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Abstract

The Hierarchical Task Network (HTN) formalism is very ex-
pressive and used to express a wide variety of planning prob-
lems. In contrast to the classical STRIPS formalism in which
only the action model needs to be specified, the HTN formal-
ism requires to specify, in addition, the tasks of the problem
and their decomposition into subtasks, called HTN methods.
For this reason, hand-encoding HTN problems is considered
more difficult and more error-prone by experts than classical
planning problem. To tackle this problem, we propose a new
approach (HierAMLSI) based on grammar induction to ac-
quire HTN planning domain knowledge, by learning action
models and HTN methods with their preconditions. Unlike
other approaches, HierAMLSI is able to learn both actions
and methods with noisy and partial inputs observation with a
high level or accuracy.

1 Introduction

The Hierarchical Task Network (HTN) formalism (Erol,
Hendler, and Nau 1994) is very expressive and used to ex-
press a wide variety of planning problems. This formalism
allows planners to exploit domain knowledge to solve prob-
lems more efficiently (Nau et al. 2005) when planning prob-
lems can be naturally decomposed hierarchically in terms
of tasks and task decompositions. The standard language
used to model HTN problem is HDDL (Hierachical Domain
Description Language) (Holler et al. 2020). In contrast to
the classical PDDL language used to model STRIPS prob-
lems in which only the action model needs to be specified,
HDDL requires to specify the task model of the problem.
A task model can be primitive and compound. A primitive
task model is described by PDDL operators. A compound
tasks model is described using HTN methods. An HTN
method describes the set of primitive and/or compound task
required to decompose a specific compound task. For this
reason, hand-encoding HTN problems is considered more
difficult and more error-prone by experts than classical plan-
ning problem. This makes it all the more necessary to de-
velop techniques to learn HTN domains.

Many machine learning approaches have been proposed
to facilitate the acquisition of PDDL domain acquisition and
to learn the underlying action model, e.g, ARMS (Yang,
Wu, and Jiang 2007), FAMA (Aineto, Celorrio, and Onain-
dia 2019), LOCM (Cresswell, McCluskey, and West 2013),

LSONIO (Mourdo et al. 2012), AMLSI (Grand, Fiorino, and
Pellier 2020a,b). In these approaches, training data are either
(possibly noisy and partial) intermediate states and plans
previously generated by a planner, or randomly generated
action sequences (i.e. random walks). On the other hand,
few approaches have been proposed to learn HTN domains.
However, it is possible to mention CAMEL (Ilghami et al.
2002), HTN-Maker (Hogg, Munoz-Avila, and Kuter 2008;
Hogg, Kuter, and Munoz-Avila 2009), LHTNDT (Narge-
sian and Ghassem-Sani 2008) or HTN-Learner (Zhuo et al.
2009). The major drawbacks of these approaches are: (1)
they consider to have complete and noiseless observations
as input; (2) they only learn HTN methods except HTN-
Learner, i.e., they consider that the action model is known a
priori and (3) the learned domains are not accurate enough
to be used “as is” in a planner. A step of expert proofread-
ing is still necessary to correct them. Even small syntactical
errors can make sometime the learned domains useless for
planning

To deal with these drawbacks, we propose in this paper,
a new learning algorithm for HDDL domains, called Hi-
erAMLSI. HierAMLSI is based on AMLSI (Grand, Fior-
ino, and Pellier 2020a,b), a PDDL domain learner based on
grammar induction. HierAMLSI takes as input a set of par-
tial and noisy observations and learns a full HDDL planning
domain with action model and HTN methods. We show ex-
perimentally that HierAMLSI is highly accurate even with
highly partial and noisy learning datasets minimising HDDL
domain proofreading by experts. In many HDDL ICP bench-
marks HierAMLSI does not require any correction of the
learned domains at all.

The rest of the paper is organized as follows. In section 2
we present the problem statement. In section 3 we give some
backgrounds on the AMLSI approach. In section 4, we detail
the HierAMLSI steps. Then, section 5 evaluates the perfor-
mance of HierAMLSI on IPC benchmarks. Finally, Section
6 concludes with the related works.

2 Formal Framework

Section 2.1 introduces a formalization of STRIPS planning
domain learning consisting in learning a transition function
of a grounded planning domain and in expressing it as PDDL
operators and Section 2.2 extends this formalization to HTN
domains.



2.1 STRIPS Planning

In this section we use definitions and notations proposed by
(Holler et al. 2016) and adapt them to the learning problem.

A STRIPS planning problem is a tuple P =
(L, A, S, s0,s,0,\), where L is a set of logical propositions
describing the world states, .S is a set of state labels, s € S
is the label of the initial state, and g C S is the set of goal
labels. \ is an observation function A : S — 2 that as-
signs to each state label the set of logical propositions true
in that state. A is a set of action labels.Action precondi-
tions, positive and negative effects are given by the functions
prec, add and del that are included in § = (prec, add, del).
prec is defined as prec : A — 2. The functions add and
del are defined in the same way. Without loss of generality,
we chose this unusual formal framework inspired by (Holler
et al. 2016) in order to define the STRIPS learning problem
as the lifting of a state transition system into a propositional
language.

The function 7 : A x S — {true, false} returns whether
an action is applicable to a state, i.e. 7(a,s) < prec(a) C
A(s). Whenever action a is applicable in state s;, the state
transition function v : A x S — S returns the resulting
state s;+1 = (8;, a) such that A(s;11) = [A(s;) \ del(a)] U
add(a).

A sequence (aga - . . ay,) of actions is applicable to a state
so when each action a; with 0 < ¢ < n is applicable to
the state s;. Given an applicable sequence (aga; .. .ay) in
state sg, ¥(s0, (aoas . ..an)) = v(v(s0,a0), (a1 ...a,)) =
Sp+1. It is important to note that this recursive defini-
tion of v entails the generation of a sequence of states
($081---Snt+1)- A goal state is a state s such that g € G
and A(g) C A(s). s satisfies g, i.e. s = ¢ if and only if s
is a goal state. An action sequence is a solution plan to a
planning problem P if and only if it is applicable to sy and
entails a goal state.

In formal languages, a set of rules is given that de-
scribe the structure of valid words and the language is the
set of these words. For STRIPS planning problem P =
(L, A, S, s9,G, 0, \), this language is defined as (0 < i <
n):

L(P) ={w = (aoa1 - ..an)la; € A,v(so,w) = g}

We know that the set of languages generated by STRIPS
planning problems are regular languages (Holler et al.
2016). In other words, a STRIPS planning problem P =
(L, A, S, s0,G,0,\) generates a language L(P) that is
equivalent to a Deterministic Finite Automaton (DFA) ¥ =
(S, A,~). S and A are respectively the nodes and the arcs of
the DFA, and + is the transition function.

For any arc a € A, we call pre-set of a the set
preset(a) = {s € S| v(s,a) = s'} and post-set of a the set
postset(a) = {s' € S| v(s,a) = s'} (see Figure 1).

A STRIPS learning problem is as follow: given a set of
observations ) C L(P), is it possible to learn the DFA X,
and then infer P?

For instance, suppose Q2 = {a, ab, ba, bab, abb, . ..} such

a a b b a b a

that sg — S92, Sog —> S2 — Sa2, Sg —> S1 — S2, Sg — S1 —
b ¢ b b .

S9 — 82, Sp N S9 — S92 — S5 ... (Grand, Fiorino, and Pel-

lier 2020b) show that it is possible to learn X (see Figure 1)

start

Figure 1: An example of DFA with pre-states and post-states

and infer P with actions {a, b}, the initial state sy and some
states marked as goal G = {s2}.

2.2 HTN Planning

By extension based on the notation of (Holler
2021), an HTN planning problem is a tuple
P = (L7C7A7S7M7807w179767T7)\707<)‘ As for
STRIPS problems, L is a set of logical propositions
describing the world states, S is a set of state labels, sg € S
is the label of the initial state, g C .S is the set of goal label,
A is the observation function and preconditions, positive
and negative effects are given by the functions prec, add
and del included in 4.

A is the set action (or primitive task) labels and C'is a set
of compound (or non primitive) task labels, with CN A = ().
Tasks are maintained in task networks. A task network is
a sequence of tasks (for simplicity, we consider only To-
tally Ordered domain). Let 7' = C' U A. A task network
is an element out of 7™ (* is the Kleene operator). Com-
pound tasks are decomposed using methods. The set M con-
tains all method labels. Methods are defined by the function
o : M — C x T*. Then, a coumpound task c is decompos-
able in a state s if and only if there exists a revelant method
m € M such that: o(m) = (¢, ¢) and prec(m) € s. The
function ( : T* x S — T* gives the decomposition func-
tion. For a totally orderer task network w = wytws, ( is
defined as follows:
witwe  if tis a primitive task
w1pwy if t is a coumpound task

and ¢ is decomposable in y(wy, s)
0 Otherwise

C(wrtwa, s) =

As wtws is a totally ordered task network, wy contains only
primitive tasks. We denote w —* w’ that w can be decom-
posed into w’ by 0 or more method applications. Finally, w;
is the initial task network.

A solution to an HTN planning problem is a task network
w with:

1. w;y —* w, i.e. it can be reached by decomposing wy.
2. w € A*, i.e. all tasks are primitive.

3. ¥(so,w) E g, i.e. w is applicable in s, and results in a
goal state.

Finally, we can define an HTN planning problem P =
(L,C, A, S, M, sg,wy,g,0,7,\,0,() as a formal language:

‘C(P) = {w = (totl t’rL)ItL S Aaﬁ/(s(hw) ': g9,wr —* LU}



An HTN learning problem is as follow: given a set of ob-
servations Q) C L(P), is it possible to learn P?

Unlike STRIPS planning problems, the language L£(P)
is not necessary regular (Holler et al. 2014) and cannot be
represented as a DFA. As mentioned by (Holler et al. 2014;
Holler 2021), £(P) is the intersection of two languages:

1. Ly(P) = {w € A*|w; —* w} which is defined by the
decomposition hierarchy, i.e. by the compound tasks and
methods.

2. Lo(P) = {w € A*|y(so,w) € g} which is defined by
the state transition system defined by the preconditions
and effects of the primitive tasks. This language is regu-
lar.

The key idea of our approach is to learn the DFA ¥ =
(S, A, ) corresponding to the regular language L¢(P), and
modify the DFA to approximate the language £(P) with the
DFA ¥ = (S, T,~) and then infer P.

3 The AMLSI Approach

In this section we will summarized the AMLSI approach
on which HierAMLSI is based. For more detail see (Grand,
Fiorino, and Pellier 2020b,a).

AMLSI generates the set of observations {2 by using
random walks to learn ¥ = (5, A,~) and deduce P =
(L, A, S, s9,G,0,A). AMLSI assumes L, A, S, sop known
and the observation function A possibly partial and noisy (a
partial observation is a state where some propositions are
missing and a noisy observation is a state where the truth
value of a proposition is erroneous). No knowledge of the
goal states G is required. Once X is learned, AMLSI has to
deduce ¢ from the transition function . Concretely, § can
be represented as a STRIPS planning domain containing all
the actions of the problem P and by induction the classical
PDDL operators.

The AMLSI algorithm consists of 4 steps: (1) generation
of the observations, (2) learning the DFA corresponding to
the observations, (3) induction of the PDDL operators from
the learned DFA; (4) finally, refinement of these operators to
deal with noisy and partial state observations:

Step 1: AMLSI generates a random walk by applying an
action from the initial state of the problem. If the action is
applicable in the current state the sequence of actions from
the initial state is valid and is added to I, the set of posi-
tive samples. Otherwise the random walk is stopped and the
sequence is added to I_, the set negative samples.

Step 2: To learn the DFA ¥ = (5, A,~y) AMLSI uses a
variant (Grand, Fiorino, and Pellier 2020b) of a classical reg-
ular grammar learning algorithm called RPNI (Oncina and
Garcia 1992). The learning is based on both I* and I~

Step 3: AMLSI begins by inducing the preconditions and
effects of the actions. For the preconditions prec(a) of ac-
tion a, AMLSI computes the logical propositions that are in
all the states preceding a in X:

pTeC(a) = mse;ureset(a) )‘(S)

For the positive effects add(a) of action a, AMLSI com-
putes the logical propositions that are never in states before
the execution of a, and always present after a execution:

add(a’) = ﬂsEpreset(a))‘(S) \pT@C(CL)
Dually,

del(a) = pT’@C(CL) \ mSEpostset(a)A(S)

Once preconditions and effects are induced, actions are
lifted to PDDL operators based on OI-subsumption (sub-
sumption under Object Identity) (Esposito et al. 2000): first
of all, constant symbols in preconditions and effects are sub-
stituted by variable symbols. Then, the less general precon-
ditions and effects, i.e. preconditions and effects encoding
as many propositions as possible, are computed as intersec-
tion sets. This generalization method allows to ensure that
all the necessary preconditions, i.e. the preconditions allow-
ing to differentiate the states where actions are applicable
from states where they are not, to be rightfully coded in the
corresponding operators.

Step 4: To deal with noisy and partial state observations,
AMLSI starts by refining the operator effects to ensure
that the generated operators allow to regenerate the induced
DFA. To that end, AMLSI adds all the effects ensuring that
each transition in the DFA are feasible. Then, AMLSI refines
the preconditions of the operators. As in (Yang, Wu, and
Jiang 2007), it makes the following assumptions: the nega-
tive effects of an operator must be used in its preconditions.
Thus, for each negative effect of an operator, AMLSI adds
the corresponding proposition in the preconditions. Since ef-
fect refinements depend on preconditions and precondition
refinements depend on effects, AMLSI repeats these two re-
finements steps until convergence, i.e., no more precondition
or effect is added. Finally, AMLSI performs a Tabu Search to
improve the PDDL operators independently of the induced
DFA, on which operator generation is based. Once the Tabu
Search reaches a local optimum, AMLSI repeats all the three
refinement steps until convergence.

4 The HierAMLSI approach

HierAMLSI generates the set of observations 2 by us-
ing random walks to learn ¥ = (5,7,v) and deduce
P = (L,C,A,S M, sp,wyr,q,0,7, A 0,(). HierAMLSI
makes the same assumptions than AMLSI: L, A, S, sg are
known but also C, the decomposition function ¢ and the
observation function A possibly partial and noisy (a partial
observation is a state where some propositions are missing
and a noisy observation is a state where the truth value of a
proposition is erroneous). No knowledge of the goal states g
is required. Once X is learned, HierAMLSI has to deduce §
from the transition function ~ and o from the decomposition
function (.

Like AMLSI, HierAMLSI uses random walks to generate
) and makes the same assumptions.

HierAMLSI has been devised to solve HTN learning
problems. In practice, it computes P as HDDL domain and
problem files (Holler et al. 2020; Holler et al. 2019).



Regarding the training dataset, HierAMLSI uses random
walks to generate (). HierAMLSI makes the same assump-
tions than AMLSI. Once the DFA is learned, HierAMLSI
generates the set of methods o and infers the action precon-
dition, positive and negative effect functions in § from the
state transition function ~y. Finally, the methods and opera-
tors of the HDDL domain file are induced from o and 4.

The HierAMLSI approach consists of 4 steps:

1. Generation of the observations. HierAMLSI produces a
set of observations €2 by using a random walk. In section
4.1, we will present how HierAMLSI is able to efficiently
exploit these observations by taking into account not only
the fact that some task are decomposable in certain states
and their decomposition but also that others are not.

2. DFA Learning. HierAMLSI learns a DFA approximating
the language L£(P) (see Section 4.2).

3. HTN Methods generation. HierAMLSI generates from
the DFA learned previously a set of HTN Methods al-
lowing to decompose all tasks observed in € (see Section
4.3).

4. Action model and HTN Methods precondition learn-
ing. Once HTN Methods have been learned, HierAMLSI
have to learn the action model, i.e. primitive tasks pre-
conditions and effects and the HTN Methods precon-
ditions. To do this, HierAMLSI treat HTN Methods as
primitive tasks and learn an action model containing both
methods and primitive tasks using the learning and re-
finement techniques proposed by the AMLSI approach
(see Section 3).

The rest of this Section will be illustrated using the IPC!
Gripper domain. In this domain, a robot moves balls in dif-
ferent rooms using its two grippers r and [. This domain
contains three compound tasks: goto(r,) the robot goes into
the room 7,, movelball(by r,) the robots move the ball by
in the room r, and move2balls(by bs r,) the robot moves
balls b; and b5 in the room r,,.

4.1 Observation Generation

The data generation process is similar to the generation
method of the AMLSI algorithm (Grand, Fiorino, and Pellier
2020b). To generate the observations in {2, HierAMLSI uses
random walks by querying a blackbox. HierAMLSI chooses
randomly a (primitive or compound) task ¢. If the task ¢ is
decomposable, the blackbox returns the final decomposition
¢ containing only primitive task and this decomposition is
added to the current primitive task sequence. This procedure
is repeated until the selected task is not applicable to the
current state. The applicable prefix of the primitive task se-
quence is then added to I, the set of positive samples, and
the complete sequence, whose last task is not applicable, is
added to I_, the set of negative samples. Random walks are
repeated until I and /_ achieve an arbitrary size.

4.2 DFA Learning

As mentioned in Section 2 the language £(P) is not neces-
sary regular, then the purpose of this step is to learn a DFA

"https://www.icaps-conference.org/competitions/

Algorithm 1: Heuristic HTN Methods learning
1 Initialization(M)

2 fori=1:|C|do

3 for c € C'do

4 | M'[c] < greedy(c, M, 1)
5 forcc Cdo
6

7

8

if |M'[c]| < |M[c]| then
‘ Mc] + M'[]
return M

approximating this language. More precisely, the DFA learn-
ing step is divided in 2 steps: (1) HierAMLSI learns a DFA
corresponding to the language L¢(P) which is defined by
the state transition system defined by the preconditions and
effects of the primitive tasks and (2) HierAMLSI adds tran-
sitions to represent compound tasks in the DFA to allow to
approximate the language L(P).

Step 1: Primitive task DFA Learning HierAMLSI starts
by using the DFA Learning algorithm proposed by (Grand,
Fiorino, and Pellier 2020b) to learn the DFA containing only
primitive tasks.

Step 2: Task DFA Induction Once the Primitive Task
DFA has been learned, HierAMLSI induces the Task DFA
by adding compound task transition in the DFA, i.e. by
adding transitions whose labels are compound task la-
bels. For instance, suppose we have the compound task
move2balls(by by r,) has been decomposed by primi-
tive tasks (move(r, rp), pick(by r rp), pick(by 1 1),
move(ry 14), drop(by r r4), drop(bs I 7,)) in node 0 and
reached the node 6. Then we add the following transitions
in the DFA v(move2balls(by by 1rp),0) — 6. Figure 2 gives
an example of Task DFA.

4.3 HTN Methods Learning

Once the Task DFA is induced HierAMLSI can directly ex-
tract HTN Methods from the Task DFA. However, it is pos-
sible that a large number of HTN Methods has been gener-
ated. For instance, let’s take the Task DFA in Figure 2. For
the compound task movelball(?b ?r) HierAMLSI can gen-
erate several methods:

o1 = (move(?r ?ry), pick(?b 7g ?r1), move(?ry 1), drop(?b 7g 1))
¢2 = (pick(?b?g Tr1), move(?ry Tr),drop(?b 7g 7))

¢3 = (goto(?r1), pick(?b 7g 7r1), move(?ry 7r),drop(?b 7g 1))

s =

(goto(?ry), pick(?b g ?ry), goto(?r),drop(?b g ?r))

Some of these decomposition are redundant. To facili-
tate proof reading we want a more compact description of
the HTN Methods. More precisely, we want minimizing the
set of methods allowing to decompose observed compound
tasks. Then, the HTN Methods learning problem can be re-
duce to a variant of the set cover problem (Karp 1972) which
is NP-Complete.

The Greedy algorithm (Jungnickel 1999) is a classical
way to approximate the solution in a polynomial time. At
each stage of the Greedy algorithm, HierAMLSI chooses



movelball(by r,)

goto(ry)

pick(by T 1)

movelball(by r,)

move(ry T4

move2balls(by by 14)

move2balls(by bs 14)

Figure 2: DFA learning steps The Primitive Task DFA is the DFA containing only Primitive Task, i.e. black transition, and the
Task DFA contains Compound Tasks, i.e. red transitions, in addition

movelball | | move2balls

Figure 3: Tasks dependencies for the IPC Gripper domain

the method that allows to decompose the largest number of
tasks.

The main drawback of this approach is that it does not
take into account the fact that there are dependencies be-
tween tasks. For instance, the optimal way to decompose
the compound task movelball(?b 7r) is ¢g = (goto(?ry),
pick(?b 7g ?ry), goto(?r), drop(?b 7g ?r)) (see Figure 3).
So the compound task movelball(?b ?r) depends of the
compound task goto(?r). So, as long as all methods for the
compound task goto(?r) have been generated, the Greedy
algorithm will always prioritize ¢; and ¢, to ¢4. Indeed,
the decomposition ¢4 can be added to the current solution
of the Greedy algorithm if and only if all methods for the
compound task goto(?r) have been added.

Heuristic Approach We propose a sound, complete and
polynomial Heuristic approach (see Algorithm 1) taking into
account dependencies between tasks. Figure 4 gives an ex-
ample for the Gripper domain.

HierAMLSI starts by initializing the set of HTN methods
using the decomposition ¢ observed during the observation
generation step (see Section 4.1). For each Compound Task

we have therefore a set of HTN Methods containing only
Primitive Tasks and no Compound Task dependencies. For
instance, for the Compound Task movelball(?b 7r) we have
the two following decomposition:

o1 = (pick(?b?g 7r1), move(?ry Tr),drop(?b g ?r))
p2 = (move(?rs Try)), pick(?b 7g Tr1), move(?ry ), drop(?b g 1))

Then, at each iteration AMLSI use the greedy algorithm to
compute a new set of HTN Methods with an additional Com-
pound Task dependency. Finally, if the new HTN Methods
set is smaller than the one learned in the previous iteration,
then it is retained. For instance, for the Gripper domain, sup-
pose we have the two following decomposition for the Com-
pound Task goto(?r):

¢1= ()

¢o = (move(?ry 1))

Then, the Greedy algorithm return only one decomposi-
tion for the Compound Task movelball(?b?r): (goto(?r1)),
pick(?h g ?ry), goto(?r), drop(?b 7g Ir)).

Lemma 1. The Heuristic approach is sound and complete.
The heuristic approach generates a set of HTN Methods
M able to decompose all observed compound tasks in the
dataset .

Proof. During the observation generation step (see Section
4.1), for each generated Compound Task ¢, we have its final
decomposition ¢. So at the initialization step of the Heuris-
tic approach, there at least one method able to decompose
each observed Task. The initialization is therefore sound and
complete. Moreover the following steps of the Heuristic ap-
proach generates methods decomposing as many tasks as
the previous steps, then the Heuristic approach is sound and
complete. O

Lemma 2. The Heuristic approach is polynomial.



(
(pzck(")l 291 7r1), pzck(")l ?g1 7r1), move(?ry 7r),drop(?by 7gy ?r),drop(?by 7g1 7))

(move(?r 7ry), pick(?by 7g1 7r1), pick(?by 7g1 Tr1), move(?ry 7r), drop(?by 7g1 ), drop(?by 7g1 1))
(

(

= (goto(?ry), pick(?by 7g1 7r1), pick(?by 7g1 Try), goto(?r), drop(?by 7g1 7r), drop(?by 7g1 1))

), drop(?b 7g ?r))}

(goto(?r1), pick(?by 7g1 Tr1), pick(?by Tg1 Tr1), goto(?r), drop(?hy 7g1 1), drop(?by 7gy 1))

goto(?r) : o1 = (), o2 = move(?ry r)
move2balls(?by Thy 1) 1 1 =

¢ =
movelball(?h ?r) : ¢1 = (pick(?b ?g 1), move(?ry 1), drop(?b 7g 7))

@2 = (move(?rs 7r1)), pick(?h 7g ?r1), move(?ry 7r), drop(?h 7g r))

(a) Step 0: Initialization with no compound task dependency
goto(?r) : (), p2 = move(?ry 7r)
move2balls(?by Tbg r) : qS
movelball(?b 7r) : o1 = (goto(?r1), pick(?b 7g 7r1), goto(?r
(b) Step 1: Induction with 1 compound task dependence

goto(?r) : &1 = (), p2 = move(?ry 7r)
move2balls(?by e 1) 1 Py =
movelball(?h ?r) : o1 = (goto(?r1), pick(?b ?g 1), goto(?r),drop(?h 7g 7))}

(c) Step n: Induction with n compound task dependence

Figure 4: HTN Methods learning example

Domain ]| # Primitive Task [ # Compound Task | # Methods [ # Predicates |

Blocksworld 4 4 8 5
Gripper 3 3 4 4
Zenotravel 4 2 5 7
Transport 3 4 6 5
Childsnack 6 1 2 12

Table 1: Benchmark domain characteristics. From left to
right, the number of Primitive Tasks, the number of Com-
pound Tasks, the number of Methods and the number of
Predicates for each IPC domain.

Proof. First of all, we have O(|I|)? nodes in the DFA.
Then, in the worst case, we have a possible HTN Method
for each node pair, then we have O(|I,|?) possible HTN
Methods in the DFA. Then, the complexity of the Greedy
algorithm is O(|I|?) in term of tested decomposition. Fi-
nally, according to the algorithm 1, the Greedy algorithm is
repeated |C|? times. Finally, the complexity of the Heuristic
approach is O(|C2.|L¢]?). O

S Exprimentation

The purpose of this evaluation is to evaluate the performance
of HierAMLSI though two variants: (1) we evaluate the
performance of HierAMLSI when only HTN Methods are
learned, i.e. the action model is known and (2) we evaluate
the performance of HierAMLSI when both HTN Methods
are learned and the action model is unknown. We use 4 ex-

perimental scenarios?:

1. Complete intermediate observations (100%) and no noise
(0%).

2. Complete intermediate observations (100%) and high
level of noise (20%).

2|1 | denote the number of primitive tasks in the positive sam-
ple

3Note that these are the experimental scenarios used to test
AMLSI on which HierAMLSI is built

3. Partial intermediate observations (25%) and no noise
(0%).

4. Partial intermediate observations (25%) and high level of
noise (20%).

5.1 Experimental Setup

Our experiments are based on 5 HDDL (Holler et al.
2020; Holler et al. 2019) domains (see Table 1) from the
IPC 2020 competition: Blocksworld, Childsnack, Transport,
Zenotravel and Gripper.

HierAMLSI learns HTN domains from one instance. To
avoid performances being biased by the initial state, Hier-
AMLSI is evaluated with different instances. Also, for each
instance, to avoid performances being biased by the gener-
ated observations, experiments are repeated five times. All
tests were performed on an Ubuntu 14.04 server with a
multi-core Intel Xeon CPU E5-2630 clocked at 2.30 GHz
with 16GB of memory. PDDLA]J library (Pellier and Fiorino
2018) was used to generate the benchmark data.

5.2 Evaluation Metrics

HierAMLSI is evaluated using the accuracy (Zhuo, Nguyen,
and Kambhampati 2013) that measures the learned domain
performance to solve new problems

Formally, the accuracy Acc = N* is the ratio between NN,
the number of correctly solved problems with the learned
domain, and N*, the total number of problems to solve. In
the rest of this section the accuracy is computed over 20
problems. The problems are solved with the TFD planner
(Pellier and Fiorino 2020) provided by the PDDLA4]J library.
Plan validation is done with VAL, the IPC competition vali-
dation tool (Howey and Long 2003).

5.3 Discussion

Table 5 shows the accuracy of HierAMLSI obtained on the 5
domains of our benchmarks when varying the training data



Blocksworld Gripper Zenotravel Transport Childsnack
100 T 100 T T T T T L 100 T L T T L 100 { L T & T T & 100 T T T & T T ®
80 B 80 B 80 B 80 |- B 80+ B
S eof 1 60| 1 £ eof 1 £ eof 1 £ eof R
2w} 1 10} 1 £ wf 1 £ wf 1 2 aof R
< < < <
20+ 1 20 1 20 1 20 |- 1 20+ 1
o L N R 0 R ol ol
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100200 300 400 500 600
Size Size Size Size Size
Complete observation and no noise
100 100 T T # 100 T T F T T # 100 T 7 T & T T B 100 —— T T &
ETJ
80 B 80 B 80 B 80 | B 80+ B
g 60 |- B 5 60 |- B 60 |- B § 60 |- B 5 60 B
g af 1 £ af 1 10} 1 £ wf 4 £ aof R
= = = Z
20 B 20 B 20 B 20 B 20 B
o L N L 0 L ol o R
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
Size Size Size Size Size
Partial observation and no noise
100 T 100 T T w 100 T T w T T »- 100 J w T & T T L 100 T & T T &
801 Bl 80 Bl 80 Bl 80 * B 80 B
g 60 |- B 5 60 |- B 60 |- B 60 |- B E 60 B
g a0 1 £ 1 10| 1 10| 1 £ wf R
= = 2
20 B 20 B 20 B 20 | B 20+ B
0 T 0 T 0 T T ol o T
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600 200 300 400 500 600
Size Size Size Size Size
Complete observation and high level of noise
100 100 100 T & T T & 100 T T = 100 T T T T T T T
80 B 80 B 80 B 80 |- B 80+ B
£ el 1 £ eof 1 60 1 £ eof 1 £ eof R
2w} 1 £ wf 1 10 1 £ wf 1 f aof R
< < < <
20+ B 20 B 20 B 20 |- B 20+ B
o L 0 L 0 L ol ol et
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100200 300 400 500 600 0 100200 300 400 500 600
Size Size Size Size

Size
Partial observation and high level of noise

‘+ Only HTN Methods

— Action Model + HTN Mcthods‘

Figure 5: Performance of HierAMLSI when the training data set size increases in number of tasks in terms of Accuracy.

set size. The size of the training set is indicated in number
of tasks.

First of all, we observe that when HierAMLSI learns only
the set of HTN Methods, learned domains are generally
optimal (Accuracy = 100%) with 600 tasks whatever the
experimental scenario. Also, 100 tasks are generally suffi-
cient to learn accurate domains (Accuracy > 50%). Then,
when HierAMLSI learns both action model and HTN Meth-
ods performances are similar when observations are noise-
less. However, when observations are noisy, performances
are downgraded for some domains: Blocksworld and Child-
snack when observations are complete and Blocksworld,
Transport and Childsnack when observations are partial.
This is due to the fact that there are learning error in the ac-
tion model learned. However, learned domains remain accu-
rate when there are at least 300 tasks in the training dataset.

To conclude, we have shown experimentally that Hier-
AMLSI learns accurate domains. More precisely, when the
action model is known, HierAMLSI generally learns opti-
mal domains. Also the performances are downgraded when
HierAMLSTI has to learn the action model in addition to the

set of HTN methods, but the learned domains remain accu-
rate. Performance degradation are due to the learning errors
in the action model.

6 Related Works

Many approaches have been proposed to learn HDDL do-
mains. These approaches can be classified according to the
input data of the learning process. The input data can be
plan “traces” obtained by resolving a set of planning prob-
lems, annoted plans (see Figure 6a), decomposition tree (see
Figure 6b) or random walks. The input data can contain in
addition to the tasks also states which can be fully observ-
able (FO) or partially observable (PO), or noisy. Also, these
approaches can be classified according to the output. The
output can be the action model, the set of HTN Methods
and HTN Methods preconditions. Table 2 summarises these
classifications.

A first group of approaches only learns the set of HTN
Methods. First of all, (Xiaoa et al. 2019) takes as input a
set of plan traces and HTN Methods and proposes an algo-
rithm to update incomplete HTN Methods by task insertions.



Algorithm Input ] ] Output —
Input Environment | Noise Level | Action Model | HTN Methods | HTN Methods Preconditions

(Xiaoa et al. 2019) Plans FO 0% .
HTN-Maker Plans FO 0% .
(Hogg, Kuter, and Munoz-Avila 2010) Plans FO 0% .
HTN-Maker NP Plans FO 0% .
(Cietal. 2014) Plans FO 0% .
(Garland and Lesh 2003) Annoted Plans PO 0% .
LHTNDT Annoted Plans FO 0% .

CAMEL Plans FO 0% . .

HDL Plans FO 0% . .

HTN-Learner Decomposition Trees PO 0% . . .

HierAMLSI Random Walks PO 20% . .

Table 2: State-of-the-art action model learning algorithms. From left to right: the kind of input data, the kind of environment:
Fully Observable or Partially Observable, the maximum level of noise in observations, the kind of output
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(b) A decomposition tree

Figure 6: Input examples

Then HTN-Maker (Hogg, Munoz-Avila, and Kuter 2008)

and HTN-MakerND (Hogg, Kuter, and Munoz-Avila 2009)
takes as input plan trace generated from STRIPS planner
and annoted task provided by a domain expert. Then, (Hogg,
Kuter, and Munoz-Avila 2010) proposed an algorithm based
on reinforcement learning. Then, (Li et al. 2014) proposed
an algorithm taking as input only plan traces. This algorithm
builds, from plan traces, a context free grammar (CFG) al-
lowing to regenerate all plans. Then, methods are gener-
ated using CFG: one method for each production rule in the
CFG. Then (Garland and Lesh 2003) and (Nargesian and
Ghassem-Sani 2008) proposed to learn HTN Methods from
annoted plan. Annoted plan are plan segmented with the dif-
ferent tasks solved. Figure 6a gives an example of annoted
plan. However, obtaining these annotated examples is diffi-
cult and needs a lot of human effort.

A second group of approach learns HTN Methods pre-
conditions. First of all, the CAMEL algorithm (Ilghami
et al. 2002) learns HTN Methods and their the precondi-
tions of HTN Methods from observations of plan traces,
using the version space algorithm. An annoted task is an
triplet (n, Pre, Ef f) where n is a task, Pre is a set of
proposition known as the preconditions and E f f is a set of
atoms known as the effects. These approach use annoted task
to build incrementally HTN Methods with preconditions.
Then, the HDL algorithm (Ilghami, Nau, and Mufioz-Avila

2006) takes as input plan traces. For each decomposition in
plan traces, HDL checks if there exist a method responsible
of this decomposition. If not, HDL creates a new method and
initializes a new version space to capture its preconditions.
Preconditions are learned in the same way as in the CAMEL
algorithm.

Only HTN-Learner proposes to learn Action Model and
HTN Methods from decomposition trees. A decomposi-
tion tree is a tree corresponding to the decomposition of a
method. Figure 6b gives an example of decomposition tree.

7 Conclusion

In this paper we have presented HierAMLSI, a novel algo-
rithm to learn HDDL domains. HierAMLSI is built on the
AMLSTI approach. HierAMLSI is composed of four steps.
The first step consists, as AMLSI, in building two train-
ing sets of feasible and infeasible action sequences. In the
second step, HierAMLSI induces a DFA. The third step is
the generation of the HTN Methods, and the last step learns
HTN Methods preconditions and the action model. Our ex-
perimental results show that HierAMLSI is able to learn ac-
curately both action models and HTN Methods from partial
and noisy datasets.

Future works will focus on extending HierAMLSI in or-
der to learn more expressive action model.
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