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Abstract

Knowledge-based planning methods o er
bene ts over classical techniques, but they
are time consuming and costly to construct.
There has been researti on learning plan
knowledgefrom seard, but this cantake sub-
stantial computer time and may even fail
to nd solutions on complex tasks. Here
we describe another approac that obsenes
sequencesof operators taken from expert
solutions to problems and learns hierarchi-
cal task networks from them. The method
has similarities to previous algorithms for
explanation-basedlearning, but di ers in its
ability to acquire hierarchical structures and
in the generality of learned conditions. These
increase the method's capability to trans-
fer learned knowledgeto other problemsand
supports the acquisition of recursive proce-
dures. After presering the learning algo-
rithm, we report experiments that compare
its abilities to other technigques on two plan-
ning domains. In closing, we review related
work and directions for future researd.

1. Intro duction

In recert years, hierarchical task networks have
emergedas a powerful framework for represering and
organizing knowledge about action (lilghami et al.,
2002; Wilkins & desJardins, 2001). With accessto
such cortent, an agent can generateor execute plans
far more e ectiv ely than it canfrom domain operators
alone, becausethe knowledge speci es how to decom-
posecomplextasksinto simpler ones. Such approaches
have beenapplied successfullyto a variety of challeng-
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ing domains, and they scaleto complexity much better
than classicalplanning methods.

Despite their clear advantages, hierarchical task net-
works canbedi cult andtime consumingto construct
manually. This suggestghe useof macdine learning to
acquire the knowledge basefrom experience,but, de-
spite a substartial literature on learning for planning
(Zimmerman & Kambhampati, 2003), there have been
remarkably few e orts toward acquiring hierarchical
plan structures. Moreover, most work in this areahas
focusedon learning from the results of seard, which
can produce poor solutions and may even fail ertirely
on sometasks.

An alternative approach is to learn from traces of
an expert's behavior. Researt on behavioral cloning
(e.g., Samnut, 1996) incorporates this idea, but typ-
ically learns at rules for reactive cortrol. Two
other paradigms{ learning apprertices (e.g., Mitc hell
et al., 1985)and programming by demonstration (e.g.,
Cypher, 1993) { emphasizedi erent induction meth-
ods and problems but also focus on nonhierarchical
structures. In this paper, we adapt the generalidea
of learning from expert tracesto acquire a classof hi-
erarchical task networks { teleoreactive logic programs
{ that are distinctiv e becausethey index methods by
the goalsthey achieve. We can state the learning task
more preciselyin terms of its inputs and outputs:

Given: asetof operatorsthat producepredictable
e ects under known conditions;

Given: a set of training problems, ead of which
speci es an initial state and a goal;

Given: for ead training problem, a sequenceof
operator instancesthat achievesthe goalfrom the
initial state;

Find: a teleoreactive logic program that repro-
ducesthe solutions to the training problems and
generalizeswell to new ones.
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Wewill seethat, unlikereseart on behavioral cloning,
our approad chains badkward from the goal achieved
by eadh sample trace to analyze the reasonsfor eah
action. In this sense,it bearssimilarity to early work
on explanation-based learning, which also relied on
goal regression. Howewer, these methods jettisoned
the explanation structure after learning, whereasour
approad retains it to determine the hierarchical orga-
nization of learned knowledge.

In the next section, we describe the knowledge struc-

tures givento and acquired by our method, along with

the performance medanisms that operate over that

knowledge. After this, we describe the learning algo-
rithm in detail and illustrate its operation on a simple
example. Next we report experiments with the tech-

nigue on two planning domains, including comparisons
with more traditional learning methods. Finally, we
examine at more length how our approadc relates to

earlier work on learning plan knowledge and discuss
somedirections for additional researd.

2. Kno wledge Representation

Before we can explain our performance and learning
methods, we must rst describe the represetation we
use to encade the knowledge they use and acquire.
This formalism supports a specialized class of hier-
archical task networks that we call teleoreactive logic
programs, which Langley and Choi (2006) report in
more detail. Such programs consistof two distinct but
interconnectedknowledgebasesthat describe di erent
aspects of a domain.

The rst knowledgebaseincludesa set of conceptdef-
initions that recognizeclassesof situations in the do-
main and describe them at di erent levels of abstrac-
tion. Conceptsare encaded in a hierarchical language
and shape the system'sbeliefsabout the domain. Each
conceptincludesa head, which is stated asa predicate
with zero or more argumerts, and a body, which in-
cludes one or more arithmetic tests or relations that

must hold. The lowest-level conceptsonly refer to the
perceptual inputs from the domain, while the higher
level onescan refer to other conceptsaswell. Table 1
shawvs examplesof two primitiv e concept de nitions,

on and hand-empty, and two nonprimitiv e concepts,
clear and unstackable , for the Blocks World.

The secondknowledge basecontains the de nitions of
primitiv e and high-level skills that can be executedto
changethe ervironment. Primitiv e skills arede ned in
terms of the actions the agert can perform with eadh
clausehaving a headthat speci es its name and argu-
ments, a setof typedvariables,a singlestart condition,
a set of e ects, and a set of executable actions. The

Table 1. Examples of concepts from the Blocks World.

(on (?blkl ?blk2)

percepts ((block ?blkl x ?x1 y ?yl)
(block 7?blk2 x ?x2 y ?y2 h ?h))
‘tests ((equal ?x1 ?x2)
(>= 2yl ?y2)
(<= ?yl (+ ?y2 ?h))))
(clear (?block)
:percepts  ((block 7?block))
:negatives ((on ?other?block)))
(unstackable (?block ?from)
percepts  ((block “?block) (block 7?from))
:positives  ((on ?block ?from)
(clear ?block) (hand-empty)))
(hand-empty ()
percepts  ((hand ?hand status ?status))
‘tests ((eq 7status 'empty)))

e ects of ead primitiv e skill are known to the system
and are speci ed in terms of known concepts. These
correspond to primitive tasksor operators in hierarchi-
cal task networks.

Higher level skills, which are the result of the learn-
ing, specify ways to decompsecomplex activities into
simple ones. They correspond to methadsin hierarchi-
cal task networks but dier in that the head of each
skill clauseis the goal conceptit achievesif executed
to completion. This introducesa connection between
concepts and skills that is essetial for our learning
method, as we describe in Section 4. The body of a
high-level skill includes the necessaryperceptual in-
puts, the start conditions, and the relevant subskills.
Table 2 and Figure 1 shov examplesof primitiv e and
high-level skills from the Blocks World.

Both conceptand skill knowledge basesare stored in
long-term memories, while the speci c instances of
them are stored in short-term memoriesthat change
asthe ernvironment ewolves.

3. Inference and Execution Mechanisms

The performance medanisms of a teleoreactive logic
program re ect the fact that it operatesin a physi-
cal setting that changesover time. As Langley and
Choi (2006) report, the basic architecture functions
in discrete cycles. On ead cycle it deposits, in a per-
ceptual bu er, low-level sensoryinformation about ob-
jects within the agert's eld of view. The systemthen
calls an inference module that operatesin a bottom-
up, data-driven manner to infer relational beliefsfrom
these perceptions and concept de nitions. The in-
ference procedure rst produces instances of primi-
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Table 2. Two primitiv e skills for the Blocks World domain.

(unstack (?block ?from)
:percepts ((block “?block ypos ?ypos)
(block ?from))
‘start ((unstackable  ?block ?from))
.effects ((clear  ?from)
(holding  ?block))
.actions ((*grasp  ?block)

(*v-move ?block (+ ?ypos 10))))
(stack (?block ?to)

:percepts  ((block ?block)
(block ?to x ?x y ?y h ?h))
:start ((stackable  ?block ?to))
-effects ((on 7?block ?to)
(hand-empty))
:actions ((*h-move ?block ?x)

(*v-move ?block (+ ?y ?h))
(*ungrasp “?block)))

tiv e concepts,which depend only on perceived objects,
then assertsbeliefs basedon higher-level concepts.

After this, the architecture invokesan execution mod-
ule that, in cortrast with inference,operatesin a top-
down manner to achieve high-level goals. On ead cy-
cle, using the beliefs produced during inference, the
system nds all applicable paths through the skill hi-
erarchy that start from the agert's goal. Since goals
are stated as conceptinstancesand the headsof non-
primitiv e skills refer to the concept they achieve, the
agert can easily pick executable paths that are rele-
vant to its current goal. The applicability of a skill
path dependson the applicability of every skill clause
on that path. An individual skill instance is appli-
cable when in the current state its preconditions are
satis ed but its headis not satis ed. Note that a skill
path is not about a courseof action over time; it de-
scribesthe hierarchical context from the highest-lewel
skill down to a primitiv e skill. When the agert carries
out the actions assaiated with the selectedskill path,
the environment changesand the architecture repeats
the sameprocedureuntil it achievesthe goal.

To assurereactivity, on the cycle the systemalso con-
sidersthe previously executedsubskills. This enables
it to invoke those subskills again if their objectivesare
no longer satis ed due to unexpected events. On the
other hand, to prevert the agert from switching among
multiple intentions instead of persistertly working on
one and moving to the next, the architecture prefers
skill paths that are more similar to the path that it
choseon the previous cycle.

Our approad to skill utilization bearsmany similari-
ties to those for hierarchical task networks (Wilkins &

Table 3. A training example for learning by obsenation
from the Blocks World.

Goal: (clear A)

Primitive  skill sequence:
((unstack C B) (putdown C T1) (unstack B A))

Initial state:
((unstackable C B) (hand-empty) (clear C)
(ontable A T1) (on CB) (on B A))

desJardins, 2001), which have often emphasizedplan
execution over plan generation. However, most work
in this tradition has relied on sophisticated notations
for describing complex activities that make them dif-
cult to learn. Our formalism for teleoreactive logic
programs is closer to the one assumedby llghami
et al.'s (2002) SHOP2, which focuseson plan gener-
ation rather than execution. As we will seeshortly,
this represenation supports the incremertal learning
of hierarchical skills from traces of expert behavior.

4. Learning Mechanism

Now that we have described the processeghat inter-
pret ateleoreactive logic program to achieve an agert's
goals,we canturn to methods for learning thesestruc-
tures by obsenation. As mertioned earlier, our ap-
proach builds on knowledge about a domain and ex-
pands upon it to incorporate skills that can achieve
complicated tasks. This badkground knowledge in-
cludesthe de nitions for conceptsand primitiv e skills.

Our system learns from problem-solution pairs pro-
vided by the expert. Each problem is de ned by a
goal instance and a speci c initial state of the envi-
ronment. The solution is a sequenceof primitiv e skill
instancesprovided by the expert that achievesthe goal
starting from the initial state. Table 3 shows a train-
ing examplefor a simple problem in the Blocks World
domain. The initial state for this problem hasa three-
block tower with Con B and Bon A and the goal is to
get block Aclear.

Given these inputs, the algorithm proceedsto parse
and explain the solution stepsusing a strategy similar
to that in explanation-basedlearning (Ellman, 1989).
It starts by chaining backward from the goal by focus-
ing on the nal primitiv e skill provided by the expert,
such as (unstack B A) in our example from Table 3.
At ead step, it selectsbetween two alternative ac-
counts of the expert trace.

If the primitiv e skill contains the goal as one of its ef-
fects, the algorithm explainsthe goal using skill chain-
ing. If this skill is applicable in the initial state of
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the problem, one can directly executeit to achieve the
goal. Howewer, if its precondition is not satis ed, extra
work is neededto make it applicable. In this case,the
algorithm tags the single precondition of this skill as
its new goal and tries to justify the previous solution
stepswith respectto it. Figure 1lillustrates the parsing
procedureon the Blocks World examplefrom Table 3.
In this example, the last primitiv e skill, (unstack B
A), achievesthe goal (clear A) directly, but its pre-
condition, (unstackable B A), is not satis ed in the
initial state. This unsatis ed precondition is consid-
ered asthe goal the expert was pursuing beforethe -
nal move. Therefore, the algorithm proceedsto justify
the primitiv e skill sequence(unstack C B)(putdown
C T1) for achieving (unstackable B A).

When the goal is not one of the e ects of the prim-
itiv e skill in the sequence,the algorithm explains it
using concept chaining. In this case,the skill either
achieves one of the goal's subconceptsor it is an un-
necessarystep that presumably achieves some other
purpose. The systemdeterminesthe possiblesubgoals
from the de nition of the goal concept, and then looks
badk through the state sequenceto nd the order in
which the expert achieved them. All primitiv e skills
executedbefore achieving a subgoalare treated as po-
tential cortributors. This can lead to considering a
skill for more than one subgoal, which is reasonable
sinceskills can have multiple e ects that cortribute to
di erent aims. In addition, this lets the systemhandle
interleaved subtraces when the expert alternates be-
tween pursuing di erent subgoals. When a subtrace
includes a skill that is irrelevant to achieving a goal,
the systemsimply ignoresit. Each subgoalwith its as-
saciated sequenceof primitiv e skills posesa new prob-
lem is handled by calling the main routine recursively.

Continuing with our Blocks World example, the
sequence (unstack C B) (putdown C) in Table 3
makesB and A unstackable , but none of these prim-
itive skills include (unstackable B A) as their ef-
fects. This results in concept chaining and break-
ing down (unstackable B A) into its subgoals {
(hand-empty) , (on B A), and (clear B) { as de-
ned in Table 1. By tracking the order of subgoal
achievemerts through the state sequence(unstack C
B) is assignedto (clear B), while both (unstack C
B) and (putdown C) are consideredas cortributors to
achieving (hand-empty) . The method will detect the
literal (unstack C B) as an irrelevant step for this
goal later in its processing.

After the algorithm has nished parsing the expert's
solution trace, it usesthe explanation structure to
learn new skill clausesfor future use. For skill chain-
ing, if the precondition P of the current primitiv e skill

clear {?A}
start  {{on 7B ?A))
ordered {({unstackable 7B 7A)

clear (?B)

wstart {{ur kable 7C 7B
-ordered ({unstack 7C 7B)) (unstack 7B 7A))
on
t . '\ t
unstackable
clearB B BA
/
hand-empty
4 4
hard_smpty unstackable (7B 7A)
starl  {(putdownable 7C 7T1)) fsfzﬂ d((on fB ?fE)’)
‘ordered ({putdown 7C 7T1)) ‘orderer ((&ea; 1B} o
and-emp

Figure 1. lllustration of the learning algorithm on a simple
problem from the Blocks World and the acquired skills.

S is satis ed in the initial state and the expert did
nothing to achieve that, the systemlearns a new skill
clausewith the achieved goal G asits head, P asits
start condition, and a single subskill S.1 If the ex-
pert has done work to achieve P, the system learns
a skill clausethat achieves G by composing the skill
that achievesP (which hasthe sameheadasP and has
already beenlearned in the shallower recursion calls)
with S. The start conditions of the learned skill are
the sameasthe start conditions of the skill P. In Fig-
ure 1, (clear 7?B) and (clear ?A) are examplesof
skill clauseslearnedthrough skill chaining.

For concept chaining, if the goal G has n subgoals,

condition of this new skill. The nonprimitiv e skill
(unstackable ?B ?A) in Figure 1 is an example of
a skill clauselearned by this procedure. As we discuss
shortly, the acquired precondition does not guarantee
successfulexecution, but it still often servesas a use-
ful heuristic. The learning medanism can produce
disjunctiv e skills, sincedi erent methods of achieving
a goal have the samehead. This convertion leadsto
exible skills, since eat clausecan be expandedwith
all combinations of its subskills' di erent clauses.

As demonstrated elsewhere(Langley & Choi, 2006),
one can use traces generatedby a problem solver to
learn analogousskills. The method introduced here
replacesthe problem-solving traces with onesfrom an
expert performing the task. Although we usea simi-
lar subroutine for creating skill clauses,the resulting
hierarchy can dier becausethe expert may provide
di erent solution traces than the problem solver. We

LFor the distinction betweenthis learned clauseand the
primitiv e skill it incorporates, seeLangley and Choi (2006).
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expect that learning by obsenation will be more prac-
tical in complex domains becauseof the heavy searth
they imposeon problem solvers.

5. Exp erimen tal Evaluation

To evaluate the behavior of our approad to learning
teleoreactive logic programs by obsenation, we de-
signed and carried out experimerts in two planning
domains. Below we describe our experimertal design,
after which we report the results of these studies.

5.1. Exp erimen tal Design

Since our method operates in an incremertal man-
ner, we choseto employ an online training regimenin

which we preseried randomly sampledproblemsoneat

atime. If the systemfails to achieve the goal using its

current knowledge, it retrievesan expert trace stored
with the problem. After learning a set of skill clauses
from this trace, the systemturns to the next problem.

This lets us measureperformanceas a function of the

number of problems encourtered. We selectedthe cu-
mulative number of tasks solved successfullyas our

performancemetric, primarily becausedi erent prob-

lemsinvolved distinct levelsof di cult y, and thuswere
not directly comparable. We also averagedthe results
acrossdi erent sequence®f problemsto guard against
order e ects. Other metrics such as CPU time are not

relevant here, as the performancesystem doesnot in-

clude a problem solver and simply fails to solve a task
if it doesnot have all the necessaryskills.

Becauseour approad to learning by obsenation con-
structs an explanation of the expert trace, it seems
appropriate that we compare its behavior to tradi-

tional methods for explanation-based learning. We
consideredtwo variations on this idea, ead tied to

one of our theoretical claims. First, we maintain that

our method should acquire more exible knowledge
than explanation-basedtechniques becauseit retains
the explanation structure in its skill hierarchy. Thus,
we implemented a standard algorithm for learning a
at macro-operator (Mooney, 1990) from ead expert

trace that collects a set of su cien t conditions, with

constarts replacedby variables, to achieve that prob-

lem's top-level goal. This macro-operator can solve the

training problem on which it is based,but the method

nds very speci ¢ conditions, and preliminary experi-

ments suggestedit generalizedso poorly to new tasks
that we did not pursueit further.

A secondclaim revolvesaround our method for select-
ing conditions on learned skills, which does not rely
on goal regressionand only usesinformation about

componert skills and concepts. For comparison pur-
poses,we developed an alternativ e technique that still
learns hierarchical skills by analyzing expert traces,
but that invokes the same condition- nding steme
for eadh clauseas for macro-operator formation. This
producesconditions that are su cien t to achieve the
goal in ead clause'shead, making them more speci ¢
than those our method generates,but also lesslikely
to initiate chains of action that the agert cannot com-
plete. Initial studies suggestedthat this alternative
generalizedreasonably well, so we included it in our
formal experiments.

We settled on two domainsfor our studies: the Blocks
World and Depots, which we describe more fully later.
The former is not especially dicult, but it is well
understood, and we had a handcrafted task network
that we could compare with learned skills. Depots
is a more challenging domain that involves a much
larger seart space, which we predicted would help
distinguish our approach from the explanation-based
alternative. Howewver, becausewe had no handcrafted
program against which to compare learned skills, we
could only evaluate the methods on this domain in
terms of their behavior.

5.2. Exp erimen ts with the Blo cks World

The Blocks World consistsof a table, a gripper, and
seweral cubical blocks that are distributed in one or
multiple columns on the table. The system distin-
guishesdi erent situations in the environment using
nine de ned concepts, including the onesin Table 1.
It can also changeits ervironment using four primi-
tive skills: stack , unstack (seeTable 2), pickup , and
putdown. The goalsrefer to con gurations of blocks
that are de ned via existing concepts. This knowledge
is sucien t, in principle, to solve all the problems in
the domain by employing extensive seard. However,
when there are more than a few blocks in the environ-
mert, seart is slow and impractical.

Our experiment used240random problemswith three
distinct goals: clear , holding , and on. The environ-
ment included up to sewen blocks with random initial

con gurations and the di cult y level of the problems
ranged from one to 16-step solutions. Inspection re-
vealed the system learned skills that are equivalent
to the handcrafted ones. Figure 1 shows the skills
acquired from the sample input in Table 3. These
high-level skills equip the systemto achieve goalslike
clearing a block on many new problems. One reason
is their potential for being applied recursively. For
example, the learned skills in the gure can clear a
block regardlessof the number of blocks on top of
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Table 4. Some examples of skills acquired in the Blocks
World using explanation-based learning.

(clear (?A)
:percepts ((block ?A)(block ?B)
(block ?C))
((hand-empty)(on  ?B ?A)
(on ?C ?B)(clear ?C)
((unstackable 7B ?A)
(unstack ?B ?A)))

(unstackable  (?B ?A)
:percepts ((block ?A)(block ?B)
(block ?C))

‘start

:ordered

:start ((hand-empty)(on  ?B ?A)
(on ?C ?B)(clear ?C))
:ordered  ((clear ?B)(hand-empty)))

it. Table 4 shows the analogousskills learned by the
explanation-based method, which have very specic
start conditions. This results in learning distinct ver-
sionsof (clear ?A) for problemswith di erent num-
ber of blocks stadked on block A

The left hand graph in Figure 2 shows the superior
performance of our system comparedto explanation-
basedlearning. The plots shav the cumulative num-
ber of successfulexamplesaveragedover 20 di erent
selectionsand orderings of 100 input problemsin the
Blocks World domain for eat algorithm. On average,
our system learns 14 new skills from a few problems
and solves 100 percert of the test problems, while the
explanation-basedmethod learns 119 skills and solves
fewer than 50 percert of the novel problems. The dot-
ted line shaws the behavior of an expert who can solve
all problemsfrom the outset. Our method's behaviour
follows this line very closely with a small lag caused
by a few failures at the early stagesof learning. The
small error bars show that the behaviors are similar
acrossdi erent problem orderings.

5.3. Exp erimen ts with Dep ots

Depots is a more complicated domain that was intro-
duced in the Third International Planning Competi-
tion (Bacchus, 2000). With cratesthat can be loaded
into trucks and drivento di erent locationswherethey
are unloaded and stacked onto pallets, it combines at-
tributes of Blocks World with logistics planning. Since
atypical problem involvesmany objects and ead state
has many possibleactions, seard can be very expen-
sivein this domain and manually coding the knowledge
baseis challenging. We gave the system 23 concepts
and eight primitiv e skills, and we used two di erent
goalsthat refer to con gurations of one or two crates.

For this study, we generated96 random problems for
usein the experiment. These problems include up to
v e crates, with dicult y levels ranging from one to
13-step solution paths depending on the initial con-
guration. The right-hand graph in Figure 2 shows
the cumulative number of successesveragedover 20
di erent problem orderings for our algorithm.

The number of skills our system learns through this
experimert is 42 on average,which is not su cien t to
solve all the problems, but which does solve 70 per-
cert of them. For this domain, although the hierarchi-
cal explanation-basedalgorithm generated some cor-
rect skills, it was very slow and could solve very few
of the problems. As anticipated, becausethe learned
skills are overspeci c, it createsmany skills (e.g., some
100 skills resulted from only four problems). Howevwer,
we may be able to improve these results by generat-
ing multiple traces from a single problem. For ex-
ample, if a goal G is assaiated with a skill sequence
S1;S2; Ss,- . -, Sn, the current technique learnsonesskill
that achieves G using these subskills, but the subse-

also valid sequencedor achieving G and can be used
for training purposes. On the other hand, this would
produce a more complex collection of skills that could
slow responsetime further.

6. Related Research

Developing agens that can learn complex skills from
experience has been a recurring goal in arti cial in-
telligence. A common approac to this problem has
focused on learning from delayed external rewards.
Some methods (e.g., Moriarty et al.,, 1999) seard
through the space of the policies directly, whereas
others (e.g., Kaelbling et al.,, 1996) estimate value
functions for state-action pairs. In cortrast, our ap-
proach di ers by learning from traces of expert behav-
ior rather than from exploration and by constructing
hierarchical structures rather than at policies.

There has been some work on learning cortrol poli-
cies from expert traces. One of the main paradigms,
known as behavioral cloning, transforms the obsened
traces into supervised training casesand induces re-
active cortrollers that reproduce the behavior in sim-
ilar situations. This approad typically castslearned
knowledge as decisiontrees that determine which ac-
tions to take basedon sensorinput (e.g., Urbancic &
Bratk 0, 1994). More recertly, somee orts (e.g., Isaac
& Sammut, 2003) have used goal information, stated
as desired values for state variables, to improve the
robustnessof the learned corntrollers. In cortrast, our
approad infers intermediate structural goals by ex-
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Figure 2. Cumulativ e number of solved problems in the Blocks World and Depots domains, with 95 percert con dence
intervals. The diagonal lines depict the behavior of an expert who solvesall the problems.

plaining the expert behavior in terms of the top-level
goaland badkground knowledge. Moreover, our frame-
work di ers from most work on behavioral cloning by
incorporating a hierarchical and relational represerta-
tion for states and activities.

Konik and Laird (2004) report an approac to behav-
ioral cloning that usesa relational represenation and
learns hierarchical cortrollers, but it requiresthe ex-
pert to annotate the trace with information about the
start and end of activities at ead level. A few other
systemsalso learn hierarchical structures from expert
behavior. lighami et al. (2005) describe a method
for constructing hierarchical task networks, but they
assumethe hierarchical structure is given and use a
version-spacealgorithm to determine conditions on
methods. Tecuci's(1998) Disciple acquireshierarchi-
cal rules, but it requires user information about how
to decompmseproblems and the reasonsfor decisions.

Other researd on learning skills by observing others'
behavior has, like our own, utilized domain knowledge
to interpret traces. Somework on explanation-based
learning (e.g., Segre, 1987; Mooney 1990) took this
approad, as did the paradigms of learning appren-
tices (e.g., Mitc hell et al., 1985) and programming by
demonstration (e.g., Cypher, 1993; Lau et al., 2003).
Both often used analytic methods to generate candi-
date procedures,but neither focused on the acquisi-
tion of hierarchical skills, and programming by demon-
stration typically requires user feedba& about candi-
date hypotheses. As noted earlier, our approad dif-
fers from explanation-basedlearning in that it retains
the explanation structure and doesnot use deductive
analysisto determine start conditions on new skills.

7. Concluding Remarks

In this paper, we have preseried a new approadc to
learning hierarchical task networks from obsenation.
We explained our reliance on expert traces to avoid
the needfor extensive seard during problem solving.
We alsoreviewed the notion of teleoreactive logic pro-
grams, a special classof task networks that areindexed
by the goalsthey achieve, along with mecanisms for
executing them to read these objectives. After this,
we described the details of our method for learning skill
clausesfrom solution traces, which alternates between
chaining o skills and concept de nitions to generate
an explanation of the expert's behavior. The system
then createsoneskill clausefor eat nodein the expla-
nation structure, using a simple technique for nding
conditions on clausesthat usesonly local information.

Our approad incorporatesideasfrom a number of dis-
tinct traditions, including behavioral cloning, learn-
ing apprertices, and programming by demonstration,
but it goesbeyond these movemerts to construct hi-
erarchical structures that generalizewell to new prob-
lems. Moreover, experiments in two domains demon-
strated that our method learns much more rapidly
than explanation-basedtechniques, whether they con-
struct at macro-operators or take advantage of the
learned skill hierarchy. This suggeststhat our ap-
proach to constructing hierarchical task networks of-
fers advantages over more traditional techniques for
learning plan knowledge.

Despite these encouragingresults, our work on learn-
ing by obsenation remainsin its early stages,and our
current implemertation makes some simplifying as-
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sumptions that we should remedy in future work. One
assumption is that the expert trace includes all rele-
vant steps,whereasa morerobust agert might infer oc-
casionalstepsthat it doesnot obsene. Another is that
learner knows the agert's goals, whereasan improved
system would infer them from the trace and badk-
ground knowledge. Our current method also assumes
that the erwvironment changesonly when the agert
takessomeaction, whereasfuture versionsshould han-
dle settings in which someewents are due to indepen-
dent physical causesor other agerts' behaviors.

In addition, our approad relies heavily on accurate
knowledge about ead skill's e ects, whereasa more
exible learner would also include someability to re-
vise its action models basedon obsened results. Fi-
nally, the current systemassumeghat the expert has
carried out the best sequenceto achieve the goal,
whereasa more sophisticated approac would analyze
the trace for loops or other ine ciencies and remove
them beforelearning. We hopeto addressead of these
issuesin future learning systemsthat combine domain
knowledge with traces of expert behavior to acquire
complex hierarchical task networks.
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