

A propositional normal logic program P is a set of
normal rules. A normal rule is a rule of the form
h <+ ai,as,...,an,not by, not bs,.., not b, where
h,a1,as,...,a,,b1,bs, ..., by, are propositional atoms. The
set of atoms of P is denoted by Atoms(P). Let S be a truth
or value assignment on the atoms of Atoms(P). We denote
by St the set of atoms of S that are assigned the value true,
and S~ the set of atoms that are assigned the value false. The
reduct P° of a logic program P w.r.t. an assignment S is the
logic program obtained from P after deleting (i) every rule
of P that has a negated atom not b;, with b; € ST (ii) every
negated atom from the body of the remaining rules.

The resulting program does not contain negated atoms, and
is called a definite logic program. Let c/(P) denote the de-
ductive closure of a definite logic program P, which coin-
cides with its minimal model. A stable model [Gelfond and
Lifschitz, 1988] of a logic program P is an assignment S,
such that ST = ¢l(P®). A normal logic program may have
none, one or several stable models. The problem of decid-
ing whether a normal logic program has a stable model is
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NP-complete, but many problems can be solved efficiently in
practice by state-of-the art systems such as smodels [Surja-
nen and Niemela, 2001] and DLV [Dell’ Armi et al., 2001].
An alternative semantics for normal logic programs is the
partial stable model semantics [Sacca and Zaniolo, 1990].
This is a three-valued semantics, where each atom may as-
sume the values: true, false or undefined. Given a three-
valued assignment S of Atomns(P), we say that S is a partial
model of P if for each —A € S, every rule with head A
contains at least one literal B in its body, such that =B € S.
The reduct P° of P w.r.t. a partial model S is defined as the
program that is obtained from P after deleting (i) every rule
of P that has a negated atom not b;, with b; € ST (ii) every
rule where an undefined atom occurs (iii) every negated atom
from the body of the remaining rules. A partial model S such
that ST = cl(P¥) is called a founded model of P. A maxi-
mal founded model is called partial stable model of P. It is
not hard to see that every program has a partial stable model.

Example 1 Consider the program

a<notd bénota c+notb d< notc

This program has two stable models, namely M, = {a,c}
and My = {b,d}. Consider now the program

a+notc b+ nota c<+ notb

d< note e+ notd

This program has two partial stable stable models, namely
M, = {d} and M = {e}, but no stable model.

The intuition behind a founded model is similar to that be-
hind a stable model, except that we are willing to ignore cer-
tain variables and the rules that they participate in. A partial
stable model is one where we try to ignore as few variables
(w.r.t. setinclusion) as we can.

5.2 Translating CP-nets into Logic Programs

In this section we translate CP-nets into nonmonotonic logic
programs, showing a one-to-one correspondence between the
net’s optimal outcomes and the stable models of the corre-
sponding logic program.

A preference py Vpo V...V D tq1 > @2 > ... > qp,
where each p; is a conjunction of atoms, translates into a
set of rules of the following form ¢; < p; for1 < j <
k. Additionally, for every variable X of the network with
dom(X)={vy,va,...,v,} asetof rules of the form v; « not
V4, not vy, ...,not v;,_,, for i; # 4, is added to the pro-
gram. We call this set choice rules set. Finally for each
variable X, with dom(X)={v1,vs,...,v,} we add the set of
uniqueness constraints < v;, v;, for every pair of values such
that i # j.

Theorem 3 o is a strongly optimal outcome for a CP-net iff
it is a stable model of its corresponding logic program.

Note that only the most preferred values of each prefer-
ence statement participate in the translation of a CP-network
into a logic program. Furthermore, the not operator appears
only in the choice rules set, a feature that seems to indicate
a rather weak link between CP-networks and nonmonotonic
logic programs. However, in the long version of the paper
we show that in the case of CP-networks with constraints,
the not operator plays a more central role in the translation
and the relation between CP-networks and logic programs is
stronger than it may appear here.
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Example 2 Consider the network:

ar:by >by as:by>by bi:ar >ax by:as > aq
The corresponding logic program is

b1 — ay b2 <— a

a; < b; as < by

a1 < not as as < not ay b1 <+ not by

by <+ not by — ai,as «— bl,bz.

The above program has exactly two stable models, namely
M1 = {al, bl} and Mz = {(Lz, bz}

5.3 Partial Stable Models and Partial Outcomes

We showed a direct correspondence between the optimal out-
comes of a CP-network and the stable models of its associated
logic program. However, some logic programs have no sta-
ble model, much like some CP-nets have no strongly optimal
outcome. We can interpret the non-existence of an optimal
outcome as an indication that some of the preferences are not
well-defined. There are two ways to handle such situations:
we can isolate the ill-defined preferences and reason with the
rest of the network, or we can try to revise the ill-defined pref-
erences. In both case, we require the ability to identify the
problematic parts of the network. Here we show how partial
stable models can provide valuable assistance in this task.

Example 3 Consider the network defined as follows.

ai : by > by as : by > by b1 :as > aq by : a1 > as
c1:dy > do co:idy > dy di:c1 > e dy:co >
Its corresponding logic program is

b1<—(],1 bQ(—GQ (12(—[)1 a1<—b2

Cl(—dl CQ(—dz dl(—Cl dz(—Cz

together with the corresponding choice rules set and unique-
ness constraints. This program has no stable model, but it
has two partial stable models, My = {c1,d1} and My =
{¢a,ds}. These partial stable models do not assign a value
to variables a1, as, by, ba because the corresponding subnet-
work does not possess an optimal outcome.

We call the outcomes of a CP-network that correspond to
the partial stable models of its associated logic program, par-
tial optimal outcomes. Intuitively, a partial stable model cor-
responds to an optimal assignment to a coherent sub-net of
the original CP-net that contains the same preferences as the
CP-net. Thus, we attempt to remove certain nodes, until we
get a coherent specification. Those nodes that were removed
are the ones we should point to the user as problematic.

Existing knowledge on partial stable models (e.g., [Di-
mopoulos ef al., 2002]) implies that a total partial optimal
outcome (i.e., one that assigns a value to every variable) is an
optimal outcome, and that deciding whether a logic program
has a partial stable model other than the empty set is NP-
complete. Discovering whether a variable appears in some
partial optimal outcome is NP-complete, whereas deciding
whether a variable appears in all partial optimal outcomes is
1% -complete.

6 Conclusion

We showed that the current semantics of CP-network is too
conservative in its interpretation of user specification. This is
contrary to the aim of research on preference elicitation tech-
niques, i.e., reducing the burden on users. Consequently, we
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suggested a different semantics under which optimization can
be meaningfully applied to CP-nets that are currently consid-
ered inconsistent. We showed how such an optimization pro-
cess can be practically implemented, extending current op-
timization techniques to cyclic network. Moreover, we de-
scribed a computational method for identifying sub-networks
that are meaningful, providing the first tool that can point out
to a user what part of her specification requires revision.
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Abstract

This paper presents an approach to the approxi-
mate description of univariate real-valued func-
tions in terms of precise or imprecise reference
points and interpolation between these points. It
is achieved by means of gradual rules which ex-
pressthat the closer the variabl e to the abscissa of
areference point, the closer the value of the func-
tion to the ordinate of this reference point. Grad-
ual rules enable us to specify sophisticated
gauges, under the form of connected areas, inside
of which the function belonging to the class under
consideration should remain. This provides a
simple and efficient tool for categorizing signals.
This tool can be further improved by making the
gauge flexible by means of fuzzy gradual rules.
Thisisillustrated on a benchmark example.

1 Introduction

Signal functions, such astime series, medical ECG's, are usu-
ally viewed as analytical mappings. Then, aprecise represen-
tation is often used. Even when uncertainty is dealt with, it is
supposed to pervade parameters of the analytical models,
leading to probabilistic or interval-based processing. The
mai n obj ective of this paper isto propose an alternativeto this
classical type of approaches by investigating the interest of a
special kind of fuzzy « if .. then » rules, named gradual rules
[Dubois and Prade, 1992; 1994], for developing imprecise
representations. Actually, the proposed strategy relies on in-
terpolative reasoning. By specifying the interpolative repre-
sentation with gradual rules, there is no need to choose an
analytic form for the interpolator and an imprecise model is
directly obtained from the constraints expressed by the rules.
The proposed rule-based approach is an alternative to works
based on fuzzy polynomials [Lowen, 1990] or fuzzy spline
interpolation, e.g. [Kawaguchi and Miyakoshi, 1998], which
rely on fuzzy-valued functions and still depend on the analyt-
ical form of the interpolant.
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What is supposed to be known, in a precise or in an imprecise
way, is the behaviour of the function at some reference
points, the problem being to interpol ate between these points.
Figure 1illustratesour purpose of building an imprecise mod-
€l in a case where the points on which interpolation is based
are imprecise and modelled by rectangular areas.

Output
Avariable Imprecise
reference
points

Input variable x

figure 1. Imprecise interpolation

So, we are no longer looking for afunction, but for arelation
linking the variable to the possible value of the function.
Then, thisrelation is represented by its graphGdefined onthe
Cartesian product X x Z (where X is the input domain, and Z
the function range). A similar approach used in automated
control, recently proposed in [Sala and Albertos, 2001], also
considers the building of uncertain fuzzy models in the set-
ting of the approximation of multi-valued functions called
“ambiguous functions’.

The paper, after some brief background on gradual rules, dis-
cusses the design of the imprecise interpolative representa-
tion in terms of gradual rules, constrained by precise or
imprecise reference points. The proposed approach is then
applied to the classification of time series. Moreover, amore
powerful representation framework, based on fuzzy sets of
gradual rules (called fuzzy gradual rules for short) is pro-
posed. It enables us to describe areas through which it is not
completely possible that the function may go.
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2 Interpolation and gradual rules

The idea of imprecise interpolation suggested above is based
on constraints to be satisfied. Namely the results of the inter-
polation should agree with the reference points. These con-
straints define the graph G of arelation on X x Z.

We first consider the case of precise interpolation points P,
with coordinates (x;, z),i =1, ..., n. ThentherelationGshould
satisfy:
@(xi, z)=1,
"zl Z, GXx,2=0,
fori =1, ..., n. Without any further constraint on the nature of
the interpolation, we only have:
"xtx 1 X" 4 Z Gxz)=1.

Thus each interpolation point induces the constraint “If x = x;
thenz =z", represented by the rule (x = x,) ® (z=2z) where
® ismaterial implication. The relation Gis thus obtained as
the conjunction:

ax2=Ui-1 0 x=X)® (2=2). )
This relation is extremely imprecise since there is no con-
straint at all outside the reference points. Instead of using a
precise type of interpolation function, one may use fuzzy
rules in order to express constraints in the vicinity of the in-
terpolation points. The idea is to use rules of the form “the
closer xistox;, the closerz istoz”. The extension of equation
(1) to gradua rules provides the following expression for the

graph G
G(X’ Z) = mini =1,.,n rT‘blose toxi(x) ® r‘rbloseto zi(z) (2)
where ® represents Rescher-Gaines implication (@ ® b=1

ifatbanda® b=0if a>b), andmyese to x(X) isthe degree
of truth of the proposition “x iscloseto x;”.

We have just to define what is meant by “closeto”. Let A; de-
note the fuzzy set of values close to x;. It is natural to set
rT]Ai(x) =1if x =x; and to assume that the membership degree
to A; decreases on each side of x; with the distance tox;. How-
ever A; will not be necessarily symmetrical. The simplest so-
lution consists in choosing triangular fuzzy sets with a
support denoted by [x,”, x;*]. In a similar way, the closeness
to z will be modelled by atriangular fuzzy set B; with modal
value z; and support [z, z*]. Then the interpolation relation
only depends on 4n parameters x™, %* z", z* for ninterpola-
tion points. In order to simplify their tuning, we further as-
sume that at most two rules are simultaneously fired at each
point of the input domain, i.e. X; £ Xi+1” and X" £ %44, 1 =1,
..., -1, For increasing reference points (i.e. Xj<x+; and
7<z+1,1 =1, ..., n- 1), it has been established in [Galichet et
al., 2002] that the interpolation graph is made of connected 4-
sided areas (as pictured in figure 2) when the following con-
straints hold between the parameters:

@ - Zy) K - %) =(Zad" - )6 X))
(@1 - )6 %) =(F - Z)0Ga0" - %) 4
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Similar relationships can be obtained when considering de-
creasing reference points. These constraints can be related to
consistency requirements between gradual rules [Dubois et
a., 1997], ensuring the non emptiness of theimage of eachin-
put point viatherelation G

Figure 2 pictures the interpolation graph which is obtained
with three interpolation points, and thus three gradual rules
whose Ai’s and Bi’ s also appear in figure 2. The partitioning
of X'is obtained by cutting the intervals [;, x;,4] into three
equal parts, i.e.X;" - X =X" - X, = X1 - X', asillustrat-
ed by the parameters which define the fuzzy sets A;. The ex-
tremevaluesz,~ and z;" are also predefined. Lastly, the other
parameters can be obtained by solving the system of equa-
tions derived from (3) and (4).

figure 2: Piecewise quadrangle-shaped graph

This approach straightforwardly extends to imprecise refer-
ence points provided that trapezoidal membership functions
are used in place of triangular ones (see figure 3).

figure 3: Imprecise reference points
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3 Classification of time series

Our purposeis now to illustrate how the imprecise interpola-
tiverepresentation framework can be used to classify time se-
ries, see, e.g. [Kadous, 2002]. Supervised classification is
assumed, contrary to clustering techniques whose recent de-
velopments are often based on hidden Markov models [Bis-
was et a., 1998; Li, 2000]. The proposed experiment deals
with the «Control-Chart» database, freely available from the
UCI Data Archive [UCI KDD Archive]. It is a 6-class prob-
lem, with 100 examples of each class, a prototype of each
class being presented in figure 4. A categorization of process
trends, based on types of variation, is also adopted in qualita-
tive reasoning and model-based diagnosis [Colomer et al.,
2002].

{0 SONDYV SN Ay Normal (class 0)
B0 AN Cyclic (class 1)
Increasing trend
30 ALAAAA, AN AV (Cla$ 2)
Decreasing trend
30 (class 3)
30 ~ (Class 4)
30 A Downward shift
v~~~ (cla&s 5)
0 LN 60

figure 4. One example of each class

Given an unlabeled time series, the aim of the classification
isto decideto which classit belongs. Theideabehind the pro-
posed methodol ogy consistsin devel oping animprecise mod-
el of each class. Then, the time series to classify will be
assigned to the class whose model presents the maximal ade-
quacy with thetemporal dataunder consideration. Theimpre-
cise models are specified using gradual rules as advocated in
the previous section.

Infigure5, ten examples of class 5 are plotted simultaneous-
ly. It clearly showsthat the reference pointsare no longer pre-
cise. In this context, triangular membership functions are
replaced by trapezoidal membership functions whose cores
delimit the rectangular areas associated with the imprecise
reference points. According to this slight modification, the
graph plotted in figure 5 is obtained from two gradual rules,
i.e. Ai® By and A,® B,. It can be shown that the constraints
on the graph shape expressed by equations (3) and (4) are still
valid.
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B2 A A
45 LE .
| Imprecise
b, r reference
by
-10 t

0 a as 60
1 Az

A ><
By
p-t

figure 5: Imprecise model of class 5

The model so built can be further improved by truncating the
upper and lower parts of the quadrangle-shaped graph. An
easy strategy to implement the graph cutting consists in add-
ing anew rule that directly translates the interval-based con-
straint “1f t 1 [ay, a,] thenz1 [by, by]” wherea,, a, b; and b,
are defined in figure 5. Such an approach results in the final
graph givenin figure 6.

40 ﬁ
0 L
0 60
figure 6: Model of class 5 (truncated graph)

Figure 7 and 8 present theimplemented model sfor two others
classes. The first one associated with class 3 is based on ref-
erence pointswhose imprecision isonly relative to the output.
Using strong partitions with triangular input membership
functions and trapezoidal output ones, imprecise linear inter-

polation is obtained by means of the two rules A;® B; and
A® B,.

1041



AZ
By
B,
0 60
A Az
pt

figure 7: Model for class 3 (decreasing trend)

Concerning cyclic time series (figure 8), the non-monotonic
underlying behavior induces some difficulties in the model-
ling process. Actually, closeness on the right and on the left
of the reference points must be handled in different ways. It
means that two distinct fuzzy subsets are required for correct-
ly dealing with each reference point. In this framework, the
imprecise models of figure 8 is composed of 9 gradual rules.

55

0 60
(c) Cyclic
figure 8: Model for class 1 (cyclic)

Imprecise models are built for the six classes so that the
graphs include all the points that compose the training time
series (10 for each class). The classification of atime-series,
given as a collection of points (i, z), t; =i = 1, ..., 60, isthen
carried out according to its adequacy with the class models.
Thelatter isdetermined from the number of points of thetime
series under consideration that belong to the graph of each
model, that is:

N =Si=1,.,60G(t2)j=1..6 ®)

where G denotes the model graph of thejm class. The final
decision isthen to assign the time series, supposed unlabeled,
to the class that maximizesN;, j = 1, ..., 6. Applying this stra-
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tegy to classify the 600 avail able examples, perfect classifica-
tion is obtained, i.e. the error rate is null for the training
examples but also for the test time series. Thisresult is better
than the one obtained with other approaches of the same pro-
blem [Keogh and Kasetty, 2002; Nanopoulos et al., 2001]. It
is however important to be cautious about this good perfor-
mance. Indeed, the discrimation between some classesis not
robust. Thispoint isillustrated by figure 9 in the case of clas-
ses 3 and 5 which are difficult to differentiate. The adequacy
between the 100 time series of class 3 and models of classes
3 and 5 is plotted. It can be stated that, for many time series,
the difference between both obtained scores is small, which
means that a slight modification of the models would proba-
bly result in different final decisions. Actually, an important
intersection between both modelsinduces aloss of the discri-
mination power of the adequacy index. In this framework,
one may think of improving the robustness of the classifica-
tion by refining the imprecise models. One possible strategy
is then to introduce some membership degreesin the four si-
ded areas while keeping their support unchanged. Thiscan be
made by using fuzzy sets of gradual rules as shown now.

Number of points that belong to the models
A _— Model of dlass 3 (Ns)

\— Model of class5 (Ns)
3% >

0 Time series number 100

figure 9: Adequacy of class 3 examples with models
of classes3 and 5

4 Interpolative fuzzy graph

According to the previous sections, it is clear that given a set
of rules, i.e. a set of reference points, a collection of crisp
graphs can be obtained by varying the support parameters of
the A;’s and/or the B;'s. Moreover, inclusion properties be-
tween the built graphs can be exhibited for controlled varia-
tions of the supports as expressed by the following
Statements.

PLIFA T A*, =1, ..,nthenG | G

where Gand G are the graphs associated respectively with
rulesA; ® B; and A* ® B;.Indeed,(x,2) 1 G* meansthat" i,
A* (X) £ B;(2). According to the assumption that " i, A I A*,
it follows that " i, Aj(X) £ B;(2) which resultsin (x,2)1 G.

P2: 1B, * | B i=l, .., nthenG | G
where Gand G* are now the graphs associated respectively
withrules A, ® B; and A; ® B;*. Indeed, (x, 21 Gt if and
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only if "i, A(X) £ Bi*(2). Since " i, Bi* | B;, it follows that
"i,AX) £B(2,i.e.(x,21 G

The combination of P1 and P2 leads to:

P3:IfA | A*andB * [ B,i=1,..n thenG | G
where Gand G are now the graphs respectively associated
with rulesA; ® B, and A *® B;*.

Thus, according to the above inclusion properties, it is possi-
ble to design a family of nested graphs simply by building
collections of nested fuzzy subsets on X and Z. Indeed, denote
by {A,-I 1T 0,1} afamily of fuzzy subsets on X such that
AT AlifI31 and{ By 110,11} afamily of fuzzy sub-
setson Zsuchthat B i B if 131", The family of rulesA/

® B!',17[0,1],issuchthat G | & if 131", Actually, such
a construction of nested graphs simply expresses that impli-
cative graphs increase in the sense of inclusion when under-
lying constraints become more permissive. More permissive
rules are obtained either by restricting input conditions fur-
ther, or by enlarging output fuzzy sets.

Using a convex linear combination enables the automatic
construction of such acollection of nested fuzzy subsetsrang-
ing from the lower bound of the family to the upper one. Ap-
plying such atechnique resultsin the following proposal:

Al =@-DHAPATALIT[01],i=1,..,n (6)

where A? andAl, suchthat A° T A, arethelower and upper
bounds of the family and A denotes the extended sum of
fuzzy numbers. In the same way, nested output fuzzy subsets
can be built according to:

B' =-1)B°A1BL1T[01],i=1,..,n ™

where B,®and B;%, suchthat B B,°, arethe upper and low-
er bounds of the family It should be noted that the inclusion
ordering of the B using | is the converse of the one of the
AI' dueto opposte behaviorswith respect to graph inclusion.

Using the so-built fuzzy subset families (seefigure 10) results
in the following graph inclusions:

Gi i &1 &1,°17[01andlz1" ©)

Blg!

figure 10: Nested fuzzy subsets (I >1 ")

One interesting point is that the 4-sided shape introduced in
section 2 is shared by all nested graphs provided that the low-
er and upper graphs are themselves 4-sided areas. In other
words, equalities (3) and (4) hold for any G when they hold
for & and G as expressed by property P4.

P4: If both (A°, B®) and (A%, BiY), i=1, .. ,n, satisfy equations
(3) and (4), then (3) and (4) are still valid for any (A, B{'), |
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1[0,1],i=1, .. n, when A" and B! are built according to (6)

and (7).

An interpretation consistsin viewing F as afuzzy set of crisp
graphs, that is as alevel 2 fuzzy set, i.e. afuzzy set of fuzzy
sets. In this case, F is represented as:

F=Q1i0y /G 9)

according to Zadeh's notation where the integral sign stands
for the union of the fuzzy singletons | / G . A single fuzzy
gradual ruleispicturedinfigure 11.

N A

-1 -05 0 05 1

A0 A1

A %4

figure 11: A fuzzy gradual rule

Figure 12 plots the fuzzy graph obtained when the lower
graph G is precise and piecewise linear and the upper graph
@ has the quadrangle-based shape of figure 2.

0.75

-0.75

0.75
figure 12: A graph based on 3 fuzzy gradual rules

Using fuzzy gradual rules for dealing with the example of
section 3 still results in perfect classification. Moreover, the
robustness of the classification is improved as illustrated by
figure 13, where histograms of the difference N3 - Ng are
plotted for class 3 time series (seefigure 9). It isclear that the
number of examplesfor which thefinal decisionisbrittle, i.e.
for the small values of N3 - N5 which are accounted for in the
two first bars, decreases when fuzzy gradual rules are used.
These results have been obtained by using the same form of
indices N; given by equation (5) for crisp and fuzzy graphs

1043



except that G (t;, z) 1[0 1] in the fuzzy case. Further im-
provements could probably be obtained by defining more so-
phisticated indices in the fuzzy case.

30 30

0 0

0 24 0 24
(a) Gradual rules (b) Fuzzy gradual rules

figure 13: Effect of fuzzy gradual rules on the discrimination

5 Conclusion

This paper has proposed a modelling framework which is
faithful to the imprecision of available data. In the intervals
between interpolation points where it is difficult to specify an
analytical model, imprecision iscaptured by means of 4-sided
areas. The application of the modelling methodology for clas-
sifying time series has exhibited interesting performance.
Moreover, the discrimination power of the approach isim-
proved by using fuzzy gradual rules asintroduced in the pre-
vious section. Indeed, they enable us to distinguish between
typical members of a class which remain in subareas with
high membership degrees from borderline memberswhich go
through subareas with smaller membership degrees. Besides,
one may probably take further advanvage of the easy inter-
face with the user, provided by the use of gradual rule, for
specifying queries in data mining applications (see [Keogh et
al., 2002] for an example of such possible use). Lastly, further
research should deal with multidimensional spaces where the
language of gradual rules may prove useful in the description
of imprecise graphs.
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Abstract

Multi-level spatial aggregates are important for
data mining in a variety of scientific and engineer-
ing applications, from analysis of weather data (ag-
gregating temperature and pressure data into ridges
and fronts) to performance analysis of wireless sys-
tems (aggregating simulation results into config-
uration space regions exhibiting particular perfor-
mance characteristics). In many of these applica-
tions, data collection is expensive and time con-
suming, so effort must be focused on gathering
samples at locations that will be most important
for the analysis. This requires that we be able to
functionally model a data mining algorithm in or-
der to assess the impact of potential samples on
the mining of suitable spatial aggregates. This pa-
per describes a novel Gaussian process approach
to modeling multi-layer spatial aggregation algo-
rithms, and demonstrates the ability of the resulting
models to capture the essential underlying qualita-
tive behaviors of the algorithms. By helping cast
classical spatial aggregation algorithms in a rigor-
ous quantitative framework, the Gaussian process
models support diverse uses such as directed sam-
pling, characterizing the sensitivity of a mining al-
gorithm to particular parameters, and understand-
ing how variations in input data fields percolate up
through a spatial aggregation hierarchy.

1 Introduction

Many important tasks in data mining, scientific computing,
and qualitative modeling involve the successive and system-
atic spatial aggregation and redescription of data into higher-
level objects. For instance, consider the characterization of
WCDMA (wideband code-division multiple access) wireless
system configurations for a given indoor environment. In
noisy channels, the performance goal is to quantitatively as-
sess the relationship between the signal-to-noise ratio (SNR)
and the bit error rate (BER) or bit error probability (BEP)
of the realized configuration. To improve performance in of-
fice environments (characterized by doorways, walls, cubi-
cles), a common trick used is to incorporate space-time trans-
mit diversity (STTD). Instead of a single transmitter antenna,
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SNR2, dB

SNR1, dB

Figure 1: Mining configuration spaces in wireless system
configurations. The shaded region denotes the largest por-
tion of the configuration space where we can claim, with
confidence at least 99%, that the average bit error probability
(BEP) is acceptable for voice-based system usage. Each cell
in the plot is the result of the spatial and temporal aggregation
of hundreds of time-consuming wireless system simulations.

the base station uses two transmitter antennas separated by a
small distance. If the signal from one of the antennas is weak,
the signal from another is likely to be high, and the over-
all performance is expected to improve. In this application,
it is important to assess how the power-imbalance between
the two branches impacts the BEP of the simulated system,
across a range of SNRs (see Fig. 1; [Verstak et al., 2002]).

Characterizing the performance of WCDMA systems re-
quires the identification of multi-level spatial aggregates in
the high-dimensional configuration spaces of wireless sys-
tems. The lowest level (input) contains individual Monte
Carlo simulation runs providing unbiased estimates of BEPs.
This space is high-dimensional (e.g. > 10), owing to the mul-
titude of wireless system parameters (e.g. channel models,
fading characteristics, coding configurations, and hardware
controls). Wireless design engineers prefer to work in at most
two or three dimensions (e.g. to study the effect of power im-
balance on system performance) for ease of tunability and de-
ployment. The next level of spatial aggregation thus contains
buckets which aggregate data in terms of two dimensions, us-
ing various consistency constraints and design specifications.
Finally, the third level aggregates buckets into regions of con-
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Figure 2: Key steps in vector field analysis.

strained shape; the shape of the regions illustrates the nature
of joint influence of the two selected configuration parame-
ters on performance. Specific region attributes, such as width,
provide estimates for the thresholds of sensitivity of configu-
rations to variations in parameter values.

The results of such mining are important for both qualita-
tive and quantitative analysis. For instance, when the average
SNRs of the two branches are equal, the BEP is minimal and
the width of the mined region in Fig. 1 depicts the largest ac-
ceptable power imbalance (in this case, approximately 12dB).
However, the width is not uniform and the region is narrower
for smaller values of the SNRs. The qualitative result is that
system designs situated in the lower left corner of the con-
figuration space are more sensitive to power imbalance in the
two branches.

Each input data point captures the results of a wireless sys-
tem simulation which takes hours or even days (the simula-
tions in Fig. 1 were conducted on a 200-node Beowulf cluster
of workstations). Thus it is imperative that we focus data col-
lection in only those regions that are most important to sup-
port our data mining objective, viz. to qualitatively assess the
performance in configuration spaces. This requires that we
model the functioning of the data mining algorithm, in order
to optimize sample selection for utility of anticipated results.
Modeling data mining algorithms in this manner is useful for
closing the loop, characterizing the effects of the data mining
algorithm’s parameters, and improving our understanding of
how variations in data fields percolate up through the layers.
A particularly interesting application is to use such modeled
structures to design information-theoretic measures for eval-
uating experimental designs [MacKay, 1992] and for active
data selection [Cohn et al., 1996; Denzler and Brown, 2002].

In order to address these goals, this paper develops a novel
Gaussian process approach to modeling algorithms that mine
spatial aggregates. We first overview the Spatial Aggregation
mechanism for spatial data mining and the Gaussian process
approach to Bayesian modeling. We then show how to inte-
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grate the two approaches in order to achieve our goal of prob-
abilistically modeling spatial data mining algorithms. We il-
lustrate this ability within the context of identifying pockets
underlying the gradient in a field — an application that cap-
tures many of the interesting characteristics of more complex
studies like the wireless application.

2 Spatial Aggregation

The Spatial Aggregation Language (SAL) [Bailey-Kellogg et
al., 1996; Yip and Zhao, 1996], provides a set of operators
and data types, parameterized by domain-specific knowledge,
for uncovering and manipulating multi-layer geometric and
topological structures in spatially distributed data. SAL ap-
plications construct increasingly abstract descriptions of the
input data by utilizing knowledge of physical properties such
as continuity and locality, expressed with the vocabulary of
metrics, adjacency relations, and equivalence predicates. To
understand the SAL approach (see Fig. 2), consider a SAL
program for analyzing flows in a vector field (e.g. wind ve-
locity or temperature gradient).

In the first level, the goal is to group input vectors (a) into
paths so that each sample point has at most one predeces-
sor and at most one successor. SAL breaks the process into
two key steps, one capturing locality in the domain space (i.e.
sample location), and the other capturing similarity in the
feature space (i.e. vector direction). A neighborhood graph
aggregates objects with a specified adjacency predicate ex-
pressing the notion of locality appropriate for a given domain.
As shown (b), a sample point’s neighbors include all other
points within some specified radius r. Feature comparison
then must consider only neighbors in this graph, thereby ex-
ploiting physical knowledge to gain computational efficiency
while maintaining correctness. Here we break feature com-
parison into a sequence of predicates and graph operations.
In particular, we first filter the graph (c), applying a predicate
that keeps only those edges whose direction is similar enough
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(within some angle tolerance ) to the directions of the vec-
tors at the endpoints. The remaining graph has some “junc-
tion” points where vector direction suggests multiple possible
neighbors, and the most appropriate path extension from the
point must be chosen. A similarity metric sums the distance
between the junction and a neighbor, weighted by a constant
d, and the difference in vector direction at the junction and
the neighbor. The most similar neighbor for the junction is
selected ((d) and (e), for successor and predecessor junctions,
respectively).

The remaining graph edges are collected and redescribed
as more abstract streamline curve objects (f), for the second
level of analysis. Again, computation is localized so that
only neighboring streamlines are compared. The neighbor-
hood graph here (not shown) uses an adjacency predicate that
declares streamlines neighbors if their constituent points were
in the first level. It is then straightforward to identify conver-
gent flows (g) with an equivalence predicate that tests when
constituent points form a junction in the graph in (c). If de-
sired, these flow bundles can be abstracted and analyzed at an
even higher level.

SAL’s uniform spatial reasoning mechanism, instantiated
with appropriate domain knowledge, has proved success-
ful in applications ranging from decentralized control de-
sign [Bailey-Kellogg and Zhao, 1999; 2001], to weather data
analysis [Huang and Zhao, 1999], to analysis of diffusion-
reaction morphogenesis [Ordéiiez and Zhao, 2000]. Recent
work has focused on optimizing sample selection for applica-
tions where data collection is expensive, including identifying
flows in multi-dimensional gradient fields [Bailey-Kellogg
and Ramakrishnan, 2001] and analyzing matrix properties via
perturbation sampling [Ramakrishnan and Bailey-Kellogg,
2002]. This paper provides the mathematical foundations
necessary for the modeling of such SAL programs to support
the meta-level reasoning tasks outlined in the introduction.

3 Gaussian Processes

Gaussian processes have become popular in the last few
years, especially as a unifying framework for studying mul-
tivariate regression [Rasmussen, 1996], pattern classifica-
tion [Williams and Barber, 1998], and hierarchical model-
ing [Menzefricke, 2000]. The underlying idea can be traced
back to the geostatistics technique called kriging [Journel
and Huijbregts, 1992], named after the South African miner
Danie Krige. In kriging, the unknown function to be modeled
(e.g., ozone concentration) over a (typically) 2D spatial field
is expressed as the realization of a stochastic process. A prior
is placed over the function space represented by this stochas-
tic process, by suitably selecting a covariance function. Given
measured function values at sample locations, kriging then
proceeds to estimate the parameters of the covariance func-
tion (and any others pertaining to the random process). Using
such values a prediction of the response variable can then be
made for a new sample point, typically using MAP or ML in-
ference. This basic approach is still popular in many tasks of
spatial data analysis.

Even though parameters are estimated in this approach, it
is important to note that kriging is fundamentally a memory-
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based technique, since the estimated parameters only describe
the underlying covariance function of a stochastic process.
Thus, predictions of the response variable for new sample
points are conditionally dependent on the measured values
and their sample points; by unrolling the effect of the pa-
rameters of the random process, we can directly express this
dependency.

Kriging is often motivated as a local modeling technique,
capable of approximating or interpolating functions with mul-
tiple local extrema, and generalizes well to applications ex-
hibiting anisotropies and trends. The stochastic prior is also
viewed as a mathematically elegant mechanism to impart any
available domain knowledge to the modeling technique. In
1989, Sacks et al. [Sacks er al., 1989] showed how krig-
ing can actually be used to model processes with determin-
istic outcomes, especially in the context of computer exper-
iments. The justification for modeling a deterministic code
as a stochastic process is often that even though the re-
sponse variable is deterministic, it may ‘resemble the sam-
ple path of a suitably chosen stochastic process’ [Sacks et
al., 1989]. Alternatively, using a stochastic process prior can
be viewed as a Bayesian approach to data analysis [Sivia,
19961, and this is the idea emphasized by most recent com-
puter science research in Gaussian processes [Gibbs, 1997,
Rasmussen, 1996]. The stochastic process can be suitably
formulated to ensure that the model reproduces the same re-
sponse value for repeated invocations of a given sample input
(i.e., absence of random error). For instance, the Gaussian
prior can be chosen so that the diagonal entries of the covari-
ance matrix are 1, meaning that the model should interpolate
the data points.

In the recent past, Gaussian processes have become popu-
lar in the statistical pattern recognition community [MacKay,
1997] and graphical models literature [Jordan (ed.), 1998].
Neal established the connection between Gaussian processes
and neural networks with an infinite number of hidden
units [Neal, 1996]. Such relationships allow us to take tradi-
tional learning techniques and re-express them as imposing a
particular covariance structure on the joint distribution of in-
puts. For instance, we can take a trained neural network and
mine the covariance structure implied by the weights (given
mild assumptions such as a Gaussian prior over the weight
space). Williams motivates the usefulness of such studies and
describes common covariance functions [Williams, 1998].

Williams and Barber [Williams and Barber, 1998] describe
how the Gaussian process framework can be extended to clas-
sification, where the modeled variable is categorical. Essen-
tially, the idea is to (i) use a logistic function to conduct tradi-
tional Gaussian regression modeling, and (ii) adopt a softmax
function to bin the logistic output into a given set of classes.
This means that the logistic function uses a “latent variable”
as input in its computation, since its values are not provided
by the dataset.

4 Gaussian Processes for Spatial Aggregation

SAL programs construct multi-layer spatial aggregates based
on specified local adjacency relations, similarity metrics, and
consistency checks. We describe here how to capture the
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Figure 3: Modeling the reversal of gradients in a 1D field us-
ing Gaussian processes. (top) Original field. (bottom) Given
measured values of gradient vector angles at specific data
points (blue), the model posits that the conditional distribu-
tion of the angle at unseen data points is a Gaussian (shown
in red).

qualitative behaviors of such aggregates using Gaussian pro-
cesses. The essence of a Gaussian process is its covariance
structure, so we focus on determining covariance structures
in a SAL program. For example, in the two-layer SAL pro-
gram of Sec. 2, the parameters (r, 6, d) impose a covariance
structure by specifying the reach of the neighborhood graph,
enforcing the similarity of angles in the vector field, and pe-
nalizing for the distance at decisions involving junctions.

4.1 Covariance Structure

We now describe how to model the covariance structure of a
given SAL program. We give the mathematical framework
for the case of mining a 1D field to determine if there is a re-
versal of gradient as we move along the spatial dimension, but
essentially the same machinery applies to two and higher di-
mensional spaces. The basic problem is one of classifying 1D
points to determine the qualitative structure of same-direction
flows. Fig. 3 (top) depicts the given input field along the x di-
mension. As is shown, the field consists of unit vectors with
different orientation. The Gaussian process approach is first
to model an underlying regressed variable and then to use a
logistic or softmax function to bin the output into classes. In
our application, the regressed variable represents the gradient
and can be simply summarized as the angle of unit vector ori-
entation y in Fig. 3 (top). In other applications, the regressed
variable could be an unobserved ‘latent’ variable. In either
case, it is modeled as a function f of the input z.

First, assume f to be a Gaussian process on x, meaning that
the conditional probability distribution of y given a value of
is a Gaussian. For instance, Fig. 3 (bottom) depicts measured
values of y superposed with distributions of ¥ at two unseen
points. A covariance structure among the y values could, for
example, capture the intuition that adjacent values of y should
agree more than distant values. The goal of modeling is to
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determine the extent and stringency of this neighborhood re-
lation — one of the defining parameters of a SAL program.
Specifically, we posit a process such as:

f(x) =a+Z(z) 1)

The idea then is to estimate a model f/ of the same
form as f, on the basis of a given set of k observations
{(z1,v1), (x2,y2), - - -, (Tk, yr)}. A typical choice for Z in
f’ is a random process with zero mean and covariance o2 R,
where scalar o2 is the estimated variance and R is a matrix
that captures the correlation between the inputs (i.e., the given
locations). Notice that even though the input is one dimen-
sion, the size of R depends on the number of locations for
which gradient measurements are available. The above model
for f also includes the constant term «; this can be estimated
based on the & observations, or we can substitute more com-
plex terms (e.g. linear), or even omit it altogether.

The functional form of R (including its parameterization)
in effect defines the stochastic process and must be carefully
chosen to reflect the underlying data’s fidelity or any domain-
specific assumptions about local variation. The parameters of
the process are then estimated using multidimensional opti-
mization involving a suitable objective function. For instance,
given the following form for R:

R(ws,25) = eploemmil® @)

the problem reduces to estimating p from the given data.
Notice that this formulation for R implicitly enforces that
the model exactly interpolate the given data points, since
R(z;,x;) = 1. A common objective function for estimating
p is to minimize the mean squared error (MSE), E{(f'— f)?}
between f and f’. The p that minimizes MSE is given by the
solution to the optimization problem:

p

max (-%(m o? +1n |R|)) 3)

where R is the symmetric correlation matrix formed from R.
For a new sample point x4 1, a prediction for the regressed
variable is given by:

flapn) = &+ " (@) Ry — aL) )

where r is the correlation vector between the response at x4 1
and all the other k& points (derived from R), Iy is the identity
vector of dimension k, and & is the estimate of « given by:

&= (R 'IgRy (5)
The variance in the estimate is given by:

2 _ (y—al) "R (y — aly)
o7 = (6)
k

In this case, the optimization is one-dimensional due to the
presence of the single parameter p. With a different param-
eterization, we will employ multi-dimensional optimization
over the entire set of hyperparameters. When dimensional-
ity is large, the hyperparameters are estimated using MCMC
methods. Once such a modeling is complete, as discussed in
the previous section, we can relate a categorical class variable
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to y using softmax functions. For instance, the reversal of the
gradient in Fig. 3 can be captured by first using the Gaussian
process model to make predictions of the gradient at untested
points and then determining if (and where) a zero crossing
occurs.

The above equations extend naturally to a 2D case such as
that described in Sec. 2. The covariance prior has to be suit-
ably parameterized and we also have the option of taking into
account any interactions between the two dimensions (both
linear and nonlinear).

4.2 Modeling Many Layers

When SAL programs consist of many layers, we need to de-
velop a sequence of Gaussian process models, each with a
suitable covariance function, which can then be superposed
to yield a composite covariance function. Recall that while
one could simply assess the covariance of the output field for
sample values of the parameters and a given input field, the
real purpose of a Gaussian process model is to express the co-
variance of the output as a function of the characteristics of
the input. This is the key property that allows reasoning about
closing the loop and selecting optimal samples. In addition,
Gaussian process models help capture the randomness inher-
ent in some of SAL’s computations, e.g. non-determinism in
labeling, and variations due to how ties are broken for aggre-
gation purposes. Refer again to Sec. 2 for an example of the
types of operations that the covariance model must capture.

At the very bottom of the hierarchy is the input data field.
For applications characterized by expensive data collection
(as in the introduction), it can be advantageous to start with a
sparse set of sample data. The Gaussian modeling approach
to regression is ideal for creating surrogate representations of
data fields from such a sparse dataset. That is, given a sparse
set of samples, interpolate a dense field satisfying those val-
ues and incorporating any appropriate domain knowledge, as
discussed above regarding kriging. Such surrogate functions
can then been used as the starting points for qualitative anal-
ysis [Bailey-Kellogg and Ramakrishnan, 2001].

The operators in a SAL level deal with both locality (which
object locations are close to which other ones, as encapsu-
lated in a neighborhood graph) and similarity (which object
features are close to which other ones, as encapsulated in met-
rics and predicates). For instance, in the example of Sec. 2,
two points are assigned to the same pocket if they are spa-
tially proximate and their flows converge. Here the Gaussian
process is classification (or more generally, density estima-
tion). A popular covariance structure for an n-dimensional
input field captures locality:

R(z® 20y =¢]] empile =21 @)
=1

where the expression relates the function values at positions
2*) and (. If € [0, 2], then the covariance function will
be positive definite, satisfying the normalization constraints
of a posteriori inference.

To see how to capture similarity, consider when two sam-
ple locations are classified into the same trajectory in Sec. 2.
In addition to being spatially proximate (as inferred by SAL’s
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Figure 4: A 2D pocket function.

neighborhood calculations), the underlying vector fields must
also be similar in direction. Expressing the covariance in
terms of position alone can cause the resulting estimated hy-
perparameters to be misleading or difficult to interpret, as
their effect is confounded with the underlying vector field.
One solution is to artificially inflate the dimensionality, so
that position and direction fogether describe the data. Besides
increasing the dimensionality, this approach spells trouble for
estimation using MCMC methods since significant portions
of the sample space will remain unsampled and it would be
difficult to assess their effects on the minimized functional.
An alternative solution is to use the fact that the vector field
is itself a surrogate and add a term to the covariance outside
the above structure, capturing the contribution due to similar-
ity in the vector field. We place a Gamma prior on this term
with a shape parameter that ensures that its role is secondary
to the covariance structure on position (directional similar-
ity alone is not enough for high covariance at the output; the
sample locations also must be spatially proximate). This is
recognized in the statistics community as a hierarchical prior
and described in detail in [Neal, 1997].

5 Experimental Results

In order to test our approach, we studied de Boor’s pocket
function (see Fig. 4):

aX) = COS(;T <1+|$i|>>—2
(X)) = [ X—0.51|
p(X) = aX)(1-*(X)(3 - 26(X))) +1

where X is the n-dimensional point (z1, z2, - - -, 2, ) at which
the pocket function p is evaluated, I is the identity n-vector,
and || - || is the Lo norm. This function exploits the fact that
the volume of a high dimensional cube is concentrated in its
corners and p is designed so that it has a “dip” in each corner.
It embodies many aspects of datasets like those encountered
in the wireless simulation study, including multiple local ex-
trema, non-systematic variation in the location of the pockets,
and regional variation. The pocket function is also important
as a benchmark for high-dimensional data exploration, where
the goal is to identify the most interesting regions of the de-
sign space without necessarily conducting a (costly) global
optimization over the entire design space. Data mining pro-
grams are hence required to identify the most promising re-
gions using as few function evaluations as possible.
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Figure 5: Modeling a SAL program to mine pockets in gradient fields. (a) Variation in number of pockets mined by the SAL
program for various values of (7, 6). (b) Covariance contribution in z dimension for various values of (r,6). (c) Covariance
contribution in y dimension for various values of (r, #). In all charts, r varies by group and 6 varies within group.

A SAL program to identify the number of pockets starts
with some samples of the pocket function. The lowest level of
modeling involves a kriging interpolation over a uniform grid
(we chose size 13" for testing). Then the approach of Sec. 2 is
applied to the gradient vector field of this scalar field: the sec-
ond level bundles points into curves, and the third aggregates
these into flows. Each convergent flow represents one pocket.
One could mine the covariance structures for each layer sep-
arately; we unfold these mappings here to obtain a single co-
variance structure summarizing all three layers. This is be-
cause the structure (esp. the contributions of each dimension)
is easiest to interpret in terms of the original spatial field.

We conducted a parameter sweep over (7, 6, d) as:

roe {1,v2,15v3,2}
6 € {0.7,0.8,0.85,0.9,0.95}
d € {0.01,0.02,0.03,0.04,0.05}

and used Neal’s Bayesian modeling software [Neal, 1997] to
construct Gaussian process classifiers for the flow classes.
Covariance contributions in the p terms (Eq. 7) from both
the dimensions was estimated using hybrid Monte Carlo (ag-
gressive schemes to evolve the system state by adding higher
order terms). This procedure uses a leapfrog scheme to sup-
press random walk behavior by selective iteration between
Gibbs sampling scans and latent value updates.

Our results indicated a strong positive correlation between
the x and y covariance contributions, bringing out the sym-
metry in the underlying SAL computations. The number of
pockets mined was constant across the values of d (other pa-
rameters fixed), and one of the goals of our study was to de-
termine if this negligible effect of d is captured in the covari-
ance structures. (The effect of d would actually be more pro-
nounced in other spatial fields but not so much in the pocket
function due to the inherent symmetry.) Parameters r and
0 produced the most variation in the covariance contributions
with # = 0.95 causing an abrupt jump in the number of mined
pockets. This is due to the rather stringent limit imposed on
vector similarity arising from the nonlinearity of the cosine
metric. Fig. 5 summarizes the results for a 2D pocket func-
tion, where we have averaged the covariance contributions
across all ds, for given r and 6.

As the number of pockets increases (Fig. 5(a)), the co-
variance contributions increase (Fig. 5(b,c)) approximately
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quadratically. In other words, as the underlying latent func-
tion varies rapidly along the given dimensions, we cannot
stray “too far” away from a given sample point when mak-
ing predictions at test points. The reciprocal of the covari-
ance scale term is often referred to the characteristic length
of a dimension. This gives an estimate of “how far” a given
dimension’s effect holds. When only four pockets are mined,
the characteristic length is about 1, meaning pockets occupy a
width of 1 x 1 (exactly one fourth of the total space). As more
pockets are mined, the characteristic length drops to about
0.4. It is also interesting to note that the abrupt jump in the
number of pockets for # = 0.95 is reflected by a similar in-
crease in the covariance contributions for this value. Essen-
tially, vector and edge directions have to be so similar that few
long “runs” can be aggregated as streamlines. This brings out
the capability of the Gaussian process approach to capture the
essentials of a spatial aggregation algorithm.

6 Discussion

This paper has demonstrated a novel Gaussian process ap-
proach to modeling the qualitative behavior of SAL pro-
grams; in contrast to much of the literature where Gaus-
sian processes are used for pattern classification and regres-
sion [Rasmussen, 1996; Gibbs, 19971, our work takes existing
data mining algorithms and recasts them in terms of Gaussian
priors. To the best of our knowledge, this is the first study
to completely model a qualitative data mining algorithm in
terms of a process framework, summarizing the transforma-
tion from data to higher-level aggregates. This is an impor-
tant step in firmly establishing a probabilistic basis for spatial
aggregation computations. The modeling undertaken here,
while expensive, is justifiable for studies such as the wireless
system characterization described in the introduction.

There are several immediate gains from the work presented
here; due to space limitations we only mention them briefly.
First, the Gaussian process model can characterize experi-
mental design criteria such as entropy as a functional w.r.t. the
input space, allowing us to use the mined covariance struc-
ture to focus sampling at the most informative points (e.g.,
see [Bailey-Kellogg and Ramakrishnan, 2001]). It is impor-
tant to note, however, that the approach taken in [Bailey-
Kellogg and Ramakrishnan, 2001] only addresses the lowest
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levels of a hierarchy and is unable to reason about higher-
level, more abstract processes of redescription and aggrega-
tion as is done here. Second, Gaussian process models al-
low us to study the effects of different SAL parameters for a
given class of datasets, e.g. the inference above of the neg-
ligible role of d in the mining process. Finally, it allows us
to take algorithms that function in differing ways (and using
different sets of parameters) and places them on a common
footing, namely the language of covariance structures. This
means that we can reason about the applicability of different
algorithms by studying the constraints they impose on spatial
locality and field similarity.

Gaussian processes have recently been linked to kernel-
based methods, as used in support vector machines [Cristian-
ini and Shawe-Taylor, 2000]; we intend to explore this con-
nection in future work. Kernel-based methods are attractive
in their promise to overcome the curse of dimensionality by
the use of nonlinear projections, a facet that is of critical im-
portance for mining data from large parameter sweeps. As the
need for data mining in computational science gains promi-
nence, process models will be crucial to achieve effective uti-
lization of data for mining purposes.
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Abstract

In this paper we describe a case study in which we
applied an approach to qualitative machinelearning
to induce, from system’s behaviour data, a qual-
itative model of a complex, industrially relevant
mechanical system (a car wheel suspension sys-
tem). The induced qualitative model enables nice
causal interpretation of the relations in the mod-
elled system. Moreover, we also show that the
qualitative model can be used to guide the quantita-
tive modelling process|eading to numerical predic-
tions that may be considerably more accurate than
those obtained by state-of-the-art numerical mod-
elling methods. Thisidea of combining qualitative
and quantitative machine learning for system iden-
tification is in this paper carried out in two stages:
(1) induction of qualitative constraints from sys-
tem’s behaviour data, and (2) induction of anumer-
ical regression function that both respects the qual-
itative constraints and fits the training data numer-
ically. We call this approach Q2 learning, which
stands for Qualitatively faithful Quantitative learn-

ing.

1 Introduction

It is generally accepted that qualitative models are easier to
understand and reason about than quantitative models. Qual-
itative models thus provide a better basis for the explanation
of phenomenain a modelled system than numerical models.
In this paper we describe a case study in which we applied
an approach to qualitative machine learning to induce, from
system’s behaviour data, aqualitative model of acomplex, in-
dustrially relevant mechanical system (acar wheel suspension
system). The induced qualitative model enables nice causal
interpretation of the relations among the variables in the sys-
tem. Thisis precisely as one would expect from a qualitative
model. More surprisingly, however, we also show in this case
study that the qualitative model can be used to guidethe quan-
titative modelling process that may lead to numerical predic-
tions that are considerably more accurate than those provided
by state-of-the-art numerical modelling methods.

Thus the main message of this paper is that a combination
of methods for qualitative and quantitative system identifica-
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tion has good chancesto attain significant improvements over
numerical system identification techniques, including tech-
niques of numerical machine learning methods, such as re-
gression trees [Breiman et al., 1984] and model trees [Quin-
lan, 1992]. The potential improvements are in two respects:
first, the predictionsare qualitatively consistent with the prop-
erties of the modelled system, and in addition they are also
numerically more accurate.

This idea of combining qualitative and quantitative ma-
chinelearning for systemidentificationisinthis paper carried
out in two stages. First, induce qualitative constraints from
system'’s behaviour data (training data) with program QUIN
(overviewed in Section 3). Second, induce a numerical re-
gression function that both respects the qualitative constraints
and fits well the training data numerically (called Qualitative
to Quantitative transformation or Q2Q for short, described in
Section 4). We call this approach (2 learning, which stands
for Qualitatively faithful Quantitative learning. To underline
the importance of qualitative fidelity, we illustrate in Section
2 some problems that numerical learnerstypically havein re-
spect of qualitative consistency. In Section 5 we present the
case study in applying Q? to the chosen problem of modelling
car suspension.

Thereare several approachesto learning qualitative models
from numerical data that may support aternative approaches
to Q? learning. These include the program QMN [DZeroski
and Todorovski, 1995], QSI [Say and Kuru, 1996], SQUID
[Kay et al., 2000], and QOPH [Coghill et al., 2002].

2 Qualitativedifficulties of numerical learning

Consider a simple container of cylindrical shape and adrain
at the bottom. If we fill the container with water, the wa-
ter drains out. Water level monaotonically decreases, until it
reaches zero. Suppose we fill the container with water, and
measure initial outflow &, = ®(t,) and the time behaviour
of water level h(t). Since thisis a rather simple behaviour,
one would naturally expect that machine learning techniques
should be able to fairly well predict time behaviour of water
level if enough learning examples are given. Quite surpris-
ingly, even in such simple cases, the usual numerica pre-
dictors can give strange and qualitatively unacceptable pre-
dictions. We illustrate the problems with a simple experi-
ment, using well-known techniques for numerical prediction:
model trees and locally weighted regression.

QUALITATIVE REASONING
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Figure 1: M5 predictions of water outflow: empty circles are
M5 predictions of level h(t) on atest set with &, = 7.5.
Other dots are the the learning examples. Note that M5 pre-
dicts that water level increases at time t=10.

In our experiment we used container outflow simulation
data to evaluate how different numerical predictorslearn the
time behaviour of water level. The outflow from a container
is ®(t)=c+/h(t), where c is a parameter depending on the
area of the drain. For the simulation we used Euler integra-
tion h(t + At) = h(t) - ®(t)At, where A¢=0.1 seconds and
¢=1.25. We used six example sets, generated with different
initial water levels and initial outflows ®,=5 + ic, i=1, .., 6.
An example set has 20 examples (¢, h(t), @) corresponding
to 19 seconds of simulation.

We used the Weka [Witten and Frank, 2000] implemen-
tations of locally weighted regression [Atkeson et al., 1997]
(LWR, for short), and M5 regression and model trees [Quin-
lan, 1992] to learn the time behaviour of level given theinitial
outflow, i.e. h(t)=f(t, ®o). One example set was used as a
test set and other five sets (100 examples) for learning. When
the test set was the set with ®,=7.5, M5 with the default pa-
rameters induced a model tree with 9 leaves. Figure 1 shows
the learning examples and the M5 prediction of level h(t) on
atest set. Note that M5 predicts that water level increases at
time t=10. The same happens if we change the pruning pa-
rameter. Thisis of course qualitatively unacceptable as water
level can never increase. Also, there are no learning examples
where water level increases.

One might think that this is an isolated weird case or M5
bug. But it is not. LWR makes a similar qualitative error
on the test set with ®, = 11.25, when it predicts that water
level increases at t=5. Of course, LWR predictions depend on
its parameter k, i.e. the number of neighbors used, but often
the appropriate k that doesn’t give qualitative errors on one
container, gives qualitative errors when learning from similar
data but with different area of the drain. Often, the errors
are even more obviousif we make predictions at the edges of
the space covered by learning examples, i.e. using as test set
®y = 6.25 or &g = 12.5. As one would expect, regression
trees make similar qualitative errors.

We believe that other numerical predictors make similar
qualitative errors, at least in more complex domains. This
might be quite acceptable in applications where we just want
to minimize numerical prediction errors. But often it is aso
important to respect qualitative relations that are either given

QUALITATIVE REASONING

<0 >0 <0 >0

Figure 2: A qualitative tree induced from a set of examples
for thefunction Z = X2 — Y2. Therightmost leaf, applying
when attributes X and Y are positive, says that Z is strictly
increasing in its dependence on X and strictly decreasing in
its dependenceonY'.

in advance or hidden in the data. Ignoring them results in
clearly unrealistic predictionsthat a domain expert would not
approve. The idea of this paper is to use such qualitative re-
lations, either given or induced from data, not only to avoid
qualitatively incorrect predictions, but also to improvethe ac-
curacy of numerical prediction.

3 Qualitative data mining with QUIN

QUIN (Qualitative Induction) is a learning program that
looks for qualitative patterns in numerical data [Suc, 2001;
Suc and Bratko, 2001; 2002]. Induction of the so-called qual-
itative treesis similar to induction of decision trees. The dif-
ference is that in decision trees the leaves are |abelled with
class values, whereas in qualitative trees the leaves are la-
belled with what we call qualitatively constrained functions.

Quialitatively constrained functions (QCFs for short) are a
kind of monotonicity constraints that are widely used in the
field of qualitative reasoning. A simple example of QCF is:
Y = M*(X). Thissaysthat Y isamonotonically increasing
function of X. In general, QCFs can have more than one ar-
gument. For example, Z = M+~ (X,Y) saysthat Z mono-
tonically increases in X and decreases in Y. We say that
Z is positively related to X and negatively related to Y. If
both X and Y increase, then according to this constraint, Z
may increase, decrease or stay unchanged. In such a case, a
QCF cannot make an unambiguous prediction of the qualita-
tivechangein Z.

QUIN takes asinput aset of numerical examplesand looks
for qualitative patterns in the data. More precisely, QUIN
looks for regions in the data space where monotonicity con-
straintshold. Such aset of qualitative patternsare represented
in terms of a qualitative tree. Asin decision trees, the inter-
nal nodesin a qualitative tree specify conditions that split the
attribute space into subspaces. In a qualitative tree, however,
each leaf specifies a QCF that holds among the input data that
fall into that leaf. For example, consider a set of data points
(X,Y,Z) where Z = X2 — Y2 possibly with some noise
added. When QUIN is asked to find in these data qualitative
constraintson Z as afunction of X and Y, QUIN generates
the qualitative tree shown in Figure 2. Thistree partitionsthe
data space into four regionsthat correspond to the four leaves
of thetree. A different QCF appliesin each of theleaves. The
tree describes how Z qualitatively dependson X and Y.

QUIN constructs a tree in the top-down greedy fashion,
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similarly to decision tree induction algorithms. A more elab-
orate description of the QUIN algorithm and its evaluation
on a set of artificial domains is given elsawhere [Suc, 2001;
Suc and Bratko, 2001]. QUIN has been applied to qualitative
reconstruction of human control strategies [Suc, 2001], and
to reverse engineer a complex industrial controller for gantry
cranes [Suc and Bratko, 2002].

4 Q2Q transformation

In this section we describe the qualitative-to-quantitative
transformation (Q2Q for short). Given aset of numerical data
and aqualitative tree, Q2Q attemptsto find aregression func-
tion that fits the data well numerically, and also respects the
gualitative constraints in the tree. We say that such a regres-
sion function is qualitatively consistent. In fact, Q2Q finds a
qualitatively consistent regression function with good fit for
each leaf in the tree separately. The overall regression func-
tion is then obtained by gluing together the regression func-
tionsfor the leaves.

The Q2Q procedure is as follows. First, we partition the
learning examples according to the leaves of the qualitative
tree. These subsets are then used for learning qualitatively
consistent functions of the correspondingleaves. Let usfocus
on learning a qualitatively consistent function for some par-
ticular leaf. Suppose we have aleaf with the qualitative con-
straint y=M* (). We then have to find some monotonically
increasing function that fits the data well. One straightfor-
ward solution, used in Q2Q, isto divide the range of variable
x with a number of equidistant points (i.e. {z1,z2,...,z,})
in which we learn from the given data the function values y.
Theresultisaset of pairs {(z1,41), ..., (n, yn) } that defines
a piece-wise linear function which can be easily checked for
compliance with the given qualitative constraint. This proce-
dure can be generalized to qualitative constraints of any di-
mension.

In our implementation the function values y; were deter-
mined with a standard version of locally weighted regression
(LWR) [Atkeson et al., 1997], which used Gaussian weight-
ing function. Therefore, the two parameters of the transfor-
mation were the number of equidistant points per dimension
(V€ {3,4,5,6}) and the kernel size of the Gaussian weight-
ing function (K € {0.3,0.4, ..,0.8}). All possible combina-
tions of these two parameters (4*6=24) define the space of
all candidate piece-wise linear functions for each leaf. These
sets of candidate functions are exhaustively searched by Q2Q
to find functionsthat satisfy given qualitative constraints. For
each leaf, Q2Q selects among these qualitatively consistent
piece-wise linear functions one that has best fit with the data
that fall into thisleaf. Quality of thefit is measured with root
mean squared error, RM S E for short. It istheoretically pos-
sible that none of the candidate functionsis qualitatively con-
sistent with the QCF in the leaf. In such a case the Q2Q pro-
cedure would fail to find a qualitatively consistent regression
function. Although in our experiments this never happened,
we are working on an improved version of Q2Q that is guar-
anteed to find a qualitatively consistent regression function.
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Figure 3: Intec wheel model: wheel position is given by «,
y and z coordinates of the wheel center, and rotation angles
about axes z, y and z, called enforced wheel-spin angle ~,
camber 5 and toe angle «, respectively. These are affected
by horizontal forces F, and F, elevation of the road R and
rotational moment M, that act upon the tyre.

5 Intec case study

5.1 Intec whed model

In this section we present an application of Q2 learning to the
modelling of car wheel suspension system. This is a com-
plex mechanical system of industrial relevance. The model
and simulation software used in this experiment were pro-
vided by a German car simulation company Intec. The main
role of the application in this paper is to provide a controlled
experiment to assess the potentials of ()2 learning on a mod-
eling problem of industrial complexity. However, although
the target model was already known and developing such a
model was not an issue of practical relevance, initialy this
case study was nevertheless motivated by a practical objec-
tive. Namely, the complexity of Intec’s model is so high that
it cannot be simulated on the present simulation platform in
real time. Therefore the practical objective of the application
of % learning was to speed up the wheel simulation. The
goal thus was to obtain a simplified wheel model that would
still be sufficiently accurate and at the same time significantly
simpler than the original model to allow real-time simulation.
Indeed, the simplified model obtained with Q2 is computa-
tionally trivial compared with the original model.

The Intec wheel model (shown in Figure 3) isamulti-body
model of a front wheel suspension built in compliance with
the physical model assuming no car-body movement and no
wheel-spin. In fact, the suspension system is modelled as if
the car-body is fixed. Wheel position is given by z, y and z
coordinates of the wheel center. Because the flexiblejointsin
multi-body suspension system that links the wheel to the car-
body allow several levels of displacements, rotation angles
about axes z, y and z are also measured. These are called
enforced wheel-spin angle +, camber 8 and toe angle «, re-
spectively.

The multi-body simulation software Simpack [Intec, 2002]
was used to set up the model and to generate simulation
traces. During simulation, a number of elements are act-
ing upon the tyre: two horizontal forces F', and F,, vertical
movement (measured as elevation of the road R) and rota-
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Figure4: A typical simulation trace of the Intec wheel mode:
theinput variablesare on the upper graph, the output variables
(except z that changes the same as road R) are on the lower
graph. z-axisistime in steps dt=0.7 seconds. Note the com-
plex behaviour of the output variables resulting from changes
in F, and road R.

tional moment M .. For example, F, is acting upon the tyre
when braking, F,, when driving through corners (centripetal
force) and rotational moment A, when parking the car.
During the simulation, input and output variables are
logged to a file called simulation trace. We used traces of
wheel simulation with different trajectories of input vari-
ables. Each trace lasted for 70 seconds, and was sampled
with dt=0.7 seconds. In this way atrace gives 100 examples,
each example contains 10 values, corresponding to the values
of four input and six output variables at a given time. Figure
4 shows atypical simulation trace. It should be noted that all
these traces correspond to very slow changes of input vari-
ables, and as aresult the traces are illustrative mainly of the
kinematics of the mechanism, but not also of its dynamics.

5.2 Details of experiments

The experiments reported in this paper were done using a
black-box approach. We did not use any knowledge of the
model. The simulation traces were provided by our part-
ners from Czech Technical University in the European project
Clockwork.

Inall the experimentswe used 7 traces for learning with the
same road profile asin the trace of Figure 4. Inthefirst learn-
ing trace all other three input variables were zero. In the next
three traces two of the other three input variables were zero
and one other variable (£, ,F, or M) was changing. Figure
4 shows one such trace. The remaining three traces were sim-
ilar, but the trgjectory of the changing variable was different,
i.e. it first increased, stayed unchanged for 20 seconds, and
than slowly decreased to zero. Each trace gives 100 examples,
giving altogether 700 learning examples with 10 variables.

The task was to learn each of the six output variables as a
function of input variables. In this way we have six learning
problems, where an output variable is the class and the input
variables are the attributes. For example, angle o was |learned
asa=f(R,Fy,F,, M,).

The prediction accuracy was tested on 7 test traces. All the
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R <=0.001

M-+ -(R.Fx.Fy)| [M++-(RFx.Fy)

Figure5: Induced qualitativetree for 2 wheel center position.

test traces have the same road profile as the traces used for
learning, but different profiles of other three input variables,
i.e. Fy, F, and M. Inthefirst trace al of the three input
variables change similar as F, in the trace in Figure 4. This
trace was recommended as the most critical test trace by the
domain expert, who considered it far more difficult (al 4 in-
put variables change) than other 6 test traces where one or
two input variables were always zero.

5.3 Inducing a qualitative wheel model with QUIN

As described above, QUIN was used to induce a qudlita-
tive tree for each of the six output variables, where the input
variables were the attributes. All of the induced qualitative
trees had over 99 % consistency on the learning set of ex-
amples. We say that a QCF is consistent with an example
if the QCF's qualitative prediction of the dependent variable
does not contradict the direction of change in the example.
The level of consistency of a qualitative tree with the exam-
ples is the percentage of the examples with which the tree
is consistent. Consistency of 99% indicates that the induced
qualitative model fits the data nearly perfectly.

The simplest qualitative tree was induced for trandation in
the z-axis. Thistree only has one leaf with QCF z=M *(R).
This tree has a simple and obvious explanation. It says that z
changesin the direction of the road change. If road increases
then z increases, i.e. the wheel center moves upwards.

Quialitative trees for trandations in = and y axes are a bit
more complicated. Since they have similar explanations we
will present just the qualitative tree for z translations, given
in Figure 5. Note that = is measured in the opposite direction
asusudl, i.e. positive z meanswheel center movingin the di-
rection of car driving backwards. Both leaves of the tree have
the same qualitative dependence on F, and F,, but differ in
qualitative dependence on road R. The qualitative tree says
that « is positively related to force F), that acts in the direc-
tion of z. Obviously, wheel center position x changes (wheel
moves backward or forward) in the direction of force in z
direction. Second, « is negatively related to force F',. This
means that if we push the wheels together (we apply forcein
they direction), the wheelswill moveforward (z position de-
creasing). Thisisnot so obvious, but can be understood if we
consider the usual mechanics of wheel suspension. The qual-
itative dependence on road R is a bit more complicated. The
qualitative tree of Figure 5 saysthat x is negatively related to
R when R < 0.001. Otherwise x is positively related to R.
When R increases from its minimum to its maximum, = will
first decrease and than increase, i.e. the wheel center will first
move forward and than backward.

Rotations about axes x, y and z are measured by enforced
wheel-spin +, camber § and toe angle a, respectively. For
enforced wheel-spin v, QUIN induced a simple one-leaf tree
that says y=M —~*(R, F,, F,). Note that  changes in the
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Figure 6: Induced qualitative tree for toe angle a.

direction of the tyre rotation when driving forward. Consider

for example the dependence of  on force F', that is positive
during braking. Since~y isnegatively relatedto F',,, increasing
F, causes -~y to decrease, i.e. during braking enforced wheel

spin angle changes in the direction of the tyre rotation. For
camber angle # QUIN induced aqualitativetreethat issimilar
to qualitative trees for = and y trandations.

Thetoeangle «, i.e. therotation about z-axisis effected by
all input variables and is the most complicated. The induced
tree is given in Figure 6. We will omit explanation of this
qualitative tree, since it requires understanding of the flexi-
ble nature of the multi-body suspension system that links the
whesl to the car-body.

These qualitative trees give a good explanation of wheel
suspension system behaviour. Moreover, they provide aqual-
itative model of wheel suspension system that enables quali-
tative smulation. In this way, they enable to predict all pos-
sible qualitative changes of output variables over an arbitrary
time interval given qualitative changes of all or some input
variables. This qualitative model also enablesto improve nu-
merical predictions.

5.4 Qualitative correctness of numerical predictors

In this section weillustrate why )2 learning may have an ad-
vantage over the usual humerical predictors. Figure 7 shows
« predicted with M5 model tree, LWR and LWR with opti-
mized parameters, on the most critical test trace, where all
the input variables are changing simultaneously. The figure
shows that both M5 and LWR sometimes make large errors.
Moreover these errors are not only numerical, but also qual-
itative. Consider for example the LWR predictions at the be-
ginning of the trace. Here the predicted « is decreasing, but
the correct « is increasing. This error could be avoided by
considering the induced qualitative tree for « given in Fig-
ure 6. Since at the beginning of the test trace road R is near
zero and increasing, and all other input variables are zero, the
second leftmost leaf of the qualitative tree applies. Its QCF
a=M*""(R, F,, M) requiresincreasing a sinceroad R is
increasing.

As can be observed in Figure 7, M5 and LWR often make
gualitative errors. Q2 predictions are qualitatively correct.
The use of (induced) qualitative model enables Q2 to better
generalizein the areas sparsely covered by the training exam-
ples, resulting in better numerical accuracy.

5.5 Numerical accuracy of theinduced models

Here we compare the numerical accuracy of the Wekaimple-
mentations of LWR, M5 model treesand 2 learning. All the
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Figure 7. LWR, LWR with optimized parameters, M5 and
Q? predictions of « on the most critical test trace. With each
method, a at time step ¢; (on x-axis) was predicted according
to the values of input variables at time¢; in the test trace.
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Figure 8: Comparing accuracy (measured with RM SE) of
Q? and LWR with optimized parameters: the left graph com-
pares RM SE on the most difficult test trace and the right
graph shows RM S E on the remaining test traces.

methods learned from 7 learning traces (also used for learn-
ing of qualitative trees) and were tested against 7 test traces
described in Section 5.2. The test results are divided in two
groups. The first group consists of results on a single test
trace. This trace was recommended as the most critical test
trace by the domain expert, who considered it far more diffi-
cult (al 4 input variables are changing simultaneously) than
the 6 test tracesin the second group.

Learning of qualitatively consistent functionsin the leaves
was performed as described in Section 4. The best fitting re-
gression functions were then taken and glued together into
the overall induced numerical model. We compared the ac-
curacy of our Q2 method with LWR and M5. The parame-
ters of LWR were optimized for each output variable («, /3,
...) accordingto the RM S E criterion, through internal cross-
validation on the training set. When experimenting with M5,
we noticed that it was grossly inferior both in terms of qual-
itative acceptability as well as numerical error. Attempts at
optimizing M5's parameters did not help noticeably.

Figure 8 gives the prediction accuracy for variables «, 3,
x and y. The predictions of the remaining variables v and z
were not much affected by qualitative constraints. Theresults
on the most difficult test trace (left graph in Figure 8) show
that even our simple Q2Q method improves the numerical
prediction on all the variables (compared to LWR). Results
on the second test trace group are given on theright graph in
Figure 8. As these traces were more similar to the learning
traces, the improvement of ()2 over LWR is smaller.
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6 Discussion

In this paper weintroduced a new approach to machinelearn-
ing in numerical domains, which we call Q2 learning (quali-
tatively faithful quantitative learning). This combinesthein-
duction of qualitative properties from numerical data and nu-
merical regression that respects the induced qualitative prop-
erties. We showed by an experimental case study that @2
learning may lead to the following advantages compared to
the usual numerical learning:

(2) Induced modelstend to be qualitatively consistent with
the data and therefore have better chances to correspond to
the qualitative mechanisms in the domain of modeling. For
example, if the amount of water in a container is decreasing,
thelevel of water cannot beincreasing. Thisisimportant with
respect to the interpretation of induced models and explana-
tion of phenomenain the domain based on these models.

(2) Qualitative consistency of induced models with learn-
ing data also affects the accuracy of the model’s numerical
predictions. numerical accuracy may be considerably im-
proved. Thisisillustrated by the experimental resullts.

In respect of numerical prediction accuracy, in our case
study @2 overal outperformed all competing numerical
learners. Among these, locally weighted regression (LWR)
with optimized parameters (through internal cross validation
on the training set) performed best in terms of mean squared
error. However its performance may sharply degrade un-
der more difficult circumstances. Consider LWR-optimized
performance on the the most difficult test set (Figure 7).
It achieves excellent accuracy on the first part of this trace
which is similar to datain the training sets. LWR-optimized
accuracy there is actually better than that of Q2. However,
problemsbegin for LWR in the second part of thistracewhere
theinput variablesstart to deviate considerably from thetrain-
ing data, and LWR's predictive error increases sharply. Inthis
part of the trace, 2 manages to largely preserve qualitative
consistency with the true results, and maintains the numerical
accuracy at a comparable level as in the area densely popu-
lated by training examples.

LWR-optimized was the best among standard numerical
learners, and therefore our presentation of experimental re-
sults largely concentrated on comparison between Q2 and
LWR. The performance of M5 was grossly inferior both in
terms of qualitative acceptability as well as numerical error.
Optimizing M5’s parameters did not help noticeably.

It should be noted that qualitatively faithful regression as
carried out by the Q2Q program is actually inferior to LWR
as aregression method. Struggling to satisfy qualitative con-
sistency, Q2Q is limited to piece-wise linear regression with
a small number of linear segments. This numerical inferior-
ity of Q2Q usualy turns out to be more than compensated by
preserving qualitative consistency.

In this paper, qualitative constraints for Q2Q wereinduced
from training datawith QUIN. Alternatively, such constraints
can be defined directly by adomain expert. In such acase, the
()? learning can be viewed as an approach that enablesthe use
of expert’s qualitative knowledgein system identification.

Among the limitations of our realization of @2, the prim-
itive numerical regression method in Q2Q should be noted.
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This method allows sharp changesin variable val ues (discon-
tinuities in the variables' derivatives) at the borders between
leaves of a qualitative tree. Future work should include a
method for smoothing such discontinuities.
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Abstract nonMarkovian action theories in the situation calculus, as re-
o _ _ _ cently introduced ifGabaldon, 200R in a similar way as
A promising technique used in some planning sys-  [Lin and Reiter, 199}treat qualification state constraints. In

tems to improve their performance is the use of  these nonMarkovian action theories, the effects and precon-
domain dependent search control knowledge. We  ditions of actions are not assumed to depend solely on the
present a procedure for compiling search control  current situation, but on any past situation. This nonMarko-
knowledge, expressed declaratively in a logic, into  vian property of the theories allows an easier incorporation of
the preconditions of the plan actions (operators).  dynamic constraints into database specifications, a more nat-

We do this within the framework of the situation ural and concise axiomatization of nonMarkovian operations
calculus by introducing a transformation of non- like rollbackin transaction systems and other domains with

Markovian action theories into classical Markovian nonMarkovian properties. In this paper, we are concerned
situation calculus theories. with another problem where these theories are useful: incor-

porating search control knowledge by treating it as dynamic,
) qualification state constraints. Dynamic in the sense that they
1 Introduction may refer to the current and any past situation, as opposed

One of the strategies used in planning to mitigate the comto static state constraints which refer only to the current state.
plexity of the general problem is to employ some form of Moreover, they are understood as qualification constraints be-

domain specific knowledge to assist the search for a plarfause they pose further restrictions on the “executability” of
For instance, Hierarchical Task Network (HTN) planning actions. (We do not consider the use of these constraints for

systemd Sacerdoti, 1974; Wilkins, 1988; Eret al, 1994 expressing ramifications, i.e. indirect effects of actions.)

use domain specific procedural knowledge in the form of _Furthermore, we presenta transformation from nonMarko-
task decomposition methods. The forward-chaining planner4i@n action theories into Markovian ones. This transforma-
TLPlan[Bacchus and Kabanza, 2d0FALPlanner[Kvarn- tion takes an action theory with nonMarkovian axioms and

strom and Doherty, 2040and the SAT based planner SAT- by applying _regression steps and introducing qdditional flu-
Plan [Kautz and Sélman 19981se domain knowledge in ents and their corresponding successor state axioms, produces

the form of declarative constraints expressed in a logical lan@ ¢lassical Markovian theory as introduced Biter, 1991

guage. This strategy has been shown experimentally to yield/¢ then show how this transformation can be used for com-
remarkable improvements in performance. Both TLPlan andP"'”g search control knowledge into normal action precondi-

TALPlanner use control constraints expressed in the form ofONS- This nonMarkovian to Markovian transformation pro-

temporal logic formulas. These formulas are used to e“mg:edure is of independent interest. Toward the end we extend

inate plan prefixes which will lead to a suboptimal plan orthls approach for theories with explicit time and close with a
cannot be extended into a complete plan at all. discussion.

Most practical planning systems use STRIPS, ADL or ex-, _— .
tensions of these to describe actions and their effects. How< Formal Preliminaries
ever, the first formal specification of the classical planningin this section we give an overview of the situation calculus
problem, due tdGreen, 1968 was postulated in the lan- and the main definitions necessary for action theories without
guage of the situation calculd®cCarthy, 1963 The sit- the Markov assumption.
uation calculus has proven to be a very powerful formalism . .
and has been employed in the formalization of many differ2-1  The Situation Calculus
ent aspects of dynamical systems (see ¢Rgiter, 200}). The situation calculus is a first order logic language with
In this paper, we use the situation calculus as our formalhree basic components: actions, situations, and fluents. Ac-
framework and consider how to incorporate search contralions are responsible for all the changes in the world. Situa-
into action theories. Specifically, we show that control for-tions are sequences of actions which represent possible his-
mulas with a certain syntactic form can be incorporated intdories of the world. Fluents are properties of the world that
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change from situation to situation as a result of the execu- The set of formulastrictly boundedy o is similarly de-
tion of actions. Formally, the language has three saats:  fined by requiring in item (1) above that all situation terms of
tion, situationand fluent In addition to variables of these W be subterms of, in item (2) thati?’’ be strictly bounded
sorts, the language includes functions suchmase(z,y) by a subterm of” andW” by a subterm of; and in item (3)

to represent actions, a constafit and a functiondo(a, s) thatW,, W5 be strictly bounded by subterms f

for situations such ago(move(x,y), So), and predicates for Eyxample 1 Past temporal logic connectives can be expressed

representing fluents such aslocation(x,l,do(a,s)). The iy the situation calculus with strictly bounded formulas as fol-
initial situation, or empty history, is denoted by the constantqs:

So. Non-empty histories are built by means of the function def , , ,
do. For a complete description sé@irri and Reiter, 1999; 1. prev(e,s) = (3a).(3s" : do(a, s') = s) ¢(a, s)].
Reiter, 200]. . d:ef Js' - ¢’ A

A situation calculus axiomatization of a domain, includes 2- since(p, 92,5) = (3s ('Vi,u : ;,)Ep;ss[) s) 1(s").
the following set of axioms: -

. def
1. For each action functiom (), an action precondi- 3. sometime(p,s) = (35" : 5" C 5) p(s").

tion axiomof the form: Poss(A(z1,...,an),s) = 4. always(ep, s) def (Vs : 8" T s) p(s).
M4(xq,...,zn, s) Wheres is the only term of sort situ-
ationinIlg(xy,...,2n, ). NonMarkovian basic action theories differ from those which

include the Markov assumption in that preconditions and ef-
fects of actions may depend on any past situation, not only on
the current one.

2. For each fluenF'(Z, s), a successor state axioai the
form: F(x1,...,2n,do(a,s)) = Pp(z1,...,2n,a,S)
where s is the only term of sort situation in

> Hence the rhsll4(z1,...,z,, s), of action precondition
FFxl’ o dn, @ S)'. . . axioms in a nonMarkovian basic action theory are formulas
3. Unique names axioms for actions. For instancebounded by situation termwhich do not mention predicate
move(x,y) # pickup(z). Poss and may refer to past situations. Similarly, the rhs,
4. Axioms describing the initial situation of the world: a ®#(z1, ...,z a,s) of successor state axioms are formulas
finite set of sentences whose only situation term is thestrictly bounded bys.
constanty. 2.3 Regression

A set of these axioms, together with a set of domain indeor basic action theories with the Markov assumpt{®irri
pendent foundational axioms is called a (Markovianpasic  and Reiter, 1990define a provenly correcegressiommech-

action theory anism that takes a situation calculus sentence and, under cer-
22 A nonMarkovian Situation Calculus tain restrictions on the form of this sentence, transforms it
: into an equivalent sentence whose only situation ter$yis

For a basic action theory without the Markov assumption, weThis allows proving sentences without appealing to the foun-
need some definitions. These are based on thofBabal-  dational axiom< which include a second order axiom. This

don, 2002. . S ~_ regression operator was generalized for nonMarkovian theo-
We will use the following abbreviations in the definitions ries in[Gabaldon, 200R
to follow: In a nutshell, the regression operator, denoted by

R, takes a sentence and recursively replaces each flu-
, . def , b ent atom F(t, do(a, o)) by its definition according to its
(Vs:o'C o ~ o)W = (Vs)[(0' © 0" No" ~a) DW]  gyceessor state axiom, ie. byp(f,a,0). Atoms
where~ stands for either or = and variables appears in  Poss(A(t), do(a, o)) are similarly replaced by their defini-
o”. If ¢’ is Sy then we may writg(3s : ¢” ~ o)W and tions given by the action precondition axioms. Regression
(Vs : 0" ~ o)W instead. recursively replaces these atoms until all the situation terms

are reduced t&,. For lack of space we refer the reader to

Definition 1 (Bounded Formulas) For n > 0, let o be - . Riatd i
a termdo([a, ..., a,],\) rooted atA. The formulas of ][(E)I‘I:}:Ia?r(;itzﬁlster, 1999; Reiter, 2001; Gabaldon, Z002the

ﬁgtt?“‘c boundedby o are the smallest set of formulas such In the transformation operator we introduce later, we
' will use a one-step version of the regression operator:
1. If W is an atom whose situation terms are all rooted atR![W[do(a, o)]] stands for the regression of a sentence
A, thenW is bounded by. Wldo(a, o)] bounded bylo(«, o) that results in a sentence
2. If W,W" are formulas bounded by situation terms bounded by.

rooted ats and A\, respectively, therids : ¢/ C " ~ L
o)W and(Vs : o' © ¢” ~ o)W are formulas bounded 3 Control KnOWIedge and the Qualification

by o, wheres” is rooted ats andW = (=) (W' A W"). Problem

3. If Wy, W, are formulas bounded by situation terms As mentioned earlier, the use of search control knowledge
rooted at\, then—Wy, Wy A Wy and (Jv)Ws, where  has proven to be a promising recourse for improving the per-
v is of sortactionor object are formulas bounded by formance of planning systems. Both TLPIEBacchus and

3s:o'C o’ ~o)W of 3s)[e' T " Ao ~a ANW]
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Kabanza, 2000and TALPlannefKvarnstom and Doherty,
2004 use declarative control knowledge in the form of tem- (Vp, ¢, Loc)

p(r)(;atlarlrc])grllcjE and have shown substantial computational im- since(—inTruck(p, t), atObj(p, loc) A atTruck(t, loc), )
prov . 5

Since our goal is to compile search control into precon- _. :
ditions, we express control knowledge in terms of the past, since(atTruck(t, loc), atObj(p, loc) \ atTruck(t, loc), s)
not the future as it is done in TLPlan and TALPlanner (this Suppose that the action precondition axiom for
is further discussed in the last section). However, declarativeriveTruck(t,loc), driving a truck ¢ to a locationloc
search control knowledge is typically expressed in a futurds:
temporal logic and we believe that obtaining preconditions . ) _
from knowledge in that form is an important problem. In the POSS(dTZ’USTT ka(t’ loc), s) ; ,
last section we comment on how we are approaching this. (Floc’).atLoc(t, loc', s) Aloc’ # loc.

From the point of view of logical theories of action, suchas \We can add the control formula as a new con-
the situation calculus axiomatizations we discuss in this pajunct in the rhs after simply replacing with s* =
per, taking control knowledge into account is closely relate o(driveTruck(t, loc), s):
to the classicafjualification probleniMcCarthy, 1977. This
is the problem of determining all the conditions that need to Poss(driveTruck(t,loc), s) =
be satisfied for an action to be executable and control knowl-  (3loc’).atLoc(t,loc’, s) A loc" # loc A (Vp,t, loc).
edge is effectively a set of additional constraints on the exe- since(—inTruck(p, t), atObj(p, loc) A atTruck(t,loc), s*)
cutability of actions, i.e. on what actions can be considered B)
part of an executable plan. since(atTruck(t,loc), atObj(p, loc) A atTruck(t,loc), s*).

Lin & Reiter[1994 have considered the qualification prob-
lem for situation calculus basic action theories vgithte con-  Inthe next section, we introduce an operator which takes a ba-
straints which are formulas of the forifvs)Q(s), uniformin  sic action theory with such nonMarkovian axioms, and trans-
s. Their solution is to add the qualifications to the precondi-forms it into one with Markovian ones.
tion axiom of each action type:

4 Transforming a nonMarkovian Theory into
Markovian

wherellg = R'[Q(do(A(%), s))]. After adding the qualifi- |, order simplify the presentation, let us first make some sim-

cations to the precondition axioms, one can discard the conjitving assumptions on the form and the nesting of formulas
straints if two conditions are satisfied: all the state constraint n which we define the transformation.

hold initially, i.e. Q(So) holds for each; and the domain  Formaly, in reference to item (2) of Definition 1, we will
closure assumption on actions is included in the theory. assume that formulas are of the forms:
Control formulas are similar to state constraints in that they

Poss(A(Z), s) =Ia(Z, s) ANg,

pose additional qualifications on actions, but they are more (3s':s* C s T s) (Wis'] A

general since they may quantify over past situations. (Vs : 8" C 5" C s)Wa[s"]) @)
In the nonMarkovian situation calculus, successor state ax-

ioms and action precondition axioms can refer to past situa- (Vs':s" C ' Cs) (W] A 3)

tions in addition to the current situation. This permits con- (3" 18" C 8" C s)Wals"])

tro.l knoyvledge to be incorporateq into action preconditionyyhere all (if any) free variables df, are among the free

axioms in the same way Lin & Reiter do. FormallyGf(s)  variables of the full formula. Other combinations of quanti-

is a formula bounded by representing some piece of con- fiers and logical connectives reduce to these two cases. The

trol knowledge, we take this into account by adding it as anyestriction on the free variables Bf, does make the transfor-

additional precondition for actions: mation simpler. We treat the general case in the full version
= _ - - of this paper. Next, we restrict the nesting of formulas in the

Poss(A(®), s) = TLa(#, 5) A Cdo(A(@), 5))- - (1) following way. By definition,IW, must itself be of the form

Precondition axioms in nonMarkovian action theories allow(—)(W’ A W) whereW’ is bounded by” and W by s.

situation terms rooted at such asdo(A(Z),s) to appear We will restrictWW, by requiring it to be of the fornj—)1W’,

in their rhs, so we can add(do(A(Z), s)) directly without  i.e. without the conjunciV’”.

modification. By including the domain closure assumptionon Notice however that, even with this restrictions, arbitrary

actions, we are then guaranteed that a situation is executabiesting of the past temporal logic abbreviations (Example 1)

only if it satisfies the constraints. is still expressible.

The transformation performs a combination of regression

Example 2 (Logistics domain constraintConsider a con- and of replacement of formulas by new fluents:

straint from a logistics domain, which involves vehicles de-
livering packages to locations, saying that a truck must reDefinition 2 Lety be anlg;.q;. formula bounded by. We
main in a location if there is a package at that location andlefine a formulaM|y] obtained fromy recursively as fol-
it's never been in the truck (so it hasn't just been deliveredows. By Definition 1, formula must be of one of the follow-
and needs to be moved): ing forms:
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1. An atom whose only situation termss ThenM|y]
.

2. A formula of the form (2). ThenM([p] = P,(,s)
which is a new fluent with successor state axiom:

P,(Z,do(a,s)) = R Pw, (%2, do(a, s))] A
{]DV[/1 (fl, S) V P¢(f, S)}

where M[Wl] = ]DVV1 (fl, S) and M[WQ] =
PW2 (fg, S)
Initially, the new fluent is set to false, Ii.e.

(Vf)_‘P¢, (f, SQ) S DSU-

3. A formula of the form (3). ThenM([p] = P,(,s)
which is a new fluent with successor state axiom:

P,(Z,do(a, s)) = Pw, (Z1,5) A
{Rl[sz (527 dO(av 8))] v Pw(fa S)}

where M[Wl] ]DVV1 (fl,s) and M[WQ]

Py, (22, s) as before, and the new fluent is initially set

to true, i.e.(VZ) P, (&, Sp) € Ds,.

Theorem 1 Let ¢ denote a formula of the form (2) or (3) and
D, be the basic action theory obtained fr@nby adding the
fluents and axioms resulting from applying to ¢. Then,

Dy = (V)lp = Po(T, 8)]-

Now, we can apply the transformation to a nonMarkovianhandle theC's.

The result ofM on s is similar. Then the constraint be-
comes:

P, (p,t,loc,s) D Py, (p,t,loc,s).
Finally, we add the constraint to action precondition axioms:

Poss(A(Z), s) = a(Z,s) A
RY Py, (p,t,loc,do(A(F), s)) D Py, (p,t,loc,do(A(T), s))].

Example 4 (Closed form solution for a fluenonsider a
fluentF'(Z, s) and its closed form solutiofReiter, 2001:

F(Z,s)
F(Z,50) A—(3s1:s1 Cs){(3d,s).
do(da’,s') = s1 ANy (Z,d',8")} v
(3s1: 81 C 8){(3d’,8").do(d’, s") = s1 Ay (T, d', 8")A
(Vs2: 81 C 89 C 8).
~(3a”, 8").do(a", 5") = 55 A7 (0", ")}

(4)

Clearly, the rhs of the above sentence is formed by
F(&, Sp) and two formulas which are almost of the form (2).
The difference is in théC's immediately after the existen-
tial quantifiers on situations;, so, which would need to be
strict C to fit form (2), and the subformulas of the form
(Fd/, s")do(a’, ") = s. The latter will be simplified away.
Further, it is easy to modify the transformation on (2) to
In general, all we need to do is replace

action theoryD whose action precondition axioms have as anPyy, (%1, s) with R [Py, (Z1, do(a, s))]. However, in this ex-

additional condition a constrairt(s), and obtain a Marko-

ample the one step regression won'’t be necessary.

vian theoryD** that enforces the constraint. This producesa Applying the transformation to the subformula

theory with precondition axioms of the form:
Poss(A(Z),s) = Ta(Z, s) AN M[C(do(A(Z), s))].

Theorem 2 Let C(s) be a control knowledge formula
bounded bys and letD be a nonMarkovian basic action

theory whose precondition axioms have the form (1) and in

cludes domain closure axioms for actions. Then,

DM |= (Va, 5).Poss(a, s) D C(do(a, s)).

Example 3 Consider again the logistics domain control for-

mula from Example 2. Lep; andys stand for premise and

consequence, respectively. Both formulas are of form (2)results in a predicate?,, (

The premisep; stands for:

(3s' : &' T $){atObj(p,loc, s") A atTruck(t,loc, s")A
(Vs" : ¢ C §" C s)—inTruck(p,t,s”)}
Applying operatorM on ¢, produces three new fluents
Pi(p,t,loc,s), Pa(p,t,loc,s) and P, (p,t,loc, s) with the
following successor state axioms:
Pl (pa tv lOC, do(a, 8))

atObj(p, loc, s) /?atTruck;(t, loc, s) V Pi(p,t,loc, s)

Py(p,t,loc,do(a, s)) = R [—atTruck(t,loc,do(a,s))] A
{Pa(t,loc, s) V (atObj(p,loc, s) A atTruck(t,loc, s))}

Py, (p,t,loc,do(a,s)) = R Pa(t,loc, do(a, s))] A
Pi(p,t,loc,s)V Py, (p,t,loc, s)

1064

o1 = (3s1:51 C s){(3d',s).do(d’,s") = siNyp (Z,d’, ")}

results in a predicate’,, (Z,s) with successor state ax-
iom (after simplifying) P, (£, do(a, s)) vp(Z,a,8) V
_P4P1 (fa S) .

The transformation of subformula, =

(3s1: 81 C 8){(3d’,8").do(a’, s") = s1 Ay (T, d',8")A

((Vsg: 81 C 853 Cs).

{=(3a",s")do(a", ") = 52 AV (70", 5")}

Z,s) with successor state ax-
iom (after simplifying) P,, (%, do(a, s)) = v5(Z,a,s) V
—\'y;(j_:',a,s)/\P@(f,s) . .

Noticeably, this successor state axiom fy, (Z, s) is al-
most identical to the canonical form successor state axiom for
F(%,s) which is F(%,do(a, s)) = v (&,a,s) V F(Z,s) A
“F (Z,a,s). _ _

Finally, after applying the transformation to subformulas
1, @2 Of the closed form formula (4), we obtain the follow-
ing equivalent sentence:

F(Z,5) = F(&, S0) A =Py, (T,5) V Py, (T, 5)

The transformation comes close to producing a canoni-
cal Markovian successor state axiom. It does not because
the closed form solution formula uses information about the
value of I in the initial situation.
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5 Constraints with explicit time operator introduces into a theory the additional fluents and

In this section, we extend our approach to search con@xioms needed for keeping track of the relevant past infor-
trol knowledge with explicit time. In the temporal sit- mation. We then showed how this operator can be used for

uation calculusReiter, 2001, actions have an additional compiling TLPlan style search control knowledge into action
temporal argument denoting the time of occurrence, e.gPréconditions in the situation calculus. .

drive(truck, loc,3.2) for driving a truck to a location N the TLPlan system, control knowledge is expressed
loc at time 3.2. There are also some additional axioms:in terms of linear (future) temporal logic, that is, temporal
time(A(Z,t)) = t specifying the occurrence time for each modalitiesnext, always in the future, until, and sometime in

actionA4, andstart(do(a, s)) = time(a) specifying the start the futureare used. Every time a new operator is added to
time of situations. the plan prefix being considered, a control formulgis-
We will use [t;, ] + ¢ to denotelt; + ¢, ¢ + t] andt € gressedhroughllt. If the for.mula is progn_asseq |nfozl§e, .
[t1, 2] to denotel; < ¢t At < ty. SOstart(s) € [ty,ts] + the plan prefix is pruned since a plan with this prefix will
start(s') stands fowstart(s') + t1 < start(s) A start(s) < violate the constraint. Although it is easy to write situation

start(s') + t, which means that’ precedes by at least;  calculus formulas corresponding to future temporal logic, re-
and at most,. gression cannot be used on them. However, we argue that if

Analogous to forms (2) and (3), we have: instead of progression, as in TLPlan, we evaluate the control
(3s':s* C s C s) formulas against plan prefixes, it is reasonable to use a logic
(WA[S'] A start(s) € [ti, to] + start(s’) A (5) that refers to past situations instead of future situations. In-

Vs - 5! "YW ls deed, all the reasoning used by a planning system to decide if

(Vs : s£ é s SE 5)8 C s)W2ls"]} a partial plan should be discarded or not must be done relative
{W1[s'] A start(s) € [t1, ] + start(s') A (6) 1o the properties of the partial plan itself. Furthermore, some
(3s": s’ C s T s)Wals"]} future temporal formulas are satisfied by all plan prefixes (e.g.

“sometime in the future” where ¢ is not unsatisfiable) and
are not useful for search control. Thus it seems to us that
restricting control formulas to refer exclusively to the past is
P,(Z,t,do(a, s)) = RY[Pw, (%2, do(a, s))] A 7) appropriate.
{t = start(s) A Pw, (Z1,8) V P,(%,t,s)} Moreover, using past temporal logic is semantically
. " cleaner for the following reason. The semantics of future tem-
andM((5)] = P, (7, ¢, s) Astart(s) € [t1,to]+¢. Theinitial - 5ora1 ogic is defined in terms of infinite sequences of states.
database would includ&'t)~ P, (Z, ¢, So). _ However, plans are finite sequences of actions and thus pro-
For a formula of the form (6), the successor state axiom fogy,ce a finite sequence of states. In order to deal with this tech-

For a formulay of the form (5), M yields a predicate
P,(Z,t, s) with a successor state axiom:

Py(%,t,s) is: nical difficulty, TLPlan makes the assumption that the world
P,(%,t,do(a, s)) = Pw, (Z1,5) A never changes after the plan is completely executed and there-
{R'[Pw,(Zs,do(a,s))] ANt = start(s) V (8) fore the last state infinitely repeats. Thls assumption is rea-
P,(%,t,5)} sonable under another assumption typically made in classical

planning: that the agent executing the plan is the only agent
with M[(6)] = P,(Z,t,s) A start(s) € [t1,t2] +t. The  thatchanges the world, so when this agent terminates execut-
initial database would include/t) P, (%, , So). ing its plan, the world remains unchanged. This assumption is
The statement of the following theorem, which establishesinnecessary if using past temporal logic or bounded situation
the correctness of the transformation, requires adding the cogalculus formulas.

junctt = start(s') to formulas (5) and (6): Nevertheless, it would be convenient to be able to handle
(3s':s"C s’ Cs) control knowledge expressed in future temporal logic. We
{Whls'] A start(s) € [t1,ta] + start(s)A are currently working on developing a procedure that would
o t=start(s’) A(Vs":s' Cs" C s)Wa[s"]} allow us to take a future temporal logic control formula, such
Similarly for formula (6). as this Briefcase domain one:
Theorem 3 Let denote a formula of the form (5) or (6) and ~ 90al(at(z,loc)) D B
defineDM as before. Then, atBrie fcase(loc) Until —inBrie fcase(x)
M - = and produce a bounded situation calculus formula:
DY Wle = {F(@,1,5) A start(s) € b, ta] + 1] (Vs1: So E s1 C s).mgoal(at(z,loc), s1) V
6 Discussion and conclusion (Va, 2 : s1 C do(a, s2) C s){atBriefcase(loc, s2) V

) ] ) (3ss : s1 C s3 = do(a, s2))—inBriefcase(x, s3)}
We have shown that incorporating control knowledge as addig, 5t 5 plan prefix must satisfy. In turn, we can then apply the

tional preconditions in nonMarkovian action theories is triv- oo cedure introduced in this paper to compile these formulas
ial when this knowledge is in the form of bounded formu- ,iq the preconditions of actions.

las (which include encodings of Past temporal logic modali- Bacchus & Kabanz&1999 have also extended their sys-
ties). We then introduced an operator for transforming NONgey, for planning withtemporally extended goalsihich are
Markovian basic action theories into Markovian ones. Th'sconditions on sequences of states and not only on the final

1The variablet is a fresh new variable so there is no effect on thestate as in classical planning. They use a first-order exten-
meaning of the formulas. sion of the Metric Interval Temporal Logic (MITLAIlur et
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al., 1991 to specify the temporally extended goals. Defin- network planning. Annals of Mathematics and Atrtificial
ing plan correctness with respect to MITL formulas as goals Intelligence 18:69—93, 1996.

again requires one to make the assumption that the world réGabaldon, 200R Alfredo Gabaldon. Non-markovian con-
mains unchanged after the plan is executed. In the case O?trol in the situation calculus. IrProceedings of the

temporally extended goals this is a further complication since - gighteenth National Conference on Artificial Intelligence
testing if the current state satisfies the goaheans checking (AAAI'02), pages 519-524, Edmonton, Canada, 2002.
whetherg is true if the world were to indefinitely remain as ) )
it currently is. (Past) MITL formulas can be encoded as for-LGreen, 196D C.C. Green. Theorem proving by resolution as
mulas of the situation calculus with explicit time as discussed & Pasis for question-answering systems. In B. Meltzer and
in the previous section. Hence our approach also shows a D: Michie, editors,Machine Intelligence 4pages 183—
way to reduce planning with temporally extended goals into  205- American Elsevier, New York, 1969.
planning with classical goals. [Kautz and Selman, 1998Henry Kautz and Bart Selman.
Some preliminary experiments by Bacchus & Adp9o9d The role of domain-specific knowledge in the planning as
have shown that compiling search control knowledge into ac- satisfiability framework. IrProceedings of the Fourth In-
tion preconditions can result in better performance compared ternational Conference on Artificial Intelligence Planning
to systems such as TLPlan which keep control knowledge as Systems (AIPS'98pages 181-189, 1998.

a separate set of formulas. A general method for compilingkyarnstom and Doherty, 20d0Jonas  Kvarnstrh ~ and

temporal formulas into preconditions in their framework has  patrick Doherty. TALplanner: A temporal logic based

not yet been developed. forward chaining planner. Annals of Mathematics and
The work of[Rintanen, 200Dis also concerned with the  Artificial Intelligence 30:119-169, 2000.

use of control knowledge as additional preconditions of plar[

operators. He uses “auxiliary facts” which is a similar to our constraints revisitedJournal of Logic and Computation

introduction of new fluents in the transformation. Like Bac- 4(5)-655-678, October 1994 9 P

chus & Kabanza, Rintanen uses future linear temporal logic : ' '

for representing control knowledge for planers with ADL-like [McCarthy, 1968 J. McCarthy. ~ Situations, actions and

operators. With the help of these auxiliary facts, he then com- causal laws. Technical report, Stanford University, 1963.

piles the control knowledge into the operators. The main dif- Reprinted in Semantic Information Processing (M. Minsky

ference between his work and ours is that his framework is €d.), MIT Press, Cambridge, Mass., 1968, pp. 410-417.

propositional, while ours is in the more expressive first ordefpcCarthy, 1977 John McCarthy. Epistemological prob-
situation calculus. Furthermore, he does not allow nesting of |ems of artificial intelligence. lProceedings of the Fifth

temporal operators—in our framework this would correspond |nternational Conference on Artificial Intelligence (1J-

to disallowing nesting of quantlﬂers_ on S|tuat|ons—wh|_ch wWe CAI'77), pages 1038-1044, 1977.

do allow. Also related but with a different approach, is the

\c,)vfo;rattci);r? Iggzlcltign&rj stredéj:dm%rn ggr?mﬁ?ngge ;n gjreRflcl)DrrSn contributions to the metatheory of the Situation Calculus.

planner. Analyzing the relationship of Sierra’s work with ours Journal of the ACM46(3):325-364, 1999.

is among our future work. [Reiter, 1991 R. Reiter. The frame problem in the situation
calculus: A simple solution (sometimes) and a complete-
ness result for goal regression. In V. Lifschitz, editntj-
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Abstract (this is a classical way of understanding POMDPs — and even

We propose a purely logical framework for plan-
ning in partially observable environments. Knowl-
edge states are expressed in a suitable fragment of
the epistemic logic S5. We show how to lift the ef-
fects of actions (both physical actions and sensing
actions) from the state level to the epistemic level.
We show how progression, regression and plan gen-
eration can be achieved in our framework.

1 Introduction

Planning under incomplete knowledge and partial observabil-
ity is a tricky issue in Al, because of its computational (tem-
poral and spatial) hardness.  Partially observable Markov
decision processes (POMDP) are the mainstream approach to
partially observable planning. Nevertheless, the applicabil-
ity of the POMDP approach is limited from the practical side
as soon as the set of states has a strong combinatorial struc-
ture, rendering the number of states much too high for an ex-
plicit representation of actions, preferences, and policies. On
the other hand, logical approaches to planning under incom-
plete knowledge allow for much more compact encodings of
planning problems than POMDPs; most of them deal with an
incomplete initial state and/or nondeterministic actions, but
either they do not handle partial observability, or at least they
do it in a very simple way, by assuming for instance that the
set of variables is partitioned between (directly) observable
and unobservable variables.

To fill the gap between POMDPs and logical approaches,
an abstraction of the POMDP model (leaving aside probabili-
ties and expected utility) can be considered. It should account
at least for the following elements: a set S of states; a set B
of belief states built from S ; a set A of actions, where each
action is associated with a transition model between states
and/or belief states; some preference structure (e.g., a sim-
ple goal or a utility function); and a set O of observations,
together with some correlation function between states and
observations.

While policies for a fully observable MDP map states to
actions, the output of such an abstract POMDP is a policy
mapping belief states to actions; indeed, a POMDP can be
viewed as a fully observable MDP over the set of belief states
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to solve them).

In this paper, we present a rich logical framework that in-
stantiates the abstraction above, views a partially observable
process as a fully observable process over belief states, and
allows for expressing actions and policies in a compact way.
The framework has a fairly good level of generality (since it
avoids for instance to commit to a particular action language,
see Section 3.1) and is therefore modular enough to be easily
adapted or extended.

The simplest and best-known way of distinguishing be-
tween truths and beliefs in logic consists in expressing the
problem in an epistemic or doxastic logic. To make the ex-
position simpler, we assume that the agent has accurate be-
liefs, i.e., all she believes is true in the actual world. This
means that we identify belief and knowledge (since knowl-
edge is usually viewed as true belief); therefore our frame-
work is based on the logic S5 and instead of belief we use the
term knowledge throughout the paper.! S5 is computation-
ally no more complex than classical logic: S5 satisfiability is
NP-complete [Ladner, 1977].

In Section 2 we define two notions of knowledge states:
simple knowledge states (for on-line plan execution) and
complex knowledge states (for off-line reasoning about the
effects of a plan). In Section 3 we show how a knowledge
state evolves when an action is performed. Then we show in
Section 4 how to perform goal regression, and we show in
Section 5 how it can be used so as to implement a sound and
complete plan generator. Section 6 discusses related work.

2 Knowledge states

The language Lk of propositional logic S5 is built up from
a finite set of propositional variables V AR, the usual con-
nectives, the logical constants T and L and the epistemic
modality K. S5 formulas are denoted by capital Greek let-
ters ®, ¥ etc. An S5 formula is objective (or modality-free)
iff it does not contain any occurrence of K (i.e., it is a clas-
sical propositional formula). Objective formulas are denoted

lAlternatively, we could have chosen to work with beliefs, using
the doxastic logic KD45, which is very similar to S5 except that
beliefs may be wrong, that is, K¢ — ¢ is not an axiom. The techni-
cal issues developed in this paper would have been almost identical.
Now, choosing another logic than S5 or KD45 would induce a lot
of complications, including an important complexity gap.
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by small Greek letters ¢ , ¢ etc. and the set of all objective
formulas from L is denoted by Ly aR.

A fundamental property of S5 is that nested modalities col-
lapse, i.e., KK® is equivalent to K® and K—-K® to -K®;
for this reason, we assume without loss of generality that the
scope of each occurrence of modality K in formula @ is an
objective formula.

An epistemic atom is an S5 formula of the form K¢, where
 is objective. An epistemic formula is a formula built up
from epistemic atoms and usual connectives: K(a V b) V
—K(c A —d) is an epistemic formula, while a A Kb is not. An
epistemic formula is positive iff it does not contain any occur-
rence of K in the scope of a negation: K(aV b) V -K(cA —d)
is not positive, while K(a V b) V K(c A —d) is.

S = 2VAR is the set of all interpretations of Ly 4p, also
called states. States are denoted by s, s’ etc. If ¢ is an ob-
jective formula, we let Mod(yp) = {s € S|s is a model of
©}.

A structure? for S5 is defined as a nonempty set of states
M C &. Rather than “structure”, we call M a knowledge
state (SKS). Intuitively, it represents all the states the agent
considers possible. The satisfaction of an S5 formula by an
SKS M for a state s € M is defined inductively by:

e for ¢ objective, (M, s) = ¢ iff s = ¢

e for ¢ objective, (M,s) = Ky iff Vs’ € M we have
(M, ") = 3

o (M,s)|=®Aiff (M, s) = @ and (M, s) = T;

o (M,s)|=® VUit (M,s)|= @ or (M,s) = ¥;

o (M,s) =~ iff (M, s) £ ®.

Finally, an SKS M satisfies ®, denoted by M = @, iff for
all s € M we have (M,s) = ®. An S5 formula is valid
(resp. satisfiable) iff it is satisfied by all SKSs (resp. by at
least one SKS). An S5 formula ¥ is a consequence of an
S5 formula @, noted ® |= ¥ iff every SKS that satisfies @
also satisfies ¥. ® and ¥ are equivalent, noted ® = WV iff
® |= ¥ and ¥ = @ holds. Note that K(¢ A v) is equivalent
to Ko A K¢ but K(p V ) is implied by but generally not
equivalent to Ko V Ki).

Importantly, an SKS M can be identified with the strongest
epistemic atom Ky that is satisfied by M. Such a Ky is
unique up to equivalence. Therefore, SKSs will be denoted
syntactically, and without ambiguity, by epistemic atoms K.

A complex knowledge state (CKS) is a positive epistemic
formula,® generated by epistemic atoms and the connectives

This semantics is equivalent (and simpler for our purpose) to
the usual semantics by means of Kripke models (W, val, R) where
W is a set of worlds, val a valuation function and R an equivalence
relation. See for instance [Fagin et al., 1995].

3We restrict the syntax of CKS to positive epistemic formulas
because for almost all problems, ignorance can already be expressed
by the fact that positive knowledge is not provable from the cur-
rent CKS. This way of generating explicit ignorance from implicit
is a kind of Epistemic Closed World Assumption, already at work in
[Reiter, 2001] and reminiscent of autoepistemic logic; its principle
can be roughly be stated as “if I cannot prove that I know ¢ then I
don’t know ¢”. However, for the purpose of this paper, we do not
need this completion because the set of valid plans from a CKS and
the set of valid plans from its completion coincide.
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A and V . For instance, [K(a V b)) A K=c] VK(b ¢ ¢) is a
CKS but K(a V b) — Kc is not, =Ka neither.

Example 1 In a model-based diagnosis context, let ¥ =
Accconp K(mab(e) < ¢.) the formula representing the
behaviour of a set of components COM P. Suppose that the
agent is performing a test plan so as to identify the faulty com-
ponents. The formula characterizing the condition for stop-
ping performing tests and starting reparing the faulty com-
ponents is ® = A ..o p(Kab(c) V K=ab(c)). The latter
formula is a CKS. It is equivalent to an exponentially large
disjunction of SKS: ® = \/{Kd; | I € COMP} where

0r = (Acer ab(€)) N(Acecorpyi ~ab(c))-

A CKS @ is said to be in epistemic disjunctive normal form
(EDNF) iff it has the form K¢; V ...V Ky, where each ¢;
is an objective formula. Clearly, every CKS has an equivalent
EDNFE.

3 Actions and progression

In general, actions have both physical (or ontic) and epistemic
effects, i.e., they are meant to change both the state of the
world and the agent’s knowledge state, but without loss of
generality we assume (as usually in Al) that any “mixed” ac-
tion can be decomposed into two actions, the first one having
only ontic effects and the second one only epistemic effects.
For instance, the action of tossing a coin is decomposed into
ablind-toss action followed by a see action telling the
agent whether the coin has landed on heads oron tails.

3.1 Ontic actions

Ontic actions are meant to have effects on the world outside
the agent, especially physical effects such as moving a block,
switching the light, moving etc. They are assumed to be de-
scribed in a propositional action language (allowing or not
for nondeterminism, for ramifications/causality). Any action
language £ 4 can be chosen, provided that it is propositional
and that it expresses the effects of an action a within a for-
mula ¥, involving atoms labelled by ¢ and atoms labelled by
t + 1 (the former for the state before the action is performed,
the latter for the state after it is performed). Among candi-
date languages we find those of the A family [Gelfond and
Lifschitz, 1993], “propositionalized” situation calculus [Lin,
2000] and causality languages [McCain and Turner, 1998].#

The description ¥, of an action « allows for comput-
ing the successor state of a state s (or the set of successor
states if a is nondeterministic). This set is represented by
any objective formula prog(s,a) (whose models form the
set of successor states). This definition extends to sets of
initial states, or equivalently to propositional formulas, by
prog(p,a) =V enroq(p) Prog(s; ).

Now, given the description X, of action o and a CKS @,
the subsequent CKS, denoted by Prog(®,a), is defined as
follows:

“The common core of these languages is the use of explicit or
implicit successor state axioms. These languages coincide for deter-
ministic, ramification-free actions and differ in the way they treat
nondeterminism (using for instance exogeneous variables or Re—
lease statements), ramifications, etc.
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Definition 1 (progression for ontic actions) Let o be an
ontic action and let ® = Koy V ...V Ky, be a CKS in
EDNF.

Prog(®,a) = Kprog(yp1,a) V...V Kprog(e,, a).

The problem with the latter definition is that the CKS has
to be put in EDNF first. This does not induce any loss of ex-
pressivity but the transformation may be exponentially large
so that we may want to compute the successor CKS directly
from a CKS expressed in any form, such as in Example 1.

We now give a more elegant way of computing progression
via an extension of variable forgetting to S5 formulas. We
recall first from [Lin and Reiter, 1994] the inductive definition
of forget(X, ) where ¢ is objective and X C VAR:

(0) forget(D, ) = ¢

(D) forget({a}, @) = ot V paeT:

(2) forget({X U {z},¢) = forget({z}, forget(X, ¢)).”
Definition 2 (forgetting) Let ® be an S5 formula and X C
V AR. Forget(X, ®) is the strongest S5 formula (a) entailed
by ® and (b) not mentioning any variable of X.

Forget(.,.) is well-defined, because the set of formu-
las satisfying (a) and (b) is closed by conjunction. Thus
Forget(X, ®) is unique up to equivalence in S5.

Proposition 1

If ® is a CKS, then Forget(X, ®) is a CKS.

Forget( X, Ky) = Kforget(X, p).

Forget(X, ®; V ®3) = Forget(X, @) V Forget(X, ®2).
If ®; and ®5 do not share any variable then
Forget(X, @1 A @) = Forget(X, ®1) A Forget(X, ®,).

The interest of defining this forgetting operator is made
clear by the following result. From every symbol z € VAR
we make two copies ¢, x¢+1, where ¢ (resp. ¢t + 1) represents
the time point before (resp. after) the action is performed;
then, for any formula ¢ € Ly ag, @¢ (resp. @i41) is the
formula from ¢ obtained by replacing each variable = by x;
(resp. Ti41)-

Proposition 2 Let « be an ontic action and let ® be a CKS.
We have:

Prog(®, )41 = Forget(VAR;, @, ANKE,)
where VAR, = {z; | z € VAR}.

3.2 Epistemic actions

An epistemic action 3 is described wlog by the finite set of
its possible outcomes {o01,...,0,} C O, where each o; is
an objective formula describing a possible observation, and
01V...Vo, is atautology.® Accordingly, we have O = Ly ap
in our framework. The effects of 4 are motivated by the fol-
lowing principles: non-intrusiveness (for any objective for-
mula ¢, if ¢ holds before 3 is performed, then it still holds
after), no-forgetting (if the agent knows an objective formula

In (1), @z (resp. @z« 1) represents the formula obtained by
replacing in ¢ each occurrence of variable by T (resp. L).

®0r, more generally, = 01V...Vop, where X is the given set
of static domain rules.
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 before performing 3, then she still knows it after) and re-
liability (if the agent observes o; after performing 3, then o;
holds, so that she knows o; after observing it). These three
properties imply that the effects of an epistemic action asso-
ciated with the outcome set {01, ..., 0p} can be represented
by the following progression operator:

Definition 3 (progression for epistemic actions) Ler 3 be
an epistemic action associated with the set of outcomes
{o1,...,0p}, andlet ® be a CKS. We have:

Prog(®,8) = ® A (Ko V...V Koy).

It follows that for any epistemic actions 3, 1, S and a
CKS @, progression is indifferent to the order of epistemic ac-
tions: Prog(Prog(®, B1), B2) = Prog(Prog(®, 2), f1); it
is idempotent: Prog(Prog(®,3),3) = Prog(®,); and it
preserves positive knowledge: Prog(®, ) = ®.

Epistemic actions can be assumed fully executable without
loss of generality (adding new symbols if necessary).’

A simple and well-known class of epistemic actions is the
class of binary tests, also called truth tests: if ¢ is an ob-
jective formula, the action test(p) is defined by the out-
come set {¢, —p}. Therefore we have Prog(®,test(y)) =
@ A (Kp V K—¢). In the rest of the paper, we focus on truth
tests, which will make things simpler to expose.®

Note that a straightforward (but important) consequence of
Definitions 1 and 3 is that the set of all CKS is closed under
progression, i.e., if ® is a CKS and « is an (ontic or epistemic)
action, then Prog(®, a) is a CKS.

4 Regression

The problem is stated as follows: given a CKS @ (represent-
ing a goal knowledge state) and an (ontic or epistemic) action
a, characterize the weakest CKS denoted by Reg(®, a), in
which performing « leads to a CKS satisfying ®.

Definition 4 (regression) Let a be an (ontic or epistemic)
action and let ® be a CKS. The regression of ® by a,
is the unique CKS (up to logical equivalence), denoted by
Reg(®, «), such that (a) Prog(Reg(®,a),a) = ® and
(b) for any ®' such that Prog(®',a) | ® we have ' =
Reg(®, a).

This definition is well-founded: indeed, if Prog(®,,a) |=
® then for any ®» = ®; we have Prog(®,,a) E @
(this is easily verified both for ontic actions and for epis-
temic actions). Therefore the set {¥ | Prog(¥,a) = @}
is closed w.r.t. disjunction, which entails that there exists
a weakest ¥ such that Prog(¥,a) | @, equivalent to

V{E | Prog(Z,a) |- @}.

"Note that actions that may fail to be informative can only be
expressed here by the occurrence of a tautology in their outcomes.
In this case, unfortunately, we get that Prog(®, 3) = @, because
Ko; V...V Ko, = T as soon as o; = T for some i.

8This does not induce any loss of generality, because any epis-
temic action can be rewritten equivalently into a logarithmic se-
quence of binary tests, together with the addition of some domain
constraints.
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4.1 Regression for ontic actions

For any objective formula ¢ and any ontic action a, let
reg(p, a) be the standard (non-epistemic) regression of ¢ by
a, i.e., any objective formula whose set of models consists of
all states s € S s.t. Mod(prog(s,a)) C Mod(p) [Reiter,
1993].

Definition 5 (sufficient success conditions) A consistent
conjunction of literals vy is a sufficient success condition for
a and « if and only if for any pair of states (s,s') € S x S
such that s is a model of v and s' is a model of prog(s,a), s'
is a model of . v is a minimal sufficient success condition
for a and @ if and only if it is a sufficient success condition
for a and  and no proper subconjunction of y is. We denote
by T'(«, ) the disjunction of all minimal sufficient success
conditions for a and .

When actions are described using an action language satis-
fying the properties stated in Section 3.1, such conditions can
be computed abductively. Clearly, «y is a sufficient success
condition for @ and ¢ if and only if 7, A X, is satisfiable, and
every model of v A X, is a model of ¢t ;.

Proposition 3 Ler X, be the description of a in a proposi-
tional action language L 4. reg(p, ) is equivalent to

D(a,) = \/{v | % € PIL ™ (0r11)}-

In this proposition, PIy, :‘Rt ((¢)t+1) denotes the set of
prime implicants of the formula ¥, — (¢);41 that are con-
sistent with 3, and built up from variables of VAR, only.

The latter abductive characterization of ontic actions is in-
dependent of the action language chosen — and it now allows
for characterizing the regression of complex epistemic states
by an ontic action.

Proposition 4 Let o be an ontic action, ® a CKS and let
Koy V... VKo, be an EDNF formula equivalent to ®. Then

Reg(®,a) = Kreg(p1,a) V...V Kreg(p,, a).

4.2 Regression for epistemic actions

Proposition 5 Let 8 be an epistemic action whose outcome
setis {o1,...,0p} and let ® be a CKS. Let K1 V... VKyp,
be any EDNF formula equivalent to ®. Then

Reg(®, )

= V{K((Ol — (Pf(l)) AN...N\ (Op — (pf(p)))|f c {1n}{1p}}

In particular, if 5 = test(¢)) is a binary test then

Reg(®, 8) = \/{K((¢ = @) AN~ = =) | 4,5 € 1..n}.

Sketch of proof. We give it in the latter case only (the proof
for the general case is similar). We abbreviate Reg(®, )
by A. We first establish (the proof is omitted) that A is
necessarily a CKS, i.e., A = Ké; V...V Kd,. Now,
EAAKY VK1) = @

. E Kk AY) > Kpr V... VKg,

iff vk € 1--q{ = K(0) A1) — Kpy V...V Kp, )
At that stage, we make use of the following lemma: for any
objective formulas A, B and C, KA — (KB V KC) is valid
(in S5) iff A — B is valid or A — C is valid. (*) is then
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equivalent to Vk € 1..q,di,j € 1.n s.t. §p AN — ¢; and
Ok N = — ; are classically valid, which is equivalent to:
Vk € 1..q,3i,j € 1l.ns.t. § — ((’(/) — (pi) A (—V(/) — (pj))
is valid. The rest of the proof is easy. [ |

Example 2 Consider the epistemic actions a = test(u A v)
and 8 = test(u < v), and the ontic action vy that switches
the value of u, thus described by (ui+1 <> —ug) A (Vg1 €
vy). Let ® = Kv V K—w. Applying Proposition 5 we get
Reg(®,0) = Ko VK-w VK@ = u) VK@WA ) =
Kv VvV K(v — u);, Reg(®,8) = KvV K-v V Ku VvV K-w;
Reg(Reg(®,a),B) = K(u — v) VK(v = u). Applying
Proposition 3 we get Reg(®,v) = ®, Reg(Reg(®,a),v) =
Kv Vv K(v — -u); Reg(Reg(®,5),7) = Reg(®,p);
Reg(Reg(Reg(®, ), 3),7) = K(uVv)VK(—uV -w).

S Plan generation

Definition 6 (planning problems) A planning problem P
w.r.t. a propositional action language L 4 consists of an
SKS ® = Kyt describing the initial knowledge state of the
agent, a finite set of actions A = Ao (ontic) UAE (epistemic)
and a CKS T describing the goal. Effects of ontic actions are
described in L 4.

The reason why I' is a CKS is that it is not sufficient
to reach the goal, it must also be the case that the goal is
known to be reached. I' may be purely epistemic goal such as
K¢ VK-, i.e., an agent may have the ultimate goal to know
whether ¢ holds or not.

Plans are defined inductively as follows:

e the empty plan A is a plan;
any action (ontic or epistemic) is a plan;
if w and «’ are plans then 7; 7’ is a plan;
if 7 and 7' are plans and ® a CKS, then
if®thenmelsen isaplan.

Therefore, a plan can be seen as a program without loops,
whose branching conditions are epistemic formulas: the agent
can decide whether she knows that a given objective formula
is true (whereas she is not always able to decide whether a
given objective formula is true in the actual world).

While CKS are relevant for off-line planning, i.e., for rea-
soning about the possible effects of a plan, they are no longer
relevant for representing knowledge during plan execution,
since at each time step the agent is in exactly one knowledge
state.

Definition 7 (progression of a CKS by a plan)
The progression of a CKS ® in EDNF by a plan is defined
inductively by
1. Prog(®,)\) = ®;
2. Prog(®,(m;7")) = Prog(Prog(®,n),n');
3. if ® = Ky, then
Prog(®,if ¥V thenmelsen’)
_ [ Prog(@.m) ife=w
= Prog(@.') if® [ ¥;
4. if® =Ky V...VKy,, then
Prog(®,if ¥Uthenmelsen’)
=V, ,Prog(Kyg;,if ¥ thenmelsen’).
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Definition 8 (valid plans) A plan 7 is a valid plan for the
planning problem P if and only if Prog(®,n) = T.

Exemple 2 (cont’d) Initially, the agent does not know the
values of u and v (her initial knowledge state is KT ), and
her goal is to reach a belief state where she knows the value
ofv: T = KoV K—w.

Letw = ;if K(u > v) thenaelse (v;a) be a plan. We
have:

Prog(KT, )

= Prog(Prog(KT,),if K(u ¢+ v) thenaelse (v;a))
= Prog(K(u ¢ v),a) V Prog(K(u <> —w), (7; a))
=K(uAv) VK(—u A -w)

Therefore, T is valid.

A valid plan can be computed by the following backward
algorithm based on goal regression which is reminiscent of
dynamic programming. The current goal ® ., expressed in
EDNEF is initialized as I'. Then we nondeterministically pick
an action a and compute Reg(®c,a). The current goal is
then updated by ®¢ := ®¢ V Reg(®c,a). The process
is iterated until Ky;,i = ®¢ or it is not possible to im-
prove ®¢ anymore. Since there is a finite number of possible
belief states, the algorithms stop and returns a valid plan,
if such a plan exists. An ordered list L is constantly up-
dated, initialized by ((KG1,A),...,(KGy,\)) where I' =
KG; Vv ...V KG,,; each time a new disjunct (i.e., not sub-
sumed by any previous disjunct of ®) Ki) is added to ®¢
after regressing by action «, the pair (K, @) is added to L.

There are two slightly different possible outputs: (1) either
the output is just L, i.e., an ordered knowledge-based pro-
gram (or decision list): at execution time, when observations
are made, the new knowledge state is computed, then we look
for the leftmost (K¢, &) in L such that K¢ is true in the cur-
rent knowledge state and a is performed; (2) or the output
is a ready-to-use conditional plan computed by “simulating”
possible executions from Ke;,;¢ to I' using L.

Exemple 2 (cont’d) Regressing by «, v and then 3, the
algorithm finds a valid knowledge-based program for I':

L = ((Kv, A), (K-, A), (K(v = ), &), (K(v = —u),7),
(KT, B)). An  associated conditional plan is
7 =p;ifK(u ¢ v) thenaelse (v;a).

6 Related work

Knowledge-based programs In the planning community,
the idea of using explicit knowledge preconditions for ac-
tions and plans comes back to [Moore, 1985; Morgenstern,
1987]. Developed in a different perspective (agent design),
knowledge-based programs [Fagin et al., 1995; Brafman et
al., 1998; Herzig et al., 2000; Reiter, 2001] are high-level pro-
tocols that describe the actions an agent should perform as a
function of her knowledge. Thus, in a knowledge-based pro-
gram, branching conditions are epistemically interpretable,
and plans explicitly involve deduction tasks during on-line
execution (just like in our framework). Actually, the output of
our plan generation process is a knowledge-based program.
Therefore, our work can be seen as an upstream task that
generates a valid knowledge-based program from a compact
specification of action effects and goals.
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Action languages A number of works have extended action
languages so as to handle explicit knowledge and partial ob-
servability, especially [Lobo er al., 1997; de Giacomo and
Rosati, 1999; Baral and Son, 2001]. Knowledge is repre-
sented in all cases by an explicit or implicit epistemic modal-
ity (plus a “minimal knowledge” semantics in [de Giacomo
and Rosati, 1999]). The line of work most related to ours
is of [Baral and Son, 2001]; indeed, not only they represent
epistemic actions with an epistemic modality but they also
allow for conditional plans with epistemic branching condi-
tions. Our work can be seen as an extension of theirs:® (i)
our formalism is general enough to accept any propositional
action language (including those handling causal rules) for
representing the effects of ontic actions); (ii) our syntax is
less restricted, since we allow for any and-or combination
of SKS (i.e., CKSs) while they consider SKS only; as ar-
gued in Section 3, this makes the representation more com-
pact, when reasoning at planning time about the future con-
sequences of actions; (iii) our progression and regression op-
erators have significant computational characterizations (e.g.,
ontic regression has an abductive characterization); lastly, we
have a sound and complete algorithm for plan generation.

Planning under partial observability There is a number of
recent approaches for logic-based plan generation under par-
tial observability.

[Bonet and Geffner, 1998] give a high-level language for
describing action effects on both the world and the agent’s
beliefs. Their language is a decidable fragment of first-order
logic. By describing ontic actions with successor state ax-
ioms, they allow for handling the frame problem and ram-
ification problems. After a problem has been represented
in their language, its description is automatically translated
into a POMDP model and solved by using POMDP algo-
rithms, so that there is no need to define progression and re-
gression directly in the logic, nor to have an explicit knowl-
edge modality: this is the main difference with our approach,
where the compact logical representation is kept and propa-
gated throughout the process.

The next three approaches solve the plan generation prob-
lem directly in a high-level language but, on the other hand,
they all make important restrictions that lead to a loss of ex-
pressivity. These restrictions imply that none of these ap-
proaches makes use of action languages, while ours can ben-
efit from the huge amount of work in this area and accord-
ingly, can handle the frame problem as well as ramification
and causality in the best possible way while maintaining com-
putational complexity at a reasonable level.

[Bacchus and Petrick, 1998; Petrick and Bacchus, 20021,
like us, use an epistemic modality. Apart from the repre-
sentation of ontic actions (less expressive than ours due to
the abovementioned point!?), they restrict the syntax of epis-

® Actually, only of the first part of [Baral and Son, 2001], since
the second half of their paper gives a detailed study of sound and
efficient approximations of their formalism. We plan to integrate
similar approximations in our framework.

190n the other hand, they use a fragment of first-order logic which
allows for expressing some actions (such as value tests) elegantly,
and they motivate their expressivity restrictions by efficiency con-
siderations, so that their approach is a good trade-off between effi-
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temic formulas (for instance, simple disjunctive beliefs such
as K(aVb) cannot be expressed) and consequently, as they no-
tice, their algorithm sometimes fails to discover a valid plan.

The approaches [Bertoli et al., 2001; Rintanen, 2002] do
not make use of an epistemic modality, and therefore can-
not explicitly express disjunctions of belief states (i.e., CKSs)
or complex knowledge-based programs. The representation
of belief states in both approaches uses BDDs, which al-
low for a compact representation but not as space efficient as
DAG-based propositional formulas. While the algorithm in
[Bertoli er al., 2001] uses progression (based on model check-
ing), [Rintanen, 2002] has a regression operator, and, inter-
estingly enough, his combination operator ® between belief
states (which aims at computing, given two belief states B1
and B2, the maximal belief states in which, after observing
the values of observable variables, leads to know that the true
state is in B1 or to know that the true state is in B2) can be
reformulated using our epistemic regression (Section 4.2)!!
and thus epistemic logic helps understanding how and why
this operator works.'?

Situation calculus [Scherl and Levesque, 1993] represent
sensing actions in the situation calculus by means of an ex-
plicit accessibility relation between situations (which means
that knowledge is treated as an ordinary fluent) which cor-
responds exactly to the semantics of our epistemic modality
(once situations have been identified with states). Our ap-
proach expresses the problem at the formula level and en-
ables thus a more concise representation and can benefit from
existing complexity and automated deduction results for S5.
Levesque [Levesque, 1996] builts on the above framework
towards a general theory of planning with sensing, handling
complex plans involving, like ours, nondeterminism, obser-
vations and branching (and also loops).
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Abstract

We propose a framework for simple causal theo-
ries of action, and study the computational com-
plexity in it of various reasoning tasks such as de-
terminism, progression and regression under vari-
ous assumptions. As it turned out, even the sim-
plest one among them, one-step temporal projec-
tion with complete initial state, is intractable. We
also briefly consider an extension of the framework
to allow truly indeterministic actions, and find that
this extension does not increase the complexity of
any of the tasks considered here.

1 Introduction

While there are abundance of formalisms for writing ac-
tion theories that incorporate explicit causal rules not only
between actions and fluents but also between fluents (e.g.
[Baral, 1995; Lin, 1995; Thielscher, 1995; Gustafsson and
Doherty, 1996; McCain and Turner, 1997; Zhang and Foo,
2001; Kakas et al., 2001]), and there are some implemen-
tations of causal action theories [Lin, 2000; McCain and
Turner, 1998; Kakas et al., 20011, there have been few formal
studies of complexities of various reasoning tasks in these
causal action theories. In this paper, we investigate this is-
sue. We first study various reasoning tasks such as comput-
ing the precondition of an action, checking if an action theory
specifies a deterministic action, performing temporal projec-
tion, and computing regression in a very simple causal action
framework that is primarily aimed at representing determin-
istic actions. Basically, an action theory for action « in this
framework is just a finite set of action effect rules of the form

if l1 A -++ A1, is true, then action « causes [ to be true
and causal rules of the form
li N+ A1, causes [ to be true

where [’s are literals.

Surprisingly, even in this simple framework, one-step tem-
poral projection problem with complete initial state in the
following form: given a set of literals that completely deter-
mines the initial state, and an action «, determine if a given
fluent will hold in the state resulted from doing « in the initial
state, is intractable. This compares with STRIPS and ADL,
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which are like this simple framework except that they do not
allow causal rules, where problems like temporal projection
and regression are easy.

As simple as this framework may be, it nonetheless cap-
tures the computational core of causal action theories. In-
deed, we show that if one extends it to allow arbitrary formu-
las in both the right and left hand sides of the effect and causal
rules: (1) this extends the expressiveness of the language, but
(2) it does not affect the complexities of any of the reasoning
tasks considered here.

The rest of this paper is organized as follows. After some
formal preliminaries (Section 2), we present a framework for
simple action theories in Section 3. Complexity results are
presented in Section 4. Before presenting some related work
and concluding, we briefly show in Section 5 how our simple
action theories can be generalized, without questioning the
complexity results (in the general case). For space reasons,
proofs are only sketched or omitted.

2 Formal preliminaries

Let PROPpg be a propositional language defined induc-
tively from a finite set .S of propositional symbols (atoms),
the boolean constants T (true) and L (false), and the con-
nectives =, V, A, = and &. Lpg is the set of all literals
generated from PS. For each formula ¢, Var(¢) denotes the
set of atoms occurring in ¢.

We shall also consider two isomorphic copies of
PROPps: PROPpgs, and PROPps,,,. Each formula
¢t (resp. ¢4y1) from PROPpg, (resp. PROPpgs,,,) is
obtained by substituting in a uniform way in the formula
¢ € PROPpg every atom p € PS by the atom p; (resp.
pry1)- Propositions indexed by ¢ are used to express condi-
tions about current situation, and those indexed by ¢+ 1 about
the situation resulted from doing action « in the current situ-
ation. In the following, by an initial state formula we mean
a formula from PRO Ppg,, and by a successor state formula
we mean a formula from PRO Pps, ,, . Finally, we shall con-
sider the language PROPps,ups, ., and take advantage of it
to characterize the effects of action a.

A truth assignment over PS is called a complete state. A
truth assignment over P.S; is called a complete initial state,
while a truth assignment over P.S;; is called a complete suc-
cessor state. In order to avoid heavy notations, we shall iden-
tify each complete state s with the conjunction of literals s is
the unique model of it.
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3 Simple action theories
We shall first consider simple causal action theories.

Definition 1 (simple action theory) A simple action theory
for action « is an ordered pair T, = (Ef f(a),Causal)
where

e Eff(a) is a finite set of effect rules, of the following
form:

LA Al =1,

where 1’s are literals from Lpg, and | can also be L.
The left side is understood to be a tautology when n = 0.
When | = L, the effect rule is really an action precondi-
tion axiom about o.. Notice that for our purpose in this
paper, we assume that « is the only action.

e Causal is a finite set of causal rules of the following
form:
LAN--Nly— 1,

where s are literals from Lps. Again, the left side is
understood to be a tautology when n = (.

Such simple action theories are sufficient to encode ac-
tions with conditional effects. The ramification problem is
addressed through causal rules, which represent static laws
and express how fluents are related. While primarily targeted
at representing deterministic actions, they can sometimes give
rise to indeterministic effects when there are cyclic causal
rules such as p —» p.

Causal theories of this form are special cases of causal the-
ories in situation calculus [Lin, 1995], domain descriptions in
action languages [Giunchiglia and Lifschitz, 1998], and other
more general formalisms (e.g. [McCain and Turner, 1997;
Zhang and Foo, 2001]). While these formalisms do not al-
ways agree on their semantics in the general case, most of
them coincide on this special class.

Definition 2 (completion)  The completion cl(T,) of a
(simple) action theory T\, is the formula defined by

o () = Npret = posteyr | Eff(a)
pre == post} ;

e T'(Causal) = N{lefty = right;,leftir1 =
righti+1 | Causal contains left — right};

e foreach literall € Lpg, let
®(l) = \/{pre: | Eff(a) contains pre = 1},
®Y(1) = \/{lefti+1 | Causal contains left —s 1},
(1) = (1) v @7 (1),
frame(l) = (I A =®(l)) = li41, where |, the comple-
ment of | is defined as follows: for any atom p, p = —p
and =p = p;

o c(To) = T(a) NT(Causal) AN \icp,., frame(l).

We assume that T, mentions each atom of P.S (otherwise
some atoms of P.S would be useless); under this assumption,
the size of cl(T,,) is polynomial in the size of T,.

Given a simple action theory T, a truth assignment over
PROPps,ups,,, is said to be a model of T,, if and only if
it satisfies ¢l(T,,). Each model of T,, is formed by the union
(5¢,8¢,1) of a complete initial state s; and a complete suc-
cessor state s} ;.

contains
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As one can see, the construction of c/(T,,) from T}, is simi-
lar to the way a causal theory is transformed to classical logic
in [Lin, 1995] and to literal completions [McCain and Turner,
1997, Lifschitz, 1997]. In fact, all these approaches yield log-
ically equivalent theories.

4 Complexity issues

4.1 Executability and determinism

Several properties are of interest when dealing with action
theories. First of all, there is the question of whether an action
is executable in a given initial situation.

Definition 3 (executability) Let T, be an action theory for
action « and let ¢ be a formula from PROPpg. (T, )
is a positive instance of EXECUTABILITY (the executability
problem) if and only if for any complete state s that satisfies
@, there is a state s' such that (s¢, s, 1) = cl(Tq).

Whenever (T, ) is a positive instance of EXECUTABIL-
ITY, « is said to be executable under ¢; « is said to be fully
executable if and only if it is executable under T.

Proposition 1
1. In the general case, EXECUTABILITY is II5-complete.

2. Under the restriction where @ is a complete state, EXE-
CUTABILITY is NP-complete.

Proof:

1. Membership is easy. Hardness comes from the following poly-
nomial reduction from the X%-complete problem QBF2 3 to
the problem of checking that « is not executable under T.
Let @ = ({a1,...,an},{b1,...,bp},B) be an instance of
QBF2,3'. Wlog, we assume that 3 is a DNF formula D; V
...V Dp,. Wenow define M(Q) = To = {0, Causal) where
Causal = {D; — new, D; — —new |i=1...m}
{bi — b;, °b; — —b; | i = 1...p} and new is a new
atom, not occurring in 8. () is a positive instance of QBF3 3 if
and only if « (as given by M (Q)) is not executable under T.

2. Comes directly from the fact that, when ¢ is complete, then «
is executable under it iff the propositional theory {¢}Ucl(Tx)
is consistent. [ |

Another important property is determinism. Intuitively, an
action is deterministic if there is at most one successor state
corresponding to any initial state.

Definition 4 (determinism) An action theory T, for action
« is a positive instance of DETERMINISM (the determinism
problem) if and only if a is deterministic, i.e., for all s; €
2P5¢ and for all s, ,, s, € 2P5+1 such that (s, s}, ) =
c(Ty) and (s, sy 1) = cl(T,), then si = sy 4.

Proposition 2 DETERMINISM is CONP-complete.

"Let us recall that @ is a positive instance of QBFy 3 if and
only if it is valid, i.e., there exists an assignment @ of variables

ai,...,an such that for all assignments b of variables bi,...,bp

-

we have (@,b) = [ (where 8 is a formula from PROPps s.t.
Var(B) = {a1,...,an,b1,...,bp}). QBF2 3 is still X%-complete
when g is under DNF.
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Proof: Membership is easy. Hardness comes from the following
polynomial reduction from DNF-VALIDITY. Let{ = D1 V...V Dy,
be any formula from PROPps under DNF and let M () be the
instance of DETERMINISM defined by T, = (Ef f(a), Causal)
with Eff(a) = {D1 - mnew,...,D, - new} and
Causal = {new — new,-new — —new}, where new is
a new atom not mentioned in £. £ is valid if and only if M (&) is
deterministic. u

4.2 Progression

There are two forms of the progression problem, also referred
to as (one-step) temporal projection. The simpler one, in the
form of a query about the effects of an action given some
information about the current situation, can be described as a
triple (T, ¢, ¥) where

e T, is an action theory;

e ¢ is a formula from PRO Ppg representing the knowl-
edge state before the action is performed; we assume
that the action a is executable under ¢;

e ¢ is a formula from PROPpg we are interested in the
truth value of which after the action has been performed.

Definition 5 (progression) Let T, be an action theory and
¢ a formula from PROPpg such that « is executable un-
der ¢. Let i be a formula from PROPpg. (Ty,0,) is a
positive instance of PROGRESSION (the progression problem)
if and only if Y1 holds in any possible complete successor
state by action « of any complete initial state s; satisfying ¢z,

equivalently:
¢t N el(Ta) F Yrr-

According to this definition, progression is really a two-
step process: first make sure that the action is executable un-
der the given condition about the initial state, and then com-
pute the changes that the action will have under the given
initial condition. We have shown that the first step is II5-hard
in the worst case. The following proposition shows the com-
plexity of the second step under various assumptions.

Proposition 3 We have identified the following complexity
results (“CONP-c¢” stands for CONP-complete).

Complexity of PROGRESSION with causal rules | no causal rules
any ¢, any ¢ coNP-¢ coNP-¢
¢ complete state coNP-¢ P
9 literal coNP-¢ coNP-¢
¢ complete state +  literal coNP-¢ P

Proof:

1. Membership to CONP comes easily from the fact that
(Ta,¢,) is a positive instance of PROGRESSION if and only
if ¢¢ A cl(T) = hr41 holds.

2. In the case where ¢; is a complete initial state and there are no
causal rules, cl(To) = {(li)e+1 © Xie | li € Lps U{Ll}},
where for each 4, Var(xi:) € PS¢. When ¢ is a complete
initial state, each x; ¢ can be evaluated in linear time to a truth
value. This truth value is given to the corresponding (;)¢+1.
Since a is executable under ¢, this will not lead to a contra-
diction, and a complete successor state s;+1 is characterized
by the values given to the literals (I;)¢41. It remains to check
in linear time whether s¢4+1 = ¥¢+1 to determine whether the
instance is positive or not.
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3. What remains to be done is showing CONP-hardness in these
two cases:

(a) there are no causal rules and ) is a literal;
(b) ¢ is a complete state and ¢ is a literal;
Case 1: no causal rules, v is a literal.
The proof comes from the following polynomial reduction

from DNF-VALIDITY. Let{ = D; V ... V D, be any DNF
formula and let M (&) be the instance of PROGRESSION de-

fined by
o T, = (Eff(a),Causal) where Ef f(a) = {D1 ——
new, ..., Dy, = new} and Causal = (;
e ¢ = T;1 = new, where new is a new atom not men-
tioned in &.

Clearly « is executable under T, and £ is valid iff M (§) is a
positive instance of PROGRESSION.

Case 2: ¢ is a complete state, 1 is a literal

The proof comes from the following polynomial reduction
from DNF-VALIDITY. Let { = D; V ... V D,, be any DNF
formula, and let Var(§) = {z1, ..., zp} be the set of variables
appearing in £. We then define M (§) = (Ta, ¢, 1) where
To = (Eff(a), Causal) is given by Eff(a) = {T -
new'} and

Causal ={ D; Anew — new |i=1...m}
U{zi —xi, 2 — -zi|i=1...p}

and new, new’ are new atoms (not appearing in £). Let ¢ = s,
s being any complete state satisfying —mew A —mew’, and
1 = new. It can be seen that « is executable in (under) s, and
& is valid iff M () is a positive instance of PROGRESSION. B

Our results about the complexity of executability and pro-
gression, taken together, are strongly related to a result
in [Turner, 2002] (namely Theorem 8(i)) which says that
one-stage conformant planning (without concurrency) is II5-
complete. Indeed, checking that « is a valid plan in this con-
text amounts to checking that « is executable in all possible
initial states and that its progression satisfies the goal. By
considering executability and progression separately, we see
more clearly that ITI5-hardness in Turner’s result is solely due
to the hardness of executability.

A second, perhaps a more difficult way of seeing the pro-
gression problem, is the following: given some information
about the current situation, compute all possible successor
states. Formally, this looks like consequence finding: given
a formula ¢ € PROPpg, compute the strongest successor
state formula ¥ € PROPpg such that ¢; A cl(T,,) |= Uyyq.
Model-theoretically, this corresponds to finding all complete
successor states sy ; such that there is a complete initial state
s; that satisfies ¢; for which s; A cl(T},) A sy, is consistent.
As it turns out, this formula ¥, ; is the strongest necessary
condition of ¢; under cl(T,,) on PROPps, ., [Lin, 2001]:

Definition 6 (Pro(T,,®)) Given an action theory Ty, and
a formula ¢ from PROPpg such that « is executable un-
der ¢, the progression formula Pro(T,,, ¢) is the formula ¥
from PRO Ppg (unique up to logical equivalence) such that
(T, d,) is a positive instance of PROGRESSION if and only
if U |= 9 holds.

Pro(Ty, ¢) can be characterized equivalently by:
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Proposition 4

1. Let s be any complete state. We have s = Pro(Ty, ¢)
iff 3s; € 285 (((s}, 5041) |= cl(Tn) and s} |= ¢y), ie.,
there exists a complete initial state s} such that s; |= ¢;
and (s}, s141) |= cl(Ty) (or equivalently, ¢y A cl(Ty) A
S¢+1 IS consistent).

2. P’I‘O(Ta, ¢)t+1 = 3PSt(¢t N Cl(Ta))

4.3 Regression

There are (at least) two possible definitions for regression,
each of which corresponds to a given need: deductive re-
gression (also referred to as temporal explanation or weak
preimage) and abductive regression (also referred to as strong
preimage).

Definition 7 (deductive regression)  Let T, be an ac-
tion theory and let ¢, 1) be two formulas from PROPpg.
(T, ¢,1) is a positive instance of DEDUCTIVE REGRESSION
(the deductive regression problem) if and only if

Vi1 A el(To) = ¢

Similar to progression formulas, we can define deductive
regression formulas:

Definition 8 (Regp(T,, 1)) Given an action theory T, and
a formula 1 from PROPpg, the deductive regression for-
mula Regp (T, ) is the formula ® from PRO Ppg (unique
up to logical equivalence) such that (T, ¢,v) is a positive
instance of DEDUCTIVE REGRESSION if and only if ® = ¢.

We immediately get that for any two formulas ¢, 1 from
PROPpg, (T,,¢,v) is a positive instance of DEDUCTIVE
REGRESSION if and only if (T}, —¢, 1)) is a positive in-
stance of PROGRESSION. We also have:

Proposition 5

1. Let s be any complete state. We have s |= Regp(Tq, 1)
if and only if 3s,, € 251, (((s4,5,,1) E c(Th)
and sy | |= Yi11), i.e., there exists a complete succes-
sor state sy, | such that sy, | |= Y11 and (s¢,5;1,,) |
cl(Ty,) (or equivalently, 1y 11 Ncl(Ty) Asy is consistent).

2. RegD(Ta,d))t = ElPSt+1.(’(/)t+1 N Cl(Ta))

This characterization helps understanding deductive re-
gression: it intuitively means that we are interested in find-
ing the set of states which could be possible states before the
action, knowing that v holds after the action. This type of
regression is useful for postdiction, i.e., reasoning about the
past state of the system.

Since deductive regression is expressed as a deduction
problem, its complexity is easy to find out.

Proposition 6 DEDUCTIVE  REGRESSION is  CONP-

complete.

Definition 9 (abductive regression) Let T, be an ac-
tion theory and let ¢, 1) be two formulas from PROPpg.
(T, &,1) is a positive instance of ABDUCTIVE REGRESSION
(the abductive regression problem) if and only if for any com-
plete state s, s; A cl(Ty) |= y1 implies s |= ¢.

The corresponding search problem is defined by:
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Definition 10 Given an action theory T, and a for-
mula 1 from PROPpg, the abductive regression formula
Rega(Ty, ) is the formula ® (unique up to logical equiv-
alence) such that (T, ¢, 1)) is a positive instance of ABDUC-
TIVE REGRESSION if and only if ¢ = ®.

In other words, ®; is the weakest sufficient condition of
41 under ¢l (T,) on PROPpg, [Lin, 2001].

Proposition 7

1. Let s be any complete state. s |= Rega(Ty,v) if and

only if Vsj,y € 2P5+1 if (s4,5,,1) | cl(Ta) then
5;11 = Ve (or equivalently, sy A cl(Tq) = iq1)-
2. RegA(Ta, 1,[))15 = VPSH,l.(Cl(Ta) = ¢t+1)-

Thus, abductive regression amounts to finding the set of
all complete initial states s; for which all possible complete
successor states s}, W.r.t. T, satisfy 1. This means that we
are interested in finding the set of states in which performing
the action leads to states necessarily satisfying 1 - provided
that the action can be performed in them. This type of regres-
sion is useful for planning, i.e., reasoning about the minimal
conditions under which an action succeeds in reaching the
goals. Thus, (T, ¢, ) is a positive instance of ABDUCTIVE
REGRESSION if and only if ¢ implies the minimal conditions
under which the action leads to the goal.

This shows that the qualifications “deductive” and “abduc-
tive” are only related to the way initial states can be inferred,
and not to the confidence we have in them to be satisfied.
Indeed, as far as reasoning is concerned, deductive conclu-
sions can be taken for sure since deduction is truth-preserving
while abductive conclusions cannot be taken for sure in gen-
eral since abduction is only falsity-preserving. Contrariwise
to such a reasoning situation, initial states s; obtained through
deductive regression are only possible ones given ¢ and a: it
could be the case that performing action « in s leads to a suc-
cessor state in which ¢ does not hold. Contrastingly, initial
states s; obtained through abductive regression lead to suc-
cessor states where 1 necessarily holds.

The following proposition makes precise the links between
both forms of regression:

Proposition 8
1. Rega(Ta,¥) | Regp(Ta, ) if and only if a is fully

executable.

2. Rega(Ty,¥) = Regp(Tu,) if and only if « is fully

executable and deterministic.

Proof: We give the proof of the first point:
Rega(To, ) E Regp(Ta, )
iff  VPSit1.(—cl(Ty)) is inconsistent
iff  3PS¢.(VPSiy1.(—cl(Ty))) is inconsistent
iff  VPS;.(IPSiy1.cl(Ty)) is valid
iff  « is fully executable. |

Abductive regression is computationally more expensive
than deductive regression:

Proposition 9 ABDUCTIVE REGRESSION is I8 -complete.

Proof:  Membership is easy. Hardness comes from the
following polynomial reduction from the X%-complete
problem QBF23 to ABDUCTIVE REGRESSION. Let
Q = ({a1,...,an},{b1,...,bp},B) be an instance of QBFs 3.
Wlog, we assume that 3 is a DNF formula D, V ...V D,,,. We now
define M(Q) = (Lo, ¢, 1) where

REASONING ABOUT ACTIONS AND CHANGE



e T, is concerned by the fluents built over
{a1,...,an,b1,...,bp,new} (where new 1is a new
atom, not appearing in [3) and the following set of static causal
rules:

{D; — newl|i=1...m}
U {bi—)bi|i=1...p}
U {ﬁbi—)—'b”i:l...p}
(and no effect rule);
* ¢ = new;
® ) = new.
Q is a positive instance of QBF», 3 iff M (Q) is a positive instance of
ABDUCTIVE REGRESSION. | |

5 Generalized action theories

Here we want to extend causal and effect rules so as to allow
for any possible consequents, including disjunctions, while
keeping the framework simple enough.

Definition 11 (generalized action theory) A generalized
action theory T, for action « is an ordered pair

(Eff(a),Causal) where

e Eff(a) is afinite set of effect rules of the form pre ——
post[L]) where pre, post are formulas from PROPpg
and L C Lpg.

e Causal is a finite set of causal rules of the form
left — right[L] where left and right are formulas
from PROPpg and L C Lpg.

The completion consists now in writing down that every
literal [ persists if and only if there is no effect (action or
causal) whose precondition is verified and on which [ de-
pends. More generally, rather than writing “there is no ef-
fect (action or causal) whose precondition is verified and on
which [ depends”, we specify for each action rule the fluents
L that are influenced and for which there should not be any
frame axiom if the action rule is enabled.

Definition 12 (completion) The completion cl(T,,) of gen-
eralized action theory Ty, is the formula defined by

o T(a) = A{pre: = postit1 | Eff(a)
pre — post[L]} ;

o T'(Causal) = N{left: = right,leftiy; =
rightiy1 | Causal contains left — right[L]};

e foreach literall € Lpg, let
®(l) = \/{pre: | Ef f(a) contains pre =+ post[L]
andl € L},
®C(l) = \{leftiy1 | Causal contains left —
right[L] andl € L},
®(1) = (1) v @ (1),
frame(l) = (I, A —=®()) = liy1;

o c(To) = T(a) NT(Causal) AN \icp,., frame(l).

As for simple action theories, we assume that each symbol
of PS occurs in T, so that the size of ¢l(T,) is polynomial
in the size of T,,.

In the previous definition, ®¢ (1) gathers the preconditions
of effect rules whose postcondition influences positively [
(and similarly for ®(1)); the completion frame(l) means

contains
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that if [ is initially true and there is no active action rule nor
any causal rule whose consequent part influences negatively
l, then [ persists after « is performed.

By default, the set L associated with an action rule (resp. a
causal rule) is the set of literals Lit(post) (resp. Lit(right))
positively mentioned in the negation normal form of post
(resp. of right) — an alternative, more refined possibility be-
ing the set of literals DepLit(post) (resp. DepLit(right))
on which post (resp. right) semantically depends [Lang and
Marquis, 1998]. It is easy to show that the completion of
T, as defined above (Definition 12) is equivalent to the com-
pletion given at Definition 2 whenever T, is simple (in that
case, the default choice for L in each rule is considered, i.e.,
L = {1} whenever the consequent part of the rule is /).

For instance, so to say that flipping a coin release head,

we simply write holdingCOinﬂ—zgtrue[head, —head], i.e., if
one is holding the coin initially, then after the action of flip-
ping it, we can neither infer head nor —head using inertia.

Due to space limitation, we cannot provide the full details
here. In a nutshell, the main reasons why generalized action
theories are interesting are twofold. On the one hand, we can
prove that generalized action theories can be used to repre-
sent any nondeterministic action (associating a nonempty set
of successor states to any initial state), while such a com-
pleteness property is not satisfied by simple action theories.
On the other hand, the complexity of EXECUTABILITY, DE-
TERMINISM, PROGRESSION, DEDUCTIVE/ABDUCTIVE RE-
GRESSION, from generalized action theories coincide with
the corresponding complexity result for simple action the-
ories in the general case. This shows that the gain in ex-
pressiveness offered by generalized action theories is not bal-
anced by a complexity increase for any of these reasoning
tasks. Furthermore, this suggests that the simple action the-
ories considered here constitute the computational core of
causal action theories.

6 Other related work

[Liberatore, 1997] investigates the complexity of reason-
ing about action in the language A [Gelfond and Lifschitz,
1993], therefore he considers only deterministic actions with-
out static causal rules. He shows the CONP-completeness of
the progression problem in language A, to be related to the
right-upmost square in our Proposition 3. [Eiter et al., 2001]
study the computational of many planning problems (includ-
ing the progression problem as a particular case) using an ac-
tion description language based on answer set semantics.
[Drakengren and Bjireland, 1997; 1999] investigate the
complexity of checking the consistency of a scenario descrip-
tion in a temporal logic in the style of [Sandewall, 1994]
which shares some similarities with causal theories of action,
although both the syntax and the semantics are different. No
static causal rules are considered (but on the other hand, the
language allows for explicit time and concurrency). Check-
ing the consistency of a scenario description is NP-complete
and falls in P under specific syntactical restrictions.
Reasoning about action has strong connections with be-
lief update, and therefore, the complexity study of belief up-
date operators is relevant to our concern. The update opera-
tors whose complexity is studied in [Eiter and Gottlob, 1992;
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Herzig and Rifi, 1999; Liberatore, 2000] do not consider
static causal rules, but allow for expressing any effects, es-
pecially disjunctions. The complexity of checking whether
1 € KB ¢ ¢ — where ¢ is the update operator, mapping a
logical theory and a formula to a logical theory — corresponds
to the progression problem?.

7 Conclusions and future work

The main contribution of this paper is the identification of
complexity results corresponding to many reasoning tasks
considered when dealing with causal action theories. It re-
mains to be checked to what extent these results are changed
when considering additional capabilities such as concurrency
(as in [Giunchiglia and Lifschitz, 1998]) or resources.

Because of the way the progression problem is stated, it
was expected that for arbitrary description ¢ of the initial sit-
uation and arbitrary query v about the successor situation, the
problem is CONP-complete. But when we first started study-
ing the problem, we were really expecting that when ¢ is a
complete state, the problem would be easier; we were sur-
prised that even in this case it turned out to be intractable.
In retrospect, what happens is that even though both action
effect rules and causal rules have very restricted form, the
complete action theory ¢l(7,) can be complex, and may not
always be deterministic. An interesting question is then if we
already know that the action theory is deterministic, would
progression with complete initial state still be intractable? We
do not know the answer at that stage.
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Abstract

An additive fluent is a fluent with numerical values
such that the effect of several concurrently executed
actions on it can be computed by adding the effects
of the individual actions. We propose a method for
describing effects of actions on additive fluents in
the declarative language C+. An implementation of
this language, called the Causal Calculator, can be
used for the automation of examples of common-
sense reasoning involving additive fluents.

1 Introduction

Action languages [Gelfond and Lifschitz, 1998] serve to de-
scribe effects of actions on the states of the world. For in-
stance, the expression

Walk(z,!) causes Location(z) =1 (D

s

is a proposition, or “causal law,” of action language C+
[Giunchiglia et al., 2003] that describes an effect of ac-
tion Walk(z,[): this action causes the location of z to be-
come [. The semantics of action languages is defined in
terms of “transition systems’—directed graphs whose ver-
tices correspond to the states of the world, and whose edges
correspond to the execution of actions. The execution of a
sequence of actions can be represented by a path in such a
graph.

Some action languages, including C+, allow us to
talk about the effects of the concurrent execution of ac-
tions. Causal law (1) is understood in C+ to imply that
Location(z) = [ holds after any event that involves the exe-
cution of Walk(z,!), even if other actions are executed con-
currently. To distinguish the events involving the concurrent
execution of actions a; and as from the events that involve a1
but not as, we can write

ai; N\ az causes ...,
a1 N\ —ap causes ....

In this paper we investigate the possibility of using C+ to
represent the effects of actions on fluents of a special kind,
called “additive.” An additive fluent is a fluent with numer-
ical values such that the effect of several concurrently exe-
cuted actions on it can be computed by adding the effects

REASONING ABOUT ACTIONS AND CHANGE

of the individual actions. For example, the gross receipts of
a store are represented by an additive fluent: when several
customers pay to different cashiers simultaneously, the gross
receipts will increase by the sum of the “contributions” of the
individual customers. The voltage of a battery is an addi-
tive fluent: the increase in voltage obtained by adding several
cells to a battery can be computed by addition. In mechan-
ics, the velocity of a particle is an additive fluent, because the
net effect of several forces on this fluent over a time interval
equals the sum of the effects of the individual forces. Addi-
tive fluents are ubiquitous; this may be the reason why adding
numbers is such a useful operation.

Unfortunately, the causes construct of C+ and similar lan-
guages is not directly applicable to describing the effects of
actions on additive fluents. Consider, for instance, the effect
of the action Buy(z,n) (customer z buys n books) on the
number of books available at the bookstore. The causal law

Buy(z,n) causes InStore=k—n if InStore=k  (2)

is applicable in the case when no customer other than z is
buying books at the same time: & — n books are available
after the event if there were k£ books in the store before the
event. But (2) is not acceptable if we are interested in the
concurrent execution of such actions.

We introduce here a syntactic construct, increments, that
allows us to describe the effects of actions on additive fluents.
Semantically this construct is treated as “syntactic sugar”
on top of C+: the propositions involving that construct are
viewed as abbreviations for causal laws of C+. The interpre-
tation of increments described below has been used to ex-
tend the implementation of C+, called the Causal Calculator
(CCALCQ), to cover additive fluents.

After a review of transition systems and of the syntax of C+
in the next two sections, we describe the syntax of increment
laws (Section 4), define their semantics by showing how to
treat them as abbreviations (Section 5), and illustrate the use
of additive fluents in the language of CCALC by formalizing
an example that involves buying and selling (Section 6). Two
other examples of commonsense reasoning related to addi-
tive fluents are discussed in Sections 7 and 8. A proposition
stated in Section 9 confirms that additive fluents behave as
one would expect on the basis of the informal discussion of
additivity above, and thus provide a justification for the ap-
proach to formalizing additive fluents proposed in this paper.
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Figure 1: A transition system.

2 Transition Systems

Consider a set of symbols, called constants, along with a non-
empty finite set of symbols Dom(c) assigned to each con-
stant c. We call Dom(c) the domain of c.

The constants are divided into two groups—~fluent con-
stants and action constants. Intuitively, a fluent constant rep-
resents a fluent, and the elements of its domain are the possi-
ble values of that fluent. A state of the world is characterized
by a function that maps each fluent constant to an element of
its domain. In [Giunchiglia et al., 2003, Section 4.2], fluent
constants are further subdivided into simple and statically de-
termined; in the examples below, only fluent constants of the
first kind will be used.

A function that maps each action constant to an element
of its domain characterizes an event occurring over a time
interval between two successive states. In many examples of
the use of C+ the domain of every action constant is the set
of truth values {f,t}; constants with this domain are called
Boolean. Intuitively, a Boolean action constant represents an
action; the value of such a constant is t if the action is one of
those that are executed as part of the event.

A transition system is a directed graph whose vertices are
functions that map every fluent constant to an element of its
domain, and whose edges are labeled by functions that map
every action constant to an element of its domain. The ver-
tices of a transition system are called its states. The functions
labeling the edges of a transition system are called events.
As an example, consider a transition system representing the
effect of buying a book on the number of books that the per-
son owns (Figure 1). It uses two fluent constants—Has(A)
(the number of books that Alice has) and Has(B) (the num-
ber of books that Bob has)—with the domain {0,..., N},
where IV is a fixed nonnegative integer, and two Boolean
action constants—Buy(A) (Alice buys a book) and Buy(B)
(Bob buys a book). Every state is represented by two equa-
tions showing the values of the fluent constants. Every event
is represented by the set of action constants that are mapped
to t. The loops are labeled by the trivial event §) (no actions
are executed). The horizontal edges are labeled by the event
in which Alice buys a book and Bob doesn’t; along each of
the vertical edges, Bob buys a book and Alice doesn’t. The
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diagonal edges correspond to Alice and Bob buying books
concurrently.

3 Syntax of C+

The review of the syntax of C+ in this section follows
[Giunchiglia et al., 2003, Section 4.2]. An atom is an expres-
sion of the form ¢=v, where c is a constant and v € Dom(c).
For instance, the equalities in Figure 1 are atoms. A formula
is a propositional combination of atoms. By a fluent formula
we mean a formula such that all constants occurring in it are
fluent constants. An action formulais a formula that contains
at least one action constant and no fluent constants.
A static law is an expression of the form

caused F' if G 3)

where F' and G are fluent formulas. An action dynamic law is
an expression of the form (3) in which F' is an action formula
and G is a formula. A fluent dynamic law is an expression of
the form

caused F if G after H 4)
where F' and G are fluent formulas and H is a formula, pro-
vided that F' does not contain statically determined constants.
A causal law is a static law, or an action dynamic law, or a flu-
ent dynamic law.

Here are two examples. The expression

k+1if Has(z)=k 5)
where z € {4, B} andk € {0,..., N
for the fluent dynamic law
k+1if T after Buy(z) =t A Has(z)=k
(T is the O-place connective “true”). The expression

nonexecutable Buy(z) if Has(z) =N (6)
is an abbreviation for the fluent dynamic law

caused L if T after Buy(z) =t A Has(z)=N

(L is the O-place connective “false”).

Causal laws (5) and (6) describe an effect of action Buy(z)
and a restriction on its executability. To get a complete de-
scription of Figure 1 in language C+, we need two more pos-
tulates. First, we should specify that the edge labels of the
transition system may assign truth values to the action con-
stants Buy(z) arbitrarily. This is expressed by

Buy(z) causes Has(z) =

— 1}, is an abbreviation

caused Has(z) =

exogenous Buy(z), @)
which stands for the pair of action dynamic laws

caused Buy(z) =T if Buy(z)=f,
caused Buy(z) =t if Buy(z)=t.

Action Buy(z) is exogenous in the sense that the action de-
scription does not determine whether that action is executed.
If it is not executed then there is a cause for this; if it is ex-
ecuted then there is a cause for that too. Second, we need
to say that the fluent constant Has(z) satisfies the “common-
sense law of inertia”: in the absence of evidence to the con-
trary, its value after an event is assumed to be the same as its
value before the event. This is expressed by

inertial Has(z), (3)
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which stands for N + 1 fluent dynamic laws
caused Has(z) =k if Has(z) =k after Has(z) =k

(k € {0, ..., N}). If the value of Has(z) after an event is the
same as the value before the event then there is a cause for
this. Intuitively, inertia is the cause.

An action description s a set of causal laws. The semantics
of C+, described in [Giunchiglia er al., 2003, Section 4.4],
specifies the transition system represented by any given ac-
tion description. For instance, action description (5)—(8) rep-
resents the transition system shown in Figure 1.

This action description does not say explicitly that the triv-
ial event () has no effect on the values of Has(A) and Has(B),
or that event {Buy(A)} does not affect the value of Has(B).
Nevertheless, every edge of the transition system labeled 0 is
a loop, and every edge labeled {Buy(A)} is horizontal, be-
cause of the postulates (8) that express, under the semantics
of C+, the persistence property of Has(z).

Similarly, causal laws (5)—(8) do not say anything about the
concurrent execution of actions Buy(A) and Buy(B). But the
edges labeled {Buy(A), Buy(B)} in Figure 1 are directed di-
agonally, in accordance with our commonsense expectations.
This fact illustrates the convenience of the approach to con-
currency incorporated in the semantics of C+.

However, as discussed in the introduction, this built-in
mechanism is not directly applicable to the effects of actions
on additive fluents. We are now ready to turn to the main sub-
ject of this paper—extending C+ with the additional notation
that resolves this difficulty.

4 Increment Laws

In our proposed extension of C+, some of the simple fluent
constants can be designated as additive. The domain of every
additive fluent constant is assumed to be a finite set of num-
bers. We understand ‘“numbers” as (symbols for) elements of
any set with an associative and commutative binary operation
+ that has a neutral element 0.! Effects of actions on additive
fluents are described in extended C+ by causal laws of a new
kind—*“increment laws.” Accordingly, we modify the defi-
nition of a causal law reproduced in Section 3 in two ways.
First, in causal laws (3) and (4) formula F' is not allowed to
contain additive fluent constants. Second, we extend the class
of causal laws by including increment laws—expressions of
the form

a increments c by n if G ®
where
e ¢ is a Boolean action constant,
e cis an additive fluent constant,
e 7 is a number, and

e (7 is a formula that contains no Boolean action constants.

!'The additive group of integers is the main example we are inter-
ested in, and this is the case that has been implemented. The max
operation on an ordered set with the smallest element is another in-
teresting case.
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Notation: z ranges over { A, B}.

Action constants: Domains:
Buy(z) Boolean

Additive fluent constant: Domain:
InStore {0,...,N}

Causal laws:
Buy(z) increments InStore by —1
exogenous Buy(z)

Figure 2: An action description in extended C+.

A
0@ T{BUY(A)} T {Buy(B)} {Buy(g),

InStore = 0

InStore = 1 Buy(B)}

o~ B | swe)
InStore = {Buy(A),
e=2 Buy(B)}

[ tBuyian Tisuyen

' : . Buy(A),
(et e /{B%(B)}
InStore =N

Figure 3: The transition system described by Figure 2.

We will drop ‘if G’ in (9) if G is T. In extended C+, an action
description is a set of causal laws that contains finitely many
increment laws.

In the next section we define the semantics of extended C+
by describing a translation that eliminates increment laws in
favor of additional action constants.

As an example, consider the effects of actions Buy(A),
Buy(B) on the number of books available in the bookstore
where Alice and Bob are buying books. A description of
these effects in extended C+ is shown in Figure 2 (as before,
N is a fixed nonnegative integer). The transition system rep-
resented by the translation of Figure 2 into the non-extended
language C+ is depicted in Figure 3 (with the auxiliary action
constants dropped from the edge labels). The causal laws in
Figure 2 do not say explicitly that the trivial event (§ has no
effect on the value of InStore, or that the concurrent execution
of actions Buy(A) and Buy(B) decrements the value of this
fluent by 2. Nevertheless, every edge of the corresponding
transition system labeled () is a loop, and every edge labeled
{Buy(A), Buy(B)} goes up 2 levels, in accordance with our
commonsense expectations. This happens because Figure 2
classifies InStore as an additive fluent constant.

The causal laws in this action description do not say explic-
itly that actions Buy(z) are not executable when InStore =0,
and that actions Buy(A), Buy(B) cannot be executed concur-
rently when InStore = 1. This is taken care of by our seman-
tics of increment laws, in view of the fact that the domain
of InStore does not contain negative numbers.

1081



5 Translating Increment Laws

Let D be an action description in extended C+. In connection
with the increment laws (9) in D, the following terminology
will be used: about the Boolean action constant a, the additive
fluent constant ¢ and the number 7 in (9) we will say that a
is a c-contributing constant, and that n is a contribution of a
to c.

The auxiliary action constants introduced in the translation
are expressions of the form Contr(a, ¢), where cis an additive
fluent constant, and a is a c-contributing action constant. The
domain of Contr(a,c) consists of all contributions of a to ¢
and number 0.

To translate the increment laws from D, we

(i) replace each increment law (9) in D with the action dy-
namic law

caused Contr(a,c)=nif a=t A G, (10)

(ii) for every auxiliary constant Contr(a, c), add the action
dynamic law

caused Contr(a,c)=0 if Contr(a,c)=0, (11)
(iii) add the fluent dynamic laws

caused c=v + ) v, if T

after c=v A A, Contr(a,c)=v, (12)

for every additive fluent constant ¢, every v € Dom(c),
and every function ¢ +~ v, that maps each c-
contributing constant @ to an element of the domain of
Contr(a,c) sothatv 4+ > v, is in the domain of c.

The sum and the multiple conjunction in (12) range over all
c-contributing constants a.

Causal law (10) interprets increment law (9) as the as-
sertion that executing a (possibly along with other actions)
causes constant Contr(a,c) to get the value n, under some
conditions characterized by formula G. Causal laws (11) say
that the value of this constant is O by default, that is to say,
when another value is not required by any increment law.
Causal laws (12) say that the value of an additive fluent con-
stant after an event can be computed as the sum of the value
of this constant prior to the event and the contributions of all
actions to this constant.

The result of translating increment laws from Figure 2
is shown in Figure 4. In this case, the translation de-
scribed above introduces two auxiliary action constants:
Contr(Buy(A), InStore) and Contr(Buy(B), InStore). The
domain of each of them has 2 elements: the contribution —1
of Buy(z) to InStore and number 0.

The edges of the transition system described by Figure 4,
and the corresponding events, can be computed using the
methods presented in [Giunchiglia er al., 2003, Sections 4.2,
2.6]. (This calculation involves turning the action descrip-
tion into a definite causal theory and computing the mod-
els of the completion of this theory.) Every event assigns
values to each action constant, including the auxiliary con-
stants Contr(Buy(z), InStore). For instance, the label

{Buy(A), Buy(B)}
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Notation: z ranges over { A, B}.

Action constants: Domains:
Buy(z) Boolean
Contr(Buy(z), InStore) {-1,0}

Additive fluent constant: Domain:
InStore {0,...,N}

Causal laws:
caused Contr(Buy(z), InStore) = —1 if Buy(z) =t

caused Contr(Buy(x), InStore) =0 if Contr(Buy(z), InStore)=0

caused InStore=v+v; +vy if T after InStore=v N
Contr(Buy(A), InStore) =v1 A Contr(Buy(B), InStore) = vy
forallv € {0,...,N}and v, v € {—1,0}
such that v + vy, +v9 > 0
exogenous Buy(z)

Figure 4: The result of translating increment laws from Fig-
ure 2.

in Figure 3 represent the following event E:

E(Buy(A)) =1, E(Contr(Buy(A), InStore)) = —1,
E(Buy(B)) =t, E(Contr(Buy(B), InStore)) = —1.

The Causal Calculator, which implements C+ with incre-
ment laws, can be downloaded from

http : //www.cs.utexas.edu/users/tag/ccalc/.

6 Reasoning about Money

As an application of these ideas to automated commonsense
reasoning, consider the following example:

I have $6 in my pocket. A newspaper costs $1, and
amagazine costs $3. Can I buy 2 newspapers and a
magazine? A newspaper and 2 magazines?

These questions are about the executability of some concur-
rently executed actions, and the answers are determined by
the effect of these actions on an additive fluent—the amount
of money that I have.

Figure 5 describes the relevant properties of buying and
selling in the input language of CCALC. There are objects
of four sorts in this domain: agents, resources, items (to be
purchased) and (nonnegative) integers; items are a subset of
resources. The buyer and the seller are agents; money is a
resource; 0, ... ,maxInt are integers. The price of an item is
an integer. The number of units of a resource that an agent
has is an integer-valued additive fluent. Buying is an exoge-
nous action. The four causal laws that follow these declara-
tions are self-explanatory; decrements is an abbreviation
defined in terms of increments. The last causal law ex-
presses that the number of units that are being purchased is

uniquely defined.
Figure 6 expresses the first of the two questions stated at
the beginning of this section. The line maxstep :: 1

tells CCALC that the query is about paths of length 1 in the
transition system. The question is whether the transition sys-
tem contains an edge that begins in a state in which the buyer
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:- sorts

agent; resource >> item; nnlnteger.
:- variables

Ag :: agent; Res resource;

It :: item; M, N nnInteger.
:- objects

buyer,seller agent;

money resource;

0..maxInt nnInteger.
:- constants

price(item) nnInteger;

has (agent, resource)
additiveFluent (nnInteger) ;
buy (item,nnInteger) exogenousAction.

buy (It,N) increments has (buyer,It) by N.
buy (It,N) decrements has(seller,It) by N.
buy (It,N) increments has(seller,money)
by M*N if price(It)=M
where M*N =< maxInt.
buy (It,N) decrements has (buyer, money)
by M*N if price(It)=M
where M*N =< maxInt.
nonexecutable buy (It,M) & buy(It,N)
where M\=N.

Figure 5: Buying and selling

:- objects
newspaper,magazine item.

price (newspaper)=1. price(magazine)=3.
1 - query

maxstep :: 1;

0: has (buyer,money) =6,

buy (newspaper,2), buy(magazine,1).

Figure 6: Do I have enough cash?

has $6, and whose label includes buying 2 newspapers and 1
magazine. CCALC responds to this query by finding such an
edge.” Its reply to a similar question about 1 newspaper and
2 magazines is negative.

7 Reasoning about Motion

Some additive fluents mentioned in the introduction—for in-
stance, the velocity of a particle—are real-valued, rather than
integer-valued. CCALC cannot deal with real numbers yet,
and its input language does not allow us to express properties
of such fluents.

But let’s imagine a movable object that is immune to this
complication—the spacecraft Integer. Far away from stars

This example involves the concurrent execution of two actions,
but in general the CCALC implementation of additive fluents does
not impose any specific restriction on the number of actions that can
be executed concurrently.
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and planets, the Integer is not affected by any external forces.
As its proud name suggests, the mass of the spacecraft is an
integer. For every integer ¢, the coordinates and all three com-
ponents of the Integer’s velocity vector at time ¢ are integers;
the forces applied to the spacecraft by its jet engines over
the interval (¢,¢ + 1), for any integer ¢, are constant vectors
whose components are integers as well. If the crew of the In-
teger attempts to violate any of these conditions, the jets fail
to operate!

Our formalization of the motion of the Integer uses the flu-
ents Pos(a), where a ranges over {X,Y, Z}, to represent the
current position of the Integer along the a axis. The additive
fluents Vel(a) are the components of its velocity. According
to Newton’s Second Law, the acceleration created by firing a
jet can be computed by dividing the force by the mass of the
spacecraft. This relationship can be expressed without men-
tioning the acceleration explicitly—in terms of the change in
the velocity over a unit time interval:

Fire(j) increments Vel(a) by n/Mass if Force(j,a) = n.

To test our representation, we instructed CCALC to answer
the following question:

The mass of the Integer is 1. The Integer has two
jets, and the force that can be applied by each jet
along each axis is at most 2. The current position
of the Integer is (—1,0, 1), and its current velocity
is (0,1, 1). How can it get to (0, 3, 1) within 1 time
unit?

One of the solutions found by CCALC is to apply the forces
(2,2,0) and (0,2, —2).

8 Missionaries and Cannibals with Two Boats

In the Missionaries and Cannibals Problem (MCP), three mis-
sionaries and three cannibals come to a river and find a boat
that can hold two people. If the cannibals ever outnumber the
missionaries on either bank, the missionaries will be eaten.
How shall they cross? The shortest solution involves 11 steps.

Lifschitz [2000] showed how to express this puzzle and
some of its elaborations due to McCarthy [1999] in the lan-
guage of CCALC. Some simple elaborations of MCP in the
spirit of this work require that the number of members of
a group (missionaries or cannibals) at a given location be
treated as an additive fluent. This is the case, for instance,
when several boats are available and are allowed to operate
concurrently.

Using the ideas of this paper, we formalized the modifica-
tion of MCP in which the travelers find two boats: a small
boat that holds one, and a bigger boat that holds two. Using
our formalization, CCALC has determined that the modified
problem can be solved in 7 steps.

9 Properties of Additive Constants

By examining Figure 3 in isolation from its symbolic descrip-
tion in Figure 2 we can see that the constant InStore exhibits
some features typical for additive fluent constants.

Consider, for instance, the edges that start at the vertex
InStore = 2 and are labeled by the events {Buy(A)} and
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{Buy(B)}. Each of them leads to the vertex InStore = 1,
so that each of these two events, when it occurs in the
state InStore = 2, increments the value of InStore by —1.
In accordance with the intuitive idea of an additive fluent,
we can expect that the “union” of these events, when it oc-
curs in the same state, will increment the value of InStore
by (—1) + (—1). And this is true, because the edge in Fig-
ure 3 that starts at the vertex InStore = 2 and is labeled
{Buy(A), Buy(B)} leads to the vertex InStore=0.

Proposition 1 below generalizes this observation to a class
of action descriptions in the language C+ extended as de-
scribed in Sections 4, 5. By D we denote any action descrip-
tion in this language.

About events ey, e1,...,e, (n > 0) in the transition system
represented by D we say that e is a disjoint union of eq,...,e,
if, for every Boolean action constant a,

e if eg(a) =t then there exists a unique ¢ > 0 such that
ei(a) = t; for this i, eg(a’) = e;(a’) for every non-
Boolean action constant a’;

e if eg(a)=f then, for all i > 0, e;(a) =f.

In the rest of this section we assume that the set of numbers
is a commutative group.

Proposition 1 Let ¢ be an additive fluent constant, let s,
80y .-y 8pn (N > 0) be states, and let ey, ...,e, be events
such that ey is a disjoint union of e1,...,en. If, for all
i € {0,...,n}, the transition system represented by D con-
tains an edge that leads from s to s; and is labeled e; then

n

so(c) —s(c) =Y (si(e) = s(¢))-

i=1

The special case corresponding to n = 0 tells us that ad-
ditive fluent constants are not affected by “trivial” events. In
this sense, they are similar to the fluent constants for which
inertia is postulated:

Corollary 1 Let e be an event such that for every Boolean
action constant a, e(a) =f. If the transition system repre-
sented by D contains an edge that leads from a state s to
a state s' and is labeled e then, for any additive fluent con-
stant ¢, s'(c) = s(c).

The special case corresponding to n = 1 implies that the

effects of any set of actions on an additive fluent is determin-
istic:
Corollary 2 If the transition system represented by D con-
tains an edge that leads from a state s to a state sg and is
labeled e, and an edge that leads from s to a state sy and
is also labeled e, then, for any additive fluent constant c,
so(c) = s1(c).

10 Discussion

In this paper we showed how an implemented, declarative
language for describing actions can be used to talk about
the effects of actions on additive fluents. This was accom-
plished by extending the syntax of the action language C+
from [Giunchiglia ez al., 2003] by increment laws and by
showing how to treat these laws as abbreviations.
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It is interesting to note that this treatment of additive
fluents would have been impossible if, instead of C+, we
used its predecessor C from [Giunchiglia and Lifschitz,
1998]. Non-Boolean, non-exogenous action constants such
as Contr(a, c), and action dynamic laws such as (10) and (11)
are among the features of C+ that were not available in C.

In literature on planning, fluents with numerical values are
often referred to as “resources” [Koehler, 1998]. The concur-
rent execution of the actions that involve resources is usually
limited to the “serializable” case, when all ways of sequenc-
ing the concurrent actions are well-defined and equivalent.
This condition is not satisfied, however, for many uses of ad-
ditive fluents, including the space travel example (Section 7)
and the modified MCP (Section 8). Consider, for instance,
the state with two cannibals and three missionaries on the first
bank, and imagine that the missionaries are using both boats
to cross simultaneously. The concurrent execution of the ac-
tions cannot be replaced by the larger boat crossing first and
the smaller boat crossing after that—in the state between the
two actions, the missionaries on the first bank would be out-
numbered by the cannibals. This example shows that crossing
the river in the modified MCP is not serializable.
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Abstract

FLUX belongs to the high-level programming lan-
guages for cognitive agents that have been devel-
oped in recent years. Based on the established,
general action representation formalism of the Flu-
ent Calculus, FLUX allows to implement complex
strategies in a concise and modular fashion. In
this paper, we extend the FLUX language to reason
about domains involving continuous change and
where actions occur concurrently. Using constraint
logic programming, we show that this reasoning is
performed in an efficient way.

1 Introduction

One of the most challenging and promising goals of Artificial
Intelligence research is the design of autonomous agents, in-
cluding robots, that solve complex tasks in a dynamic world.
To reach autonomy in partially known, constantly changing
environments requires the high-level cognitive capabilities of
reasoning and planning. Using a mental model of the state
of their environment allows for the agents to calculate the
outcome of different action sequences in advance and then
choose the best plan to execute for a specific goal in mind.

Formal theories of reasoning about actions and change
have the expressive power to provide such high-level capa-
bilities. The Fluent Calculus [Thielscher, 1999], as one of the
established action representation formalisms, uses the con-
cept of state update axioms to solve the representational and
inferential aspect of the classical Frame Problem. Based
on this formal theory, the high-level programming method
FLUX has been developed in recent years [Thielscher, 2002].
Using the paradigm of constraint logic programming, the
powerful FLUX kernel provides general reasoning facilities,
so that the agent programmer can focus on the high-level de-
sign of intelligent agents.

Autonomous agents in real-world environments have to
take into account that the execution of actions takes differ-
ent amounts of time. Some actions can be modeled as dis-
crete changes, others involve continuous change and should
rather be seen as the initiation or termination of complex pro-
cesses. Such processes may contain parameters whose values
change continuously and which are formalized as functions
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over time. A car moving on a road with a constant veloc-
ity v, for instance, can be represented by a ’process fluent’
Movement(zg, tg,v), where the parameter x, denotes the
location of the car at the time ¢, when the motion was initi-
ated. The fluent Movement itself, although it describes the
particular continuous change © = xo + v * (t — o) for the
location « of the car at the time ¢, will stay unchanged until
some other action will affect it. Continuous change is then
modeled by fluents describing arbitrarily complex, continu-
ous processes. These fluents remain stable in between the oc-
currence of two consecutive actions, and yet they internally
represent continuous change.

In a world full of ongoing processes, however, an agent ex-
ecuting a plan is not the only source of change. Also the laws
of physics frequently imply an evolution of the environment,
like for example, the action of a falling ball bouncing when it
reaches the floor. The fundamental property of such so-called
natural actions [Reiter, 1996] is that they must occur at their
predicted times, provided no earlier actions (natural or delib-
erative) prevent them from occurring. Because such actions
may occur simultaneously, concurrency must be accommo-
dated.

In this paper, we present a FLUX system which allows for
the design of intelligent agents that reason and plan in do-
mains involving continuous change and where actions occur
concurrently. Using the paradigm of constraint logic pro-
gramming, our extension to FLUX integrates both kinds of
actions, deliberative and natural, into one method for the
planning and execution of actions. Reasoning in terms of
time intervals, our method allows for the efficient genera-
tion of plans in concurrent, continuous environments. Our
work is based on the theoretical approach presented in [Herr-
mann and Thielscher, 1996; Thielscher, 2001a]. Other exist-
ing agent programming methods like the robot control lan-
guage developed in [Shanahan and Witkowski, 2000] or the
GOLOG programming language [Levesque et al., 1997], do
not handle, in domains involving concurrency and continu-
ous change, the concept of a natural action at all or only
have separate accounts for natural actions on the one hand
[Reiter, 2001] and for deliberative actions on the other hand
[Grosskreutz, 2002].

In the next section, we introduce our example scenario and
shortly recapitulate the fundamentals of the FLUX system.
We then give briefly the theoretic solution in the Fluent Cal-
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culus. Thereafter, we present our extension of FLUX to con-
current, continuous domains and discuss the employed con-
strained handling techniques. In the last section we conclude
and show some possible future work. All programs are avail-
able on our web site: htt p: / / www. f | uxagent . or g/

2 FLUX

The example agent program in this paper is set in a waterway
scenario. The agent has to steer a barge through a system of
canals. The water levels in the canals are dependent on tides.
At some places of the canals there are locks which a ship can
only pass on a high tide. Due to the geographical facts the tide
levels differ for different locks. The canals themselves are
too small to turn around but sometimes there are intersections
where the agent steering the barge can choose one direction
(see also Fig. 1).

To develop an agent for this scenario, we use the high-
level programming method FLUX which is grounded in the
action theory of the Fluent Calculus. The Fluent Calculus
is a many-sorted predicate logic language with four stan-
dard sorts: FLUENT, STATE, ACTION, and sIT(for situations)
[Thielscher, 1999]. States are composed of fluents (as atomic
states) using the standard function o : STATE X STATE +—
STATE and constant () : STATE (denoting the empty state).
The program for our agent, for example, uses these two flu-
ents: At(z,y,t), representing that the barge is at cell (z,y)
at time 1, and T'ide(l,w, t), denoting that at time ¢ the wa-
ter level w at lock [ is at high/low tide. Similarly as in the
Situation Calculus [Reiter, 2001], the constant S, denotes the
initial situation and Do(a, t, s) the situation after having per-
formed action a in situation s at time ¢. The state of a situation
s is denoted by the standard function State(s). For example,
the initial state in the waterway scenario of Fig. 1 may be
axiomatized as®

(3z) (State(Sy) =At(1,2,0.0) o Tide(Lock1, High,0.0) o

Tide(Lock2, High, 0.0) o Tide(Lock3, High,0.0) o z A

(Vu, v, w) =Holds(At(u, v, w), z) A (Yu, v, w)

—Holds(Tide(u, v, w), z))

The reader may notice that an incomplete state with addi-
tional negative information has been specified, i.e., the sub-
STATE z may contain many more fluents, but no more At or
Tide fluents. The foundational axioms of the Fluent Calculus
ensure that the composition function “o” exhibits the proper-
ties of the union function for sets (with () as the empty set), so
that a state is identified with all the fluents that hold. On this
basis, the macros Holds( f, z) and Holds(f, s) are defined as
follows:

Holds(f, z)
Holds(f, s)

= (3)z=for
€ Holds(f, State(s))

LIn anticipation of the integration of continuous change, the ar-
gument ¢ denotes the time when a fluent becomes true or an action
takes place.

2predicate and function symbols, including constants, start with
a capital letter whereas variables are in lower case. Free variables
in formulas are assumed universally quantified. Variables of sorts
FLUENT, STATE, ACTION,and SIT shall be denoted by letters f, z, a,
and s, respectively. The function o is written in infix notation.
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Figure 1: An example waterway scenario where the goal for
the agent is to steer the barge from cell (1, 2) to the harbor at
cell (3,2). There are three locks at cells (1, 3), (1,1), (2, 2).

In our waterway scenario there are two elementary actions:
GoByShip(d), the deliberative action of the agent to steer
the barge to the next cell which lies in the direction d, and
TurnTide(l, w), the natural action indicating the turn to the
tide w at lock [. The fundamental Frame Problem is solved
in the Fluent Calculus by a so-called state update axiom for
each action, which describes the effects of the action in terms
of the difference between the states before and after the ex-
ecution of it. For example, the action TurnTide(l, w) can be
specified as

Poss(TurnTide(l, w), ¢, s) D
(Hwo, to)(HOldS(TidE(l, wo, to), S) A
w = High A State(Do(TurnTide(l, w), t, s)) =
(State(s) — Tide(l, wo, to)) + Tide(l, High,t) Vv
w = Low A State(Do(TurnTide(l, w), ¢, s)) =
(State(s) — Tide(l, wo,to)) + Tide(l, Low, t))

where “—" and “+” are macros for fluent removal and addi-
tion; and the macro Poss(a, ¢, s) £ Poss(a, ¢, State(s)) denot-
ing in the Fluent Calculus that at time ¢ action a is possible in
state State(s).

To reflect the incomplete knowledge of an agent about its
environment, incomplete states are encoded in FLUX as open
lists, that is, lists with a variable tail, of fluents [Thielscher,
2002]. These lists are accompanied by constraints for negated
state knowledge as well as for variable range restrictions. The
constraints are of the form NotHolds( £, z), indicating that flu-
ent f does not hold in state z; and NotHoldsAll( £, z), indicat-
ing that no instance of f holds in z. In order to process these
constraints, so-called declarative Constraint Handling Rules
[Frithwirth, 1998] have been defined and proved correct un-
der the foundational axioms of the Fluent Calculus (for details
see [Thielscher, 2002]).

For example, the initial state depicted in Fig. 1 may be
specified by this clause,
init(z0o) :-

Z0=[at(1,2,0.0),tide(lockl, high,0.0),tide(

| ock2, high, 0.0),tide(lock3, high,0.0)]| 2],
not _holds_all(at(_, _,_ ), 2,
not _holds_all(tide(_,_,_ ),2).
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which also reflects the negative information that no At fluent
occurs in sub-state z (the location of our agent is unique),
and that there are no more T'ide fluents other than specified
in state zg.

The predicate Poss(a,t, z) realizes the precondition ax-
ioms for actions, that is, it defines under which conditions an
action is possible at time ¢ in state z. There is one such pred-
icate clause for each action. Conditioning in FLUX is based
on the foundational predicates Knows( f, z), KnowsNot( f, z),
and KnowsVal(Z, f, z), representing that the agent knows that
fluent f holds (respectively, does not hold) in state z, and that
there exist ground instances of the variables in Z such that
fluent f is known to be true in state z. Take, for example,
the precondition axiom for the action TurnTide(Z, w) which is
implemented as follows,

poss(turntide(L,W,T,2) :-
(Wehi gh, knows_val ([ L, TR}, tide(L, | ow, TR), 2),
duration(L, | ow, D);
Wl ow, knows_val ([ L, TR], ti de(L, high, TR), 2),
duration(L, high,D)),
{T == TR + D}.

where the auxiliary predicate Duration(l, w, d) denotes the
duration d of the corresponding tide w at lock [. The execu-
tion time ¢ of the action will be constrained, using the syn-
tax of the constraint handling library CLP(R) of the Eclipse-
Prolog system, to be the sum of the starting time of the old
tide plus the duration of the old tide.

As in the Fluent Calculus, the effects of actions are
encoded as state update axioms. For this purpose, the
FLUX kernel provides a definition of the auxiliary predi-
cate Update(z;,9%,97,22). Its intuitive meaning is that
state zy is the result of positive and negative effects ¥+ and
97, respectively, wrt. state z;. In other words, the pred-
icate encodes the state equation 2o = (21 — 97) + 9.
On this basis, the agent programmer can easily implement
the update axioms by clauses which define the predicate
StateUpdate(z1, a, t, 22), as for example in the following en-
coding for the action TurnTide(l, w):

state_update(Zl,turntide(L,W,T,2Z2) :-
hol ds(ti de(L, W, TO), Z1),
Wehi gh, update(Z1,[tide(L, high,T)],
[tide(L, W, TO)], Z2);
Wl ow, update(Zi,[tide(L,low, T)],
[tide(L, W, TO)], Z2).

3 Theconcurrent, continuous Fluent Calculus

The Fluent Calculus for concurrent actions is based on the
additional pre-defined sort CONCURRENT, of which ACTION
is a sub-sort [Thielscher, 2001a]. Single actions which are
performed simultaneously are composed to terms of sort
CONCURRENT by a new binary function. The latter is de-
noted by “-” and written in infix notation. This function
shares with the function combining fluents to states the prop-
erties of associativity, commutativity, idempotency and exis-
tence of a unit element. The constant “¢” (read: no-op) of
sort CONCURRENT acts as the unit element wrt. function “.”.
Similar to the Holds macro the abbreviation In(cy, ¢) is used
to denote that concurrent action ¢; is included in concurrent
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action ¢
def

In(cy,¢) =3 )e=cy - ¢

State update axioms for concurrent actions are recursive.
They specify the effect of an action relative to the effect of
arbitrary other, concurrent actions:

Poss(a - ¢, t,s) A A(c,t,s) D
State(Do(a - ¢, t,s)) o9~ = State(Do(c, t,s)) o 9T

l.e., 9~ and 9T are the additional negative and positive, re-
spectively, effects which occur if action a is performed be-
sides c¢. Here, a can be a single action or a compound action
which produces synergic effects, that is, effects which no sin-
gle action would have if performed alone. Using recursive
state update axioms, the effect of, say, two simultaneous but
independent actions can be inferred by first inferring the ef-
fect of one of them and, then, inferring the effect of the other
action on the result of the first inference. The recursions stops
with the base case of the empty action, which is defined as:

State(Do(e, ¢, s)) = State(s)

Two or more actions may interfere when executed concur-
rently, which is why the condition A in the above state update
axiom may restrict the applicability of the implication in view
of concurrent action c.

Integrating continuous change in the Fluent Calculus re-
quires the introduction of process fluents which can repre-
sent arbitrarily complex, continuous processes. Because such
processes may be modeled by equations of motions, contin-
uous time must be represented. To this end, the new sort
REAL is added, which is to be interpreted as the real numbers
[Thielscher, 2001a]. The sort is accompanied by the usual
arithmetic operations along with their standard interpretation.
The continuous Fluent Calculus includes the pre-defined flu-
ent StartTime(¢), where ¢ is of sort REAL, determining the
time Start(z) at which a state arises, provided that StartTime
is unique:

(3't)Holds(StartTime(t), z) D
(Vt)(Holds(StartTime(t), z) D Start(z) = t)

As already indicated throughout the paper, a parameter ¢ of
sort REAL is also used to denote the time at which a fluent
arises as in Tide(l, w, t) or to represent the occurrence of an
action as in Do(a, t, s). A standard requirement for the possi-
bility to perform a concurrent action c at time ¢ in state z may
then be expressed as follows:*

Poss(c, t, z) = ¢ # e A (Va)(In(a, c) D Poss(a,t, z))

The Fluent Calculus for continuous change includes
the distinction between deliberative and natural actions
[Thielscher, 2001a]. The latter are not subject to the free
will of a planning agent. Rather they happen automatically
under specific circumstances. In our example domain, the

3Variables of the new sort CONCURRENT are denoted by the let-
ter c.

“In our example domain we have no actions that are in mutual
conflict. Therefore, we do not need to specify additional constraints
in this precondition axiom.

1087



action of the turn of the tide is a natural one. The standard
predicate Natural(a) [adopted from [Reiter, 1996]] declares
the action a to be natural. To facilitate the formalization
of the automatic evolution of natural actions, the continu-
ous Fluent Calculus introduces two macros. The expression
ExpectedNatActions(c, t, z) shall indicate that in state ~ ac-
tions ¢ are all the natural actions that are expected to happen
at time ¢:

ExpectedNatActions(c, t, z) & ¢ # e A
(Va)(In(a,c) = Natural(a) A Poss(a, t, z))

Given the above notion, the macro NextNatActions(c,t, z)
stands for the concurrent action ¢ being all natural actions that
happen in state > at time ¢ with ¢ being the earliest possible
time point at which natural actions are expected:

NextNatActions(c, t, 2) S ExpectedNatActions(c, ¢, z) A
—(3, ) (ExpectedNat Actions(c', t',z) ANt/ < t)

The Fluent Calculus for continuous change uses the notion of
a situation tree with trajectories [Thielscher, 2001a] where a
trajectory is associated with a situation and denotes the fur-
ther evolution of the state determined by the natural actions
that are expected to happen. We do not follow this approach
in this paper, as the original motivation for employing tra-
jectories has been domains with uncertainty about the occur-
rence of natural actions, and we do not consider such domains
here. The incorporation of domains with uncertain natural ac-
tions is left for further work. Instead, we include the natural
actions in the situation terms, as with deliberative actions.

4 Integrating Concurrency and Continuous
Change into FLUX

Similar to the binary function “o”, which denotes the compo-
sition of states from single fluents and is represented in FLUX
by a list of fluents, we represent the binary function “.” as a
list of actions in FLUX. In this way, we introduce concur-
rency into FLUX, i.e., all the actions in the list are performed
concurrently. On this basis, the unit element of the function
“.” the constant “¢”, is encoded as the empty list[] .

Given the notion of a list of concurrent actions, the state up-
date axioms for the actions are defined recursively in FLUX.
The predicate Res(z1, s1,li,t, 22, D0(l4, t, s1)) specifies the
effect of performing at time ¢ the list of concurrent actions /4
in state z; and situation s, and leading to the new state zo
and the new situation Do(li, t, s1) after the execution of the
concurrent actions. It represents one plan step and is encoded
as follows

res(z1,81,[],T,22,81) :-
hol ds(starttime(T0), Z1),
update(Z1,[starttinme(T)],[starttime(T0)], Z22).

res(Z1,S1,[A L], T,2Z22,do([A L], T,S1)) :-
update([Al L], [].[Al,L1),
state_update(Z1l, A T, Z3),
res(z3, _,L1,T,22, ).

where the clause for the base case of the recursion extends

the effect of the constant “¢”, which by itself has none, to
update the pre-defined fluent StartTime(¢) needed for FLUX
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with continuous change to the new value ¢. Similar to the
encoding of the macros for fluent removal and addition, the
predicate Update is used in the clause for the recursive case
to implement the elimination of one single action from a term
of arbitrary other, concurrent actions.

Consider, for example, the state update axiom of the single
action GoByShip(d) which is implemented as:

st at e_updat e( Z1, gobyshi p(D), T, Z2) : -
knows_val ([ X, Y], at(X Y, T0), Z1),
hol ds(starttine(ST), z1), {T >= ST + 1.0},
adj acent (X, Y, D, X1, Y1),
update(Zl,[at(X1, YL, T)],[at(X Y,T0)], Z2).

That is, the location of the barge together with the
agent will be updated from the old position (z,y) to
the new cell (z1,y1), where the auxiliary predicate
Adjacent(z, y, d, x1,y1) computes the adjacent cell (z1,y1)
lying in direction d of cell (z,y). The travel from one cell to
another is assumed to take one hour in our example scenario.
Therefore, although the execution time ¢ of this action is not
fixed by the clause in any way, the effects of the action man-
ifest at least one hour later as the formation of the old state.
Now take, e.g., the FLUX query

?-init(z0), res(Z0,s0,[gobyship(3),
turntide(lock3,low],2.0,71,S1).

together with the above definition of the state update axiom
and the definitions for the predicate Init(z) (with the addi-
tional inclusion of fluent st art t i me( 0. 0) ) and the state up-
date axiom of action TurnTide given in Section 2. Together
with an appropriate encoding of the fact that a high tide lasts
two hours at the third lock, dur ati on(1 ock3, hi gh, 2. 0),
and the knowledge that going south is represented by direc-
tion number 3, our extension of FLUX can infer the effects
of this concurrent action by first inferring the effects of ac-
tion gobyshi p(3) and on the result of this inference infer
the effects of action t ur nti de( 1 ock3, I ow) . FLUX yields
the correct substitution:

Zl=[at(1,1,2.0),tide(lockl, high,0.0),
tide(l ock2, high, 0.0),tide(lock3,low 2.0),
starttine(2.0)]|Z]
Sl1=do( [ gobyshi p(3),
turntide(lock3,low], 2.0, s0)

Continuous time is, as already shown above and in Sec-
tion 2, easily integrated into FLUX. The Eclipse-Prolog sys-
tem Version 5.4, which we use, includes the constraint han-
dling library CLP(R). This library allows for solving linear
constraints with real numbers. Its syntax requires for con-
straints to be included in braces.

The precondition axioms and state update axioms for nat-
ural actions are encoded in our extension of FLUX in the
same fashion as for deliberative actions (see Section 2). Ad-
ditionally, we include an implementation for the predicate
Natural(a) which is as follows for the example domain:

natural (A) :- A=turntide(L, W,
(L=l ockl; L=lock2; L=lock3).
Given this predicate, we model the macro

ExpectedNatActions(c, ¢, z) by the built-in second order
predicate SetOf as follows:

setof (A, (natural (A),poss(AT,2)), O

On this basis, the macro NextNatActions(c, ¢, z) is defined in
FLUX as:
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Next Nat Ti me(T, 2) : -
natural (A), poss(AT,2),
not (natural (Al), poss(Al,T1,2), Ti<T), !.
Next Nat Actions(C, T,Z) :- NextNatTinme(T, 2),
setof (A, (natural (A),poss(AT,2)), O.

Having defined natural actions in the same way as delib-
erative ones leads to the question: How to combine delibera-
tive and natural actions into one common approach for plan-
ning? Natural actions must occur at their predicted times.
The times for the execution of deliberative actions are not
fixed in advance. How to determine these execution times?
The examination of every possible time would lead to a com-
binatorial explosion and is, in general, not possible for time
of sort REAL. One general solution, which reduces the search
space to a minimum and still yields answers for all possible
domains, is to use qualitative instead of quantitative infor-
mation. We only consider periods of time in our approach.
There we discriminate three time intervals for a deliberative
action wrt. the next expected natural action(s): Firstly, the
deliberative action can be postponed to the next plan step and
the (possible set of) natural action(s) is executed. Secondly,
the deliberative action is performed before all natural actions
which are expected next. Finally, the deliberative action and
the natural actions are joined together to a new concurrent
action. The predicate Exec(z1, s1, 22, s2, depth) encodes the
recursive planner for a plan with depth steps integrating de-
liberative and natural actions into one method. The computed
plan leads from state z; and situation s; to the new state 2o
and the new situation s,. The predicate is implemented as

exec(Z1, S1, 71, S1, 0) .

exec(Z1, S1, Z2, S2, Depth) : -
Dept h>0, Next Nat Actions(C T, 2),
({T1=T}, C1=C

action(A), poss(A TA Z1),

hol ds(startti me(T0), Z1),

({ TA<T, T1=TA}, CI1=[A]:

{TA=T, T1=T}, append([A],C Cl))),

res(Z1, S1, C1, T1, 73, S3), Depthl is Depth-1,

exec(Z3, S3, Z2, S2, Dept hl).
where the predicate Action(a) defines the action « to be de-
liberative and the auxiliary built-in predicate Append appends
two list. For our example domain, the predicate Action is en-
coded by the fact acti on(gobyshi p(_)). To ensure that
the time never goes backward, the execution time TA of the
deliberative action is constrained in an appropriate way.

Reasoning with time constraints instead of real time ren-
ders planning efficient. Using this plan method we are left
with only three choices regarding the execution time of a de-
liberative action. Furthermore, the order of these choices,
which represents a kind of heuristic, can be adjusted to the
concrete domain at hand. Only after a plan, where the con-
straint solution lies in the appropriate time intervals, has been
computed, a concrete time for the execution of the actions is
fixed and the actions are executed.

To complete our planning method, we include the follow-
ing definition of the predicate Goal(z) denoting the goal state
Z,
goal (Z) :- knows(at(3,2,_),2).
where the goal in our example scenario is that the barge
is situated at the harbor in cell (3,2) (see also Fig. 1).

{ TA>=T0},
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Given the predicate Goal, we define a recursive predicate
Ida(zo, so, 2z, s,n) representing the sequence of actions s
which leads from the initial state z, in the initial situation sq
to the goal state z in n steps. This predicate implements the
iterative deepening algorithm, which is optimal and complete
[Russell and Norvig, 1995]. It is encoded as follows:

i da(z0,S0,Z, SN :-
exec(Z0, S0,7,S,N, goal (2);
N1 is N+1, findplan(Zz0, SO0, Z, S, N1).

The precondition axiom for the action GoByShip is speci-
fied in the following way:
poss(gobyshi p(D), T,2) :-
knows_val ([ X, Y],at(X, Y, ), 2,
directions(X, Y,DL), menber (D, DL)
adj acent (X, Y, D, X1, Y1),
(1 ockpl ace(L, X1, Y1),
knows_val ([L, WTO], tide(L, WTO), 2),
(Wehi gh; Wl ow,
duration(L, | ow, TD), {T>=TO+TD}));
not (| ockplace(L, X1,Y1)).

That is, after having determined the current location, the aux-
iliary predicate Directions(z,y, dl) delivers a list of possi-
ble directions for the cell (z,y) and the standard predicate
Member selects one direction d. Afterwards, with the help
of the auxiliary predicate LockPlace(l, z, y), denoting the oc-
currence of a lock [ at cell (x,y), the adjacent cell (x1,y1)
is searched for a lock. If there is none, the action is possi-
ble without further constraints for the execution time ¢. In
the other case, the water level at the lock must be high or the
action has to be executed after the disappearance of the low
tide. Specifying the preconditions for the actions GoByShip
and TurnTide as given above and in Section 2, respectively,
fulfills the general condition for the possibility to perform a
concurrent action as given in Section 3.

Consider now, for example, all specified FLUX clauses to-
gether with suitably specified facts for the example domain
and the following query:

2-init(z0), ida(zo0,s0,2S,1).

Our extended FLUX system then generates a plan with four
steps and yields the following substitutions and linear con-
straints:

Z = [start(TA 2),at (3,2, TA 2),tide(l ock3,
hi gh, 4.0), tide(l ockl, | ow, 4.0),
tide(l ock2, high,0.0)|_]

S = do([gobyship(2)], do([gobyship(1l),
turntide(l ockl, | ow),turntide(lock3,high)],
do([ gobyshi p(2),turntide(lock3,low],
do([ gobyshi p(3)],s0,TA 1),2.0),4.0), TA 2)

Li near constraints: TA 1>=1.0, TA 1<2.0

TA 2>=5.0, TA 2<6.0

The above sequence of actions S constitutes a solution to our
planning problem given in Fig. 1. It is not yet completely
specified. Rather, the execution times of some deliberative
actions are given as time intervals. The reader may also notice
that some deliberative actions are planned simultaneously to-
gether with natural actions. Finally, we can apply the built-in
predicate Minimize(t), which tries to find a minimal solution
for a constraint variable ¢, to the above linear constraints and
get the following:
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TA1=1.0 TA2 =50

5 Discussion

We have presented an extension to FLUX for domains involv-
ing continuous change and where actions occur concurrently.
Our method is based on the theoretic solution in the Fluent
Calculus [Thielscher, 2001a].

Our extension allows for the generation of plans includ-
ing both, deliberative and natural actions. If necessary, the
system generates and executes concurrent actions, i.e., where
two or more single actions are performed simultaneously. In
order to plan efficiently, our FLUX program computes with
time intervals instead of single time points using the paradigm
of constraint logic programming. We have illustrated how
this method can be successfully applied to example domains
like the waterway scenario. Additionally, our approach can
easily be applied, with only minor modifications, to more
complex domains involving, for example, compound concur-
rent actions which produce synergic effects.

Other high-level programming languages for reasoning
about action and change, like GOLOG or the robot control
language, have not yet an approach to integrate both, delib-
erative and natural actions in a common system to generate
plans. The robot control language [Shanahan and Witkowski,
2000] does not have the notion of a natural action. The
systems based on GOLOG either accommodate only natu-
ral actions [Reiter, 2001] or handle only deliberative actions
[Grosskreutz and Lakemeyer, 2000] in domains involving
concurrency and continuous change.

The extension to domains involving uncertainty about the
occurrence of a natural action has not been tackled in this
paper. An approach to this problem could be the use of con-
ditional planning. Conditional plans based on a generalized
concept of plan skeletons as search heuristics have been in-
corporated into FLUX [Thielscher, 2001b]. To use condi-
tional plans as a method to accommodate such domains is an
important aspect of future work.
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Abstract

A formal framework for specifying and developing
agents/robots must handle not only knowledge and
sensing actions, but also time and concurrency. Re-
searchers have extended the situation calculus to
handle knowledge and sensing actions. Other re-
searchers have addressed the issue of adding time
and concurrent actions. Here both of these fea-
tures are combined into a unif£ed logical theory of
knowledge, sensing, time, and concurrency. There-
sult preserves the solution to the frame problem of
previous work, maintains the distinction between
indexical and objective knowledge of time, and is
capable of representing the various ways in which
concurrency interacts with time and knowledge.
Furthermore, a method based on regression is de-
veloped for solving the projection problem for the-
ories speci£ed in this version of the situation cal cu-
lus.

1 Introduction

The aim of this paper is to develop a unifed approach for
axiomatizing the interaction of knowledge, sensing, time, and
concurrency. Actions have preconditions which may include
knowledge preconditions. Sensing actions alter knowledge.
The knowledge produced depends upon the relative time at
which sensing actions occur and also whether or not other
sorts of actions occur concurrently. All of this interacts with
the agent’s evolving knowledge of time.

Consider a robot gathering knowledge about its environ-
ment. It moves about while concurrently panning the camera
and at various points senses the environment for the presence
of objects with various characteristics. The knowledge ob-
tained through sensing (positions of objects of various sizes,
shapes and colors) depends upon the position of the robot at
a particular point in time, the angle of the camera, etc. For
many purposes, the results of sensing actionsthat occur at the
same time are important. Not only do we have the need for
two distinct concurrent sensing actions in binocular stereop-
sis, but also in the simultaneous use of other features such as
texture gradients and shading to achieve knowledge of depth
relationships. Here it is relative, not absolute time, that is
important.
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Furthermore, specifcation of an agent’s ability to achieve
agoal in general involves requiring that the agent know what
to do to arrive at a goal state [Moore, 1980; Lespérance et
al., 2000]. Asthe ability to achieve particular goalswill often
involve the ability to perform concurrent actions, the integra-
tion of knowledge and concurrency is an important step in
fully formalizing these aspects of ability.

We develop our framework within the situation calcu-
lus —a £rst-order formalism for representing and reasoning
about the effects of actions. The language is based upon
the dialect of the situation calculus used in the Cognitive
Robotics Group at the University of Toronto. Certainly, an-
other formalism could have been used. Within A.l. numer-
ous varying formalisms are available for nrepresenting and
reasoning about action (to name a few, [Shanahan, 1995;
Bara et al., 1997]). Knowledge has been incorporated
into a number of these (for example, [Lobo et al., 2001;
Thielscher, 2000]). Outside of A.I. proper, there is also [Fa-
gin et al., 1995] on the interaction of knowledge and time.

But by working in the situation calculus, we are able to
extend previous work on reasoning (by regression and theo-
rem proving) to cover the language developed here as well.
Furthermore, our work is suitable to be incorporated into the
robot programming languages GOLOG and CONGOLOG. It
can then be used to specify agents that must reason about the
interactions of time, knowledge, and concurrent actions (in-
cluding sensing actions).

The situation calculus [McCarthy and Hayes, 1969 is
a language for modeling dynamically changing worlds.
Changes to the world are the results of actions, while pos-
sible world histories consisting of sequences of actions are
represented by situations. The situation calculus can be
used for agent planning via goa regression. Reiter [Reiter,
1991] proposed a simple solution to the frame problem, an
approach to axiomatization within the situation calculus. Al-
though this approach to the frame problem requires certain
simplifying assumptions, it has proven to be useful and isthe
foundation for both goal regression and the programming lan-
guage GOLOG. Goal regression was extended by Scherl and
Levesquel Scherl and Levesque, 2003] to apply to an agent
who can sense properties of the external world (e.g., read
numbers on a piece of paper or determine the shape of an
object).
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This paper! combines and extends the work of Scherl
and Levesque [Scherl and Levesque, 2003] incorporating the
model of concurrency and time presented by Reiter [Re-
iter, 2001]. At the same time, Reiter's simple solution to
the frame problem is preserved. The rea diffculty isto per-
form the synthesis in such a way that the important distinc-
tion between indexical and objective time [Lespérance and
Levesque, 1995] is preserved.

If the agent currently knows the absolute time, then he
knows the absolute time after executing an action. But if he
doesn’t know the absolute time, then he only knows that he
began executing the action some number of time units ago,
unless of course he reads a clock. While maintaining these
properties, the results presented here allow the representation
of the various ways in which actions (including sensing ac-
tionsand possibly other concurrent actions) interact with time
and knowledge. The method of regression is also extended to
work with this augmented language.

Section 2 gives a quick introduction to the situation calcu-
lus and Section 3 does the same for the foundational axioms.
The representation of knowledge and sensing actions are cov-
ered in Section 4. Concurrency is integrated into the frame-
work in Section 5. Section 6 covers some additional con-
structs of the language and illustrates their representational
power. A number of properties of the formulation are dis-
cussed in Section 7. Regression is covered in Section 8. Fi-
nally, Section 9 is the conclusion.

2 Situation Calculus and the Frame Problem

Space does not permit a full exposition of the background
material on the situation calculus. The framework developed
in [Reiter, 2001] is followed and full details may be found
there or in [Scherl, 2003]. We assume that the frame problem
has been handled by utilizing successor state axioms.

3 Foundational Axioms

Following [Lin and Reiter, 1994; Reiter, 2001] the founda-
tional axioms for the situation calculus are utilized. These
axioms provide us with a defnition of s < s’, which says
that there is a sequence of zero or more executable actions
that move from situation s to situation s’. Again, space does
not permit full development of this material here. Full details
may be found in [Reiter, 2001; Scherl, 2003].

4 An Epistemic Fluent

Scherl and Levesque [Scherl and Levesque, 2003] adapt the
standard possible-world model of knowledge to the situation
calculus, as £rst done by Moore[Moore, 1980]. Informally,
one can think of there being a binary accessibility relation
over situations, where a situation s’ is understood as being
accessiblefrom asituation s if asfar asthe agent knowsin sit-
uation s, he might be in situation s’. So something is known
insif itistruein every s’ accessible from s, and conversely
something is not known if it is false in some accessible situa-
tion.

LAn earlier version of some of this work has appeared in [Zim-
merbaum and Scherl, 2000].
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To treat knowledge as awent, they introduce abinary rela
tion K(s', s), read as“s’ is accessible from s’ and trezt it the
same way wewould any other went. In other words, from the
point of view of the situation calculus, the last argument to K
is the offcial situation argument (expressing what is known
in situation s), and the £rst argument is just an auxiliary like
they in BROKEN(y, s).2

The notation Knows(P(now), s) (read as P is known in
situation s) can then be introduced as as an abbreviation for a
formulathat uses K. For example

Knows(BROKEN(y, Nnow), s) ey K(s',s)
— BROKEN(y, ).

The special indexical now isinstantiated with asituation vari-
able upon expansion.

The approach also handles actions that make known the
denotation of aterm. For this case, one needs the notation
Kref(T(now), s) defned as follows:

Kref(T(now), s) def JxKnows(T(now) = z, s)
where x does not appear in T.

In general, there may be many knowledge-producing ac-
tions, as well as many ordinary actions. To characterize all
of these, we have following the presentation in [Scherl and
Levesque, 2003], a function sr (for sensing result), and for
each action «, a sensing-result axiom of the form:

SR(a(X),s) =1 = ¢u(Z,r,s) Q)
Thisresult is“YES" if “Q”istrueand “ NO” otherwise. The
symbols are given in quotes to indicate that they are not w-
ents. The sensing result function for SEN SEQ is axiomatized
asfollows:

SR(SENSEQ, s)=r = (r="Yes" AQ(s))
O @)

V (r="N0" A =Q(s))
For ordinary actions, the SR result is always the same, with

the specifc result not being signifcant. For example, we
could have:

SR(PICKUP(z),s) =r = r ="0OK" (3)

In the case of a READ, action that makes the denotation of
the term 7 known, we would have:

SR(READ,,s) =1 = 1 =T7(s) (4)

Therefore, 7 has the same denotation in all worlds s” such
that K(s”,DO(READ., s)), and so Kref (7, DO(READ,, s))
istrue.
The form of the successor state axiom for K without con-
currency isasfollows:
K(s",(DO(a,s)) =
(3s")s"” =Do(a,s") 5
N K(s',s) N Poss(a,s") ©)
ASR(a, s) = SR(a, s)
Therelation K at aparticular situation bo(a, s) iscompletely
determined by the relation at s and the action a.

2Note that using this convention means that the arguments to K
are reversed from their normal modal logic use.
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5 Concurrency

Asoriginally defned in the situation calculus [McCarthy and
Hayes, 1969], actions had to occur sequentially, with one
action completed before another could begin. Furthermore,
there was no facility to deal with the continuous passage of
time. This contrasted with other formalisms such as the event
calculus which could naturally handle concurrent actions and
continuous time.

5.1 Concurrency with Knowledge

The work of Pinto [Pinto, 1994] and Reiter [Reiter, 2001]
proposed an approach to dealing with concurrency, natural
actions and continuous time while still maintaining the so-
lution to the frame problem. Reiter [Reiter, 2001] defned
a new sort concurrent, sets of simple actions. Variables
a,a’, .. represent the sort actions and ¢, ¢/, ... represent the
sort concurrent. In Reiter’s notation, the time of an action’s
occurrence is the value of that action’s temporal argument.
Thus an action has the form A(Z, t) and for each action an
axiom of theform TIME(A(Z,t)) = tisrequired to indicate
the time of the action.

Concurrent actions are sets of ordinary actions that are
taken to represent instantaneous acts. An action with dura
tion is represented by two instantaneous actions —a start ac-
tion and an end action. Additionally, the foundational axioms
are modi£ed to rule out the possibility of prior actions having
later times.

Soif wewant to represent a PRESSING action with duration
(as in pressing a button that keeps a light on), the approach
is to defne two actions, STARTPRESS and ENDPRESS. We
also must introduce a went P RESSING. The needed succes-
sor state axiom is as follows:

PRESSING(DO(a, s)) =
a = STARTPRESSV (6)
(PRESSING(s) A a 7# ENDPRESS)

This approach to representing actions with duration is some-
thing that we make use of here.

But, the use of atemporal argument for actionsis problem-
atic in the presence of knowledge. Given our successor state
axiom for K, it would require the agent to know the time after
any action, even if it was unknown in the previous situation.
To avoid this, we can not represent time as an argument to the
instantaneous actions.

Instead, we represent the instantaneous actions and asso-
ciated times as a tuple of the form < a,¢ > with functions
ACTION and TIME defned, returning the £rst and second ele-
ments of the tuple:

ACTION(< a,t >) =a (7)
TIME(< a,t >) =1 (8

These pairs, represented by variables p, p/, ... are elements of
the sort action-time pairs. Concurrent Actions are now a set
of such tuples. The sort action contains actions without a
temporal argument.

We also have the following

START(DO(p, s)) = TIME(p) 9
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which is needed to relate the time of the action/time pair to
the start of asituation. There may also be an axiom giving the
start time of the initial situation S,. We also defne a variant
notation:

TIME(DO(p, s)) = TIME(p) (20)

We adopt, without signi£cant change, Reiter’s requirement
that concurrent actions be coherent, that isthereis at least one
action-time pair p in the collection, and the time of al pairs
in the collection is the same:

COHERENT(c) =
(3p)pec AG)(VP)[p ec — TIME(P') =t].
(11)
A set of action-time pairs are coherent if each of them have
the same time component.

The deEnition of time can readily be extended to sets of
concurrent actions and this alows us to defne the function
start of a situation resulting from the execution of a concur-
rent action.

COHERENT(¢) —
[TIME(c) =t = Jp(p € ¢ ATIME(p) =1)]
A START(do(c, s)) = TIME(c)].
(12)
The predicate POSS(c, s) means that it is possible to exe-
cute concurrent action ¢ in situation s.

POSS(ACTION(p), s) A TIME(p) > TIME(s)

— Poss(p, s), (13)

Poss(p, s) — Poss({p}, s), (14

Poss(c, s) — COHERENT(c) A (Vp) [pec — POSS(p, s)].
(15)

If it is possible to execute a concurrent actions, then it is co-
herent and each of the simple actionsis possible.

We implicitly assume an additional sort ranging over time
points which can be integers, rationals or reals; depending on
how one wants to model time. The standard Arabic numerals
are used to represent time points. Additionally, the symbols
for addition and subtraction are interpreted as the usual oper-
ations on numbers (integers, reals etc.)

5.2 Precondition I nteractions

We need to be able to conclude when a particular concurrent
action c ispossible in a situation ¢ in order for the machinery
being developed in the rest of this paper to work. Unfortu-
nately, Sentence 15 does not suf£ce. The conditional can not
be changed to a biconditional because of the precondition in-
teraction problem [Pinto, 1994; 1998].

This issue needs to be handled by the axiomatizer of the
domain. For example, the axiomatizer might provide the fol-
lowing axiom:

POSS({phPQ}v S) =
POSS(ACTION(aq), s) A POSS(ACTION(azg), $)A
—PRECINT(a1,a2) A COHERENT({p1, p2})
16)

As discussed in [Pinto, 1994; 1998], the axiomatization of

PRECINT is domain dependent and can be done at increasing
levels of detail.
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For the purposes of this paper, the point here is that what-
ever solution is used for the precondition interaction problem
in the ordinary situation calculus carries over to the case of
knowledge and sensing.

5.3 Successor State Axiom for K with
Concurrency

The Successor State Axiom for K using concurrency can be
stated in several alternative ways depending on what condi-
tions one wishes to apply regarding the agent’s knowledge of
time. We continue to require that the relation K at a particular
situation DO(c, s) is completely determined by the relation at
s and the set of concurrent actions c.

The following successor state axiom models an agent who
knows how much time is passing®. This is an agent who has
an accurate clock.

K(s",(po(c,s)) =

(3s',c) s” =po(c, sy A K(s',s) A Poss(c,s")

A (V') pec 3p)pec

A ACTION(p') = ACTION(p)

A (Vp) pec (3p)p e

A ACTION(p) = ACTION(p')

A START(s") = START(s’) + (TIME(c) — START(s))

A (Vp) pec —

SR(ACTION(p), s) = SR(ACTION(p), s)
17

After executing a set of concurrent actions c in situation s,
as far as the agent knows, it could be in a situation s” iff s
is the result of performing ¢’ in some previously accessible
situation s’, provided that c is possible in s’ and that s’ is
identical to s in terms of what is being sensed. Furthermore,
it isreguired that the concurrent action ¢’ being performed in
all situations accessible from s be identical to ¢ in terms of
the individual actions that make up the set.

Notethat itisnot required that the TIME of the actionsin all
the accessible situations be identical. If this were the case, it
would force the agent to know the objective time after execut-
ing any action. Rather, it isonly required that the difference
between the start of the current situation and the start of the
previous situation be the same in all accessible situations (in-
cluding the actual situation). This requirement does ensure
that the agent knows how much time is passing, but the ob-
jective time is only known if it was known before the action
has occurred.

5.4 Concurrency and Sensing

One can readily imagine cases of sensing actions where
the desired result of sensing (knowing whether or not some
proposition holds) depends upon some other action occurring
concurrently. For example, the light needs to be turned on
while the camera is clicked. If the light is off, then sensing
produces no knowledge.

Consider representing, the requirement that the light switch
be pressed while SENSEp occurs for the knowledge of
whether or not P holds to result from the execution of
SENSEp. We need to defne a predicate SCOND.

SCOND(SENSEp, s5) = PRESSING(s) (18)
30ther possibilities are considered in [Scherl, 2003].
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Now the successor state axiom for K needs to be modifed
to include SCoOND as well.
K(s", (po(c, 5)) =
(3s',c) s" =po(c,s") N K(s',s) A Poss(c,s")
A (V') pec 3p)pec
A ACTION(p') = ACTION(p)
A (Vp) pec (3p)p'ec
A ACTION(p) = ACTION(p')
A START(s") = START(s’) + (TIME(c) — START(s))
A (Vp) pecA
(SCOND(ACTION(p), s) A SCOND(ACTION(p), s') —
SR(ACTION(p), s) = SR(ACTION(p), s')
(19)
For every action an appropriate SCON axiom needs to be
written. For most actions, the action is simply:

SconD(a,s) = T (20)

6 TheLanguage and Examples

6.1 Further Constructs

We need some way to refer to the current time without speci-
fying the value of the current time. To achieve thiswe use the
special indexical term now. Upon expansion the term is re-
placed with the appropriate situation term. So, START(now)
can be used to refer to the current time. Here we illustrate by
example. The agent’sknowing the objectivetimeis expressed
as 3t Know((start(now) = t,s). Thisexpandsinto

3tVs'(K(s',s) — START(s") =1t).

We augment our language with a number of additional ex-
pressions. These are based on ideas devel oped by L esperance
and Levesque [Lespérance and Levesque, 1995] and require
the use of the notion of precedence of situations as defned
earlier. Note that we distinguish between the < relation on
integers used to represent time points and the < relations
on situations as defned in the foundational axioms for the
situation calculus.

The macro Happened is introduced to alow one to talk
about an action occurring at a particular time point.

Happened(t, Act, ) o (e, s',s") 8" =DO(e,s") AIpec
A ACTION(p) = Act A TIME(p) = tA
s <sN s <s"
(21)
It specifes that an action occurred prior to sand it wastimet
at some point during the action’s duration.
The macro Wasat is introduced to allow one to assert that
awent was true at a particular point in time.

Wasat(t, P(then), s) % (35') P(then){s’ /then} A

t = START(s') V ¢ > START(s')
A=(3s") s <" <sA START(s") <t
(22)

It specifesthat P held at s’ and ¢ wasthetime of s’ or s’ pre-
ceded ¢ and no other situation after s’ preceded . Here we
introduce another special indexical then which is needed to
ensure that the correct situation is substituted into the situa-
tion argument of the predicate which is the middle argument
to Wasat.
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7 Propertiesof the Formulation

First of al, we show that the distinction between indexical
and objective timeis preserved.

Proposition 1 (Persistence of Ignorance of Objective Time)

For all situations s, if =3t Know(START(now) = t,s)

then in do(c, s) where ¢ is any concurrent action it is also

the case that =3¢t Know (START(now) = t,s) unless there

issome a € ¢ with an SR axiom equivalent to the following:
SR(a,s) =r = r = TIME(s)

Proposition 2 (Persistence of Knowledge of Objective Time)

For all situations s, if 3t Know(start(now) = t,s) thenin
do(c, s) where ¢ is any concurrent action it is also the case
that 3¢t Know (start(now) =t¢,s)

Even if agents do not know the objective time, they do know
how much time has passed since the last occurrence of a par-
ticular action or the last time at which a particular ment was
true.

Proposition 3 (Knowledge of Indexical Time 1)
For every, Act such that Act occurs in s,
3t Knows(3t'Happened(t', Act, now) A
(TIME(now) —t' =, s)
Proposition 4 (Knowledge of Indexical Time 2) For every
P such that there is some s’ < s such that P(s’) holds,
3t Knows(3t' Wasat(t', P(then), now) A
(TIME(now) — ' =t,s)
Additionally, the crucial results of [Scherl and Levesque,
2003] carry over to the case considered here. These include
Proposition 5 (Default Persistence of Ignorance) For an
action o and a situation s, if =Knows(P, s) holds and the
axiomatization entails
Vs P(s) = P(DO(a, 5))
and
Yy = Knows((Poss(a) A sR(a) =y) — P, s)
then
—Knows(P,D0(«, ))
holds as well.
Proposition 6 (Knowledge I ncorporation) For a
knowledge-producing action «, a @duent or the negation
of a uent F, a suent or the negation of a suent P, and a
situation s, if the axiomatization entails

Jy Knows(F = sR(«) = y, s)

and also

F(s), Poss(a,s),
and

Knows(F — P, s)
hold, then

Knows(P, Do(a, s))
holds as well.

Proposition 7 (Memory) For all suents P and situations s,
if Knows(P, s) holdsthen Knows(P, bo(«, s)) holdsaslong
as the axiomatization entails

Vs P(s) = P(DO(«, s))
These results ensure that actions only affect knowledge in the
appropriate way.
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8 Reasoning

A regression operator R is deEned relative to a set of suc-
cessor state axioms ©. Space limitations here only allow a
sketch of the regression operators. Full details may be found
in [Scherl, 2003].

The operators satisfy the following regression theorem:

Theorem 1 For any ground situation term s ,. and formula
G-

FE G(sgr) iff F = Foo £ RE[G(s5gr)]

Here F istheinitial axiomatization of the domain and F is
the set of successor state axioms.

8.1 Regression Operators

The regression operator R is defned relative to a set of suc-
cessor state axioms ©. The £rst four parts of the defnition
of the regression operator Rg concern ordinary (i.e. not
knowledge-producing) actions [Reiter, 2001]. They are ex-
actly the same as those in [Reiter, 2001]. Additionaly, it is
necessary to correctly regress the equality predicate as dis-
cussed in [Scherl and Levesque, 2003; Reiter, 2001].

Additional steps are needed to extend the regression op-
erator to knowledge-producing actions. Two de£nitions are
needed for the specif£cation to follow. When ¢ isan arbitrary
sentence and s a situation term, then [s] is the sentence that
results from instantiating every occurrence of now in ¢ with
s’. The reverse operation ¢~ is the result of instantiating
every occurrence of s’ in ¢ with now.

Step v covers the case of regressing the Knows operator
through a non-knowledge-producing action. Step vi covers
the case of regressing the Knows operator through a knowl-
edge producing action. In the defnitions below, s’ is a new
Situation variable.

v. Whenever ¢ does not contain a knowledge-producing ac-
tion,
Ro[Knows(W,po(c, s))] =
Re[W[DO(trans(c), s")]] 71, s).

vi. Whenever ¢ does contain a knowledge-producing action,
Reo[Knows(W, bo(c, s))] =
Jy SR(SENSE;,s) =y A
Knows((Poss(¢) A SR(SENSE;) = y) —
Re[W[po(trans(c))]] . )

The special function trans replaces ¢ with a¢’ that hasthe
identical action in each of the action-time pairs. But it re-
places the time portion with a relative time. Thisis an ex-
pression of the form (3 = TIME(now)). So, if ¢ occurs in
a situation term of the form po(c, s) and TIME(c) is 7 and
START(s) is 4, then the 7 in the time part of every action-
time pair in ¢ would be replaced by (3 = TIME(now)). These
are properly handled by the operators for regressing equality
predicates.

The regression operators for Happened and Wasat follow:

viii.

Knows(Poss(¢) —

R[Happened(t, Act,DO(c, s))] =
(Happened(t, Act,s) A t < START(s))

V dpec(ACTION(p) = Act At = START(DO(c, 5)))
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R[Wasat(t, W,D0(c, s))] =
(Wasat(t, W, s) A t < START(s))

V (W(s) A t > START(s) At < START(DO(c, s)))

The end result of regression is a sentence (possibly much
larger) in a language without actions. The language is a
modal language with both temporal and epistemic operators.

9 Conclusions

The results reported in this paper can be combined with
Concurrent, Temporal Golog or RGolog[Reiter, 2001] or
CONGOL OG[Giacomo et al., 1997] to specify and control
an agent (such as the robot discussed in Section 1) that con-
currently moves about its environment and performs various
actions including sensing actions. Future work will address
the issue of developing a good theorem proving method for
the language resulting from regression. This method needs to
combine modal theorem proving with a method for solving
integer constraints.
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Abstract

In most real-world settings, due to limited time or
other resources, an agent cannot perform all poten-
tially useful deliberation and information gathering
actions. This leads to the metareasoning problem
of selecting such actions. Decision-theoretic meth-
ods for metareasoning have been studied in Al, but
there are few theoretical results on the complexity
of metareasoning. We derive hardness results for
three settings which most real metareasoning sys-
tems would have to encompass as special cases.
In the first, the agent has to decide how to allo-
cate its deliberation time across anytime algorithms
running on different problem instances. We show
this to be A'P-complete. In the second, the agent
has to (dynamically) allocate its deliberation or in-
formation gathering resources across multiple ac-
tions that it has to choose among. We show this
to be N"P-hard even when evaluating each individ-
ual action is extremely simple. In the third, the
agent has to (dynamically) choose a limited num-
ber of deliberation or information gathering actions
to disambiguate the state of the world. We show
that this is AP-hard under a natural restriction, and
PSPACE-hard in general.

1 Introduction

In most real-world settings, due to limited time, an agent can-
not perform all potentially useful deliberation actions. As
a result it will generally be unable to act rationally in the
world. This phenomenon, known as bounded rationality, has
been a long-standing research topic (e.g., [3, 17]). Most of
that research has been descriptive: the goal has been to char-
acterize how agents—in particular, humans—deal with this
constraint. Another strand of bounded rationality research
has the normative (prescriptive) goal of characterizing how
agents should deal with this constraint. This is particularly
important when building artificial agents.

Characterizing how an agent should deal with bounded ra-
tionality entails determining how the agent should deliberate.

*The material in this paper is based upon work supported by the
National Science Foundation under CAREER Award IRI-9703122,
Grant IIS-9800994, ITR 1IS-0081246, and ITR 1IS-0121678.
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Because limited time (or other resources) prevent the agent
from performing all potentially useful deliberation (or infor-
mation gathering) actions, it has to select among such actions.
Reasoning about which deliberation actions to take is called
metareasoning. Decision theory [7, 10] provides a norma-
tive basis for metareasoning under uncertainty, and decision-
theoretic deliberation control has been widely studied in Al
(e.g., [2,4-6,8,9,12-15, 18-20]).

However, the approach of using metareasoning to control
reasoning is impractical if the metareasoning problem itself
is prohibitively complex. While this issue is widely acknowl-
edged (e.g., [8, 12-14]), there are few theoretical results on
the complexity of metareasoning.

We derive hardness results for three central metareason-
ing problems. In the first (Section 2), the agent has to de-
cide how to allocate its deliberation time across anytime al-
gorithms running on different problem instances. We show
this to be A'P-complete. In the second metareasoning prob-
lem (Section 3), the agent has to (dynamically) allocate its de-
liberation or information gathering resources across multiple
actions that it has to choose among. We show this to be N'P-
hard even when evaluating each individual action is extremely
simple. In the third metareasoning problem (Section 4), the
agent has to (dynamically) choose a limited number of delib-
eration or information gathering actions to disambiguate the
state of the world. We show that this is A"P-hard under a
natural restriction, and PSP.ACE-hard in general.

These results have general applicability in that most metar-
easoning systems must somehow deal with one or more of
these problems (in addition to dealing with other issues). We
also believe that these results give a good basic overview of
the space of high-complexity issues in metareasoning.

2 Allocating anytime algorithm time across
problems

In this section we study the setting where an agent has to
allocate its deliberation time across different problems—each
of which the agent can solve using an anytime algorithm. We
show that this is hard even if the agent can perfectly predict
the performance of the anytime algorithms.

2.1 Motivating example

Consider a newspaper company that has, by midnight, re-
ceived the next day’s orders from newspaper stands in the 3
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cities where the newpaper is read. The company owns a fleet
of delivery trucks in each of the cities. Each fleet needs its
vehicle routing solution by 5am. The company has a default
routing solution for each fleet, but can save costs by improv-
ing (tailoring to the day’s particular orders) the routing solu-
tion of any individual fleet using an anytime algorithm. In this
setting, the “solution quality” that the anytime algorithm pro-
vides on a fleet’s problem instance is the amount of savings
compared to the default routing solution.

We assume that the company can perfectly predict the sav-
ings made on a given fleet’s problem instance as a function of
deliberation time spent on it (we will prove hardness of metar-
easoning even in this deterministic variant). Such functions
are called (deterministic) performance profiles [2,6, 8,9, 20].
Each fleet’s problem instance has its own performance pro-
file.! Suppose the performance profiles are as shown in Fig. 1.

instance 1
instance 2 -------=-
instance 3

Savings

0 1 2 3 4 5 6
Computation Time (hours)

Figure 1: Performance profiles for the routing problems.

Then the maximum savings we can obtain with 5 hours of
deliberation time is 2.5, for instance by spending 3 hours on
instance 1 and 2 on instance 2. On the other hand, if we had
until 6am to deliberate (6 hours), we could obtain a savings
of 4 by spending 6 hours on instance 3.

2.2 Definitions and results

We now define the metareasoning problem of allocating de-
liberation across problems according to performance profiles.

Definition 1 (PERFORMANCE-PROFILES) We are

given a list of performance profiles (f1, fa, ..., fm) (Where
each f; is a nondecreasing function of deliberation time,
mapping to nonnegative real numbers), a number of de-
liberation steps N, and a target value K. We are asked
whether we can distribute the deliberation steps across the

'Because the anytime algorithm’s performance differs across in-
stances, each instance has its own performance profile (in the set-
ting of deterministic performance profiles). In reality, an anytime
algorithm’s performance on an instance cannot be predicted per-
fectly. Rather, usually statistical performance profiles are kept that
aggregate across instances. In that light one might question the as-
sumption that different instances have different performance pro-
files. However, sophisticated deliberation control systems can con-
dition the performance prediction on features of the instance—and
this is necessary if the deliberation control is to be fully normative.
(Research has already been conducted on conditioning performance
profiles on instance features [8,9, 15] or results of deliberation on
the instance so far [4, 8,9, 15, 18-20].)
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problem instances to get a total performance of at least K;
that is, whether there exists a vector (N1, Na, ..., N,,) with

1<i<m 1<i<m

A reasonable approach to representing the performance
profiles is to use piecewise linear performance profiles. They
can model any performance profile arbitrarily closely, and
have been used in the resource-bounded reasoning litera-
ture to characterize the performance of anytime algorithms
(e.g. [2]). We now show that the metareasoning problem is
NP-complete even under this restriction. We will reduce
from the KNAPSACK problem.?

Definition 2 (KNAPSACK) We are given a set S of m pairs
of positive integers (c;,v;), a constraint C > 0 and a target
value V- > 0. We are asked whether there exists a set I C S
suchthat Y, C; < Cand Y v; > V.
jEI jel

Theorem 1 PERFORMANCE-PROFILES is N'P-complete
even if each performance profile is continuous and piecewise
linear’

Proof: The problem is in AP because we can nondetermin-
istically generate the IV; in polynomial time (since we do not
need to bother trying numbers greater than V), and given the
N;, we can verify if the target value is reached in polyno-
mial time. To show A/P-hardness, we reduce an arbitrary
KNAPSACK instance to the following PERFORMANCE-
PROFILES instance. Let there be m performance profiles,
given by fi;(n) =0forn < ¢, fi(n) =n—c¢; for¢; <n <
¢i + v, and fi(n) = v; forn > ¢; +v;. Let N =C+V
and let K = V. We claim the two problem instances are
equivalent. First suppose there is a solution to the KNAP-
SACK instance, thatis,aset I C S suchthat > C; < Cand
JeI
> wv; > V. Then set the N; as follows: N; = 0 for¢ ¢ I,

jeI
and N; = ¢;+~—~<—wv;fori € I. Then, Y. N;=> N; =
ZI”J' 1<i<m iel
jE
Yt stu) = Yt sty ui= e+ V<
i€l ;“J iel ;’“ iel iel
C+V = Nsince ) C; < C. Also, since ) v; > V, it
jer jeI

follows that for every ¢ € I, we have ¢; < N; < ¢; + v,
and hence > fi(N;) = ) fi i) = Z(ﬁ”i) =
1<i<m iel iel i
JjEI

This only demonstrates weak NP-completeness, as KNAP-
SACK is weakly NP-complete; thus, perhaps pseudopolynomial
time algorithms exist.

3If one additionally assumes that each performance profile is
concave, then the metareasoning problem is solvable in polynomial
time [2]. While returns to deliberation indeed tend to be diminish-
ing, usually this is not the case throughout the performance profile.
Algorithms often have a setup phase in the beginning during which
there is no improvement. Also, iterative improvement algorithms
can switch to using different local search operators once progress has
ceased using one operator (for example, once 2-swap has reached a
local optimum in TSP, one can switch to 3-swap and obtain gains
from deliberation again) [16].

RESOURCE-BOUNDED REASONING



Lv‘ >wv; =V = K. So we have found a solution to
Tael

JET

the PERFORMANCE-PROFILES instance. On the other

hand, suppose there is a solution to the PERFORMANCE-

PROFILES instance, that is, a vector (N1, No, ..., N,,,) with
> N; < Nand > fi(N;) > K. Since spending

1<i<m 1<i<m

more than c¢; + v; deliberation steps on profile 7 is useless,

we may assume that N; < ¢; + v; for all i. We now claim

that I = {i : N; > ¢;} is a solution to the KNAPSACK in-

stance. First, using the fact that f;(N;) = O forall j ¢ I,

icl iel 1<i<m
Also, Do ci =3 Ni= > (Ni—c;) = > Ni— ) fi(Vi) <
i€l i€l i€l i€l i€l
Z Ni_ Z fZ(NZ)SN—K:C‘i‘V—V:CSO
1<i<m 1<i<m

we have found a solution to the KNAPSACK instance. [

The PERFORMANCE-PROFILES problem occurs natu-
rally as a subproblem within many metareasoning problems,
and thus its complexity leads to significant difficulties for
metareasoning. This is the case even under the (unrealistic)
assumption of perfect predictability of the efficacy of deliber-
ation. On the other hand, in the remaining two metareasoning
problems that we analyze, the complexity stems from uncer-
tainty about the results that deliberation will provide.

3 Dynamically allocating evaluation effort
across options (actions)

In this section we study the setting where an agent is faced
with multiple options (actions) from which it eventually has
to choose one. The agent can use deliberation (or information
gathering) to evaluate each action. Given limited time, it has
to decide which ones to evaluate. We show that this is hard
even in very restricted cases.

3.1 Motivating example

Consider an autonomous robot looking for precious metals. It
can choose between three sites for digging (it can dig at most
one site). At site A it may find gold; at site B, silver; at site
C, copper. If the robot chooses not to dig anywhere, it gets
utility 1 (for saving digging costs). If the robot chooses to dig
somewhere, the utility of finding nothing is O; finding gold,
5; finding silver, 3; finding copper, 2. The prior probability of
there being gold at site A is %, that of finding silver at site B
is 7, and that of finding copper at site C'is 3.

In general, the robot could perform deliberation or infor-
mation gathering actions to evaluate the alternative (digging)
actions. The metareasoning problem would be the same for
both, so for simplicity of exposition, we will focus on in-
formation gathering only. Specifically, the robot can perform
tests to better evaluate the likelihood of there being a precious
metal at each site, but it has only limited time for such tests.
The tests are the following: (1) Test for gold at A. If there
is gold, the test will be positive with probability %; if there
is no gold, the test will be positive with probability %5 This
test takes 2 units of time. (2) Test for silver at B. If there
is silver, the test will be positive with probability 1; if there
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is no silver, the test will be positive with probability 0. This
test takes 3 units of time. (3) Test for copper at C. If there
is copper, the test will be positive with probability 1;if there
is no copper, the test will be positive with probability 0. This
test takes 2 units of time.

Given the probabilities of the tests turning out positive un-
der various circumstances, one can use Bayes’ rule to com-
pute the expected utility of each digging option given any
(lack of) test result. For instance, letting a be the event that
there is gold at A, and t4 be the event that the test at A is

a)P(—a) = 3% + £ £ = 1. Then, the expected utility of

digging at A given that the test at A was positive is 5 P(alt4),

141
where P(alta) = W = 15 = 2 50 the expected
40
10

utility is <°. Doing a similar analysis everywhere, we can rep-
resent the problem by trees shown in Fig. 2. In these trees, be-

5/8 32 1

10/3 5/99 3 0 2 0

Figure 2: Tree representation of the action evaluation in-
stance.

ing at the root represents not having done a test yet, whereas
being at a left (right) leaf represents the test having turned
out positive (negative); the value at each node is the expected
value of digging at this site given the information correspond-
ing to that node. The values on the edges are the probabilities
of the test turning out positive or negative. We can subse-
quently use these trees for analyzing how we should gather
information. For instance, if we have 5 units of time, the op-
timal information gathering policy is to test at B first; if the
result is positive, test at A; otherwise test at C. (We omit the
proof because of space constraint.)

3.2 Definitions

In the example, there were four actions that we could eval-
uate: digging for a precious metal at one of three locations,
or not digging at all. Given the results of all the tests that
we might undertake on a given action, executing it has some
expected value. If, on the other hand, we do not (yet) know
all the results of these tests, we can still associate an expected
value with the action by taking an additional expectation over
the outcomes of the tests. In what follows, we will drop the
word “expected” in its former meaning (that is, when talk-
ing about the expected value given the outcomes of all the
tests), because the probabilistic process regarding this expec-
tation has no relevance to how the agent should choose to test.
Hence, all expectations are over the outcomes of the tests.
While we have presented this as a model for information
gathering planning, we can use this as a model for planning
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(computational) deliberation over multiple actions as well. In
this case, we regard the tests as computational steps that the
agent can take toward evaluating an action.*

To proceed, we need a formal model of how evaluation
effort (information gathering or deliberation) invested on a
given action changes the agent’s beliefs about that action.
For this model, we generalize the above example to the case
where we can take multiple evaluation steps on a certain ac-
tion (although we will later show hardness even when we can
take at most one evaluation step per action).

Definition 3 Arn action evaluation tree is a tree with
e A root r, representing the start of the evaluation;

e For each nonleaf node w, a cost k., for investing another
step of evaluation effort at this point;

e For each edge e between parent node p and child node
¢, a probability p. = p(p,) of transitioning from p fo c
upon taking a step of evaluation effort at p;

e For each leaf node l, a value u;.

According to this definition, at each point in the evalua-
tion of a single action, the agent’s only choice is whether to
invest further evaluation effort, but not how to continue the
evaluation. This is a reasonable model when the agent does
evaluation through deliberation and has one algorithm at its
disposal. However, in general the agent may have different
information gathering actions to choose from at a given point
in the evaluation, or may be able to choose from among sev-
eral deliberation actions (e.g., via search control [1, 14]). In
Section 4, we will discuss how being able to choose between
tests may introduce drastic complexity even when evaluating
a single thing. In this section, however, our focus is on the
complexities introduced by having to choose between differ-
ent actions on which to invest evaluation effort next.

The agent can determine its expected value of an action,
given its evaluation so far, using the subtree of the action
evaluation tree that is rooted at the node where evaluation has
brought us so far. This value can be determined in that sub-
tree by propagating upwards from the leafs: for parent p with
a set of children C, we have u, = Zc(p(p,c)uc).

ce

We now present the metareasoning problem. In general,
the agent could use an online evaluation control policy where
the choices of how to invest future evaluation effort can de-
pend on evaluation results obtained so far. However, to avoid
trivial complexity issues introduced by the fact that such a
contingency strategy for evaluation can be exponential in size,
we merely ask what action the agent should invest its first
evaluation step on.

Definition 4 (ACTION-EVALUATION) We are given [ ac-
tion evaluation trees, indexed 1 through I, corresponding to
I different actions. (The transition processes of the trees are
independent.) Additionally, we are given an integer N. We
are asked whether, among the online evaluation control poli-
cies that spend at most N units of effort, there exists one that

*For this to be a useful model, it is necessary that updating be-
liefs about the value of an action (after taking a deliberation step) is
computationally easy relative to the evaluation problem itself.
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takes its first evaluation step on action 1, and gives maximal
expected utility among online evaluation control policies that
spend at most N units of effort. (If at the end of the deliber-
ation process, we are at node w; for tree 1, then our utility is
maxi<;<m Uw,, because we will choose the action with the
highest expected value.)

3.3 Results

We now show that even a severely restricted version of this
problem is A"P-hard.’

Theorem 2 ACTION-EVALUATION is N"P-hard, even when
all trees have depth either 0 or 1, branching factor 2, and all
leaf values are -1, 0, or 1.

Proof: If action evaluation tree j has depth 1 and branch-
ing factor 2, we represent it by (p], p3, v}, ul, k7) where p’
is the transition probability to leaf i, uz is the value at leaf
i, and k7 is the cost of taking the (only) step of evaluation.
We reduce an arbitrary KNAPSACK instance to the follow-
ing ACTION-EVALUATION instance. Let [ = m + 3, let

= 71 — P— 71
0 = (S vl)Q,and let € 251%;7”1)z TR
- = 1<i<m

1<i<m
We set tree 1 (pi,p,ul,ud, k') = (e,1 —¢,1,—1,1), and

tree 2 (p%pau%vu%akl) = ((1 - 6)7”(6 + 6‘/)) 1- (1 -
€)™(e+8V),1,—1,C+1)5. Tree 3 has depth 0 and a value of
0. Finally, for each pair (¢;, v;) in the KNAPSACK instance,
there is an evaluation tree (pi™®, pit3 wit3 wit3 kit3) =
(6v;, 1 — dv;,1,—1,¢;). Weset N = C + 1. We claim
the instances are equivalent. First we make some obser-
vations about the constructed ACTION-EVALUATION in-
stance. First, once we determine the value of a action to
be 1, choosing this action is certainly optimal regardless of
the rest of the deliberation process. Second, if at the end of
the deliberation process we have not discovered the value of
any action to be 1, then for any of the trees of depth 1, ei-
ther we have discovered the corresponding action’s value to
be -1, or we have done no deliberation on it at all. In the
latter case, the expected value of the action is always below
0 (¢ is carefully set to achieve this). Hence, we will pick
action 3 for value 0. It follows that an optimal deliberation
policy is one that maximizes the probability of discovering
that a action has value 1. Now, consider the test set of a pol-
icy, which is the set of actions that the policy would evaluate
if no action turned out to have value 1. Then, the probabil-
ity of discovering that a action has value 1 is simply equal
to the probability that at least one of the actions in this set
has value 1. So, in this case, the quality of a policy is de-
termined by its test set. Now we observe that any optimal
action is either the one that only evaluates action 2 (and then
runs out of deliberation time), or one that has action 1 in its

SACTION-EVALUATION is trivial for [ = 1: the answer is
“yes” if it is possible to take a step of evaluation. The same is true if
there is no uncertainty with regard to the value of any action; in that
case any evaluation is irrelevant.

®Note that using m in the exponent does not make the reduction
exponential in size, because the length of the binary representation
of numbers with m in the exponent is linear in m.
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test set. (For consider any other policy; since evaluating ac-
tion 1 has minimal cost, and gives strictly higher probability
of discovering a action with value 1 than evaluating on any
other action besides 2, simply replacing any other action in
the test set with action 1 is possible and improves the pol-
icy.) Now suppose there is a solution to the KNAPSACK
instance, that is, a set I C S such that > C; < C and
=

> w; > V. Then we can construct a policy which has as
i€l

test set J = {1} J{j : 4 — 3 € I}. (Evaluating all these
actions costs at most C' + 1 deliberation units.) The proba-
bility of at least one of these actions having value 1 is at least
the probability that exactly one of them has value 1, which is
Yoot 1T P8 > X pi(1—e)™ = (1—¢)™(e+ 1 dvy) >
JEJ  kEJkHA] JjE€J i€l

(1 — €)™ (e + 6V) = p?. Using our previous observation we
can conclude that there is an optimal action that has action 1
in its test set, and since the order in which we evaluate ac-
tions in the test set does not matter, there is an optimal policy
which evaluates action 1 first. On the other hand, suppose
there is no solution to the KNAPSACK instance. Consider a
policy which has 1 in its test set, that is, the test set can be
expressed as J = {1} |J{j : j — 3 € I} for some set I. Then
we must have Y C; < C, and since there is no solution to

iel
the KNAPSACK instance, it follows that v; < V' — 1. But
il
the probability that at least one of the actions in the test set
has value 1 isatmost Y p] = e+ > dv; <e+d(V—-1) =
je€J i€l

€ + 6V — 4. On the other hand, p? = (1 — €)™ (e + 6V) >
(1—me)(e+ (5V2 > €+ 0V — 2me>. If we now observe that

2 1 .
2me* = (S 0 TETE) SEEE = 4, it follows
1<i<m 1<i<m
that the policy of just evaluating action 2 is strictly better. So,
there is no optimal policy which evaluates action 1 first. =
We have no proof that the general problem is in N'P. It
is an interesting open question whether stronger hardness re-
sults can be obtained for it. For instance, perhaps the general
problem is PSP ACE-complete.

4 Dynamically choosing how to disambiguate
state

We now move to the setting where the agent has only one
thing to evaluate, but can choose the order of deliberation (or
information gathering) actions for doing so. In other words,
the agent has to decide how to disambiguate its state. We
show that this is hard. (We consider this to be the most sig-
nificant result in the paper.)

4.1 Motivating example

Consider an autonomous robot that has discovered it is on the
edge of the floor; there is a gap in front of it. It knows this gap
can only be one of three things: a staircase (.5), a hole (H), or
a canyon (C) (assume a uniform prior distribution over these).
The robot would like to continue its exploration beyond the
gap. There are three courses of physical action available to
the robot: attempt a descent down a staircase, attempt to jump
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over a hole, or simply walk away. If the gap turns out to be
a staircase and the robot descends down it, this gives utility
2. If it turns out to be a hole and the robot jumps over it, this
gives utility 1 (discovering new floors is more interesting). If
the robot walks away, this gives utility 0 no matter what the
gap was. Unfortunately, attempting to jump over a staircase
or canyon, or trying to descend into a hole or canyon, has the
disastrous consequence of destroying the robot (utility —o0).
It follows that if the agent cannot determine with certainty
what the gap is, it should walk away.

In order to determine the nature of the gap, the robot can
conduct various tests (or queries). The tests can determine
the answers to the following questions: (1) Am I inside a
building? A yes answer is consistent only with .S; a no answer
is consistent with S, H, C. (2) If I drop a small item into the
gap, do I hear it hit the ground? A yes answer is consistent
with S, H; a no answer is consistent with H, C. (3) Can I
walk around the gap? A yes answer is consistent with S, H;
a no answer is consistent with .S, H, C.

Assume that if multiple answers to a query are consistent
with the true state of the gap, the distributions over such an-
swers are uniform and independent. Note that after a few
queries, the set of states consistent with all the answers is
the intersection of the sets consistent with the individual an-
swers; once this set has been reduced to one element, the
robot knows the state of the gap.

Suppose the agent only has time to run one test. Then,
to maximize expected utility, the robot should run test 1, be-
cause the other tests give it no chance of learning the state of
the gap for certain. Now suppose that the agent has time for
two tests. Then the optimal test policy is as follows: run test
2 first; if the answer is yes, run test 1 second; otherwise, run
test 3 second. (If the true state is .S, this is discovered with
probability %; if it is H, this is discovered with probability %,
so total expected utility is % Starting with test 1 or test 3 can
only give expected utility %.)

4.2 Definitions

We now define the metareasoning problem of how the agent
should dynamically choose queries to ask (deliberation or in-
formation gathering actions to take) so as to disambiguate the
state of the world. While the illustrative example above was
for information gathering actions, the same model applies to
deliberation actions for state disambiguation (such as image
processing, auditory scene analysis, sensor fusing, etc.).

Definition 5 (STATE-DISAMBIGUATION) We are given
o Asetr© ={61,6,,..
e A probability function p over ©;

., 0,.} of possible world states;’

"If there are two situations that are equivalent from the agent’s
point of view (the agent’s optimal course of action is the same and
the utility is the same), then we consider those situations to be one
state. Note that two such situations may lead to different answers
to the queries. For example, one situation may be that the gap is
an indoor staircase, and another situation may be that the gap is an
outdoor staircase. These situations are considered to be the same
state, but will give different answers to the query “Am I inside?”.
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e A utility function u : © — R2° where u(0;) gives the
utility of knowing for certain that the world is in state 0;
at the end of the metareasoning process; (not knowing
the state of the world for certain always gives utility 0);

o A query set (), where each q € Q is a list of subsets
of ©. Each such subset corresponds to an answer to
the query, and indicates the states that are consistent
with that answer. We require that for each state, at least
one of the answers is consistent with it: that is, for any
q = (a1,as,...,ay), we have U1<j<m a; = ©. When
a query is asked, the answer is chosen (uniformly) ran-
domly by nature from the answers to that query that are
consistent with the world’s true state (these drawings are
independent);

e Aninteger N; A target value G.

We are asked whether there exists a policy for asking at most
N queries that gives expected utility at least G. (Letting w(6y)
be the probability of identifying the state when it is 0, the
expected utility is given by > p(0y)m(0;)u(;).)®

1<t<r

4.3 Results

Before presenting our PSP.ACE-hardness result, we will first
present a relatively straightforward N P-hardness result for
the case where for each query, only one answer is consistent
with the state of the world. This situation occurs when the
states are so specific as to provide enough information to an-
swer every query. Our reduction is from SET-COVER.

Definition 6 (SET-COVER) We are given a set S, a collec-
tion of subsets T = {T; C S}, and a positive integer M. We
are asked whether any M of these subsets cover S, that is,
whether there is a subcollection U C T such that U] = M

and Uy, ¢y = 5.

Theorem 3 STATE-DISAMBIGUATION is N'P-hard, even
when for each state-query pair there is only one consistent
answer.

Proof: We reduce an arbitrary SET-COVER instance to the
following STATE-DISAMBIGUATION instance. Let © =
S J{b}. Let p be uniform. Let u(b) = 1 and for any s € S,
letu(s) =0.LetQ={(©0-T;,T;): T, €T} Let M =N
and let G = ISIﬁ We claim the instances are equivalent.

8There are several natural generalizations of this metareasoning
problem, each of which is at least as hard as the basic variant. One
allows for positive utilities even if there remains some uncertainty
about the state at the end of the disambiguation process. In this more
general case, the utility function would have subsets of © as its do-
main (or perhaps even probability distributions over such subsets).
In general, specifying such utility functions would require space ex-
ponential in the number of states, so some restriction of the utility
function is likely to be necessary; nevertheless, there are utility func-
tions specifiable in polynomial space that are more general than the
one given here. Another generalization is to allow for different dis-
tributions for the query answers given. One could also attribute dif-
ferent execution costs to different queries. Finally, it is possible to
drop the assumption that queries completely rule out certain states,
and rather take a probabilistic approach.
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First suppose there is a solution to the SET-COVER in-
stance, that is, a subcollection & C 7 such that |U/| =
M and UTieu = S. Then our policy for the STATE-
DISAMBIGUATION instance is simply to ask the queries
corresponding to the elements of U, in whichever order and
unconditionally on the answers of the query. If the true state
is in .S, we will get utility O regardless. If the true state is b,
each query will eliminate the elements of the corresponding
T; from consideration. Since I/ is a set cover, it follows that
after all the queries have been asked, all elements of S have
been eliminated, and we know that the true state of the world
is b, to get utility 1. So the expected utility is ISI% so there
is a solution to the STATE-DISAMBIGUATION instance.

On the other hand, suppose there is a solution to the
STATE-DISAMBIGUATION instance, that is, a policy for
asking at most N queries that gives expected utility at least
G. Because given the true state of the world, there is only
one answer consistent with it for each query, it follows that
the queries that will be asked, and the answers given, follow
deterministically from the true state of the world. Since we
cannot derive any utility from cases where the true state of the
world is not b, it follows that when it is b, we must be able to
conclude that this is so in order to get positive expected utility.
Consider the queries that the policy will ask in this latter case.
Each of these queries will eliminate precisely the correspond-
ing T;. Since at the end of the deliberation, all the elements of
S must have been eliminated, it follows that these T; in fact
cover S. Hence, if we let U/ be the collection of these Tj, this
is a solution to the SET-COVER instance. =

We are now ready to present our PSP.ACE-hardness re-
sult. The reduction is from stochastic satisfiability, which is
PSPACE-complete [11].

Definition 7 (STOCHASTIC-SAT (SSAT)) We are given a
Boolean formula in conjunctive normal form (with a set of
clauses C over variables 1,2, ..., Tn,Y1,Y2, - -, Yn). We
play the following game with nature: we pick a value for x1,
subsequently nature (randomly) picks a value for 11, where-
upon we pick a value for x, after which nature picks a value
for yo, etc., until all variables have a value. We are asked
whether there is a policy (contingency plan) for playing this
game such that the probability of the formula being eventu-
ally satisfied is at least %

Now we can present our PSP ACE-hardness result.
Theorem 4 STATE-DISAMBIGUATION is PSP ACE-hard.

Proof: Let © = CJ{b} UV where V consists of the

elements of an upper triangular matrix, that is, V =

{v11,v12, -+ V1n, V22,023, - -5 V20, V33, sUnn}. P is

uniform over this set. u is defined as follows: u(c) = 0 for

all ¢ € C, u(b) = 1, and u(v;;) = H = 2 [ Nans(q) for
q€Q

all v;; € V, where Ny,5(g) is the number of possible an-
swers to g. The queries are as follows. For every v;; € V,
there is a query ¢;; = ({vi;},© — {vi;}). Additionally, for
each variable z; there are the following two queries: letting
Vi = {vi; : j > i} (that is, row ¢ in the matrix), and letting
C,={ceC:z¢€c}, wehave
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We have n steps of deliberation. Finally, the goal is G =

z‘g{glﬂ. First suppose there is a solution to the SSAT in-
stance, that is, there exists a contingency plan for setting the
x; such that the probability that the formula is eventually sat-
isfied is at least % Now, if we ask query g, (g—z,), we say
this corresponds to us selecting x; (—x;); if the answer to
query g, is©— ‘/z - Czi - CUL (G) - sz - Czi B Cl/i)’ we say
this corresponds to nature selecting y; (—y;). Then, consider
the following contingency plan for asking queries:

e Start by asking the query corresponding to how the first
variable is set in the SSAT instance (that is, g, if z; is
set to true, q_g, if 1 is set to false);

e So long as all the queries and answers correspond to
variables being selected, we follow the SSAT contin-
gency plan; that is, whenever we have to ask a query, we
ask the query that corresponds to the variable that would
be selected in the SSAT contingency plan if variables so
far had been selected in a manner corresponding to the
queries and answers we have seen;

o If, on the other hand, we get V; as an answer, we proceed
to ask Vi, Vi(i4+1)s - - - » Vi(n—1) i that order;

o Finally, if we get C as an answer, we simply stop.

We make two observations about this policy. First, if the
true state of the world is one of the v;;, we will certainly
discover this. (Upon asking query ¢, which is g, or —¢s,,
we will receive answer V; and switch to ¢;; queries; then if
j < n, query j + 1 will be ¢;;, we will receive answer {v;; },
and know the state; whereas if j = n, we will eliminate all
the other elements of V;; with queries 7 + 1 through n, and
know the state.) Second, if the true state is b, for any ¢ (1 <
1 < n), query ¢ will be either ¢,, or —¢,,. This will certainly
eliminate all the v;;, so we will know the state at the end if
and only if we also manage to eliminate all the clauses. But
now notice that each query-answer pair eliminates exactly the
same clauses as the corresponding variable selections satisfy.
It follows that we will know the state in the end if and only if
these corresponding variable selections satisfy all the literals.
But the process by which the queries and answers are selected
is exactly the same as in the SSAT instance with the solution
policy. It follows we discover the true state with probability

at least % Hence, our total expected utility is at least %I‘H +
o2

Now suppose there is a policy that achieves the goal. We
first claim that such a policy will always discover the true
state if it is one of the v;;. For if a policy does not manage
this, then there is some v;; such that for some combination
of answers consistent with v;; , the policy will not discover
the state. Suppose this is indeed the true state. Since each
consistent answer to query g occurs with probability at least
m, it follows that the unfavorable combination of an-

swers occurs with probability at least [] W. It follows
qeQ °

an

= (. So there is a policy that achieves the goal.

that even if we discover the true state in every other scenario,
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our expected utility is at most (% - ﬁ 11 W)H +
qEQ ans

ﬁ =G+ @(—2 + 3) < G. Now, it is straightfoward
to show that this implies that so long as no answer has been
one of the V; or C, query i (1 < ¢ < n) is either g,, or
—gz,;. Query n may still be g, under these conditions, but
since queries ¢, and g_,, are both more informative than
Qnn, We may assume that the policy that achieves the target
value asks one of the former two in this case as well. It fol-
lows that the part of this policy that handles the cases where
no answers have been either one of the V; or C' corresponds
exactly to a valid SSAT policy, according to the correspon-
dence between queries/answers and variable selections out-
lined earlier in the proof. But now we observe, as before,
that if the true state is b, the probability that we discover
this with the STATE-DISAMBIGUATION policy is precisely
the probability that this SSAT policy satisfies all the clauses.
This probability must be at least % in order for the STATE-
DISAMBIGUATION policy to reach the target expected util-
ity value. So there is a solution to the SSAT instance. =

The following theorem allows us to make any hardness re-
sult on STATE-DISAMBIGUATION go through even when
restricting ourselves to a uniform prior over states, or to a
constant utility function over the states.

Theorem S Every STATE-DISAMBIGUATION instance is
equivalent to another STATE-DISAMBIGUATION instance
with a uniform prior p, and to another with a constant util-
ity function u (w(0;) = 1 for all 8; € ©). Moreover, these
equivalent instances can be constructed in linear time.

Proof: The only relevance of p and w in STATE-

DISAMBIGUATION is to the policy’s expected utility
> p(0)m(0:)u(6). So, only the products p(0; )u(6;) mat-

1<t<r

ter; adding a constant factor to them also makes no difference

if we correct G accordingly. Hence, any instance is equiva-

lent to one where we replace p and u by p'(6;) = ﬁ and

u'(0:) = |©|p(0:)u(6;). Itis also equivalent to one where we

% _ p(01)u(b:) " _
replace p, u and G by p”(6;) = 3 O (0:)

1<i<r

1,G" = [

G
> (p(0:)u(6:))

1<i<r

5 Conclusion and future research

In most real-world settings, due to limited time or other re-
sources, an agent cannot perform all potentially useful de-
liberation and information gathering actions. This leads to
the metareasoning problem of selecting such actions care-
fully. Decision-theoretic methods for metareasoning have
been studied in Al for the last 15 years, but there are few
theoretical results on the complexity of metareasoning.

We derived hardness results for three metareasoning prob-
lems. In the first, the agent has to decide how to allocate
its deliberation time across anytime algorithms running on
different problem instances. We showed this to be NP-
complete. In the second, the agent has to (dynamically) allo-
cate its deliberation or information gathering resources across
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multiple actions that it has to choose among. We showed
this to be N"P-hard even when evaluating each individual ac-
tion is very simple. In the third, the agent has to (dynami-
cally) choose a limited number of deliberation or information
gathering actions to disambiguate the state of the world. We
showed that this is \VP-hard under a natural restriction, and
PSPACE-hard in general.

Our results have general applicability in that most metar-
easoning systems must somehow deal with one or more of
these problems (in addition to dealing with other issues). The
results are not intended as an argument against metareason-
ing or decision-theoretic deliberation control. However, they
do show that the metareasoning policies directly suggested
by decision theory are not always feasible. This leaves sev-
eral interesting avenues for future research: 1) investigating
the complexity of metareasoning when deliberation (and in-
formation gathering) is costly rather than limited, 2) devel-
oping optimal metareasoning algorithms that usually run fast
(albeit, per our results, not always), 3) developing fast op-
timal metareasoning algorithms for special cases, 4) devel-
oping approximately optimal metareasoning algorithms that
are always fast, and 5) developing meta-metareasoning algo-
rithms to control the meta-reasoning, etc.
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1

Optimality is the gold standard in rational decision making
(e.g.,[Russell and Subramanian, 19P%and, consequently,

the problem of constructing optimal policies for autonomou
agents has received considerable attention over the ye
Traditionally, this problem has been viewed separately fro
the problem of actually carrying out the policies. However,
real agents have limitations as to what they can execute, an
clearly, a policy is less useful if an agent might run out of

Approximating Optimal Policies for Agents with Limited Execution Resources

Dmitri A. Dolgov and Edmund H. Durfee
Department of Electrical Engineering and Computer Science
University of Michigan
Ann Arbor, MI 48109
{ddolgov, durfe¢@umich.edu

Abstract

An agent with limited consumable execution re-
sources needs policies that attempt to achieve good
performance while respecting these limitations.
Otherwise, an agent (such as a plane) might fail
catastrophically (crash) when it runs out of re-
sources (fuel) at the wrong time (in midair). We
present a new approach to constructing policies for
agents with limited execution resources that builds
on principles of real-time Al, as well as research
in constrained Markov decision processes. Specif-
ically, we formulate, solve, and analyze the pol-
icy optimization problem where constraints are im-
posed on the probability of exceeding the resource
limits. We describe and empirically evaluate our
solution technique to show that it is computation-
ally reasonable, and that it generates policies that
sacrifice some potential reward in order to make the
kinds of precise guarantees about the probability of
resource overutilization that are crucial for mission-
critical applications.

Introduction

resources while carrying out the policy.

ative consequences.

In this paper, we present a new approach for construc
ing policies for agents that have limited consumable re
sources where running out of the resources can have ne
Whereas Al research has mostly f

cused on (PO)MDIPBoutilier et al, 1999; Dearet al., 1993;
Howard, 1960; Puterman, 1998nethods for formulating 2 The Model

S . . . . -
ngolatlng constraints incurs dire costs, these guarantees are

rTyvorthwhile (Muslineret al., 1999 and references therein).

giscussion about the strengths and limitations of our results,

where the current resource amounts are unobservable and
cannot be easily estimated by the agent, or where modeling
resource amounts in the state description is computationally
infeasible. In an aircraft scenario, some resources and situa-
tions where such methods are beneficial could include an air-
plane with a broken fuel gauge (fuel amount is unobservable),
pilot fatigue (attention is a resource that cannot be easily es-
timated), or a combination of non-critical resources (ex. var-
ious refreshments) that should nevertheless not be exhausted,
but explicit modeling of which unnecessarily complicates the
optimization problem and increases policy size. In the rest of
the paper, we will use the fuel example, simply because it is
a very intuitive instance of a consumable resource.

However, as we will explain later, standard risk-neutral
CMDP optimization techniques are not applicable to prob-
lems where violating the constraints can have negative or, in
the limit, catastrophicconsequences. The main contribution
of this work is that it extends the standard CMDP techniques
to handle the types of hard constraints that naturally arise in
problems involving critical resources. In particular, we for-
mulate an optimization problem where constraints are im-
posed on therobability of resource overutilization, and show
how the problem can be solved using standard linear pro-
gramming algorithms. Our formulation yields sub-optimal
solutions to the constrained problem because it sacrifices po-
tential reward to make guarantees about the probability of
violating the resource constraints. As we later show, when

We introduce our model in section 2, where we review

arkov models, introduce notation, and specify our assump-
Ibns about the problem domain. Section 3 describes and
compares several candidate solutions for addressing aspects

t(_)f our problem. We then present in section 4 our new method,

and empirically evaluate it in section 5. We conclude with a

ind about our future directions.

policies for agents without emphasizing constraints on theifrhe stochastic properties of the environments in the prob-

execution resources, the Operations Research literature hggns that we are addressing lead us to formulate our op-
developed constrained MDP (CMDPAItman, 1999; Put-

erman, 199btechniques that can account for resource con-  The term catastrophic is, of course, relative. We assume that the
straints. CMDP methods are particularly useful for domainssystem designer is willing to accept certain risks to receive payoff.
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timization problem as a stationary, discrete-time, Markovjustifiable). On the other hand, the problem does not natu-
decision process. In this section, we review some well+ally fit the definition of the infinite-horizon model, because
known facts from the theory of standafRuterman, 1995; the plane obviously cannot keep on flying forever.

Boutilier et al, 1999 and constraine@Altman, 1999 fully- This leads us to make a slightly different and less common
observable Markov decision processes and also discuss tli@though, certainly, not novel) assumption about how much
assumptions that are particular to the class of problems thaime the agent spends executing its policy. We assume that
we address in this work. This section provides the necesthere is no predefined number of steps that the agent spends
sary background for the subsequent sections, where we dig the system, but that optimal policies always yigkhsient

Ccuss resource-constrained optimization problems. Markov processes (decision problems of this type were exten-
. sively studied by Kallenberd983). A policy is said to yield
2.1 Markov Decision Processes a transient Markov process if the agent executing that policy

A standard Markov decision process can be defined as a tuptill eventually leave the corresponding Markov chain, after
(S, A,P,R), whereS is a finite set of states that the agent spending a finite number of time steps in it. Given a finite
can be in,A is a finite set of actions that the agent can executestate space, this assumption implies that there has to be some
P = [p};] : SxSx A — R defines the transition functiop; “leakage” of probability out of the system, i.e. there have
is the probability that the agent will go to statéf it executes  to exist some state-action paiis a) for which 3, pf; < 1.
actiona in stater), andR = [r;,] : S x A — Risthereward One particular case where the above assumption holds is in
function (agent receives a rewardf for executing action a system in which all trajectories lead a&bsorbingstates.
a in stater). Once an agent enters an absorbing state, it has finished (or
Clearly, the total probability of transitioning out of a failed to finish) some task and has nowhere else to go, i.e. the
state, given a particular action, cannot be greater than 1, i.@robability of transitioning out of an absorbing staie zero:
>_;pi; < 1. As we discuss below, we are actually interested)_; >, pf; = 0.2 In the plane-flying example, all trajectories
in domains where there exist states for which p; < 1. lead to either a safe landing or a crash, and once the agent
A policy is defined as a procedure for selecting an ac€nters one o_f these states, the probability of transitioning to
tion in each state. A policy that makes its choices accordother states is zero.
ing to a probability distribution over the set of actions is The transient nature of our problems leads us to adopt the
called randomizedand can be described as a mapping oféxpected total reward as the policy evaluation criterion. Given
states to probability distributions over actions: = [r;,] : that an agent receives a reward whenever it executes an action,
S x A — R. A deterministicpolicy that always chooses the total expected utility of a policy can be expressed as:
the same action for a state is, of course, a special case T
of a randomized policy. It can be seen (similarly to the ¢
case of standard CMDPs, as describefiiallenberg, 1983; Vima)=>_ > pi) Tl @
Puterman, 1995 that under our optimization criterion and =0 @
constraints (section 4), deterministic policies can be subopwhereT is the number of steps during which the agent accu-
timal. Therefore, in this work, we focus on approximating mulates utility. For a transient system with bounded rewards,
optimal policies in the class of randomized ones. the above sum converges for ahy
If, at time O, the agent has an initial probability distribution
a = [a;] over the §tate space, a Markov system follows the3  Ra|ated Work
following trajectory:
In this section, we briefly survey several approaches (based
p;ﬂ _ Z (Zpgjma)p;?, pY = oy, @ on well-known techniques) to solving the problem of finding
‘ a optimal policies for agents with limited resources, and point
. o e i out the assumptions, strengths, and limitations of these meth-
wherep® = [pj] is the probability distribution at time ods. This establishes a landscape of solution algorithms, to
which we can compare our method (presented in the next sec-
tion) in terms of complexity, efficiency, and solution quality.

9

2.2 Assumptions

Typically, Markov decision processes are divided into two
categories-finite-horizonproblems, where the total number 3.1 Fully Observable MDPs
of steps that the agent spends in the system is finite a
is knowna priori, andinfinite-horizonproblems, where the
agent is assumed to stay in the system forever[@etrman,
1994 for a detailed discussion of both types of models).

In this work we concentrate on dynamic real-time domains
where agents have tasks to accomplish. For example, co
sider an agent flying a plane, whose goal is to safely get to its

L . 2An alternative way of handling these states is to treat them as
destination and land there. This example does not naturallyfinitely-recurrent, i.e. once the agent gets there, it infinitely tran-

correspond to a finite-horizon problem, because the duratiogitions back to itself. We do not adopt this model, because it is less
of executing various policies is not predetermined (unless weatural for our domains and also leads to unnecessary complications
artificially impose such a finite duration, which is not easily in the optimization problems.

n‘ﬁ;lhe most straightforward way of handling resource con-
straints in a MDP framework is to explicitly model the re-
sources by making their current amounts a part of the state
description. This yields a standard FOMDP, which can be
rS]_olved by a wide variety of efficient methods. The benefit
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of this approach is that it allows one to make use of all rele-munication domaih1989) is that a standard CMDP imposes
vant information to construct the best possible policy, as theonstraints on thexpectedamounts. Clearly, this method
agent is able to base its action choice on the current state amhes not work for critical resources, whose overutilization has
resource amounts. The downside of this approach is that itegative consequences. Indeed, an agent that pilots aircraft
requires ara priori discretization of resource amounts to be would not be satisfied with a policy thah averageuses an
made when the world model is constructed. Also, there is ammount of fuel that does not exceed the tank capacity.
additional burden of specifying the rewards and state transi-
tions as functions of current resource amounts. Furthermore-3 Sample Path MDPs
in this model, the size of the state space and, consequentlfs just mentioned, Ross and Chen pointed out the weak-
the policy size, explodes exponentially in the number of re-ness of the CMDP approach with constraints on the expected
sources, as compared to the state space where the resouaseounts. As a possible solution, Ross and Varadatapgo;
amounts are not folded into the state description. 1991 propose an approach where constraints are placed on
The FOMDP approach relies on the fact that the agent cathe actuabample-patltosts. In their work, the space of feasi-
observe the exact amounts of all resources at runtime. Howble solutions is constrained to the set of policies whose proba-
ever, this may not hold, especially in multiagent domains withbility of violating the constraints (overutilizing the resources)
shared resources, when an agent does not know what othierthe long run is zero. However, their work concentrates on
agents have been doing and how much of the shared resourdb® average per-step costs and rewards, whereas we are inter-

they have been consuming. ested in the total amounts, whose distributions are not easily
. calculable. The approach of Ross and Varadarajan has the
3.2 Constrained MDPs same benefits as the standard CMDP method, i.e. no explicit

An alternative to the FOMDP approach described above is tnodeling of resources is required, and the state space and
treat the problem as a constrained Markov decision procegsolicies are small. In addition, unlike the standard CMDP,
[Altman, 1999, where the resources are not explicitly mod- this method is suitable for problems with critical resources.
eled, but rather are treated as constraints that are imposed stowever, a weakness of this approach is that for some prob-
the space of feasible solutions (policies). lems it might be too restrictive, in that it allows no possibility

A constrained MDP for a resource-limited agent differsof overutilizing the resources. Indeed, policies produced by
from a standard MDP in that the agent, besides getting rethe sample path method might have significantly lower pay-
wards for executing actions, also incurs resource costs. Comff, as compared to policies that have some probability of
sequently, a constrained MDP (CMDP) can be described asm@source overutilization. Furthermore, for some domains it
tuple (S, A, P, R, C, Q), whereC = [ciqi] : S x A — RX might be desirable for the system designer to be able to con-
defines a vector of actions’ costs;{; units of resource trol the probability of resource overutilization, as a means of
k € [1, K] are used when actiom is executed in staté),  balancing optimality and risk.
andQ = [q] € R¥ is the vector of amounts of available ] ) ]
resources (there ig, units of resourcé initially available). 3.4 MDPs With Constraints on Variance

The benefit of the CMDP is that it does not require oneAnother approach to handling deviations from the expecta-
to explicitly model how the resources affect the world. In-tion in Markov models is to impose additional constraints on
deed, if all policies satisfy the resource constraints, one doe®r to assign additional cost to) the variance. Sdhei8g
not have to worry about what happens when the resourcgsroposed to constrain the expected cost and to maximize the
are overutilized. Consequently, the state space and the reaean-variance ratio of the reward. Huang and Kallenberg
sulting policies are exponentially smaller than the ones in thé1994 proposed a unified approach to handling variance via
FOMDP model. The standard CMDP formulation constrainsan algorithm based on parametric linear programming. These
the expected usage of all resources to be below a certain limipproaches have the same benefits as the standard CMDP and
and can be formulated as the following linear program: the sample-path methods (compared to the FOMDP formula-

Y 0= wiapls = a; tion) in terms of state space an_d_policy size, as well as_the

maxZmerm Z“i“ o ea M >6 (3)  complexity of constructing the initial world model. Addi-

i a i Zua TiaCiak = Gk Tia = U tionally, they allow one to somewhat balance payoff and the
where the variables;, have the interpretation of the expected deviation from the expected. However, these methods do not
number of times action is executed in state allow one to make hard guarantees about the probability of

A weakness of this approach is that it yields policies thatoverutilizing the resources.
can be suboptimal, as compared to the ones constructed b ] ] )
the FOMDP method, because the agent does not base its d@/ Linear Approximation

cision on the current resource amounts, but rather completelys hinted at in the previous sections, we would like to be able
ignores that aspect of the state. However, as mentioned in thg constrain the feasible solution space to the set of policies
previous section, in domains where the resources are not oyhose probability of overutilizing the resources is below a
Servable, orif the p0|lcy size is of vital importance (fOI’ exam- user-speciﬁed thresho'd)& — [pOk‘]) In other Wordsl we
ple if the agent’s architecture imposes constraints on policieg,ould like to be able to solve the following math program:
that it can store), this approach could prove fruitful. "

However, the biggest problem with this approach (as maxz meh—a D aTia = D3 Xig TiaPij = O 4)
pointed out, for example, by Ross and Chen in the telecom- — P(ex > qr) < pok, Tia =0,
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wherecy, is the total amount of resouréethat is used by the To reduce the bias that might arise from using a small num-

policy, andgy, is the upper bound on that resource (as before)ber of hand-crafted test cases, we have instead used a large
The trouble is that the optimization is in the spacecgf, number of randomly-generated constrained MDPs. All of the

which can be interpreted as tbepectechumber of times for  generated problems shared some common properties, among

executing the actions in the corresponding states. Howevewhich the most interesting ones are the following (the values

it is difficult to expressP(c; > qx) as a simple function of for our main experiments are given in parentheses):

the optimization variablesi(,), because the latter contain no . n N, The total number of states, actions, and re-

information about the probability distribution of the random sources, respectively. (20, 20, 2)

variable of the number of times the action is actually execute%

in the corresponding state — only the expected valués. Ir

this section, we present a linear approximation to the above

= max(R) Maximum reward. Rewards are assigned
from a uniform distribution or0, Mp]. (10)

program, based on the Markov inequality: Me = max(C) Maximum action cost. Resource costs are
assigned to state-action pairs frdth M| based on a
Pler 2 ar) < Blew]/an (5) distribution of & andp(C, 1% (desgr?éedcgelow). (10)

Using this inequality and the fact that the expected resource , — ,(C, R) Correlation between rewards and resource

usage can be expressediig,] = ), >, TiaCiak, the opti- costs; better actions are typically more costly. ([0.8,1])
mization problem can be formulated as a linear program: )

Or = [minQg,maxQ;] Upper bounds on resource

DaTia = Di Qg TiaDj = @ amounts are assigned according to a uniform distribu-

maxz Z TiaTia qik S S TiaCiak < Do (6) tion from this range. ([200, 300])

i a Tiq 2 0 ~ Dissipation of probability - the probability that the agent

A potential weakness of this approach is that the Markov exits the system at each time step. ([0_95,0:99]) ]
inequality gives a very rough upper bound, and the ponciesThe last parameter was used to ensure a transient chain. In-
that correspond to solutions to this LP can be too conservastead of providing a small number of sink states, we have
tive, in that their real probability of overutilizing the resources chosen to use a uniform dissipation of probability, in order
can be significantly lower tham,. However, if making hard to avoid additional randomization in our experiments, as the
guarantees about the probability of overutilizing the resourcelaitter choice provides a more stable domain. _
is of vital importance, this method might prove valuable, as it Our main concern was the behavior of our approxima-
yields policies that, in general, would have higher payoff thartion, as a function of the probability threshqigl. Therefore,
the ones obtained by the sample-path method (as the latter{4¢ have run a number of experiments for various values of
often too restrictive). On the other hand, unlike the standardo € [0, 1]. To be more precise, we have gradually increased
CMDPs that impose constraints on the expected resource uge from 0 to 1 in increments of 0.05, and for each value, gen-
age, and the MDPs that constrain the variance, this methograted 50 random models and solved them using the three
allows one teexplicitly bound the allowable probability of re- mMethods: 1) an unconstrained MDP without any regard for
source overutilization, and to make precise guarantees abolftsource limitations, 2) a standard CMDP with constraints on
the behavior of the system in that respect. the expected usage of resources, and 3) our CMDP with con-

It is also worth noting that, unlike the sample-path methodstraints on the probability of overutilizing the resources (eg.
or the methods that constrain on variance, this method ref)- We then evaluated (using a Monte-Carlo simulation) each
lies on solving a standard linear program, whereas the forof the three solutions (policies) in terms of expected reward
mer require solving quadratic or parametric linear programsand probability of overutilizing the resources. _
Therefore, the above formulation appears to be a reasonable Figure 1 shows a plot of the actual probability of overuti-
approximation, because it should be no harder to solve thali?zing the resources for the policies obtained via the three
the standard CMDP (see section 5 for experimental resultsjnethods as a function of the probability threshpid The
while providing a means of balancing solution quality with data points are averaged over the runs for a particular value

the precisely quantifiable risk of resource overutilization. ~ 0f po. The curve that corresponds to the method that bounds
the overutilization probability also shows the standard devia-

5 Evaluation tion for the runs. The other data have very similar variance,

) . so we will use the plots of means (averaged over the runs for
To verify our hypotheses about the properties of the approxiy givenp,) for our analyses.

mation described in the previous section, we have performed opyiously, p, has no effect on the unconstrained and the
a set of numerical experiments that compare its behavior tQiangard CMDP (which maintain more or less a constant
a standard CMDP with constraints on the expected resourggygpability of overutilization), but it does affect to a large ex-

amounts (section 3), and to an unconstrained MDP. tent the solutions to the problem with constraints on overuti-

3Generally speaking, the total cost is a sum of a random numlization probability. One can see that the overutilization prob-

ber of differently-distributed random variables, and calculating its@Pility for the solutions produced by our approach is always

probability distribution is a nontrivial task. belowp, (as it should be). Also, it is worth noting that when
“This inequality only holds for nonnegative random variables.Po @pproaches 1, our approximation yields the same results as

However, for a transient system, we can make the assumption th&fie other methods, which is good, since setfipg= 1 should

all costs are nonnegative, without any loss of generality. not constrain the space of feasible solutions.
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Figure 1: Probability of resource overutilization. Figure 3: Average rewards with penalties for overutilization.

Moreover, for large penaltie$i( = —220), the conservative
i policy outperforms the others for all valuesgf. Note that
here, the policy is re-evaluat@dst-factum Section 6 briefly
] discusses an approach that explicitly models the penalties in
the optimization program.
1 As we mentioned in section 4, the linear approximation
should be no harder to solve than the standard constrained
] MDP, because both are formulated as linear programs with
the same number of constraints. To experimentally verify
| this, we have timed the runs of all our experiments. Figure
T = ey 4 contains a plot of the times that it took to solve the prob-
Moot e e lems in all our experiments. One can see that the running
’ times for all three methods are not appreciably diffefefrt.
articular, the average ratio of the running time for the stan-
ard CMDP to the running time of the unconstrained method
is 1.25; the ratio of the running time of our linear approxi-
mation with constraints on overutilization probability to the
running time of the unconstrained method is 1.06. The slight
_downward curvature of the plot of the running time of our

cess). This is because only the runs that did not overutiliz&PProximation method appears to be a consequence of the

the resources were included in the average, and policies Wegé)ecific implementation of the linear programming algorithm

not penalized for violating the resource constraints. This als&1at We used in our experiments.
explains why the total rewards received by solutions to the . i
standard CMDPs were sometimes greater than the ones of- Discussion and Future Work

tained by squtpn; to the unconstrained problems. Our experiments substantiate the claims that our approxima-
However, realistically, an agent always incurs a penalty fokjon provides an effective and efficient method that agents
overutilizing a critical resource, where the penalty amount is;an use to formulate policies that not only consider limita-
based on the consequences of overutilization. For exampl@ons on execution resources, but that also explicitly bound
if the agent is flying a plane, and the resource in question ighe probability of resource overutilization. Our new approxi-
fuel, the consequences of trying to use too much of that remation achieves the constraints on overutilization, and is es-
source are catastrophic, so the penalty is very high. If Weentjally no more expensive to use than more standard CMDP
take this into account by assigning a fixed penalty to poli-gng unconstrained MDP methods. Because our method con-
cies that overutilize the resources, we can update the graph #rycts policies that are more careful about avoiding resource
Figure 2 to get a more realistic picture. Figure 3 shows thgyerytilization, the rewards associated with its policies when
average rewards for solutions obtained via the three methwegources are not overutilized tend to be less than the re-
ods, recalculated to reflect the penalties: new rewards akgards for the other methods’ policies when resources are not
R’ = (1 = pou) R + pou W, Wherep,, is the overutilization  gyerytilized. However, as we illustrated in Figure 3, when

probability, R is the average reward for successful runs of thegyerytilization incurs penalties our new method can outper-
given policy (asin Figure 2), anid’ is the penalty for overuti-

lization. We see tha.t, if we take the penalty into aCCOUnt, there 5Here we have to note that we used the linear programming ap-

is an interval ofp, where the conservative policy produced proach to solving the unconstrained problem. A different algorithm
by our linear approximation outperforms the other policies.such as value or policy iteration might be more efficient.

expected reward (relative to unconstrained)

0.2

Figure 2: Average rewards for solutions to the three problem%

The rewards obtained by these policies are shown in Fig
ure 2. Theseactualrewards do not necessarily equal the
pectedrewards (which are used during the optimization pro
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the optimization variables. This approximation and the one

based on the Chebyshev inequality are more costly to com-
pute than the linear one. Our current efforts are to encode the
approximations and evaluate their strengths and weaknesses.
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Abstract

Belief has been formally modelled using doxas-
tic logics in recent decades. The possible worlds
model provides an intuitive semantics for these log-
ics. But it also commits us to the problem of logical
omniscience. A number of logics have been intro-
duced to circumvent the problem. Of particular in-
terest is the logic of awareness. In this paper we
present a new method to put awareness into doxas-
tic logic so as to get a flexible way to model actual
belief. The underlying logics are two-dimensional
logics. Two two-dimensional doxastic logics are
given. In the first logic, a quite limited concept of
actual belief is presented. In the second logic, two-
dimensional and classical semantics are combined
into a hybrid system.

Introduction

and give them formal semantics by a clausé;s &= L;o if

and only if for each world such thatR;(s, t) it holds that

M, t = ¢. To complete the logic, assume that, besides propo-
sitional atoms, formulas can also be composed by means of
the usual propositional connectives A, Vv, —, and «.

In order to be sure that certain properties that intuitively
hold of belief are valid in this setting, some constraints should
be put on the accessibility relatioR;. The standard way
to do that is requiring thaR; be serial, transitive, and Eu-
clidean. From these constraints, three intuitive properties of
belief can be captured: consistency, positive introspection,
and negative introspection (they are reflected as the below ax-
ioms A5, A3, and A4 respectively).

This notion of belief is completely characterized by the
following sound and complete axiom system, traditionally
called KD45.

Al: All tautologies of propositional logic
A2: Li(p — ) — (Lip — Liy)

1
There has been a long story in philosophy to find a suitabld> Liv = Liliw

semantics for logics of knowledge and belief since the twenA4:
tieth century. The subject was picked up by researchers ia5: ~ 1,(pA ~ ¢)
the area of artificial intelligence, in which human reasoning_
or resource-bounded agents reasoning is considered. R ¢, = /¢
The standard approach for characterizing knowledge an®2: ¢/L;¢

belief is based on the possible-worlds model. The intuitive Modelling knowledge and belief of this kind yields what
It?kelg \ivgé%h i\g?r?a?Igr??aveerr?tdciﬂ(sji(;z?sllaer?ulr)%/bgr”:)tp{slieﬁjna-tion Hintikka calledlogical omniscience Logical omniscience

9 resupposes that an agent's beliefs are closed under logical

as possible. Under this interpretation, an agent is said to b onsequence. Furthermore, valid sentences are always be-
lieve a fact if it is true in all the states that the agent regardL

as possible. Thus belief is modelled by means of accessibi ieved. It is clear that rational agents can never be so intelli-

ity relations as they are present in possible worlds model gent that they become omniscient.
The model is a structuraf of the form(S, 7, R1,. .., Rn), To avoid these undesired properties, something non-

: . : standard is needed. In the literature there appear quite a num-
\év\t] ei;e‘;tfrﬁhfnsaete\%?y”Vvvvgrﬁgjsg r;%thf t:rutlh assgnir:rgntthfgr _ber of drasticr_:mlly varying appyoaches. Of these, of particular
; . . ' o LA interest to us imwareness logic
blrgrr]yt;]e;agg;: Ig?‘.the ossible worlds model a lodic of be- A number of ways of modelling awareness and actual be-
lief can be devised. T(?thls end, introduce modalgoperator“ef have been suggested in the literature, among them we
I L. L, to be interpreted as “the agertielieves that”, Would like to refer to[Rantala, 198R [Fagm and Halpern,
Loy Hma P 9 1989, [Wansing, 199Dand[Thijsse, 199&

* Authors were supported in part by the logical structure of cogni- 1he main problem of logical omniscience is that it forces
tion in open worlds project grant under ministry of education, China@n agent to believe too much. Fagin and Halpern suggested a
grant 2000DXM720.40002. variation of the standard Kripke modifagin and Halpern,

Corresponding author. E-mail address: hssjse@zsu.edu.cn 198§, named the logic of general awareness (abbreviated
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GAL). The underlying idea is to use awareness as a “sieve” téogic only concern about subjective truth. The notion will be
remove the undesired parts of the logic. Though an aigent picked up in the second logic.

plicitly believes a fact, the agent may not believexplicitly We use a different way to add awareness sieve to doxas-
if it is not aware of it. GAL distinguishes betweémplicit  tic logics. What we use is two-dimensional logics. In two-
belief andexplicit beliefby the following equation: dimensional logics, the value of a formutaranges over the

- : - . set{(1, 1), (0, 1), (1, 0), (0, @). Each member of the set
Explicit Belief = Implicit Belief + Awareness is called a truth-degree. Every truth degree has two dimen-
The model is endowed with functiom; that act as Sions. Intuitively, the first dimension of a truth-degree, called

a kind of sieve, filtering out explicit beliefs from the a truth-value, represents the truth valuesaéind the second,
bulk of implicit beliefs. The model is a tuple/ of called an awareness-value, keeps track of the value of the

the form (S, 7, R1, ..., Rn, A1, ..., Ay), whereS, , and ~ awareness congjition (wg will clarify the notion belovy)gm]‘ '
R4,...,R, have their usual meanings. For each pOssib|él'hough the logic Iooks like a type c_)f_four—valued Ioglc_, it is
world s, 4;(s) is an arbitrary set of formulas of the language, m_fact two-valued..Wh|chever way it is read, we are still left
indicating the formulas that the ageiris aware of ins. with two-values, with 1 arue and 0 adalse S
The language contains operatefs, . . ., A,,, which reflect We got the idea of using two-dimensional logics in this
awareness, as well as the implicit belief operafors. .., L, ~ Way from theoretical linguistics, where two-dimensional log-
and explicit belief operatorB;, . . ., B,,. ics are used to give the semantic concept of presupposition

The semantics of the language is as usual, except fdiBergmann, 1991 Usually, the sentencaexists is looked
adding two clauses for the operatots and B,. Note that UPON as the presupposition of the senteraes“P". We in-

the one forA; is not expressed recursively. terpret “an agent is aware @f’ as “p exists in the agent's
M Ao iff ) memory”. And then we treat the sentence as the presuppo-
o M,s = Aipiff o € Ai(s); sition of the sentence “the agent explicitly belieye Here
o M,s = Bipiff o € A;(s)andM, s = L;p. the presupposition is indeed the existence of a denotation of

v in the agent’s memory. We call it trevareness condition
The denotation is subjective. It denotes things in the given
memory, unlike in the case of the sentenae=kists, whose
A6 Bip < Aip A Lip usual meaning is that has an objective denotation. Another
is valid in the model. Fagin and Halpern showedfagin  difference between them is that the subjective denotation is a
and Halpern, 19d&hat by adding A6 to KD45, the resultant denotation of a sentence other than a denotation of a term.
system completely characterize the semantics of GAL. Two-dimensional logics allow us to calculate the truth
GAL, despite its simplicity, is a very flexible and powerful value of a sentence and its awareness condition indepen-
tool. Wansing exhibited ifwansing, 199Dthat a slight gen-  dently. This gives us flexibility to construct different mod-
eralization of GAL (LetR; be any binary relation i) can  els of actual belief. Intuitively, the awareness condition of
characterize every modal system that contains classical logié sentence should affect its truth value. However, it may be
GAL has also some disadvantages. Useful information i$10 agreement on what the effect should be. By amending its
neglected in this semantics. There are two reasons that cormatrices, two-dimensional logics are flexible enough to char-
mit an agent not to explicitly believe a sentenceone is that ~ acterize different concepts of actual belief.
the agent is not aware of; the other is that the agent does It is easy to see that GAL can be represented by a two-
not implicitly believey. GAL cannot express these different dimensional logic. The only thing we need to do is to make
situations. Even if we know the fact that an agent does nothe awareness condition of a sentence does not disturb its
explicitly believe a sentence, we still do not know where ittruth value.
comes from. In our proposal, the difference between them is We would like to emphasize again that what we present in
able to be distinguished. this paper is not only a more rigorous concept of actual belief
In GAL, it is possible for a sentence to be true even if thethan GAL's, but also a method by which different opinions
agent is not aware of some parts of the sentence. For example, actual belief can be modelled readily. We will give two
consider the sentence “if an agent believes that it rains, it wildoxastic logics use two-dimensional logics in the rest of the
take an umbrella.” (formalized aB;¢ — ). The sentence paper. The first logic can be viewed as an example of using
can be true in a world even if the agent is not aware of our method, in which a more limited concept of actual be-
anything about “rain” ins. In a different opinion of belief lief is presented. The second logic extend the first logic to a
and awareness, it may be argue that the above sentence sedmbrid system.
nonsensical to the agent if it does not know what the “rain”is. To be concise, we only consider one agent mode and use
From that opinion, the sentence can never be simply true. WeperatorsB, L, A substitute forB;, L;, A; respectively. It is
will introduce a method such that different opinions of belief easy to extend the results of the paper to multi-agent mode.
and awareness can be easily modelled. We think many-dimensional logics may play an important
It is important to distinguish between objective truth androle in may topics. The problems in many topics are in the
subjective truth. It is reasonable for the above sentence tfollowing style: There are several factors that affect the out-
be objective true (as a truth of fact), but not subjective truecome event’s situation. To construct a logical structure of
(from the point of view of the agent). We leave the item asidesuch problem, many-dimensional logics are preferred. Each
for the moment. We will present two logics below. The first factor or outcome is put in a different dimension of the truth

The explicit beliefs are just those implicit beliefs that belong
to the awareness set. The sentence
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degree. In such a many-dimensional semantics, it can bevo values, 11 and 01, to each atom. The primary awareness-
clearly indicated that how the factors affect the outcome. Ofvalue is always assigned as 1. Only an occurrence of the
course, it is an “out of focus” topic in the present paper. B operator can introduce falseness as awareness-value. The
By the way, we got some ideas of this paper from our workreason is this: The awareness condition only makes sense
on “Open Worlds”. Interested readers may refeiShier and  when explicit belief is considered. An atom has no aware-
Hu, 2001. ness condition at all. It is natural to assign atoms a trivial
awareness-value, i.e. an always true value. It is easy to see
2 Two-Dimensional Awareness Logics that this definition is sound: an always true awareness-value
21 s fi does not disturb the calculation of truth value. This also ex-
: emantics plains the semantic definition of and L operators, where
By awareness different people can understand in quite diffefthe awareness-value of each formula of the fotmor Ly is
ent ways. In this section, we present a logic in which a senglways true.
tence’s awareness condition is considered as a very rigorous Awareness-value is contagious: the awareness-value of a
limitation to the sentence: If the awareness condition is Notentence governed by one of the binary connectives is false
satisfied, then the sentence is nonsensical to the agent andifithe awareness-value of one of its immediate components is
invariably false. We call the resultant logiwo-dimensional  false. If the awareness-value is always true, the truth-value is
awareness logicabbreviated TDAL. calculated classically.
The language of TDAL is the same as GAL's. A TDAL  Clearly, TDAL is along skeptical lines. It characterizes a
model is a tupleV = (S, 7, R, A), where, cautious agent: the agent deems a sentence to be true only if
e S is a non-empty set of possible worlds; every propositional part of it has no uncertainty.
e 7 is a truth degree assignment function from the set of :\loflthat tge semanﬂcs Of;lngAL canlge reduced to at?ree-_
atoms tof (L, 1), (0, 1} per possible world. By conven- valued logic because the truth degree 10 can never result, nei-

: er from logical connectives nor from modal operators. 10
g(r)gb;gg.parentheses and commas of truth degrees aE:%n be dropped safely from the matrices. At first sight, the

) , . ] ) _ resulting three-valued propositional logic looks the same as
e R € § x Sisabinary relation that is serial, transitive, weak Kleene logic. If we substitute the truth valigsandu
and Euclidean; for the truth degrees 11, 01 and 00 respectively, then we get
e A is the awareness function, assigning each possiblghe matrices of weak Kleene logic. However, the two logics
world a set of formulas. are quite different. In TDAL, the assignment function is in-
; . deed two-valued, unlike Kleene’s. 00 can only result from ap-
The matrices are: plication of the modal operatdB. This characteristic makes

AT~ A AV B 11011000 TDAL very different than weak Kleene logic. For example,
11| 01 11 11 11 00 00 there are no propositional tautologies in weak Kleene logics,
01! 11 01 11 01 00 00 but in TDAL, some of them are preserved.
88 88 88 88 88 88 88 2.2 Discussion And Formalization
Definition 2.1 An occurrence of & operator in a formula

AANB | 11011000 A— B[ 11011000 v is bound if that occurrence is in the scope of one of the

11 11010000 11 11010000 modal operators; otherwise, such an occurrencd3as free.

01 01 01 00 00 01 11110000 A formulay is bound iff each occurrence in it @ is bound,

10 00 00 00 00 10 00 00 00 00 and is free iff it is not bound.

00 00 00 00 00 00 00 00 00 00

Some classical tautologies are not valid in TDAL. A limi-
tation is required in order to make them valid.

Notice thatv and A can be defined from- and —. The
latter two connectives are considered as primary.
The truth degree conditions for the modal operators are: (A7) all bound classical tautologies.

o (s, Ap) = 111if p € A(s); otherwises(s, Ap) = 01. Proof. Trivial. O
o w(s,Ly) =111if 7(t,) = 11 orm(t,) = 10 for all ¢ The next proposition shows that the axioms with respect to
such that(s, t) € R; otherwisesm (s, Ly) = OL. the properties of implicit belief are all preserved in TDAL, as
o (s, By) =11if w(s, Ap) = 11 andn (s, Ly) = 11; they should be.
7(s, Bp) = 01 if w(s, Ap) = 11 andn (s, Ly) = 01; Proposition 2.3 A2-A5 are all valid in TDAL.
(s, Bp) = 00 if (s, Ap) = 01. Proof. The proof is as usuatl

¢ is satisfied ins if and only if (s, ¢)=11, denoted by Intuitively, the axiom A6, which characterize explicit be-
M,s = ¢. pisvalid if and only if M,s |= ¢ for every lief, should not hold in TDAL because we have a different
model M and every possible worlg denoted by= . view to awareness condition here. It is just the case. This is

The semantics of TDAL needs some explanations. The agasy to see by taking a model that contains a watldach
signment functionr is indeed two-valued. It assigns only that the agent is not aware @fin s. Instead of A6, we have

Proposition 2.2 The following sentences are valid in TDAL.
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the following axioms and rules to characterize properties of A set of formulas isonsistentf one cannot derive from it
explicit belief.  and~ ¢ for some formulap. A set of formulas isnaximal

We usep* to denote the formula obtained fromby sub-  consistentf it is consistent and any strict superset is incon-
stituting Agp A L¢ for all free occurrences dB¢ in . Clearly,  sistent.

¢ is bound. Lemma 2.6 (1) Any consistent set is included in a maximal
Proposition 2.4 The following sentences and rules are all consistent set. (2) If' is maximal consistent, then for all
valid in TDAL: formulasy and the following hold: (a) IfB¢ occurs free
in p infers thatA¢ € T, then eitherp € T" or ~ ¢ € T'; (b) if
(R3) A¢q,...,Ad, | ¢ « ¢*, where for all free occurrences T T th T (Q)if vi le th

of Boinp, Ap € {Ad1,..., Ady}. i g F.and(p e fineny € L0 is provable. then

(R4) /A, whereB¢ occurs free inp. Proof. The proof is left to the readef]

(A8) (LAG1A...ALA¢y) — L(p < ¢~), whereforallfree  Theorem 2.7 The system T is sound and complete with re-

occurrences 0B¢ in p, Ap € {Apy,..., A, }. spect to TDAL.
(A9) Ly — LA, whereBg occurs free inp. Proof The soundness is easy to see. We prove complete-
Proof. The proof is as usuall ness using standard techniques with modifications to fit the

These sentences are quite intuitive to the semantics O(}ont_e X : :
It is sufficient to show that every consistent formula is sat-

TDAL. The system corresponding to the semantics of TDAL. .. : : :
5 ; . "isfiable. We do so by constructing a canonical Kripke model
consists of axioms A2-A5, A7-A9, and rules R1-R4. Call it M, containing a possible worlgr- for every maximal con-

the system T. . . . sistent sefl’, such thatM, s = ¢ iff ¢ € T'. Since every
These sentences and rules are in quite generalized formg, \qisient formula is contained in some maximal consistent
To put a clearer explanation of TDAL, we consider those thatSet this suffices. Let/ — (S, 7, R, A), where
are close to A6. As we have known, A6 is not valid in TDAL. ’ N e
However, A6 will be satisfied if a condition is satisfied. Itis ® < = {I'|T"is a maximal consistent s¢t
easy to verify that the rulﬁm is valid in TDAL, as o ww(sp,p)=11if peT; w(sr,p) = 01if p &T;
well as the sentencéAy — L(Ap A Ly < Byp) (Also, o A(sr) ={p| Ap € T};
they can be derived from system T). We may see the rule as a ;
i L : o (spy,s1,) € RIiff {p| Lp e} CTa.
process: In the beginning, the agent is not aware of a sentence _ )
¢ S0 that the substitute instance of A6 fs not true; if by Axioms A3, A4 and A5 guarantee that the binary relation
some reasons the agent is awarespthen it will deem the R as Qef|neq is indeed transitive, Euclidean, and serial.
substitute instance of A6 af to be true. Thus, if the agent ~ BY induction on the structure of, we show thaf\/, sy =
implicitly believes that it is able to be awaregfthenitalso ¢ iff ¢ € T. The cases whep is an atom orp = A4 is
implicitly believes that the substitute instance of A6fs  directly proved from the definition ai/. _
true. That is just the above sentence’s meaning. SUppOS&P@ ~ ¢. (1) Supposép € I'. Because the in-
Note that the sentende( Ay A Ly < By) is not valid in ference rule’T can be derived for the system«,¢I" and
TDAL. Thus, in general, A6 is not an implicit belief of the So, by inductive hypothesisy . By R4, if B¢ occurs free
agent. That is to say, the agent may never be aware of sonie ¢, thenA¢ € I'. Then by R3,sp |= ¢ < 9*. We get
sentences (maybe they are too long and too complicate). Ser #*. Because)* is bound,sp =~ ¢*. Thussr =~ 1.
for Ap A Ly « By to be an implicit belief, there has to put (2) Supposer = ¢. Thensr £y and for every free occur-

a condition: The agent (implicitly) believesp. rence of B¢ in ¢, sp = A¢ and so, by inductive hypothesis,
In general, the deduction theorem does not hold. A limitedy #I". Also we haved¢ € T'. Then by Lemma 2.6, 1 € I'.
version of the deduction theorem is presented. The inductive step for- is similar.

Supposer = L. (1) Supposd.y € T'. It is directly ob-
Theorem 2.51f I' b7 ¢, thentr (LY A ... A LYn) = tained from the definition thai = L. (2) Supposdy &L
Lo, whereyy, ..., 1, are members df that are used inthe  ~qsider the sat’ — {x | Ly € T'}. We show thal” F
derivationl’ Fr . does not hold. Indeed, by assuming otherwise, we would have
Proof. Consider a derivatiom, ..., ¢, of o fromT. We I Fr + and so, by theorem 2.8Lx1,...,Lxn} Fr L1,
show by induction o (i < n) that-r (L A...ALY,) — wherey; ... x, are all distinct formulas ii” that are used
Ly;. The inductive steps fap; an axiom, forp, € T', and for  in the derivationI” 7 . SoI' k¢ L, contrary to the
©; a conclusion from R1 are clear. consistency of’. ThusI” U {~ ¢} is consistent and so, it
Supposep; =Ly, is obtained fromp; by R2. By induction !s.clontained in some maximal consistent B&t By the d_ef-
hypothesisf-r (Lyn A ... A Lip,) — Ly;. By A2, br inition of IV, we havesrRspr» andvy ¢£I'. By inductive

Lo; — LLgp;. Thuskr (Lby A ... A Lab,) — L. hypothesissr [~y and sosr p£Lip.
Suppose thap;=x < x* is obtained fromA¢,, ..., Ao, Supposep = Bip. Note that the two rulesf‘g# and
by R3. By induction hypothesis;r (L1 A ... A Li,) — By

can be derived from R3 and R4. Using the two rules,
LAGr, - Fr (LU A A Ln) — LAGn. Then by A8, éﬁ?égess similar tlznl the inductive step ﬁacaln%emo\r,lvstraute
we have-r (L1 A ... A L) — Ly;. The inductive steps that By € T iff sp & By, O
for R4 is similar to R3's ST :

1116 RESOURCE-BOUNDED REASONING



3 Hybrid Two-Dimensional Awareness Logic

3.1 Semantics
Thijsse presented ifThijsse, 1996a noteworthy method of

Proposition 3.1 (i) If M, s | ¢, thenM, s|}- .
(i) If M,s|l— ¢ andypis bound, thenV/, s = ¢.
Proof. The proof is by induction on the structure,ef Details

modeling actual belief. His so-called hybrid system consistsire left to the readéer

of an inner partial logic (within the actual belief operator)

It directly follows from proposition 3.1(i) that TDAL is a

and an outer classical logic. Itis implemented by distinguishsyp-logic of HTAL. All provable formulas of system T are

ing two kinds of truth relations: a bivalent truth relation, re-
flecting objective truth and a trivalent truth relation, reflecting
subjective truth.

Our proposal is to take TDAL as the inner logic, unlike

valid in HTAL.
The necessity rule, R2, does not hold in general in HTAL.
Instead, there is a limited version.

Thijsse’s logic, where partial logic is adopted. There is a red®2: from ¢ to infer L, wherey is bound.

sonable motivation to proceed TDAL into a hybrid semantics.

It is easy to verify that R2is valid in HTAL.

As has been shown, “truth” discussed in TDAL is indeed sub- The system corresponding to the semantics of HTAL con-

jective truth: In TDAL, the meaning of a sentence being saidsists of all axioms of KD45 and T, R1 and RZall it the sys-
to be true |s_that from thg point of view of an agent it is true.tem H. To prove the completeness of H, the following propo-
The semantics of TDAL is reasonable only if we understandsition is needed.

it in this way. For example, it is intuitive that A6 should be
objectively true; however, from the point of view of an agent,
it may not be (subjectively) true.

We call the resultant logibybrid two-dimensional aware-
ness logicabbreviated HTAL. Formally, a HTAL model is a
tuple M = (S, m, R,.A) with its usual meaning. There are
two truth relations= and||—, wherel= is just the truth rela-
tion defined in TDAL, and wherg— is defined as follows:

o M,s|pem(s,p) =11,

o M,s |-~ ¢ < M,s|l-¢ does not hold;

M,s |l — ¢ < M, s|}Fpdoesnothold oM, s |F1;
M,s |l- Ap & ¢ € A(s);

M,s|F Lp < M,s |E Ly;

M,s|F Bp < M,s = Bep.

Validity is defined as overall classical trutfy- o < M, s ||—
 for all models and possible worlds.

When checking the truth value of a formula, one starts with

a two-valued evaluation and is dragged into the multi-valuecjiz

mode only by the belief operators. Within the belief opera-

tors, sentence’s truth value is calculated by TDAL, reflecting
subjective truth. Outside belief operators, itis calculated clas-

sically, reflecting objective truth.
Except adopting different logic as inner logic, there is

another significant difference between HTAL and Thijsse’s

logic. In the latter, partiality is specified by evaluation, and
does not come from the limitation to actual belief. Its “hy-

brid” character when taken by itself is irrelevant to an aware-

ness condition. While in HTAL, the jumping-off point is in-
deed two-valued, both for inner logic and outer logic. Atoms

Proposition 3.2 If ¢ 1 ¢, thenkg Ly — Lep.

Proof. Lets, ..., ¢, be the given T-deduction af from .
We show by induction on < n thatk-gy Ly — L.

Supposep; = . by Ly — Lp; because the formula is a
propositional tautology.

Supposep; is an axiom of H. Therp; is also an axiom of
H andy; is bound. Applying R2to it, we get-g Ly; and
so,Fg Lw — L(p,

Supposep; is obtained fromp,=¢p; — ¢; andy; by R1,
wherek, j < i. Then by induction hypothesis,;; Ly —
L(p; — ¢;) andbg Ly — Lp,;. By Al, A2 and R1,

Supposep;=Ly; is obtained fromp; by R2, where;j <
i. By induction hypothesis; g Ly — Ly;. By A3, g
LQD]' — LLQO] Soky Lﬂ) — LLQDJ O

Notice that a standard canonical model of H is indeed a
classical Kripke model. So to prove the completeness of H, a
more complicated canonical model has to be considered. The
odel is similar to the H-canonical model presenteffTini-
se, 19986 The set of worlds of the model contains just one
H-maximal consistent set as its root, all other worlds are T-
maximal consistent set. The root is not accessible from other
worlds. Formally, for a given H-maximal consistent 3&t
define theH-canonical modeM of ¥ as(S, w, R, .A), where

e § = {ss} USr, whereSr = {sr | ' is a T-maximal
consistent sét

o foreverysa € S,m(sa,p) = 11if p € A; w(sa,p) =
01if p €A, wherep is an atom.

o foreverysa € S, A(sa) = {¢ | Ap € A};

are always assigned values classically. The non-classical as-¢ (sa,,5a,) € Riff {o| Ly € A1} C Ay, Wheresa, €

pect appears only when a belief operator occurs.

3.2 Discussion And Formalization
In contrast to TDAL, where limited versions of A6 and classi-

S andsa, € St.

The next lemma makes clear the benefit of H-canonical
model.

cal tautologies are present, A6 and all classical tautologies ateemma 3.3 Let M be an H-canonical model &f. Then for

valid in HTAL. This is reasonable because validity in HTAL

is defined as over-all classical truth, which reflects objective

truth.
The two truth relations= and||- are closely related.

RESOURCE-BOUNDED REASONING

any formulap,
(i) M,sr = pifandonlyify € T, wheresr € St
(i) M,sx|l—¢ifandonlyifp € ¥
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Proof. Since the sub-model of M obtained by restricting it to sented in this paper may be useful in that purpose. This also
St is just a canonical model of the system T, the proof of (i) calls for further research.
has already been given in Theorem 2.7.
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