To appear in 2nd European Workshop on Planning, Dec 9-11th, 1993

Using Goals to Find Plans
with High Expected Utility

Jak Kirman, Ann Nicholson, Eugene Santos Jr.
Moises Lejter, Thomas Dean Department of Electrical and
Dept. of Computer Science Computer Engineering
Brown University, Air Force Institute of Technology
Box 1910, Providence, Wright-Patterson AFB,
RI 02912 OH 45433-7765
Abstract. We describe a method for planning to achieve goals under un-

certainty that makes use of decision-theoretic methods to guide search. Given
a probabilistic model of the world and a utility measure on world states, we
wish to find plans (sequences of actions) with high expected utility. Finding a
plan maximizing the expected utility is combinatorial in nature. In previous
research, we coped with the combinatorics by making simplifying assumptions
that sometimes led to a poor choice of plan. In this paper, we reduce the com-
binatorics by restricting attention to plans that are likely to achieve specific
goals; we then use a successive approximation algorithm to select from these
plans one with high utility. We obtain the restricted set of plans using a proce-
dure that can, given a goal, generate candidate plans one at a time as needed;
these plans are produced in decreasing order of probability of achieving their
goal. This procedure is also used to obtain iteratively refined bounds on the
expected utility of the candidate plans; these bounds are used in choosing a
plan to be executed, hence our method produces better plans the more time it
is given. We apply this method to a robotics problem addressed in our previous
research and show that the goal-directed search produces better plans.

1. Introduction

Our research has focused on the problems involved in planning in uncertain domains.
We view planning in terms of enumerating a set of possible sequences of actions, or
plans, evaluating the outcomes of those plans to determine their expected utilities, and
selecting the plan with the highest expected utility. We use Bayesian decision theory [14]
as a basis for planning under uncertainty. We model the world with temporal Bayesian
networks, a compact and well-understood formalism which allows us to reason about
the effects of actions over time [4, 12].

We describe a method for goal-directed search in planning within such a decision-
theoretic framework. Given a probabilistic model of the world and a utility measure on
world states, the aim is to choose a plan with high expected utility. We guide search



by considering plans that are likely to lead to outcomes satistying particular goals.
However, the final selection of a plan is made on the basis of the expected utility of
plans, rather than simply choosing the plan with the highest probability of achieving a
goal, because such a plan could also lead to undesirable outcomes with some probability,
thus resulting in a low expected utility.

Finding the plan with the maximum expected utility is combinatorial in nature, since
we must consider all possible plans; therefore an exact solution is impractical. In our
previous research [13, 1], the complexity problem was handled by making simplifying
assumptions about the world; these assumptions made it feasible to consider all possible
plans but sometimes led to a poor choice of plan.

In this paper, we instead direct the search through the space of plans by first re-
stricting attention to plans that are most likely to lead to the outcome with the highest
utility. If all these plans have low probability of reaching this best outcome, we consider
outcomes with progressively lower utility.

In order to generate these plans we use a procedure that, given an outcome (a
future world state) provides the most likely plan and intermediate world states that
lead to this future state, together with the probability of this combination. (We use
the term scenario for a plan and an outcome, together with intermediate world states;
we define a scenario formally in Section 3.1.) Upon demand, the procedure iteratively
provides scenarios matching this outcome in decreasing order of probability. The actual
procedure we use is an application of an algorithm for Bayesian belief revision based
on linear constraint satisfaction [15, 16]. This procedure can be used either to generate
explanations, as above, or predictively, by taking a plan and producing the most likely
scenario (including an outcome) and its probability. Again, when used predictively, the
procedure generates a sequence of these scenario/probability pairs in order of decreasing
probability. With such a sequence, we can iteratively refine the bounds on the expected
utility of the candidate plans. Thus we further reduce the complexity of choosing a plan
by avoiding the exact computation of the expected utility of any plan; furthermore this
process of iterative refinement of bounds on the expected utilities allows us to choose a
plan at any point during computation at which circumstances demand a response from
the system.

We apply these techniques to the robot tracking example used in our previous re-
search and show that the goal-directed search produces better plans. The domain of
mobile robotics is particularly appropriate for planning research as it requires consid-
erable complexity in terms of temporal and spatial representation, and involves time
pressure and uncertainty in sensing and action.

2. Background

A Bayesian network is a directed acyclic graph, where vertices correspond to random
variables, often referred to as chance nodes. The relationship between any set of state
variables can be specified by a joint probability distribution. The arcs in the network
define the causal and informational dependencies between the random variables. In the
model described in this paper, chance nodes are discrete-valued variables that encode
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Figure 1: Global map of the environment supplied to the robot.

states of knowledge about the world. There is a probability distribution for each chance
node: if the node has no predecessors then this is its marginal probability distribution;
otherwise, it is a conditional probability distribution dependent on the states of its
immediate predecessors. Evidence can be specified about the state of any node in the
network; this evidence is propagated through the network affecting the overall joint
distribution, and producing posterior probability distributions for each node. In this
paper we use a specialization of Bayesian networks, a model called temporal belief
networks [4].

We apply our method to the same domain used in our previous work, that of Mobile
Target Localization (MTL), with a mobile robot navigating and tracking a moving
target in a cluttered environment. The robot’s task is to detect and track moving
objects, reporting their location in the coordinate system of a global map (see Figure 1).
The robot is provided with sonar and visual sensory capabilities, and supplied with a
global map. The robot must balance the often competing aims of tracking and position
estimation, in order not to become lost.

Our decision model for the MTL problem is represented in a network model as
follows. The world is tessellated into a set of regions £, based on the sensor capabilities,
representing the possible locations of both the robot and its target. Let Ly and Lz be
variables representing the possible locations of the robot and the target respectively.
Let Ag be a variable representing the action taken by the robot. At any given point in
time, the robot can make certain observations regarding its position with respect to the
global map, and the target’s position with respect to the robot, represented by Og and
Or respectively. Our temporal network model uses a discrete time representation, with
a chance node for each variable at each time point. Figure 2 shows the temporal belief
network for the MTL model over 4 time slices. (See [13] for a more detailed description
of the original MTL model.) We have modified the model slightly to prevent the
robot from attempting actions that are physically impossible (such as moving forward
when facing a wall); these constraints are represented by the arc from Lg to Ar. A
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Figure 2: Probabilistic model for the MTL problem

further addition to the original model is the variable Dist, which represents the distance
between the robot and the target, and allows us to use proximity to the target as a
desirable outcome. The lighter shaded Ogr and O7 nodes correspond to observation
evidence. In the algorithm we describe in this paper, the medium shaded nodes will be
instantiated to desirable outcomes, in order to generate the restricted set of candidate
plans. The darkest shaded Ag action nodes will be instantiated by our algorithm in
the process of refining the bounds of the expected utility of a plan.

The method presented in this paper for guiding the search for a plan with high
expected utility relies on a procedure developed by Santos [15, 16] to perform belief re-
vision in Bayesian networks, based on linear constraint satisfaction. A system of linear
constraints is generated automatically to represent a given Bayesian network. A cost
function is defined such that minimizing this function corresponds to finding the most
probable assignment to the variables in the original network. Techniques from opera-
tions research such as linear programming can be used to perform this minimization.

3. The Approach
3.1. Notation

Let V be a random variable and let Qv be the finite set of possible values for V' (called
the domain of V). Given a finite collection of random variables Yy = {V;,Va,..., V,,},
we define the assignment space of VY as

Qy = (Qv U{LY) x (v, U{L}) > x (Qv, U{L]) (1)
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where L is distinct from the Qy,s and denotes “not assigned” or “don’t care”. Each ele-
ment w in )y, is called an assignment on ). We can represent w as a vector [vq, vg, ..., v,]
corresponding to the cross-product where v; € Qy, U {L}.

A complete assignment space for ) is a subset of (1, defined as

Q; = Qvl X QV2 X X QVn- (2)

Hence, assignments w in €O, are called complete assignments (also called scenarios)
since all random variables are given a value. We denote complete assignments for ) by
wy, or simply w® when the random variable set is understood.

Given our notion of complete assignments, we consider any assignments found in €,

to be partial assignments. They are denoted by w}, or w”.

!

'] for Y, we say that w® agrees

Given assignments w® = [vq,...,v,] and w? = [v],...,v
with P if for all e = 1,...,n, either v; = v} or v} = L. We also call w® an extension of

WP,

A temporal network TN is a 4-tuple (V,p, @, U) where

e ) is a collection of random variables.
e p is a probability function on (27,.
e (D is a subset of Y called the outcome variables.

o U is a utility function from €f, to ®. Since only the outcomes are used in deter-
mining utility, we define the utility of a scenario to be the utility of the values of
its outcome nodes. Hence, we can extend our function to U(wy,) = U(wg,) where
wy, agrees with wg, by simply extending wg, to a partial assignment for ). The
maximum and minimum utility bounds are given by

Upin = min U(0), U,ee = max U(o)
0€NS 0€NS

o o

The scenario set for a partial assignment w? € ,,, denoted S),(w?), is the set of all
complete assignments in )5, that agree with w?:

Sy(w?) = {w” € O} |w agrees with W}

In essence, we are simply extending the partial assignment to all possible complete
assignments by replacing the ls. Furthermore, the probability of a partial assignment
is simply the sum of the probabilities of the scenarios in its scenario set:

p) = >  p)
weESy (wP)

Let A be a set of random variables from ) called the action variables. A complete
assignment to A, denoted 7 = w9, is called a plan. Given action variables A, we define
the expected utility EU on a plan 7 to be the mapping from Q¢ to  where

EUM = Y U)pn)= 3 U@w)Re)

wCESV(ﬂ') WCGSV(ﬂ') p(ﬂ—)



The scenario sequence, SSEQy,(w?), for a partial assignment w? on Y is a sequence of
ordered pairs, each pair consisting of a scenario and its probability, and the sequence is
ordered by the probabilities. Formally,

SsEQy(w”) = {(w, p(w’n)) Fnms
is a sequence where N = |Sy(w?)|, w®, € Sy(w?), and p(w®,) > p(wt1) for n =
1,....N—1.

(From this point on, our choice of Y is fixed and information involving scenario sets
and sequences are solely based on ). Hence, we will drop the subscripts to S and

SSEQ.)
3.2. Method

Given A, our goal is to choose a sequence of actions, or plan, 7* € Q¢ with high
expected utility. Computing the expected utility of action sets is combinatorial in
nature; therefore a correct solution is impractical. Our approach reduces the complexity
of the decision procedure in two ways. First, we consider only a limited number of
plans, P C Q. Second, for each plan under consideration, instead of computing its
exact expected utility, we compute bounds on the expected utility of that plan.

We begin by considering the outcome 0., in f, with the highest utility, i.e.
U(omaz) = Umaz. We then start generating the plans from the scenario sequence
SSEQ(0maz) (Where each scenario includes a plan). Depending on the bounds computa-
tion, which we describe next, we may later include plans for outcomes with successively

lower utilities.

Once we have a set of candidate plans, P, we iteratively refine the upper and lower
bounds on the expected utility of every plan = € P. Initially, we have no information
about the expected utilities, so the bounds are simply the maximum and minimum
utilities:

-0 _ ) p(w?)
EUnmin’(7) = > Umin e

weeS(m) (l )

EUma:co(ﬂ') = Z Umax p(w ) = Umax

Consider the set of all scenario probability pairs in the scenario sequences for the plans
being considered, P:
Sseq = [ ) SsEQ(w)
TEP
We generate pairs (w° p(w®)) from Sseq and use them to update the boundaries as
described by equations (3) and (4):

EU,. (1) EU,n'(7) + %((u::)) [U(w®) — U] if w® agrees with x )
min T)= )
EUi0' (%) otherwise

BU,.. () EUju' () 4 %((f:)) [U(w®) = Upaz] if w® agrees with = )
mazx T)= .
EU, ' (7) otherwise




Note that every scenario generated from Sseq affects exactly one expected value interval
since

Vi1, g € P, 71 # 72 = SSEQ(71) N SSEQ(ws) = ()

Also note that the scenario and probability pairs generated for each plan in the first
stage, allows us to refine the corresponding plan’s expected utility bounds as described
above.

It is easy to show that EUmmi(ﬂ') > EUmmi(ﬂ') and furthermore that, in the limit,
the expected utility bounds for each plan converge to its actual expected utility.

lim EU e (7) = lim EUpi’(7) = 30 ()2~ gun)
i—N 1 —N wceS(qr) p(ﬂ')

When we are required to choose a plan, there are several possible strategies. We select
the plan whose expected utility interval has the highest midpoint, which is optimal if
the actual expected utilities of the plans are equally likely to fall anywhere within the
interval. If avoiding bad outcomes is an important concern, a better strategy is to
choose the plan with the maximum EU,,;,, i.e. the greatest lower bound.

3.3. Guiding the Search

We described above an incremental algorithm to select a plan with highest expected
utility. In the limit, that is, if we use that algorithm to consider all possible plans and
all possible outcomes for each plan, we will obtain a correct selection. However, such
a strategy would be impractical, due to the combinatorics involved. The description
above suggests a strategy that would alleviate this problem: constraining the search
only to plans likely to lead to desirable outcomes. In this section we describe a more
powerful strategy to guide that search, by additionally providing a mechanism that
allows us to choose when to consider new plans, and which plans to concentrate our
efforts on, in terms of refining its expected utility bounds.

In the algorithm described above, at any given time we have two possibilities. The
first is to refine the bounds on a plan 7 in P, by producing the next scenario probability
pair for 7, (W41, p(wnt1)), where w41 agrees with w. The second is to add another
candidate plan to P, by producing the next most probable scenario for some desirable
outcome. We present a heuristic procedure for making this choice, using a metric
on the state of the decision process which intuitively corresponds to the amount of
discrimination between the expected utility intervals for the plans. At each stage in
our algorithm, we estimate the value of the metric after each of the possible next steps
(refine a plan m; € P, or generate a new candidate), and choose the step with the
highest estimate.

At any given time ¢, the procedure has a set IS; of intervals bounding the utility of
the plans in the candidate set,

IS; = {[EUmmi(ﬂ'), EUmaxi(ﬂ')] | m € P}

Let CP(IS;) be the plan we choose given IS;. If our selection criterion is the plan whose
expected utility interval has the highest midpoint, then

EULin(CP(IS;)) + EU,uz(CP(IS;)) > EUpin(7) + EUpas(7)
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for all = € P.
We define the function M on IS; to be the difference between the expected utility of
the plan we choose and the highest expected utility of the candidate plans.

M(IS;) = BU(CP(IS;)) — max EU(r)

M is a measure of the usefulness of the set of intervals in making a choice of plan. Since
the values of EU(7) are not known, we cannot compute M directly. However, we can
estimate it by assuming that the true expected utility for each plan 7 is equally likely
to take any value in the interval [EU,.;,(7), EUus(7)]. For P = {7,..., 7.}, suppose
7 is the plan chosen by our criterion CP(IS;). Our measure estimate M(ISi) is given

by:

EUmam(ﬂ'l) EUmaI(ﬂ'Q) EUmaz(ﬂ'n)
/ / / (e; — max(eq,...,e,))de, . ..deq

M(IS) — EUan(ﬂ'l) EUmzn(ﬂé) EUmtn(ﬂ'n)
1 (EUnas(7t) = EUpin (7))
k=1

For each of the plans = in P, we estimate the M(IS,;1) corresponding to refining
the set of bounds for #. Equations (3) and (4) describe how to compute this estimated
value; to use them, we must obtain estimates on the probability and utility of the
next scenario that would be generated for each plan 7. We use order statistics on the
decreasing sequence of scenario probabilities previously generated for = to obtain an
estimate for the probability of its next scenario, p(w®, + 1). We use the mean of the
utility of scenarios previously generated for = to obtain an estimate U(wcn + 1) for
the utility of this next scenario. Once we obtain these, computing estimated refined

41

interval bounds EU,,;, (7) and EAUmaIZH(ﬂ') for plan 7 is straightforward. The same

technique is used to compute M(ISZ'_H) corresponding to adding a new plan to P.

3.4. Performance Considerations

The dominant performance consideration involves the scenario generation procedure.
This procedure is based on a linear constraint satisfaction approach using integer linear
programming techniques. It is well known that its core of linear programming can be
solved in roughly quadratic time with respect to the number of constraints and variables
involved. The size of the constraint systems generated for Bayesian networks by the
algorithm we rely on is linear with respect to the size of the network’s conditional
tables. In addition, the sparseness of those tables can contribute a great deal to further
reduce the size of the constraint system. Techniques such as the Simplex method
and Karmarkar’s projective scaling algorithm are designed to solve linear programming
problems which contain tens of thousands of variables and constraints. Our class of
problems generate constraint systems well within the capabilities of these techniques.
In addition, there are many other possible optimizations based on the knowledge of
the domain, such as the rigid effects from clamping any single random variable, which
reduce the size of the resulting constraint systems.
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Figure 3: Intervals after first set of scenarios
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Figure 4: Intervals after further refinement

4. Results for the MTL Model

Our experimental results are given for the MTL problem over 3 times slices, with out-
come nodes, @ = {Dist, Or(T3)}. The utility function is proportional to the negation
of the distance to the target, slightly modified by the observations at the last time step,
i.e. “better” observations are preferred.

Experimental results for the interval refinement are shown in Figures 3, 4, and 5.
The initial position of the robot is known (in the corner, location AT, facing west),
and the target is likely to be directly in front of the robot in the corridor (location
AL), with a tendency to be stationary. All three figures show the expected utility
intervals for the set of 7 candidate plans. The utility is shown on the Y-axis, mapped
onto the interval 0 to 1. Each of the candidate plans consists of two actions, Ar(7p)
and Ag(Ty), where Ar(T;) € {Go, About, Left, Right, Stay}; the candidate plans
are shown as actionl-action2, below the X-axis. Figure 3 shows the expected utility
intervals after considering the first 20 scenarios for each candidate plan, Figure 4 after
100 scenarios for each, and Figure 5 shows the actual expected utility. (The total
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Figure 5: Actual expected utilities

number of scenarios across all candidate plans for each figure is shown in the bottom
left corner.)

For the MTL problem, a good plan is clearly one which would put the robot in the
same region as the target. The plans with high expected utilities which would be chosen
by our system for the situation described above all display this feature. In particular,
the top 2 candidate plans begin with first action Go, which would have the effect of
moving the robot to location AL. In contrast, when we applied our earlier techniques to
this example, the simplifying assumptions made about the world resulted in the robot
displaying a distinct disinclination to move until the target was further away.

In this example, the rate of interval refinement is similar because we use the same
number of scenarios for each and also because they have similar probabilities and utili-
ties. (The latter is largely a function of the domain.) When we apply the heuristics for
selectively refining the intervals described in this section, the rates of refinement vary
significantly, concentrating on achieving greater discrimination among intervals sooner.

5. Related Work

In earlier work [13] we used essentially the same model. The decision process then was
correct in the sense that we examined all possible plans, and for each plan, examined
all possible outcomes of the plan. For each outcome, we estimated the probability of
the outcome, and used this value to weight the utility of the outcome. Summing over
outcomes provided us with a measure of the expected utility of the plan. We made
several approximations to make the computations feasible in a reasonable amount of
time. First, the model of the world was simplified to reduce the number of states each
variable could take. Second, we approximated the probability of an outcome given a
plan by assuming that future observations were independent of each other. Third, when
determining the probability of the outcomes from a plan, we discounted the intermediate
observations. Finally, instead of computing a complete policy (which would allow the
system to condition subsequent actions on intermediate observations) we computed the
expected utility of the plans assuming that they would be executed unconditionally.
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Although these approximations were sufficiently accurate to produce reasonable results
in many cases, we found the system would sometimes select poor plans.

In the method described in this paper, we use the same approach to simplifying the
model of the world, but we no longer make the independence assumptions described
above, since at each step in the algorithm we are considering a complete assignment,
along with its true probability. Thus the bounds on the expected utility of the action
sequences are correct with respect to the world model and the utility measure. Note,
however, that the heuristics we describe here to choose a plan from several whose ex-
pected utility intervals overlap do not allow us to make assertions about the correctness
of the choice, though we can provide lower bounds on the expected utility of the chosen
action. Finally, we no longer consider actions as if they were to be executed without
consideration of intermediate observations; we now encode information in our model
of the world to represent the fact that the choice of action can depend on the current
observations. This is still not as powerful as a complete policy, which would allow us
to condition actions on the predictions made by the decision model, but provides a
substantial improvement over previous models.

Satisficing approaches [19] and goal-directed search methods provide alternatives
to the notion of maximizing utility dominant in decision theory. However, actually
defining what constitutes a goal or a a satisficing solution to a given planning problem
requires taking into account an agent’s preferences over outcomes [6]. Of late there
have appeared a number of proposals for reconciling goal-directed and utility-directed
decision making strategies [5, 9, 20]. This paper provides a particular method for using
goals to direct search while at the same time using expected utility to select among
plans that have been determined to achieve goals with some probability.

At each point in execution, our method chooses a plan, executes the first step in
that plan, throws away the plan, and then starts all over again. This is in contrast with
methods that compute a policy [18] or a highly conditional plan [11, 17] that need only
be computed once and will serve for any situation in which the agent finds itself. We are
primarily concerned with choosing a good plan under time pressure [3]. Our method
is similar in its motivation to that of Drummond and Bressina [8] in that it addresses
the issues of uncertainty and time-criticality in planning. It is different from that work
in that it adopts a more precise model for prediction in the form of Markov and semi-
Markov processes [7, 12] and in that it recomputes a new plan at each step. Our use
of intervals to cope with time-criticality in uncertain reasoning is in keeping with the
work of Horvitz et al. [10] on bounding probabilities in updating Bayesian networks and
Breese and Fertig [2] on propagating intervals in evaluating influence diagrams. Our
use of intervals to bound expected utility estimates is purely a concession to complexity.

6. Conclusion

Decision-theoretical models provide a convenient and well-understood framework for
modeling the world and representing the effects of actions over time. However a major
problem with this approach is the combinatorial nature of finding the plan with the
maximum expected utility, which manifests itself in two ways: (1) considering all possi-
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ble plans; and (2) computing the exact expected utility for each plan. In this paper we
have presented a method for finding plans with high expected utility, which addresses
both these aspects, by using goal-directed search to consider only plans with desirable
outcomes and by iteratively refining bounds on the expected utility of those plans. We
have successfully applied this method to a problem in the robotics domain previously
explored using other techniques.
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