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Abstract

Automated planning addresses reasoning about agents’ ac-
tions. It is a model-based approach requiring a formal model
of actions and their interaction with the environment. The
model is frequently expressed in a formal language such
as PDDL (Planning Domain Definition Language), and the
models are usually designed by human experts who are ex-
perienced in both automated planning technology and the
problem domain. This requirement is a significant bottle-
neck for the practical application of automated planning (and
other model-based approaches), hence it is often referred to
as a knowledge acquisition gap. In this paper, we propose a
pipeline that bridges this gap for automated planning, pre-
senting the individual steps within the context of existing and
future research.

Introduction
Classical symbolic Artificial Intelligence (AI) is often based
on an explicit formal model that abstracts the problem to
be solved. Having such a model brings several advantages.
First, it formally separates the “nasty” real world from the
solving techniques. The model encodes the proper infor-
mation needed for problem solving (abstraction), and re-
searchers can focus on improving (the efficiency of) the
solving techniques independently of the real world. Hav-
ing an explicit, human-understandable model also provides
a basis for explaining solutions, which contributes to the
trustworthiness of AI systems. Finally, artificial agents, such
as robots, require precise instructions on what to do, par-
ticularly in high-stakes areas where their behaviour must
be trustworthy, reliable, and verifiable. Subsymbolic ap-
proaches cannot plan and reason to the required quality. For-
mal reasoners can do that, but they require the formal model.

On the other hand, the formal model is a bottleneck for
symbolic problem-solving, as solvers cannot operate with-
out a (good) model. Creating and maintaining models is a
tedious task, frequently performed by experienced humans
who are proficient in both the solving technique and the
problem domain. This gap between the real world and ab-
stract solving techniques is often referred to as a knowledge
acquisition gap. Its existence has contributed to the develop-
ment of machine learning techniques (ML) that can automat-
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ically construct formal models. In fact, ML can learn directly
the mapping from the problem (even non-abstracted) to a
solution, eliminating the need for an explicit formal model
and a solver for it, so-called model-free approaches. Recent
successes of sub-symbolic neural network techniques in ar-
eas traditionally complex for symbolic approaches, such as
natural language processing and computer vision, support
the idea that model-free approaches can solve any problem
without substantial human assistance or an explicit model. It
seems that (a lot of) data substituted knowledge (expressed
through the formal model). We argue that this is not the
case; having explicit models remains helpful and necessary
for handling complex situations, particularly in high-stakes
areas.

Automated planning is a traditional model-based ap-
proach to reasoning about the agent’s future actions. The ex-
plicit symbolic model describes, in a human-readable form,
how actions modify the world. Significant progress has been
made in recent years in improving the efficiency of auto-
mated planners. This progress can be attributed, at least in
part, to the formalization of a method for describing the
problem domain formally. This model is very general, cap-
turing “physics-only” properties of the world, that is, how
actions interact with the environment. There exist methods
that provide planners with additional information to improve
their efficiency, such as hierarchical task networks or control
rules; however, these methods further exacerbate the knowl-
edge gap. These hints are therefore kept separate from the
core domain model, which further challenges the developers
of automated planners. Note also that large language mod-
els, the recent horsepower of AI, cannot compete with au-
tomated planners (Valmeekam, Stechly, and Kambhampati
2024), which advocates the power of formal models.

However, having (many) planning problems formulated
in these formal models, typically designed for international
planning competitions (McDermott 2000; Long and Fox
2003; Vallati et al. 2015), suppressed the research commu-
nity’s interest in how to obtain such formal models, thereby
negatively affecting the practical applicability of automated
planning. Like any approach based on formal models, the
use of human modelers restricts the scalability of the tech-
nology, and there is a need for automated modeling. Re-
cent years have shown an increasing number of publications
on automated modeling of planning domains (see below).



However, these approaches are usually standalone or single-
step, in which a complete domain model is obtained from
input data under various assumptions about the input con-
tent (Arora et al. 2018).

In this paper, we propose a pipeline that spans from raw
data to a formal planning model and beyond. The holy grail
is that the agent observes the environment and automatically
builds a model of the environment and its own capabilities
for modifying it, together with knowledge on how to use
these models efficiently when reasoning about future actions
(i.e., planning). The primary motivation for this paper is to
identify and separate the steps required in the knowledge ac-
quisition process, discuss relevant approaches from the liter-
ature, as well as to identify gaps and open research prob-
lems. Having such a pipeline explicitly places existing tech-
niques within the domain model acquisition process. It inte-
grates them to create a modular system, allowing researchers
to improve individual components separately while main-
taining the overall vision of the process.

Preliminaries
Numerous formal models of planning problems exist, which
are best reflected in various versions and variants of the
Planning Domain Definition Language (PDDL). This lan-
guage (Ghallab et al. 1998) has been developed for Interna-
tional Planning Competitions (McDermott 2000), and stan-
dardization had a very positive effect on the development of
planning technology. For the purposes of this paper, specif-
ically to understand the steps of the proposed pipeline, we
focus on the core concepts of the planning domain model,
which originated in the STRIPS formalism (Fikes and Nils-
son 1971) and are captured in PDDL 1.2.

The properties of the world are described with a set of
propositions p, relations over entities (objects) of the world.
For example, proposition (at R1) describes that an agent
is in a room R1 (we use the LISP syntax that is com-
mon in PDDL). Objects may have a type, for example, R1
is of type room, and there may be an entire hierarchy of
types and their subtypes, for example, room is a subtype
of a more general type location. A world state is mod-
eled as a set of propositions that represent what is true at
a given moment. The action is then modeled as a four-tuple:
(pre+(a), pre−(a), eff+(a), eff−(a)). The sets eff+(a),
eff−(a) represent effects describing how an action changes
the world, what propositions become true (a positive effect)
and false (a negative effect) in the state right after execut-
ing the action. The state after the action is obtained by re-
moving negative effects and adding positive effects to the
current state: (s\eff−(a))∪eff+(a). This approach natu-
rally solves the frame problem (McCarthy and Hayes 1969).
The sets pre+(a), pre−(a) represent the preconditions of
an action which must be true (or false) in the state preceding
the action to allow the execution of the action (pre+(a) ⊂ s,
pre−(a)∩ s = ∅). Actions basically describe how the agent
modifies the world. They are obtained by substituting object
names into attributes (parameters) of planning operators that
can be seen as templates for actions. The operator attributes
may be of a certain type (the variable ?to must be of type
room).

(:action move
:parameters (?from - room ?to - room)
:precondition ((at ?from))
:effect (and (at ?to)

(not (at ?from))))

To specify a particular planning problem, one needs to
describe an initial state, which also specifies all the entities
in the world, and a goal condition that specifies the desired
properties of the world. The task for the planner is to find an
executable sequence of actions (executable means that the
precondition of each action is satisfied in the state preced-
ing it), modifying the world from its initial state to a state
satisfying the goal condition.

The above model describes the core planning task that
will be reflected in the knowledge acquisition pipeline pro-
posed in the next section. Numerous model extensions to
cover numerical fluents, explicit time (durative actions),
probabilistic effects, rewards, and so on can be naturally
added to the suggested pipeline.

Knowledge Acquisition Pipeline for Planning
Due to a focus on physics-only models, the problem mod-
elling does not have the same tradition in automated plan-
ning as in related areas such as constraint programming
(CP). While in CP and similar areas, the model plays a
crucial role in efficient problem solving, and hence good
modeling practices are important there; the role of prob-
lem modeling, with some exceptions (Barták and Vodrázka
2016), has not been the primary focus of the planning
community. Although Knowledge Engineering in Planning
and Scheduling (KEPS) has not attracted as much atten-
tion as the development of planning solvers, some impor-
tant works merit mention. Tools such as GIPO (Simpson,
Kitchin, and McCluskey 2007), ItSimple (Vaquero et al.
2013) or planning.domains provide a useful assistance
in human-driven domain modelling. Shah et al. (2013) stud-
ied how the use of modelling tools (ItSimple, in that case)
affects the KEPS process in a Traffic Incident Management
domain. An important step of the process is a conceptualisa-
tion of the (real-world) requirements into a formal descrip-
tion of the model, from which the PDDL model is then re-
fined (by hand or with a tool). McCluskey, Vaquero, and Val-
lati (2017) introduce and elaborate on properties that a good
quality domain model should have. Although those proper-
ties are mostly qualitative, they provide an important mea-
sure for human modellers. A recent work elaborates on the
KEPS process in a real-world application concerning traffic
signal control (Bhatnagar et al. 2022). It is also good to men-
tion that recent editions of the International Competition on
KEPS were focused on domain modeling with requirements
distilled from real/realistic scenarios (Chrpa et al. 2017).

In a nutshell, the major modeling decision concerns the
set of propositions describing the properties of world states
and actions. Once this decision is made, the action model is
straightforward. On the other hand, it helps keep knowledge
of how the world evolves through actions and how good
plans should look (and can be obtained) clearly separated,



hence making it easier to manage. We will reflect this in the
proposed knowledge acquisition pipeline.

Automated acquisition of planning domain models is not
a new topic (Yang, Wu, and Jiang 2007), (Amir and Chang
2008). However, the vast majority of research focuses on
a single, monolithic step that leads directly from raw data
to a formal model (in PDDL). Frequently, the raw data al-
ready define the propositions modeling world states, and
the traces of states determine the actions (Callanan et al.
2022). In this paper, we propose smaller steps, following the
knowledge engineering process but focusing on a fully au-
tomated pipeline rather than a human modeler. These steps
are motivated by components of a planning domain model,
so it is not only about learning an action model but also
about identifying appropriate propositions that model world
states (including relevant entities/objects in the state). More-
over, the efficiency of planning and the agent’s autonomy
are also assumed. Splitting the pipeline allows us to use the
best technology for each step, and we hope it will help the
research community bridge the knowledge acquisition gap
more quickly.

From Raw to Symbolic
As the symbolic planning model is based on entities rep-
resented by constants (for example, R1 modeling a partic-
ular room), the first obvious step in domain modeling is
to identify (and name) these entities in real-world states.
This step is often neglected in the planning community, as
it is assumed that the object-type hierarchy (objects, their
types, and subtypes) is already provided. However, when
approaching a new problem area, the modeler must decide
which types of objects to include in the model. Hence, we
explicitly include object extraction and type classification as
the first step in the proposed pipeline.

While the formal model determines the output of this step
– it is the object-type hierarchy – the input may vary sig-
nificantly. The input could be a visual observation of the
scene, i.e., a set of images or videos, a textual description
of the domain, a stream of sensory data, knowledge of a hu-
man expert, or a combination of more types of input. Each
type of input significantly influences the extraction method
ranging from image recognition, natural language process-
ing, and planning expert involvement. It is, however, crucial,
in this step, to determine the appropriate level of abstraction
as the identified types of objects are important in the follow-
ing steps of the pipeline. We refer to this step as “from raw to
symbolic” to emphasize the role of symbol extraction from
raw data. A possible output of this stage in terms of PDDL
can be seen in Figure 1 (a type hierarchy for the Logistics
domain).

We should now highlight that, even though we present the
pipeline as a linear sequence of smaller steps, later steps may
influence the decisions of earlier steps. For example, the ac-
tion model constructed later in the pipeline naturally influ-
ences which entities in the scene are relevant to the domain
model. In this first step, a natural approach is to identify as
many entities as possible and to filter out irrelevant entities
(or to group entities to abstract them) later in the pipeline.

An example of a work with text as an input is work

(:types
package location vehicle - object
truck airplane - vehicle
city airport - location)

(:objects
package1 - package
package2 - package
airplane1 - airplane
airplane2 - airplane
bos - city
la - city
bos-truck - truck
la-truck - truck
bos-po - location
la-po - location
bos-central - location
la-central - location
bos-airport - (either airport location)
la-airport - (either airport location))

Figure 1: Type hierarchy for the logistics domain

by Yang, Wu, and Yue (2025), which learns Prolog facts.
Krafczyk, El-Sharkawy, and Schmid (2018) proposed an ap-
proach to transform conditions with integer variables into
propositional formulas. Other approaches focus on trans-
lating continuous information into symbolic representation
(Konidaris, Kaelbling, and Lozano-Perez 2014; Nevens,
Van Eecke, and Beuls 2020; Konidaris, Kaelbling, and
Lozano-Perez 2018).

From Symbolic to Structural
Planning domain models use propositions to describe rela-
tions among objects; the world state is then modelled using
propositions that are true at that state, and actions modify the
validity of some propositions. Again, many domain-learning
approaches assume a given state model, but in practice, the
modeler must decide which properties of the environment
to capture. Hence, we explicitly include this step, which we
refer to as the “from symbolic to structural” step, to high-
light the role of relations. The output of this (and also pre-
vious) step is a formal model of world states appropriate for
planning. Note that automated planning is usually assumed
to use factored representation of states (Russell and Norvig
2020), but this is the case of grounded models. In contrast,
the lifted models with variables are closer to the structured
representation.

Again, other steps in the pipeline influence this step. One
can extract some relations directly from a static scene, such
as the relative locations of objects. However, for other rela-
tions, one may need to observe the evolution of a property
in time. Typically, relations whose validity changes in time,
so-called fluents, are important for the later definition of ac-
tions. However, some properties, which are not changing in
time, might also be important to define preconditions of ac-
tions (so-called rigid predicates). An example could be the
neighborhood relation between two locations x and y that
allows the agent to move directly from x to y. This relation
between locations does not change over time, so it may be
hard to recognize its importance for the action model (ac-



tions describe changes in the environment). However, if this
relation is not included in the model, the agent may plan
to teleport to any location. Rigid predicates make learning
of action models more complicated (Cresswell, McCluskey,
and West 2013a).

The situation is even more complicated, as the action
model may require relations (predicates) derived from other
(primal) relations. In the well-known Blockworld problem,
where the agent is moving blocks to build towers, the pri-
mal relations could be relative locations of blocks, e.g.,
on(A,B) indicating that block A lies on block B. The ac-
tion to pick up the block x requires x to be clear, that is,
to be free of any other block. This property is usually mod-
eled using relation clear(x), which is actually derived from
the primal relations: clear(x) ≡ ∄y : on(y, x). These de-
rived relations might be even more important for learning
control knowledge (see below), for example, the relations
goodtower and badtower used in the Blockworld domain
(Chrpa et al. 2022). goodtower(x) means that the tower be-
low the block x does not need to be touched (deconstructed)
to achieve the goal so the agent should not pickup block x in
the plan as the pickup(x) action is not necessary to achieve
the goal (even though the action might be applicable in a
given state). This relation is actually defined across the states
as it requires information about relations valid in the goal
state. Figure 2 explains the above predicates.

A
B

C

D

A

B

C
table table

clear(A)

on(A,B)

on(B,C)
ontable(C)

goodtower(B)

goodtower(C)

badtower(D)

badtower(A)

Current state Goal state

Figure 2: Two states from the Blockworld problem with
relevant entities (A, B, C, D, table) and propositions (on,
ontable, clear, goodtower, badtower).

The open question is how to find out which relation-
s/propositions are important for domain modeling. Similarly
to the first step, one may generate as many propositions as
possible and later filter out those not relevant to the action
model (derived predicates may be added later as needed by
other steps). A possible output of this stage in PDDL may
look like this (predicates from the Blockworld domain with-
out types):

(:predicates (clear ?x)
(on-table ?x)
(arm-empty)
(holding ?x)
(on ?x ?y))

An example of an automatic technique in this area is pred-
icate invention, which can create new predicates to structure
a domain. The current work using this technique is covered
in a survey by Kramer and Bessiere (2020).

From Structural to Temporal
Given a model of world states, the next step is to describe
the evolution of world states through actions to construct
the action model. We focus primarily on actions rather than
modeling state transitions outside the agent’s control. Ac-
tions describe how the agent changes the environment; in
classical planning, an action changes the state’s properties,
so one needs to identify the state before and after the action
to see the difference. This itself is an interesting problem
of identifying the key frames in a flow of states. See Fig-
ure 3 for the example of several frames/real states captured
with some frequency when playing the sliding-tile puzzle.
Only the first and last frames are important for describing
the abstract action of moving tile 4, and the question is how
to distinguish these key frames. This example again demon-
strates the dependence between the pipeline steps. If the pre-
vious step uses an abstraction of tile locations to only 9 grid
positions rather than exact (x, y) coordinates, then decid-
ing the key frames for action-model learning is easier. The
keyframes are those where the validity of any predicate is
modified, which are only the first and last frames in Figure 3.

4
1 2

6 7
5
3

8

4
1 2

6 7
5
3

8
4

1 2

6 7
5
3

8

4
1 2

6 7
5
3

8

Figure 3: Four real states captured from the sliding-tile puz-
zle with only the first and last states being relevant to define
the move action.

The output of this stage in PDDL is a complete action
model, that is, describing actions, or more precisely planning
operators with preconditions and effects.

This stage of formulating/learning an action model is
where the majority of research in the automated planning
domain model acquisition falls (Arregui, Celorrio, and de la
Rosa Turbides 2010). The output of learning methods is typ-
ically a comprehensive domain model (in PDDL), and the
methods differ in their assumptions about the input to learn
from. We refer to this step as “from structural to temporal”
to emphasize the temporal aspect. Note that temporal rela-
tions between actions could be more complex than simple
effect-precondition (causal) relations. This is an example of
a planning operator from the Blockworld domain:

(:action unstack
:parameters (?ob ?underob)
:precondition (and (on ?ob ?underob)

(clear ?ob)
(arm-empty))

:effect (and (holding ?ob)
(clear ?underob)
(not (on ?ob ?underob))
(not (clear ?ob)
(not (arm-empty))))

Many techniques for learning planning domain models
have been proposed: SAM (Juba, Le, and Stern 2021),



COND-SAM (Mordoch et al. 2024), LOCM (Cresswell,
McCluskey, and West 2013b), POLOCM (Liu and Haslum
2025), NOLAM (Lamanna and Serafini 2024), ARMS
(Yang, Wu, and Jiang 2007), SLAF (Amir and Chang 2008),
FAMA (Aineto Garcı́a 2022), OfflAM (Lamanna et al.
2025), OLAM (Lamanna et al. 2021), and L1 (Balyo et al.
2024), to name a few. Learning a PDDL domain model usu-
ally means learning action preconditions and effects from
plan traces. Plan traces are sequences of actions with param-
eters combined with some state information. The state in-
formation can range from complete information about each
state in between the actions (SAM (Juba, Le, and Stern
2021), COND-SAM (Mordoch et al. 2024)) to no informa-
tion about the states at all (including no initial state and no
goal state information) (LOCM (Cresswell, McCluskey, and
West 2013b), POLOCM (Liu and Haslum 2025)). Some al-
gorithms may assume that given information could be in-
correct (NOLAM (Lamanna and Serafini 2024)) or that it
is only partially observed (SLAF (Amir and Chang 2008),
ARMS (Yang, Wu, and Jiang 2007), FAMA (Aineto, Celor-
rio, and Onaindia 2019), OffLAM (Lamanna et al. 2025)).
The L1 (Balyo et al. 2024) algorithm requires complete state
information, but besides learning preconditions and effects,
it also learns the parameters of actions. There is an algorithm
that handles online learning by alternating between learning
and exploration phases (OLAM (Lamanna et al. 2021)).

Latplan (Asai et al. 2022), and its extension R-Latplan
(Barbin, Cerutti, and Gerevini 2024) learn a PDDL action
model with a unique form of input – an unlabeled set of im-
age pairs that shows a transition from one image to the next,
where each image describes a state. It also receives infor-
mation about actions that the agent may make. The authors
have also created a planner that takes an image pair of an ini-
tial state and a goal state and creates a visualized plan. Note
that the first and last picture in Figure 3 could be an example
of an input for Latplan. The output would be some represen-
tation of an action slide: slide(4,middle-left,middle-middle),
that represents sliding the number 4 from the middle-left
position to the middle-middle position. The ROSAME (Xi,
Gould, and Thiébaux 2024) algorithm learns preconditions
and effects from probabilistic plan traces. The authors have
also combined it with a deep learning computer vision model
and learn action models from visual plan traces.

One might ask why the slide action would have three pa-
rameters, could it not be represented with two (the number
and the final destination): slide(4, middle-middle)? This sim-
ply depends on the input. As mentioned before, most of the
algorithms above take planning traces as an input (which
contain action description - name and parameters). But an
interesting area for future work for algorithms that would
not take any action information as input could be a discus-
sion of what represents a good action. Which of the two slide
actions is better?

Just because a model is generated does not mean it is nec-
essarily correct. Several potential errors can occur in such
a model. We can split them into two main groups: syn-
tax errors and semantic errors. Syntax errors are, for exam-
ple, inconsistent parameter use, undefined entities (like non-
existent predicates), duplicated definitions, or duplicated/-

cyclic ordering (Sleath and Bercher 2023). Semantic errors
may be an action, whose preconditions could never be sat-
isfied, redundant effects, immutable predicate (a predicate
that never occurs in action effects so it remains the same
through any plan and therefore is redundant) and comple-
mentary effects – an action has a positive and negative ef-
fect of the same predicate (though some planners can handle
this by giving a positive effect priority) (Sleath and Bercher
2023). Sleath and Bercher (2023) evaluated existing PDDL
and HTN parsers and tested how well they can handle do-
mains with these flaws. This method can be used to test
whether an AI-generated model is free of these flaws. Os-
wald et al. (2024) evaluated LLM’s (large language model’s)
ability to create PDDL. Aside from syntax and semantic er-
rors, they also compared the generated model to the original
human-created model. Once the models are evaluated, the
results can be used to correct the models (Lin et al. 2025) or
to improve them (Smirnov et al. 2024).

Another way to evaluate a model is to examine its pre-
dictive ability or problem-solving ability (Stern et al. 2025).
This can be done if an environment can be created with an
agent. The agent’s actions are considered the plan traces.
The predictive ability then checks the applicability of ac-
tions. So one can compare whether the action in the learned
model can be applied in the same states as in the environ-
ment. Similarly, one can compare the effects of an action.
The problem-solving metrics then focus on the solvability.
For example, one may calculate a false plan ratio, which is
the fraction of some set of plans that represents the plans
that the learned model solved but cannot be solved by the
agent in the environment (Stern et al. 2025). The arguments
for comparing the learned model to the environment instead
of some human-made reference model are such that it is not
certain that the reference model correctly describes the envi-
ronment. Also, there might be multiple domain models that
both accurately represent the environment but are different
syntactically. How would one determine which of these is
the best model and therefore which model should be com-
pared with the learned model (Stern et al. 2025)?

From Temporal to Efficient
As mentioned in the introduction, pure planning domain
models focus solely on modeling the physics of the world,
specifically how actions modify the state of the world. How-
ever, to improve the efficiency of planning and also to make
plans more predictable (which is important when artificial
agents operate in a human-inhabited environment), there ex-
ist various extensions of a pure model, for example, hierar-
chical task networks grouping actions into meaningful tasks,
or control rules restricting the sequences of actions beyond
causal relations. As these extensions typically operate on top
of the action model, we refer to this step as “from temporal
to efficient.”

The goal of this stage is to enhance the action model with
extra information describing good plans. This information is
again obtained from state/action traces and may focus on ex-
tra conditions for action applicability (control knowledge) or
typical action sequences (macro-actions, higher-level tasks).
For example, in the Blockworld domain, if the block is al-
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Figure 4: Schematic description of pipeline for automated knowledge acquisition in automated planning.

ready properly placed, we should not unstack it, as such an
action is not needed in any plan leading to a given goal
(recall that the property of being properly placed also de-
pends on the goal state). This knowledge can be expressed
directly in the action model by adding an extra precondition
badtower(x) to the action unstack(x, underx). However,
a more common approach is to keep this information sep-
arate, for example, as control rules (Minton and Carbonell
1987), to maintain the flexibility of the action model for dif-
ferent goals.

Similarly, hierarchical task networks (Erol, Hendler, and
Nau 1996) capture typical sequences of actions and give
them a name of the task. Then, when the agent performs that
task, it can decompose it directly into the action sequence
rather than generating it from scratch. This is an example
of the task decomposition method in HDDL (Höller et al.
2020) for the task of delivering a package to some location:

(:method m_deliver_ordering_0
:parameters (?l1 - location

?l2 - location
?p - package
?v - vehicle)

:task (deliver ?p ?l2)
:subtasks (and

(task0 (get_to ?v ?l1))
(task1 (load ?v ?l1 ?p))
(task2 (get_to ?v ?l2))
(task3 (unload ?v ?l2 ?p)))

:ordering (and
(< task0 task1)
(< task1 task2)
(< task2 task3)))

The performance of classical planning can be improved
by leveraging domain control knowledge. Multiple ap-
proaches have been proposed to extract domain knowledge
automatically (Fern, Yoon, and Givan 2004; Fuentetaja and
Borrajo 2006; Yoon, Fern, and Givan 2008; Segovia Aguas,
Jimenez Celorrio, and Jonsson 2016). Other approaches fo-
cus on learning hierarchical control knowledge, such as
learning recursive control programs (Langley et al. 2006),

teleoreactive logic programs (Nejati, Langley, and Konik
2006), or hierarchical task networks (HTN) – either directly
from PDDL (Lotinac and Jonsson 2016), from learning ex-
amples of successful task decompositions (Li et al. 2024), or
from extended information about decomposable tasks (Hogg
2011; Hogg, Muñoz-Avila, and Kuter 2016; Li et al. 2022).
Some approaches extend HTN decomposition models by ad-
ditional derived information to further increase planning per-
formance (Olz 2024).

From Behaviour to Autonomy

When the formal model of agent behavior is given, the final
question is initiating the planning process, that is, to prompt
the agent to act. The classical planning problem is defined
by the initial state, which can be obtained from the results
of steps 1 and 2 of the proposed pipeline (i.e., objects and
their relations in the world state), and by the goal condition.
The goal condition and how to obtain and formulate it are
the topics of this last step of the pipeline.

An owner of the agent can specify the goal condition, but
a research problem is how to communicate it to the agent
while assuming the learned model of behaviour. More com-
plex goal conditions (not just a desired property of the world
state) can be formulated using task networks in the context
of HTN. Currently, there exist approaches that propose tech-
niques for decomposing the given planning goal into sub-
problems, thereby improving the agent’s planning efficiency
in its environment (Núñez-Molina, Fernández-Olivares, and
Pérez 2022; Drexler, Seipp, and Geffner 2022, 2023).

An even more interesting and challenging problem is
when the agent itself defines its own goals, sometimes re-
ferred to as agentic AI. Automated planning employs a goal-
based approach to agent design; however, a utility-based
agent, as used, for example, in Markov Decision Processes
and Reinforcement Learning, provides a more general con-
cept of agentic AI. The question is whether and how to trans-
form rewards and utility into goals, which are more efficient
for planning. Finally, the open problem is determining the
utility of the agent that allows the agent to behave desirably
(and what that behavior should be).



Beyond the Linear Pipeline
In the previous section, we proposed a modular pipeline for
obtaining formal planning models from raw data. We in-
tentionally presented the steps separately, though in prac-
tice they influence each other, and it might be more effi-
cient to combine them into higher-level blocks. We already
mentioned several backward influences: later steps, such as
learning an action model, influence earlier steps, such as the
choice of predicates that model world-state properties.

Let us now discuss some proposed and existing pipelines
that span several, and even all, steps of the proposed
pipeline. A great example might be the work by Mokhtari,
Lopes, and Pinho (2016). They create a learning system that
allows users to verbally instruct a robot to perform complex
tasks, such as serving a guest coffee. The robot has predeter-
mined actions it knows how to perform, such as moving and
picking up objects, and it learns an activity schema, which
is a goal-directed task model (Mokhtari, Lopes, and Pinho
2016).

Fine-Morris et al. (2025) suggest a different type of
pipeline, where input in natural language (description of a
goal) and symbolic input (definition of actions in PDDL)
are combined to generate HTN domain models. Another ap-
proach of Fine-Morris et al. (2022) represents another type
of pipeline, where translation from a numeric representation
to a purely logical representation is skipped, and hierarchical
decompositions are learnt for domains with numeric effects
and subgoals.

Smirnov et al. (2024) created a pipeline that uses LLMs
to learn a domain and generate a plan. It takes as input a
natural-language description of an initial state and a goal
state. Then it uses LLMs to generate a more detailed prob-
lem description. Then it generates a domain model (note that
this model is not in PDDL but in JSON with a PDDL-like
structure, which is later transformed into PDDL). Then it
performs a variety of reachability checks and consistency
checks to improve the domain. Then they use a Fastdown-
ward planner (Helmert 2006) to solve the problem. The main
drawback is that the pipeline does not guarantee the seman-
tic correctness of the plan (i.e., that all necessary actions are
included). This has to be checked by a human before the plan
can be regenerated.

Note, finally, that the pipeline is not meant to be a one-
way process. Though most learning techniques use batch
processing, where data to learn from is provided as input
and a model is learnt from it, in practice, a more desirable
approach is never-ending learning (Mitchell et al. 2015),
where the agent continually improves the model using new
data. Therefore, we would rather talk about model correc-
tion than model learning. The output of each step is actually
available for that step, and the task is updating it based on
new data. The pipeline is ready for that because, as we men-
tioned, each step might be influenced by future steps. All
steps run in parallel, and data from previous and future steps
feed them. For example, the step identifying predicates in
world states may get a new state (or a new entity discov-
ered in the state), a set of existing predicates, and a partial
action model, and based on that information, it may gener-
ate new predicates (or may remove some predicates that are

found irrelevant). Designing techniques that work incremen-
tally would further increase the applicability of the proposed
pipeline in the design of autonomous agents. There are al-
ready approaches for correction planning models (Bercher,
Sreedharan, and Vallati 2025).

Conclusions
The knowledge acquisition gap is one of the most signif-
icant limitations of model-based AI techniques, as it re-
stricts the technology’s practical applicability. This gap is
even more pronounced in automated planning, where little
effort has been devoted to proper modeling techniques and to
the knowledge engineering aspects of planning. Despite the
growing number of techniques for learning action models,
they remain limited in usability due to various assumptions
and fail to cover all aspects of the knowledge acquisition
process.

In the paper, we proposed a complete pipeline (Figure 4)
that specifically addresses the problems appearing prior to
learning action models, namely, obtaining the object-type
hierarchy and learning relationships describing properties of
world states that are important for planning, and after having
an action model, namely, learning control structures to im-
prove the efficiency of planning, and formulating goals for
agents. In particular, these post-action-model stages are still
in their infancy, with limited research results.

We intentionally used the STRIPS model as the core mod-
eling approach to highlight the core components of the plan-
ning domain models and to explain the motivation for indi-
vidual steps in the proposed pipeline. These steps are sug-
gested as independent modules with a straightforward inter-
face between them, and the pipeline is described as a simpli-
fied linear process. However, the practical implementation
may require tighter integration and bidirectional communi-
cation, with later steps influencing decisions made earlier.

To justify the proposed steps, we conducted an extensive
literature survey that demonstrates progress in each step.
Obviously, the reference techniques were not designed with
the proposed pipeline in mind, so they may not entirely fit
into a specific step, as they typically span multiple steps or
cover only part of a step. Nevertheless, we are not aware
of any approach that covers the entire knowledge acquisi-
tion pipeline. We are not there yet, but the knowledge gap is
narrowing, and we believe the proposed pipeline gives some
structure to narrow it further.
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Hogg, C.; Muñoz-Avila, H.; and Kuter, U. 2016. Learning hierar-
chical task models from input traces. Computational Intelligence,
32(1): 3–48.
Hogg, C. M. 2011. Learning Hierarchical Task Networks From
Traces and Semantically Annotated Tasks. Ph.D. thesis, Lehigh
University.
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