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Abstract

Models for sequential decision making under uncertainty
(e.g., Markov decision processes,or MDPs) have been studied
in operations research for decades. The recent incorporation
of ideas from many areas of AI, including planning, proba-
bilistic modeling, machine learning, and knowledge represen-
tation) have made these models much more widely applicable.
I briefly survey recent advances within AI in the use of fully-
and partially-observable MDPs as a modeling tool, and the de-
velopment of computationally-manageable solution methods.
I will place special emphasis on factored problem representa-
tions such as Bayesian networks and algorithms that exploit
the structure inherent in these representations.

1 AI Meets OR

When one is reminded of the crossroads where artificial
intelligence (AI) meets operations research (OR), the vital
and active area of combinatorial optimization immediately
springs to mind. The interaction between researchers in the
two disciplines has been lively and fruitful. Linear and inte-
ger programming, constraint-based optimization, stochastic
local search, all have broken from their “home communities”
and spurred interdisciplinary advances to the extent that it is
impossible to classify much of this research as strictly AI or
strictly OR (except by the affiliations of the researchers). As
a result, optimization problems of incredible scale are being
solved on a daily basis, and our understanding of the relative
strengths of various methods and how they can be combined
has advanced considerably.

AI and OR meet at another, less-traveled, less-visible
crossroads, passing through the area of sequential decision
making under uncertainty. Sequential decision making—
that is, planning—has been at the core of AI since its incep-
tion. Yet only in the last half-dozen years has the planning
community started to seriously investigate stochastic mod-
els. Decision-theoretic planning (DTP) has allowed us to
move beyond the classical (deterministic, goal-based) model
to tackle problems with uncertainty in action effects, uncer-
tainty in knowledge of the system state, and multiple, con-
flicting objectives. In this short time, Markov decision pro-
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cesses (MDPs) have become the de facto conceptual model
for DTP.

MDPs were introduced in the OR community in the 1950s
[2] and have studied and applied in OR and stochastic optimal
control for decades. Both the fully-observable and partially-
observable variants (FOMDPs and POMDPs, respectively)
have proven to be very effective for capturing stochastic deci-
sion problems; in fact, one might view POMDPs as offering
a general model in which most sequential decision problems
can be cast.1 A number of algorithms have been developed
for constructing optimal policies, for both FOMDPs [2, 27]
and POMDPs [45], generally based on Bellman’s dynamic
programming principle.

The generality of these models and algorithms comes at a
price: the modeling of any specific problem as an MDP can
be tedious, and the computational cost of applying a general-
purpose solution algorithm is typically very high, often too
high to be practical. Thus, special problem structure must
generally be exploited in order to render the models practi-
cally solvable. Examples of models with special structure
include linear-quadratic control problems (using Kalman fil-
ters) for POMDPs, or queuing models for FOMDPs.

AI planning problems also exhibit considerable structure.
System states are composed of a number of different fea-
tures (or variables or propositions). In classical planning,
this fact has been exploited to great effect in the represen-
tation of deterministic actions using STRIPS [21], the situa-
tion calculus [35, 42], and a host of other formalisms. Fur-
thermore, classical planning techniques such as regression
[47] and partial-order planning [33] have exploited the struc-
ture inherent in such representations to construct plans much
more effectively (in many cases) than one can through ex-
plicit, state-based methods. Other techniques such as hierar-
chical abstraction, decomposition, and so on, have rendered
certain types of planning problems tractable as well.

The use of MDPs for DTP requires than analogous insights
be applied to the decision-theoretic generalizations of clas-
sical planning problems. Two crucial tasks are therefore:

1For example, the exploration/exploitation tradeoff in reinforce-
ment learning and bandit problems is best formulated as a POMDPs
[3]. General models of sequential games are often formulated as
(multiagent extensions of) POMDPs [37]. Models from control the-
ory such as Kalman filters [29] are also forms of POMDPs.
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(1) the development of natural and concise representations
for stochastic, dynamic systems and utility functions, so that
MDPs can be specified in a convenient form that exploits
regularity in the domain and problem structure; and (2) the
development of algorithms for policy construction that ex-
ploit this structure computationally. Fortunately, some good
progress has been made in both of these directions. This
is a key area where AI has much to offer in making MDPs
more easily solved and, therefore, more widely applicable as
a model for DTP.

In this talk I will survey a few of the techniques that
have been developed recently for solving both FOMDPs and
POMDPs. I will focus on a specific primarily on techniques
that exploit concise system representations, much as regres-
sion or partial-order planning use (say) STRIPS action rep-
resentations and propositional goal descriptions to discover
structure in the set of plans they construct. There are, of
course, many more concepts from various areas of AI (plan-
ning, learning, etc.) that can be—and have been—brought
to bear on the effective solution of MDPs. Many techniques
developed in the reinforcement learning community, for ex-
ample, discover various forms of problem structure without
being provided with a concise system representation: essen-
tially structure in the representation of the solution is discov-
ered without explicitly requiring that the problem be repre-
sented this way. The use of function approximation to rep-
resent value functions in reinforcement learning is a prime
example of this [4]. Other techniques involve using search
[1, 23], sampling [30, 46], and region-based problem decom-
position [18, 25, 41, 38].

2 Action Representation
To represent stochastic actions and systems, a number of re-
searchers have adapted a tool used for the representation of
probability distributions, namely Bayesian networks [39], to
the problem of action representation. Bayesian networks pro-
vide a formal, graphical way of decomposing a probabil-
ity distributionby exploitingprobabilisticindependence rela-
tionships. Bayesian networks can also be augmented to rep-
resent actions, for instance, using the methods of influence
diagrams [43, 39], or representations such as two-stage or dy-
namic Bayesian networks (DBNs) [17]. The use of DBNs has
not only provided a natural and concise means of represent-
ing stochastic dynamic systems, but has also given rise to a
number of computationallyeffective techniques for inference
tasks such as monitoring, prediction and decision making.

In the talk I will briefly review DBNs and discuss why
they are suitable representations for MDPs as applied to DTP.
Roughly, DBNs exploit the fact that the (stochastic) effect of
an action on different system variables often exhibits great
probabilistic independence; furthermore, the effect on one
variable may depend on the state of only a subset of system
variables. For instance, the action of moving five meters in
a certain direction may stochastically influence the state of
a robot’s battery, as well as its location; but the probabili-
ties of various changes in these variables maybe independent.
Furthermore, the robot’s ending location may depend on its

starting location, but not on the variable denoting the load it
is carrying. These facts imply that the transition probabili-
ties for this action—the probabilities of moving from state to
state when the action is executed—exhibit a certain regular-
ity. This regularity is exploited in the DBN representation,
and we can often specify and represent system dynamics in
time and space polynomial in the number of system variables
(in contrast to the exponential space required by transition
matrices used in the “standard” treatment of discrete-space
MDPs). DBNs can be augmented with the structured repre-
sentation of conditional probability tables for individual vari-
ables (e.g., using decision trees [11], algebraic decision dia-
grams [26], or Horn rules [40]), giving additional space sav-
ings and allowing even more natural specification. Similar
remarks can be made for other components of MDPs such as
reward function and observation probabilities. For a survey
of these issues, see [9].

3 Abstraction
When solving an FOMDP, our aim is to produce a policy,
or a mapping that associates an action to be executed with
each state of the system. An optimal policy is one that has
greatest expected value, where value is generally measured
using some simple function of the rewards associated with
the states the agent passes through as it executes the policy.
For POMDPs, the goal is similar, except that we do not as-
sume that the agent knows the true state of the system: it only
obtains noisy observations of the system state. Instead, we
consider a mapping from belief states—or probability distri-
butions over system states—into actions. An agent’s belief
state reflects its uncertainty about the true state of the system
when it is forced to act. For both FOMDPs and POMDPs,
we generally produce optimal policies indirectly by first con-
structing a value function that measures the expected value of
acting optimally at any state (or belief state), and then choos-
ing actions “greedily” with respect to this optimal value func-
tion. Value functions are typically produced using dynamic
programming algorithms.

Once again, the “standard” MDP model is intractable
when we consider feature-based problems, as the number
of states grows exponentially with the number of variables
needed to describe the problem. Value functions and poli-
cies, which map system states (or belief states) into values
or actions, cannot be represented or computed in an explicit
fashion.2 However, given that such problems generally ex-
hibit regularity in their transition probabilities and reward
functions, we might hope that value functions and policies
would exhibit regularity as well. If so, then these mappings
may be represented compactly.

For instance, it might be that the robot should always move
to the mailroom when mail is ready to be picked up unless it’s
battery is low. This component of the policy mapping can be
represented very concisely using a rule such as MailReady^

2In fact, the space of belief states is continuous; however, value
functions and policies have a nice structure that allows them to be
represented finitely [45] using a set of system state-based mappings,
as we discuss below.



:LowBattery ! Do(MoveMailRoom). This rule repre-
sents the policy mapping for all states where MailReady ^
:LowBattery holds. We can view this as a form of ab-
straction: details involving other variables are irrelevant to
the choice of action when MailReady ^ :LowBattery is
known.

To make use of this structure, we require techniques
that discover these regularities without enumerating states.
Decision-theoretic generalizations of goal regression for
FOMDPs have been developed recently that do just this [11,
6, 20]. These methods exploit the structure in the MDP rep-
resentation to determine which variables are relevant to pre-
diction of expected value and action choice, and which can be
ignored. Furthermore, these determinations are conditional
(e.g., MailReady may be relevant when :LowBattery
holds, but may be irrelevant when LowBattery is true).
These methods essentially organize and “cluster” the classic
dynamic programming computations using the structure laid
bare by the MDP representation. For instance, in [11] we use
decision trees to represent policies and value functions, and
exploit DBN and decision tree MDP representations to dis-
cover the appropriate decision tree structure. These methods
often render large MDPs tractable because they obviate the
need for state space enumeration.

These techniques have been extended to other representa-
tions such as algebraic decision diagrams [26] (which have
proved to offer very large impact on computational savings).
A general view of this approach in terms of automaton min-
imization is proposed in [14]. Furthermore, these represen-
tations provide tremendous leverage for approximation [19,
10, 16]. I will briefly review some of these developments in
the talk.

Similar ideas have been applied to POMDPs. Though
value functions for POMDPs map belief states to expected
value, rather than system states, Sondik [45] has shown that
these continuous functions are piecewise linear and convex:
as a result they can be represented using a finite collection
of state-based value functions. These state-based value func-
tions can be computed by dynamic programming. In [12], we
apply abstraction algorithms similar to those described above
to discover suitable decision-tree structure for the state-based
value functions that make up the POMDP, belief state-based,
value function. Hansen and Feng [24] extend these ideas to
more sophisticated POMDP algorithms and use an ADD rep-
resentation, providing some encouraging results.

POMDPs offer an additional complication: for the ap-
proaches described above, an agent must maintain a belief
state as the system evolves. After each action and observa-
tion of the system, this distribution over system states is up-
dated and the optimal action for the new belief state is de-
termined. This is, of course, a computationally intractable
process in general since the number of system states is it-
self unmanageable. Furthermore, the process is online rather
than offline, so computational intractability is a much more
pressing concern. DBN representations are designed for pre-
cisely this reason, exploiting independencies among vari-
ables in order to more compactly maintain distributions as

they evolve over time. Unfortunately, as shown convinc-
ingly by Boyen and Koller [13], exact belief state monitor-
ing is intractable even given very concise DBN representa-
tions. However, they have shown how partially-observable
processes can be monitored approximately. The choice of ap-
proximationmethod can be informed by the DBN representa-
tion of the system and error bounds on the difference between
the true and approximate belief state can be constructed quite
easily. In fact, we can view their approximation scheme as a
form of abstraction.

Though the Boyen and Koller scheme was not designed for
POMDPs, it can certainly be applied to POMDP belief state
monitoring. The method for generating error bounds is not
directly applicable unfortunately: it does not account for er-
ror in decision quality induced by error in belief state. Re-
cent work by McAllester and Singh [34] has related belief
state error to decision quality error in POMDPs. In the talk, I
briefly describe work done jointly with Pascal Poupart on us-
ing DBN representations to make construct such bounds and
to select an appropriate “abstraction” for the belief state mon-
itoring process.

4 Decomposition

Another important way in which DBN problem representa-
tions can be exploited computationally is through problem
decomposition. In many instances, MDPs have reward func-
tion devised of several additive, independent components (in
the sense of multi-attribute utility theory [31]). Often the
individual components of the reward function can be influ-
enced only by certain actions or certain system variables. For
each individual objective, we can often use the DBN rep-
resentation of an MDP to (often rather easily) construct a
smaller MDP comprised of only those variables relevant to
the achievement of that objective [7]. In other cases, the de-
composition may be given to us directly. These sub-MDPs
will be considerably smaller than the original MDP (expo-
nentially smaller in the number of irrelevant variables), and
can be solved using standard techniques to produce a policy
(and value function) that dictates how best to achieve that in-
dividual objective. Given the policies and value functions for
these sub-MDPs, the question remains: how does one pro-
duce a globally-optimal (or near-optimal) policy using the
component value functions for guidance?

The question of merging policies has been addressed in [7,
36, 44]. Essentially, the component value functions can be
used as heuristics to guide the search for a global policy.

A related viewpoint is adopted in [32], where an additive
structure is imposed on a value function. Given a set of ba-
sis functions (generally defined over some subset of the sys-
tem variables), value determination for a given policy can be
constrained to have the form of a weighted sum of the basis
functions. The factored nature of the state space can be thus
exploited in constructing basis functions. It seems clear that
DBN representations of MDPs could be used to construct rea-
sonable basis functions automatically, though this idea hasn’t
been pursued.



5 The Future
The use of structured representation to bring about the ef-
fective solution of both FOMDPs and POMDPs shows great
promise. With FOMDPs, very large problems involving up
to one billion states have been solved exactly using struc-
tured representations and solution techniques such as those
described above. While POMDPs have proven to be more
difficult to handle efficiently, structured approaches are be-
ginning to offer some encouragement. There is of course
much that remains to be done.

An important set of tasks involves the integration of struc-
tured representations and solution methods with other meth-
ods for solving MDPs. For example, while sampling has
proven to be an effective means of belief state monitoring
[28] and shows hope for solving POMDPs [46], DBN repre-
sentations of dynamics and structured representation of value
functions can be used to make sampling far more effective
by focusing attention on (or diverting attention from) those
areas of state space where variance in estimates can have a
greater (or lesser) impact on decision quality. Many of these
techniques (e.g., decomposition and abstraction) can be inte-
grated with one another rather easily, since they tend to focus
on complementary forms of structure.

Many other types of MDP structure can be captured or dis-
covered more easily using AI-style problem representations
as well. Reachability analysis can be made much more ef-
fective using DBN problem representations [8], and can aid
in the solution of MDPs (much like the reachability analysis
implemented by GraphPlan [5] accelerates goal regression).
Large action spaces can sometimes be represented compactly
using such representations [15], as well.

One of the most glaring deficiencies of these representa-
tions is the inabilityto deal with relational concepts and quan-
tification, things taken for granted in classical AI knowledge
representation. This isn’t to say that logical representations
of probabilistic concepts are unknown. Poole’s independent
choice logic [40] (to take one example) offers a means of rep-
resenting stochastic action using relations and variables. Ex-
tensions of Bayesian networks offer similar possibilities [22].
An extension of the abstraction and decomposition ideas dis-
cussed in the talk to first-order representations of MDPs will
provide a major step toward making MDPs a standard, practi-
cal tool for AI applications. Similarly, the extension of these
ideas to continuous or hybrid domains will expand the range
of practical applicability of MDPs considerably.

The activity at the MDP crossroads, where AI and OR
meet yet again, is increasing. AI style representational meth-
ods and computational techniques are leading the way in
taking FOMDPs and POMDPs from being simply a nice,
conceptual, mathematical model of sequential decision mak-
ing to becoming a practical technology for stochastic deci-
sion problems. This is indeed fortunate since the conceptual
model is the right one for so many problems within AI, and
outside.
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