Inductive Policy Selection for First-Order MDPs

1

SungWook Yoon, Alan Fern,andRobert Givan
School of Electrical and Computer Engineering, Purdue University
West Lafayette, IN 47907

Abstract

We select policies for large Markov Decision
Processes (MDPs) with compact first-order rep-
resentations. We find policies that generalize
well as the number of objects in the domain
grows, potentially without bound. Existing dy-
namic-programming approaches based on flat,
propositional, or first-order representations either
are impractical here or do not naturally scale as
the number of objects grows without bound. We
implement and evaluate an alternative approach
that induces first-order policies using training
data constructed by solving small problem in-
stances using PGraphplan. Our policies are rep-
resented as ensembles of decision lists, using a
taxonomic concept language. This approach ex-
tends the work of Martin and Geffner (2000) to
stochastic domains, ensemble learning, and a
wider variety of problems. Empirically, we find
"good" policies for several stochastic first-order
MDPs that are beyond the scope of previous ap-
proaches.

Introduction

Recent MDP work uses a relationally factored value-
function to carry out traditional dynamic programming
methods (Boutilier et al., 2001). This technique power-
fully exploits relational structure, but has two serious
shortcomings addressed here. First, value-iteration ap-
proaches converge only after at least a number of itera-
tions equal to the problem “solution length”, as states
have their value affected by rewards only at horizons suf-
ficient to reach the rewards; however, the solution length
can grow with the number of domain objects. Second, the
size of the value-function representation can grow expo-
nentially with the number of iterations as the state space
may have exponentially many regions of different value.

Here, we examine planning problems that exhibit these
phenomena when a value-iteration approach is applied.
Our approach does not compute a value function in large
domains, but instead attempts to generalize good policies
for domains with few objects to get a useful policy for
domains with many objects. For example, patterns in the
optimal solutions to five block blocks-world problems can
be exploited in 50 block problems.

Policy construction by generalization from small prob-
lems was was recently studied for deterministic problems
by Kardon (1999) and Martin & Geffner (2000). Here, we
extend that work to stochastic problems, widen the variety
of domains considered, and consider a different taxo-
nomic concept language for induced policies (i.e., a dif-

Many Al planning domains are naturally described Inéerent language bias). We also add a heuristic concept

terms of objects and relations among objects—e.g., thselection techniqgue and an ensemble learning method

blocks-world and logistics domains contain blocks, cars,(ba ing) and show substantial benefits from these exten-
trucks, and packages. Typically, such domains are com* 99ing

pactly represented with first-order object quantification—s'ons'
e.g., “picking up any object results in holding that object.” Our goals preclude guaranteeing an optimal or near-

Markov Decision Processes (MDPs) are a useful()ptimal policy—in many (even toy) planning domains,

representation for stochastic planning domains. Researgwd'ng such a policy is NP-hard, or harder, and yet we

on MDPs. however, has dealt little with the issue OfWould like to find useful policies in such domains.
exploiting relational structure. Most existing algorithms This work raises the interesting question of whether pol-
for selecting control policies operate on either flat (Bell-icy selection can be usefully improved by providing a
man, 1957; Howard, 1960; Puterman, 1994; Dean et al.;mostly optimal” policy—one that selects the optimal
1995) or propositionally factored (Boutilier et al., 2000;

Dean & Givan, 1997) representations. The size of a flat oF—————

propositional representation for a relational domain can ' As an example problem, consider a blocks-world domain where the
be extremely large and is potentially infinite, and proposi-90a! is to clear blocla, where blocks have colors that affect the opera-
tional algorithms are genera”y not polynomial in that tors. While there is a very simple optimal policy, there are exponentially

. . . . . . many uniform-value regions relative to horizon, and solution length
size—rendering the associated algorithms impractical.  grows with domain size.



action at a high fraction of states. Intuitively, generaliza-States. Each MDP is associated with a finite s8tof

tion from closely related, but solvable, problems, such agpredicate symbols that are interpreted as specifying prop-
problems constructed by reducing the number of domairerties of objects (single-arity predicates) and relations
objects, may often produce policies that make good deciamong objects (multi-arity predicates). Each state of an
sions in many states, but that make erroneous decisions MDP is a first-order model of the associated predicates.
a (possibly) small fraction of states. We know of no work That is, a state specifies a (finite) set of domain objects
addressing policy selection when informed by such adrawn from the natural numbérsand the truth value of
“mostly optimal” policy. Our bagging technique com- each predicate application to those domain objects. For
bines a set of (hopefully) “mostly optimal” policies to get convenience, we assume each domain object (number)
an “optimal” policy by voting, and is successful here. has a unique constant name and then represent states by

Another interesting problem raised by inductive policy listing the true ground facts. For example, the state

selection is selection of “small” problem instances where {{a,b}, {on(a,b), clear(b), on-table(a)})
the good policies are usefully related to good policies in. i . ,
large problems. While here we focus only on restrictingIS a blocks-world state with exactly two blocksandb in

the object domain size, construction of small instances bﬂiﬂ?ﬁ; ?éniswﬁoeﬁ?n:; g?\ EEEZ tgglﬁa?:zifeogfaéIgtgteen-The
abstraction is also of interest. Generating useful abStraCs'taté space is therefore countably infinite Contéinin
tions automatically, and learning from the results of ana'countabrIJy many states for each doymain siz'e Below i%
lyzing them, is a potential future direction. introducing goals, we give one restriction on theSet

We note that our approach can be used to construct Actions. Our MDP actions are represented using a

model-based, relational reinforcement learner. EXploraétrai htforward stochastic generalization of the commonl
tion can be used to learn a relational model of the domairt- &J 9 Y

(e.g., a probabilistic STRIPS model), and then off-line used deterministic STRIPS language (Fikes & Nilsson).

solutions of that model for small domains can generateSEarfr:]E clx\l/lsDFe) a{ihazfsgglr?rl\tgi Vgé?ﬁgdﬂg'rti? g%tl)\]; :r::t&'logtggee ach
training data suitable for our policy learner. Previous, Q- y ' P Y. !

value—based, relational learners such as Q-RRL (Dzerosl\fN"’ly of instantiating the action-type symbols with objects

| : <
et al., 2001) suffer from drawbacks like those of value- rfom the.ObJECt domain in _that state corresponds to an
: } MDP action. For example, in the state shown above, the
function—based approaches; these drawbacks are agalfl: ik (a) is an action of the single-arity type
avoided here. This is the approach taken in P-RRL (alsq ick-u P P 9 y P
(Dzeroski et al., 2001)), where small problems are solved’ P
with Q-learning to provide policy-training data. We PSTRIPS compactly defines all actions of action-tgpe
speculate that Q-learning is insufficiently practical evenvia an action schemd(a), using variables to abstract
for the small problems we use to generate training dataaway from objects. An action schema has three parts:

without significant reward shaping or other human aid. 1. prototypdT(a)), which is an action-type symbol of

. . arity n applied to action variables,, ..., X.
2 First-Order Markov Decision Processes 2. preconditior{T(a)), a conjunction of MDP predicates

In this work, we use a first-order stochastic planning lan-  applied to action variables froi, ..., X.

guage presented known as “first-order probabilistic3. outcomegl(a)), a probability distribution (giving
STRIPS” (referred to from now on as PSTRIPS) that is “occurrence probability”) over a set gfossible out-
the input language used by the stochastic planner comeseach giving an add-list and a delete-list, each
PGraphplan (Blum & Langford, 1999), and is similar in a set of MDP predicates applied to action variables.
expressive power and compactness to the situation- _ . . .
calculus—based language used by Boutilier et al. (2001)/ "€ behavior of an actioa(o,,...,0,) in a stateq contain-
Our policy selection method is not tied to PSTRIPS, andNd thea is defined by first instantiating eack with o; in
could easily use a more general language—rather, wé€ schemar(a)—this results in “ground” precondition
focus on this language because we use PGraphplan @'d @dd/delete lists. Actioa(o,,...,0)) can be taken i
generate training data from small problem instances. ouPnlY if the ground precondition is true o Each possible
policy selection method applies to any MDP representa®Utcome of the action has a “possible next state” associ-
tion with a planner able to solve “small problem in- ated with it, when taken in statp—this is the state equal

stances”. (PGraphplan is such a planner for PSTRIPSC G but with any facts in the ground add (delete)-list
however, it propositionalizes the input problem, scaling@dded (deleted). If the action can be taken in stptthe
poorly to large domains.) next-state distribution is given bgutcomegl(a)), with

each possible outcome replaced by its possible next state,
21  First-Order Probabilistic STRIPS and other MDP states assigned probability zero. Determi-

nistic STRIPS actions are just PSTRIPS actions with de-
In our variant, a PSTRIPS MDP is a tupleS&A, T,1>,

with each component described below.

2 Domains are finite subsets of number for simplicity, not necessity.



terministic outcomegT(a)) distributions. Space precludes domain we study.Our learning goal will be to find a pol-
an example, please see (Givan, 2002). icy that gives a low expected number of steps to a goal

Two factors often make it unnatural to capture a planningstate from initial states drawn from the distribution

domain in PSTRIPS. First, PSTRIPS makes a fundamené
tal assumption that the number of possible outcomes i§*
not large—an assumption also present in the language @&n MDP policy provides a mapping from states to ac-

Boutilier et al. (2001). Thus, defining actions like “shuf- tions—here, a mapping from first-order models to action

fle-cards” is clearly not feasible, requiring a possible out-types applied to domain objects from those models. Here,
come for each ordering of cards. Second, the possibleve focus on policy selection to minimize the expected

outcomes are specified without quantification. Defining number of actions to reach a goal state.

an action that knocks over a tower of arbitrary height IS A primary goal of this work is to provide a policy selec-

then difficult, since the most natural specification in- .. ) .
volves quantification. Despite these limitations, PSTRIPStlon method that scales well as the number of objects in

still allows for challenging MDPs to be defined making it an MDP grows. While it may be possible (or necessary)

adequate for our initial investigation, and has an availableto re-p!an for each. Q|ﬁerent domain size, we foc.us here
implemented planner for small problems (PGraphplan) on finding good policies that apply to states involving any
P P P PARIAN)- humber of objects. As a simple example consider a de-

Goal-Based Reward.In order to use PGraphplan, we terministic blocks world MDP where the goal is to clear
here consider only MDPs with goal-based reward strucoff a particular block. Clearly, a simple optimal policy
tures—i.e., a set of goal states is specified as a conjuna@pplies to states with any number of blocks: “for any clear
tion of MDP predicates applied to objects and the objec-block equal to or abova, pick it up and put it on the ta-
tive is to expect to reach a goal state as quickly as posshble”. Even in problems where finding the optimal policy
ble. However, we note that our policy selection techniquejs infeasible, there are sometimes (often?) “good” policies
in general, requires only a reward function language withthat generalize with the number of objects—e.g., there are
a planner that can solve “small problem instances”. Bewell known “good” policies for (NP-hard) general blocks-
low, we describe how to specify goal states in our MDPs. world planning (Selman, 1994).

2 Policy Selection

To facilitate generalization across different goals, we as-, . . - . -

sume that the se of predicates is divided into “world S  Learning Taxonomic Decision List Policies
predicates” and “goal predicates”, with the two types of3 1 Taxonomic Decision List Policies

predicates in one-to-one correspondence. The world ] )

predicates are used to represent the current “worldany useful rules for planning domains take the form
state”—in the blocks world, these might lm(-), on-  ‘@pply action typea to any object in clas€” (Martin & -
table(-), andclear(?). The goal predicates are used to rep-Geffner, 2000). For example, in the blocks world, “pick
resent the goals of the agent. We also restrict thelP any clear block that belongs on the table but is not on
PSTRIPS action definitions iff to only add or delete the table”. Using a concept language for describing object
world predicate facts. The systems of Khardon (1999) an&lasses, a class-based policy space has been shown to

Martin & Geffner (2000) also use world and goal predi- Provide a useful learning bias for the deterministic blocks
cates. world (Martin & Geffner, 2000). In particular, such poli-

_ ) . cies improve upon previous non-class-based blocks-world
Conventionally, we name goal predicates by prepending garning results (Khardon, 1999), without using the hand-
letter ‘g’ onto the corresponding world predicate—e.g.,engineered definitions that those results required.
the goal predicate correspondingdno(:,+) is gon(,-). The } o _ ] _
MDP goal states are those states where, for every trud/ith that motivation, we consider a policy space that is
goal predicate fact, the corresponding world fact is trueSimilar to the one used by Martin and Geffner. For his-

Thus,({a, b}, {on(a,b), clear(b), on-table(a), gclear(b)y  torical reasons, our concept language is based upon taxo-
is a goal state, but would not be so withaigar(b). nomic syntax (McAllester & Givan, 1993; McAllester,

) 1991), rather than on description logic.
Our MDP state space has more states than truly intended.

In the blocks world, there will be states where no blockis3 1.1 Taxonomic Syntax

on the table. Similarly, there will be states where the (un- ) ) N
achievable) goal is to have every block on blaciRather ~ Taxonomic syntax provides a language for writing class
than attempt to give a language for axiomatizing the in-€xpressions, built from an MDP’s predicate symbols, that
tended states and goals in the MDP, we instead assunftescribe sets of domain objects with properties of interest.
that we are provided a problem-instance distribution Quantifier-free “taxonomic” concepts often require quan-
over MDP states (which include the goal predicates) thatifiers to express in first-order logic. For simplicity, we
describes the policy-selection problem of interest. In thisonly consider predicates of arities one and two, which we
work, we will describe this distribution in English, and ——

implement it with a computer program that generates ini- ® This program must be able to condition the problem distribution on
tial state/goal combinations from the distribution for eachgirf:'em size, so that it can be used to generate problems of any given



call primitive classesandrelations respectively. Given a action forq, T{L](q) is the least action available oy oth-
set of such predicates (the setlefining the MDP states), erwise,{L](q) is the least action that suggests foq.
class expressions are given by:

C =Gy |athing |[-C|(RQ|Cn C 3.1.3 Policy-Space Restrictions

R:=R, |[R*|Rn R|R* For effecti_veness, we search 'ghrough a restricted version
" of the policy space just described. The use of class and
whereC is a class expressioR is a relation expression, relational intersection is tightly controlled. Below we in-
Cy is a primitive class, ani, is a primitive relation. Intui-  troduce “class-expression depth” to organize our search.
tively, the class expressioR(C) denotes the set of ob-
jects that are related through relati®to some object in
the setC. The expressionR* C) denotes the set of objects
that are related through som® ‘thain” to an object in
C—this constructor is important for representing often-
needed recursive concepts (e.g., the blocks abpve

First, we introduce an abbreviation that we will “not ex-
pand” when measuring depth, to derive a useful language
bias motivated by the classic Al planning principle of
means-ends analysis (Newell & Simon, 1972). This prin-
ciple suggests comparing the goal and current states, and
selecting an action that maximally reduces the difference.

Given an MDP state (i.e., a first-order interpretatian) Leveraging the idea of comparing the goal and current

. . . . /
with domainD, the interpretatiorC” of a class expression states, we encourage our learner to use the intersection of

C, relative toq, is a subset oD. A primitive classC; is . . X
interpreted as the set of objects for which predicate symf”1 world predicate and corresponding goal predicate by

bol C, is true ing. Likewise, a primitive relatiorR, is trealt(;ng SLé(;h |nte|:r;seqt|r?ns as :)rlmltlve plreQ|cates.dG|ven a
interpreted as the set of all object tuples for which the!’>" d'pre |ca|te d(_e|t er a class orPre "ﬁ.'or?) an fcorre—
relation Ry holds ing. The class-expressioa-thing is sponding goal predicaigP, we write cP (which we refer

. ' to as a tomparison predicatd’to abbreviatd® n gP. So,
interpreted to b&®. For compound expressions, the fact con(a,b) abbreviates(onngon)(a,b) and indi-

(-0%*={o0D|oOC%} cates that blocla is currently “correctly on”b. We con-
(ROY={o0D|b OCS <0, 0>0R'} sider a class expression to be “intersection-free” if the
(C.nC)? =C%n CYo only uses of intersectiqn occur inside compari_son predi'—
(R = (<010 | Dy, 0 0.0,50R) (11 Sae sbbrevitions, The vealment o conparcon pred
(RY? = {<o0, 0>| <0, 0> O R%Y :

(RiNnR)= RN RS We define the deptld(C) of each intersection-free class
. expressiorC. The depth ofa-thing, as well as any primi-

whereC, G, G, are class expressionR, R, R, are rela-  tive or comparison class expression, is taken to be zero.
tion expressions, antlis the identity relation. Some ex- The depthsi(~C) andd((R ©) are both one plud(C), for
amples of useful blocks-world concepts, given the primi-any intersection-free relation expressiéh So, clear,
tive classesclear, gclear, and holding, along with the  gclear, and cclear are all depth zero(con* con-table)
primitive relationson andgon, are: has depth one (the set of blocks in well constructed tow-
(gon* holding), the block we want under the held block. EFS), andgon (con* con-table))has depth two (blocks to

e added to a currently well constructed tower).
(on* (on gclear)) n clear, clear blocks currently above

blocks we want to make clear. To add intersection, define the s€f,, as the set of all
classes formed by at most intersections, from deptd
3.1.2 Decision List Policies intersection-free expressions. Excluding double negation

. . ) and relation expressions that use either * or inverse twice,
Like Martin and Geffner, we restrict to one argument ac-C,, is finite for a given finiteS. Our learning method uses
tion typesa;, and represent policies as decision lists: a heuristic beam search to find useful concepts within
C.:ag, Cyiay, ..., Coia, Caw Whered andw are parameters of the algorithm.

where theC; are class expressions, and an expressio3 2 A Greedy Learning Algorithm

Ci:& is called arule. Given an MDP statg, we say that a ; L )

rule R = G;:a suggestsin actiona;(o) for q if objectois ~ We use a Rivest-style decision-list learning approach
in G and satisfies the preconditions afin g—the set of ~ (Rivest, 1987)—an approach also taken by Khardon as
such actions is calleduggesR, g). A single rule may Well as Martin and Geffner. The primary difference be-

suggest no action, or many actions of one type. We say §veen our technique and theirs is the method for selecting
decision listsuggestan action for state] if a rule in the ~ Individual rules of the decision list. We use a greedy, heu-
list suggests that action fay, and every previous rule Mistic search, while previous work used an exhaustive
suggests no action. Again, a decision list may suggest n§numeration approach. This difference allows us to find
action or many actions of one type. Each decisionlist 'ules that are more complex at the potential cost of failing
for an MDP defines a policyqL] for that MDP—we as- 0 find some good, simple rules that enumeration might
sume an ordering on MDP actions, andLifsuggest no ~ diSCOVer.



A training instance is a pairg; o> whereq is a state and . dwb
a is the set of actions that are desiredgirWe say that a | -earn-Decision-List (Fo, d, w, b) .
decision listL coversa training instance = <q, o> if L //raining set ks, concept depth d, Width w, beam width b

suggests an action fay. We say that. correctly covers i L~ NULL F - Fo

if L coversi and the set of actions suggestedlbfpr g is while (F is not empty)

a subset ofn. Given a set of training instances, we will C:a — Learn-RuleF, d, w, B;

typically assume that the states of the instances all deriv F - F-{fOF|C:acoversf}

from the same MDP, and that the action sets contain only L — extend-decision-list(, C:a);  // end while
optimal actions for the corresponding states. Given thes Return: L /L is a taxonomic decision list that covers F

assumptions, if a decision listcorrectly covers a training
instance, them{L] selects an optimal action for the corre-
sponding state (under any ordering of the actions). Thig Learn-Rule (F, d, w, b) _ _
motivates searching foconsistentdecision-lists, those I raining set F, concept depth d, concept width w, beam width b
that correctly cover the training instances. The intent is to for each action typa [J A // compute Gfor each a

learn a decision list consistent with a sizable training-datg Bo — { a-thing};, i < 0; Ca— NULL;

set obtained by solving small-domain instances, and the
apply that decision list to previously unseen MDP stateg
with larger domains.

Table 1. Pseudo-code for Learn-Decision-List.

while ((for everyCO B;, not consistent®:a, F)) &&
(i=0 || HvaluedB.;,a,F) = HvaluesBa,F)))
N . N G=B0{CnC 0Cy|COB,COCu}
Learning Lists of Rules. Given a set of training instances Bi.1 — beam-selec, b, a, H);  // select b best H value
we search for a consistent or nearly consistent decisio

list via an iterative set-covering approach. Decision-list i+l //'end wihile
rulesC:a are constructed one at a time and in order until Ca — argmaxoe_; H(C:a,F); /'end for
the list covers (ideally, correctly covers) all of the training Return: C,:a', for a chosen to be argmax. H(Ca:a,F)

Table 1. ntial, the decision st fs the nul list and does | 120 2, Peeudo-are for Lean-Rule. Here, cons@ne) i
i v A . . . true iff rule Ris consistent for instancds HvaluesB, a, F) returns

not cover any training instances. During each iteration, We the set of heuristic values of membersBfvhen used in rules fo

search for a “high-quality” ruleC:a, with quality meas- actiona on instances it ; and beam-seled, b, a, h) selects thé

ured relative to the set of currently uncovered training| best concepts i with different Hvalues (see footnote S)H() is

instances. The selected rule is appended to the curreq € neuristic function described in Section 3.2.

decision-list, and training instances covered by the new

decision list, i.e., the ones newly covered by the new rulebe totally ordered lexicographically, breaking ties in con-

are removed from the training data set. This process resistency using the coverage value.

peats until the list covers all of the training instantes. Tpje 2 gives pseudo-code for the rule-learning algorithm.
The success of this approach depends heavily on the fungyst for each action typa appearing in the training data,
tion Learn-Rule which selects a “good” rule relative 10 5 heam search described below is used to select a class
the uncovered training data—typically, a good rule is ON€gypressionC, in Cqy With high heuristic value. We then

that is consistent or nearly consistent with the traininggg|ect the rule. : a with the highest heuristic value.
data, and also covers a significant number of instances. 2

. L . . To find C,, givena, we generate a beaBy, B, etc., of
Learning Individual Rules. The input to the leamer is & gets of class expressions fraGa,, repeatedly specializ-
set of training instances, along with depth and width Pa1ing expressions by intersecting them with other depth-

rametersd and w, and a beam widtib controlling the (555 expressions. The search begins with only the most
beam search described below. Currently, we focus O@eneral concept, i.eBy is the sefa-thing}. Search itera-

finding rules of the formC:a with Cin Cqy andaan ac-  on j produces a seB; that contains théd class expres-

tion-type symbol. We say a rule (correctly) covers a train-giong with the highestlifferent heuristic value among
ing instance when the decision-list containing only thatihose in the following set

rule (correctly) covers the instance—a rule is consistent
with a set of training data if all of the instances it covers G=B.10{Cn C OC4u|COB.}.

are correctly covered. If B has a consistent element, or if there is no improve-

Our rule-learning algorithm is driven by a heuristic, de- mentin going fromB; ; to B; (i.e., their elements yield the
scribed below, that returns a pair of values: the first value
measures the degree of consistency of the rule, and the® Since many expressions @ are equivalent, we must prevent the
second value measures the coverage of the rule. An ideggam from “filing up” with semantically equivalent class expressions.

: : . ather than deal with this problem via expensive equivalence testing we
rule is perfeCtly consistent and covers all the (pl’eVIOUSMR;ke an ad-hoc but practically effective approach. We assume that class

uncovered) training data. We take the heuristic values tQxpressions do not coincidentally have the same heuristic value, so that
ones that do must be equivalent. Thus, we construct beams whose mem-

bers all have different heuristic values. We choose between class expres-

—_— sions with the same value by preferring smaller depths, or arbitrarily if
4 Every instance can be covered by usingahifiing class expression.  tied.




same set of heuristic values), then we retGg] B; with next action selected by the policy is typically to stack the
the highest heuristic value. block back where it came from, resulting in an infinite
loop. Typically, the rule suggesting the fatal action covers
only a few examples. Our experiments show bagging to
be very effective at avoiding suggesting such actions.

Heuristic Function. Our heuristic function takes a rule
R=C:a and a non-empty set of instanceéss input, and
returns a pair of real numberd(R,F) = <N(R,F),
V(R,F)>, each between zero and one. The valyR,F) Bagging requires additional parameters: an ensemble size
is the fraction of the instances iR covered byR, and Z and a sample siz#¥, and returns an ensemble (i.e., a
H(R,F) measures rule consistency, as follows. set) of Z decision lists found using our base learner on
different training sets of siz#. Specifically, given a set

of training instancesF, bagging proceeds as follows.
First, we creat& training setd, ..., Fz, all of sizeM by
éandomly samplingM training instances front, with
feplacement. Next, we form an ensemiite-{L,, ...,

L.}, where L, is the decision list found using our base
learner from Table 1 applied §. The policyr{E] for the
ensemble is defined using a simple vote among the en-
semble members—so thafE](q), for stateq, is equal to

Define F, to be the set of all instances khwhere there is

a legal action of typea. We evaluateR by how well it
suggests actions for the training instanceBdnlf a is not

a legal action for a state, then there is no decision to b
made byR at that state, so we ignore training instances
outside ofF,. Given an instancé= <q,a> of F,, leta,

be the subset o& having action typea. We desire
that suggestR,q) be a subset of,, and that this

subset be non-empty unless, is empty itself— the action that is suggested fgiby the most members of

this property corresponds to suggesting an actio A : .
in o, when possible, and suggesting no action othrE’ breaking ties by selecting the least (legal) action.

erwise. We defineN(R,F) to be the fraction of

instances g,0> in F, for which suggestR,q) is a 3.4 Training Example Generation

subset ofa,, and zero ifF, is empty. Our framework provides us with a distributidrfor gen-
erating initial states of a PSTRIPS MDP according to a
3.3 Bagging distribution of interest. By conditioning this distribution

We intend our learner to learn patterns that select the opc—’n the object-domain size, we can control the complexity

timal action at many states. Of course, this learner can bgf the problem instances by varying the number of object

. : . . ih the domain. It is important to note that the states gener-
expected to make mistakes, given the inductive method o . . .

: . : ated by the program will not necessarily be representative
policy selection—we suggested above that this learner

s heunstcaly to produce  ‘mosty ptmal poley. 01 ¢ S1E% Scoiiers e bl Laictores Tom
selecting an optimal action at a high fraction of the statesd 9 g ! ' g

. . A from such training data is unlikely to produce a “good”
One reason the pollcy may dewa_te_ from optimality IS t_hat olicy at the un-represented states. To deal with this prob-
practical constraints force our training sets to have I|m|te(f

size, so that some misleading patterns may appear algm we augment the training data fro_m the initial states
our algorithm does nothing to control the standard ma_prowded by the problem generator with states occurring

: . “ v along “optimal” paths from those states to a goal. We use
chine learning problem of “overfitting” these patterns. We !
address thes?epissues by using thge ensempble method ppraphplan (Blum & Langford, 1999) to find such paths,

“hootstrap aggregation”, or “bagging” (Breiman, 1996). 8hd to find optimal” actions for all the training data.

We note that other methods are available: overfitting carPGraphplan can be trivially adapted to accept a PSTRIPS
be controlled by larger training sets (possibly impractical)MDP description, an initial state in that MDP, and a hori-
or regularization, and a mostly-optimal policy could po- zon time, and returns a contingent plan tree with maxi-
tentially be improved by a heuristic search at runtime.  mum probability of reaching a goal state within the speci-

fied horizon time. This plan tree mayot satisfy our ob-

{Eebigﬂgg,’wg% ggﬂgrla;grﬁe::rglrgt'gﬁ;erné_tgmg?nSeéﬁgi%%ctive function, which is to minimize the expected time
’ P 9 P 0 the goal. For example, if there is a long deterministic

(‘ensemble members’) from each training set. We thensequence of actions leading to the goal within the horizon

combine these large-domain policies into one policy bytime that sequence of actions may be returned since it has
voting. This approach addresses overfitting if the mislead-_"_ ™’ q Y

ing patterns (“noise”) in the different training sets is inde. & Success probability of one. In such cases, however, there

pendent, so that only a minority of the ensemble member'®Y be far better plans in terms of average plan length.

are affected; the approach can be viewed as combininRather, than reject PGraphplan (which is one of the better
independent “mostly optimal” policies, assuming that thepublicly-available, open-source, probabilistic planners),
generalization errors made by each are independent. we have chosen to use an ad-hoc technique that strongly

- .- ncourages plans with short expected time to the goal. We
It is usually the case that our learned policies make fataFimulate a discount factor (of 0.95) by modifying the

mistakes from a small percentage of the states used to te Figinal MDP to transition to a “dead” non-goal state with

the policy. For example, a typical mistake in the blocks " = - g ;
. . : a fixed probability. Space precludes giving the details of
world is for a learned policy tanstack a block that is on this modification here.

top of a well-constructed tower. When this happens, the



Table 3: Planning Domains

Blocks World 1 (BW,). One of the problems used to evaluate PGra
plan. World predicates amen(,-), on-table(), clear(-), and holding(:),
with the standard blocks-world interpretations. Action typespcé-
up (...a block from the table)put-down (...the held block onto thg
table), unstack (...a block off a tower),stack (...held block onto a
tower), faststack (move a block from the table to a tovr Only fast-
stackis stochastic, changing the state only with 0.8 probability. Prob)|
sizep is a number of blocks, and initial and goal states of gizare
drawn uniformly with BWSTATES (Slaney, web). We evalug
withp=6, h=20, e=80,d=3, w=12,b=5, and 20 block test problems.

2y

ph-ogistics World 1 (LW ). Similar to that in (Boutilier et al., 2001). Wg¢
have four object typesity(-), package(), truck(-), andcar(-). Predicate
in(+,-) used for packages in trucks/cars/ cities and for trucks/car|
cities. selected{) predicate applies to trucks and cars, itis used to i
cate which vehicle is involved in next action. Action types &
load(pkg,vehiclg unload(pkg,vehiclg drive(vehicle, city, and se-

elact(vehicld. Only drive is stochastic, with success probability 0.9 fj
cars, 0.2 for trucks. Problem size is a vector giving the number of ci

tecars, trucks, and packages. Distributiais given by uniformly distrib-
uting each vehicle among the cities, and each package among the

5 in
di-

Blocks World 2 (BW,). As BW;, except blocks are eithdrlack(-) or
gold(-), andfaststacksuccess probability varies (0.8 black vs. 0.2 gol
Colors uniform at random.

cles and cities; with uniformly chosen goal cities for each package
dno other true goal facts). We evaluate wipkr<3 cities, 2 cars, 2 trucks
3 pkgs>,h=20, e=160,d=4, w=12, b=5, and test problem size <5 citie

Paint World 1 (PW,). As BW,, exceptfaststackis removed stackis

7 cars, 7 trucks, 20 pkgs>.

now stochastic with the success probability varying with held bl
color, and new actiopaint 50% chance of changing held block colg
Also, p=5, h=25 ande = 100 (others unchanged).

bakogistic 2 (LW,). As LW,, with a new predicateain(-), and drive
r.success probability is unchanged when no rain, but 0.8 for truck
rain vs. 0.9 for cars imain. rain is unchanging and uniformly rando

s in
n

Paint World 2 (PW,). Same as PYexcept success probability sfack

among cities.

also varies with destination color.

We note that one alternative here would be to use an
plicit MDP solver to solve the “flattened” version of eac

exen a problem size, a evaluation horizenand finally the
h concept depthl, concept widthw, and beam widtlb pa-

small-domain MDP instance. This may be possible; how~+ameters required by our learning algorithm. For the en-
ever, we believe that even the small domains we are teseemble learner, we use ensemble size 9, and sample 50
ing on will flatten to explicit MDPs that are near or be- training instances for each ensemble member from a total
yond the limits of practicality for explicit techniques. training set of size 200.

To generate training data we specify a problem giza
problem horizorh, and a trajectory count We samplet
initial states with problem sizp, using the problem gen-
erating distributionl. For each of these initial states we
then use PGraphplan with horizénto solve for trajecto-
ries to the goal by repeating the following steps either
times or until a goal state is reached, whichever is first:

A single trial of our evaluation proceeds as follows: draw
a training sef from train(p,h,t,1), as described in Sec-
tion 3.4. Next, letL be the result of Learn-Decision-
List(F,d,w,b) (or corresponding ensemble hypothesis, in
the case of bagging). Finally, for each initial stgte the
test setQ, run policyt]L], starting atq, until either a goal
state is reached, or more thanactions have been exe-
cuted. We return two numbers from each evaluation trial:

L Be?'””'”? |nt_the|’!n|t|alt_statetus|e PtGraphIpI?n t? gtﬁn'the percentag® of test problems fronQ where a goal
&rgs an O'? lmadcon _lng?n pd"_’m ree reiative l;) ©was reached within the evaluation horizenwhich we
5 » transtormed to simulate discounting, as above. .o the gyccess probabilityand the average length of

Next, simulate the root action at the original MDP the trajectories that reached the goal. We run 40 evalua-
state, yielding a new “initial” MDP state. tion trials for each MDP and report the average value of

The result is a sequence of states from some initial stat@NdW over those trials.
provided by the problem generator to a goal state. For
each states along the trajectory, we include the training 4-2  Results

example <j,a> wherea is the set of all optimal actions The Data. Table 4 presents meapand  values for the
in stateq according to PGraphplénWe refer to the re-  sjx domains for machine-learned single decision-list poli-
sulting training set with the random varialttain(l,p,t,h). cies from four training-set sizeg €10, 50, 100, 200),
machine-learned ensemble policies (bag), and carefully

4  Experiments hand-coded policies (hand).One additional column
a1 (t=200+C) is explained below. The hand-coded policies

: are written in a richer language than our learned policies
We evaluate our policy-selection approach on six(e.g., it allows quantified taxonomic formulas), so the
PSTRIPS MDPs, described in Table 3, as follows. Thehuman coder is able to express concepts that the learner
parameters to our evaluation procedure are a PSTRIP&nnot.
MDP definition <S,A,T,I>, a training-set problem size
parameter p, a training-set size, training horizonh, a
test set of 1000 initial state® drawn froml conditioned

Experimental Procedure

8 Since our system requires single-argument actions, we use a single-
argument version diststack inducing the desired tower from the goal.

9 We note that this small table summarizes an enormous amount of al-
EEE— gorithm execution. For instance, each single decision-list policy entry

% We have trivially modified PGraphplan to return all optimal actions corresponds to the generation of 40 training sets, each of size ten to
of the root rather than just one. twenty thousand, learning from these training sets, and then executing

" The domain of this parameter depends on the MDP—e.g., in logisticeeach of the resulting 40 policies from 1000 different start states to a
domains this may be a vector giving numbers of trucks, packages, etc. significant problem-dependent horizon (or success).




Table 4. Evaluation Data Adding Concepts. Our system uses a restricted concept

t=10 T=50 t=100 t=200 t=200+C Bag Hand language to facilitate effective learning—however, some
BW. ¢|067 083 082 091 NA 10 10 u_seful poncepts, typically requiring quantifiers, fall put-
0|96 468 464 464 461 447 side this Iangua@ge, and_ are .epr0|ted by humans in the
hand-coded policies. It is trivial to enable our learner to
BW. ¢ 049 082 08 089  NA 098 10 exploit the same concepts if they are provided as addi-
Y564 514 512 509 50.9 48.7 tional input by a human—the learner simply treats the
PW. ¢ 041 088 089 091 NA 099 10 new concepts as primitive classes, and includes them in
PV $ 353 3; i 322 3;; 2 35(15 352 ;'2?3 The column t=200+C” reports three such experiments.
LW, 066 082 078 093 10 095 10 For |OgIStICS_, we added: “blocks he”adlng;co the same city
0|117 100 104 105 986 101 947 as a block in the selepted vehicle” and “blocks not cur-
: : rently at their goal”. With these concepts, the learner out-
LW, ¢ 054 08 088 085 096 096 1.0 performed all other learners we tried (but not the human).
$|121 110 106 107 104 106 98.1 A similar experiment for PW also shows a significant

Varying Training-Set Size. Both success probability ~ Improvement, but significantly under performs bagging.
and plan lengthp generally increase with training set

size—our method is turning training into improved poli- References

cies. Even for the poar=10, there is much improvement Beliman, R. (1957)Dynamic ProgrammingPrinceton University Press.
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° Recall thep is the mean over successful trajectories only.



