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Abstract problems efficiently, MDPs are represented in factored form
using Algebraic decision diagrams.Since the cost of oper-
As planning agents grow more sophisticated, plap- ations on ADDs is proportional to their size, MDPs with

resentatiorissues arise. Planners work over increasingly large state spaces can be solved efficiently if encoded using
large and difficult problems and output is often complex or relatively compact diagrams. We investigate simple trans-
unwieldy. Further, where planners must interact with hu- formations that effectively reduce the size of output poli-
man users—either for plan verification and analysis, or in cies in this context, and convert them into compact graphi-
mixed-initiativesettings—plans must be represented so that cal plans, better-suited for such purposes as plan analysis.
the intended course of action is readily available. We pro-  We solve MDPs using Symbolic-LAQSLAO*), which
pose automated techniques for simplification of, and con-combines the use of ADDs with reachability analysis and
version between, plan representations. heuristic search to limit value-updates to only those states
strictly necessary for calculating the optimal policy [3].
SLAO* produces an MDP policy in the form of an ADD
) mapping sets of states to actions. Leaf-nodes of this ADD
1. Introduction are labelled with actionga,,, ao, ..., a,}. These actions
comprise an optimal policy, with the exception®gf, a spe-
Planning research tries to discover and describe correctjg| place-holder; since some values of the variables nec-
or optimal courses of action, tending to neglect other as-essary to compute the policy are never actually visited by
pects of resulting plans, such as compactness, storage- ohe policy, these states are safely assigned an “unknown”
transmission-cost, comprehensibility, or the ability to verify action, without concern for sacrificing optimality. Figure 1
the plan or to recover from failure. As planning algorithms shows an example for a relatively simple instance of a sim-
improve in their ability to solve large, realistic problems, so jlated Mars rover problem with!? states, given by vari-
grow the complexity and size of the resulting plans. Many aples for current time, rover position, and action duration.
existing techniques produce plans that are optimal, but rankwe write ADDs as binary trees with outputs at the leaves,
poorly in terms of other qualities. For many purposes, how- ysing a solid edges for true values, and a dashed edge where
ever, plan representation is of the essence. NASAs Marsfa|se. Here, for instance, we “collect” in any state corre-
rover project is an example. Existing rovers have limited sponding to the left-most path in the ADD. On the other
memory and processing power, and constrained bandwidthand, as shown by the right-most path, the optimal policy
for remote communication. Combined with the need for in- never leads to any state in which andd5 are both true,
depth checking of plans prior to execution, this requires that and all such states are assigned the “unknown” action.
plans for rover operation be represented simply and com- \yhile the ADD version of this policy is reasonably com-
pactly [1]. Similarly,mixed-initiativeplanning [2], in which  pact, solutions for problem-domains with a larger number
planners work in concert with human beings, requires that of variables and many possible actions will generally be far
interim plans be represented so that they are comprehensimore complicated, featuring many hundreds of nodes and
ble to these users. In such contexts, optimal probabilisticcompncated paths. Indeed, SLAQIike most algorithms,
planning methods have been considered infeasible, due tqs yitimately indifferent to the representational features of

the tendency for their output to be large and unwieldy. its output, beyond those necessary to represent the solution
correctly. Furthermore, even this simple policy tells us noth-
2. Generating Plan Representations ing about such things as tleeder in which the rover will

perform its actions. Policies of this sort are therefore of lim-
Our work focusses on conversion between optimal MDP ited usefulness for straightforward plan analysis and verifi-
solutions and graph-based contingency plans. To solve largecation; human users are provided with little information that
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Figure 2. Pruned policy from Figure 1.

might allow them, for instance, to identify errors in the ini-
tial specification of the planning domain.

3. Converting Plan Representations

As explained, SLAO assigns unreachable states a null
“unknown” action. The resulting plan is still optimal, pre-
cisely because such states are unreachable. In fact, optima
ity is preservecho matter whichactions are assigned such
states. We thus implement a simple recursive pruning al-
gorithm, which preserves optimality, while trimming “un-
known” branches by assigning them to one of the other gen-
uinely available actions. Figure 2 shows the result of ap-
plying it to the ADD from Figure 1. Unreachable value-
combinations have dropped out; it is straightforward to ver-
ify that old and new policies dictate the same action for

any reachable state. Computing a minimal decision diagram[z]

without “unknown” actions is NP-complete [4]. Thus our
one-pass pruning method can only be heuristic; however,
experimental results show it to be effective in reducing out-
put policy size by30-90% over a range of cases.

While the pruning method just given reduces the size
of the policy output by our MDP solver, it does nothing
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Figure 3. Plan created from policy of Figure 2.
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for converting such policies into usefgtaph-based con-
tingency plansEach such plan consists of a directed graph
(V, E) with starting vertexvy. Each vertexo € V' is la-
belled with anaction Edgese € E are labelled with aet

of states(here in the form a characteristic function, com-
puted by an ADD). To follow such a plan, one starts in ver-
tex vy, takes associated actiap, and observes statéthat
results; one then follows the edge labelled with the set con-
tainings’, and repeats the process. Such plans are generated
using a combination of set-theoretic and reachability oper-
ators, all readily available in efficient form for ADDs.

Figure 3 shows the result of applying this method to the
policy considered in Figure 2. Evidently, the plan of action
is a sequence of leftward movements, followed by a period
of sample collection before time expires. So, even this sim-
ple example reveals an important difference between graph-
based contingency plans and the original MDP policies.
Since the original policy in Figure 1 does not carry with
it any explicit information about reachability, the actual be-
havior to be expected from the rover cannot be read off the
policy in the way that it is made visible by the correspond-
ing plan. Graph-based contingency plans can thus serve the
purposes of plan analysis and verification more directly.

We continue to investigate techniques and operators for
the manipulation of plan representations. After initial gen-
eration, such simple contingency plans can be re-structured
in accord with a variety of relevant measures of plan com-
plexity. In addition, our work opens up the possibility of al-
gorithms that make trade-offs between plan optimality and
representational clarity.
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