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Abstract

The manual specification of planning domains is a notori-
ously time-consuming and error-prone process that requires
extensive knowledge of the environment. Several approaches
have been proposed for learning planning domains from exe-
cution traces, i.e., sequences of state observations obtained by
executing actions, dealing with different assumptions about
the observability of states and actions. However, most of the
approaches either assume the planning domains to be speci-
fied using a predefined set of predicates, or do not consider
traces with subsymbolic state observations (e.g., RGB im-
ages). In this paper, we propose an approach for learning
planning domains from fully observable traces where state
observations are grid-based RGB images. The proposed ap-
proach invents symbolic predicates that are grounded to the
trace subsymbolic observations, and learns a symbolic transi-
tion model defined on the state space induced by the invented
predicates. We experiment with the proposed approach in
planning domains provided in previous International Plan-
ning Competitions, adopting an RGB grid-based representa-
tion of states. We experimentally show the effectiveness of
the proposed approach by planning with the learned domains
to achieve goals in previously unseen environments.

1 Introduction
Automated planning techniques are powerful tools for
decision-making agents that needs to accomplish long-
horizon tasks in complex environments (Ghallab, Nau, and
Traverso 2004). These techniques assume a model of the dy-
namics of an agent environment is available a priori. Such
models are typically handcrafted by humans, which requires
domain experts. Moreover, manually specifying planning
domain models is an error-prone and time-consuming pro-
cess. Indeed, when specifying a model of an environment
dynamics, there is the necessity of describing how the envi-
ronment state evolves when an agent executes actions, ab-
stracting away details of the environment state that are ir-
relevant for the achievement of an agent’s goals. To over-
come the limitations of manually specifying planning do-
mains, several approaches have been proposed for learn-
ing planning domains from a given set of execution traces,
which are subsequent observations of environment states ob-
tained while executing a sequence of actions. The proposed
approaches focus on different assumptions about the ob-
servability of the environment states and executed actions.

For example, some approaches learn the set of precondi-
tions and effects of planning operators in fully observable
(Mordoch et al. 2024), partially observable (Aineto, Celor-
rio, and Onaindia 2019), or noisy environments (Lamanna
and Serafini 2024). Most of the proposed approaches as-
sume the observed environment states to be represented by
means of a known set of domain predicates. Interestingly, re-
cent approaches do not assume the domain predicates to be
known beforehand (Asai and Muise 2020; Gösgens, Jansen,
and Geffner 2025), and some approaches (Asai et al. 2022)
learn planning domains from state observations consisting
of RGB images, possibly without any knowledge about the
executed actions. While the problem of learning planning
domains has been widely recognized to be a compelling
challenge, see, e.g. (Callanan et al. 2022) for a literature
review, current approaches still suffer from several draw-
backs. Firstly, they mostly focus on learning from symbolic
observations of environment states, whereas, in real-world
environments, agents typically perceive their environments
through low-level sensors that provide subsymbolic obser-
vations of the environment states. Interestingly, some ap-
proaches learn planning domains from subsymbolic obser-
vations (see, e.g., (Xi, Gould, and Thiébaux 2024)). How-
ever, current approaches for learning planning domains from
subsymbolic observations either assume the predicates set
to be given or do not learn a planning domain that can be
used for planning in unseen environments. Moreover, no ap-
proach is able to invent symbolic predicates while learning
a mapping from predicates and subsymbolic observations.

In this paper, we propose an approach, namely Subsym-
bolic Learning of Action Models (S-LAM), that aims to over-
come the abovementioned limitations. We focus on offline
learning planning domains from execution traces obtained
by observing an agent acting in the environment, where state
observations are RGB images. We assume the observations
are object-centric, i.e., they represent a set of objects with as-
sociated bounding boxes. This assumption is reasonable as
there exist pretrained object detectors (e.g., (Kirillov et al.
2023)) that recognize objects and their bounding boxes in
perceptions of real-world, open-ended environments. The
main contributions of this work are as follows:

1. We propose an approach named S-LAM for offline learn-
ing planning domains from subsymbolic, object-centric
observations, without assuming the domain predicates to



be known a priori, and learning symbolic predicates that
are grounded to subsymbolic observations.

2. We provide an algorithm implementation for S-LAM,
where the learned planning domains are specified as rela-
tional Markov Decision Processes (MDPs), and planning
is performed using a Monte Carlo tree search based algo-
rithm (Silver and Veness 2010).

3. We evaluate S-LAM on four variants of previous IPC
planning domains with grid-based state images, and ex-
perimentally evaluate the planning effectiveness with the
domains learned by S-LAM, showing they are effective
to solve planning problems in unseen environments, and
highlighting their limitations in complex problems.

We discuss related approaches for offline learning plan-
ning domains in Section 2. Preliminary notions and assump-
tions are stated in Section 3, whereas a detailed explanation
of S-LAM is reported in Section 4. In Section 5, we describe
the considered grid-based variants of 4 IPC domains, and
evaluate the planning performance with the domains learned
by S-LAM. Finally, Section 6 discusses limitations and out-
lines directions for future research.

2 Related Work
Most of the approaches for learning planning domains have
been focused on offline learning, assuming an input set of
execution traces, where each trace is a sequence of states
obtained by executing subsequent actions.

A large amount of work considered learning planning
domains in fully observable environments (Stern and Juba
2017; Mordoch, Juba, and Stern 2023; Mordoch et al. 2024;
Aineto and Scala 2024), or partially observable environ-
ments (Wu, Yang, and Jiang 2007; Aineto, Celorrio, and On-
aindia 2019; Le, Juba, and Stern 2024; Lamanna et al. 2025).

Few approaches learn from traces with noisy states, i.e.,
where the observed truth-value of a literal in a state may dif-
fer from its actual truth-value in such a state. ALICE (Mourão
et al. 2012) deal with both noisy and partially observable
states, ALICE trains a set of classifiers for predicting the
action effects, and then extracts an action model from the
classifiers in the form of a set of logical rules. Similar as-
sumptions hold for PlanMiner (Segura-Muros, Pérez, and
Fernández-Olivares 2018), which applies a set of inductive
logic rules based on a dataset of transitions for every opera-
tor. (Lamanna and Serafini 2024) considers noisy and fully
observable states, and employs a probabilistic approach that,
for every domain operator and atom, estimates the probabil-
ity the atom being a precondition effect conditioned by the
observations in the input traces.

All the abovementioned work assumes that the observed
states are represented by means of a set of domain symbolic
predicates known beforehand. In contrast, S-LAM does not
make such an assumption. A recent work (Gösgens, Jansen,
and Geffner 2025) learns action models from traces with
fully unobserved states and fully observable actions, without
assuming the set of domain predicates to be known a priori.
With respect to (Gösgens, Jansen, and Geffner 2025), S-LAM
considers execution traces with state subsymbolic observa-
tions, and invents predicates that are grounded to such sub-

symbolic observations, learning to map the observations into
the symbolic space induced by the learned predicates, and
viceversa.

The work by (Asai 2019; Asai et al. 2022) proposed
LatPlan, an approach for learning domain models from sub-
symbolic perceptions (i.e., RGB images). LatPlan proposed
a neuro-symbolic neural network architecture, which, based
on Variational Auto Encoders (Pu et al. 2016), learns a la-
tent binary representation of the state corresponding to a
given image. LatPlan learns both an encoder that maps im-
ages into symbolic states and a decoder that maps symbolic
states into images. The learned encoder and decoder allow
LatPlan to ground the invented symbols into subsymbolic
perceptions, as in S-LAM. However, LatPlan learns symbolic
state representations that are propositional, and the encoder
and decoder networks are not shown to generalize to envi-
ronments different from the ones from which (possibly a
large amount of) training data is obtained. As in LatPlan,
S-LAM learns both a mapping from subsymbolic observa-
tions to the invented predicates, and viceversa. Differently
from LatPlan, S-LAM invents predicates that are lifted – a
predicate is grounded to observations of possibly different
objects. Consequently, the learned domains can be used for
planning in unseen environments where objects provide ob-
servations similar to the ones in the execution traces. More-
over, S-LAM does not require a large amount of data to
learn from, as it can, in principle, learn from a few obser-
vations of state images before and after executing an ac-
tion. (Xi, Gould, and Thiébaux 2024) proposed ROSAME,
a neuro-symbolic approach for learning planning domains
from RGB images. ROSAME overcomes some limitations
of LatPlan, such as, e.g., learning to encode (resp. decode)
RGB images into (resp. from) symbolic predicates that are
lifted. However, ROSAME requires the set of symbolic pred-
icates to be known beforehand, and the first and last RGB
images of each execution trace to be labeled with the truth-
values of such predicates; S-LAM does not require the set of
predicates to be given, and is a fully unsupervised approach
for which no observation needs to be labeled.

The work by (Konidaris, Kaelbling, and Lozano-Pérez
2018) learns probabilistic planning domains (expressed in
PPDDL, (Younes and Littman 2004)) from execution traces
with subsymbolic observations. Interestingly, as S-LAM, the
approach in (Konidaris, Kaelbling, and Lozano-Pérez 2018)
invents symbolic predicates based on the subsymbolic ob-
servations. However, the considered observations are based
on simple hand-crafted state features (e.g., x and y agent
position), and the learned domains are grounded, prevent-
ing from planning in environments different from the ones
from which the execution traces are produced. On the oppo-
site, S-LAM learns from complex subsymbolic observations
such as RGB images, and the invented symbolic predicates
are lifted, which allows the learned domain to be reused in
different environments.

3 Preliminaries
Let C be a set of constants identifying objects, and P a set
of predicates, where every pi ∈ P is associated with arity



α ∈ N; a predicate with arity α is denoted by p(α), and the
set of predicates with arity α by P(α) ⊆ P . Unary pred-
icates (α = 1) describe object properties, and predicates
with arity α > 1 describe object relations. For example,
in the blocksworld domain, the unary predicate ONTABLE
applied to an object block0, i.e., ONTABLE(block0), indi-
cates that the block0 is on the table. We denote by P(C)
the set of ground atoms obtained by instantiating all pred-
icates in P with constants in C. For example, when C =
{block0,block1} and P = {ONTABLE}, then P(C) =
{ONTABLE(block0),ONTABLE(block1)}.

A discrete and deterministic planning domain D is a tu-
ple ⟨A,S, δ⟩ where A is a set of discrete actions, S is
a set of discrete states, and δ : S × A → S is a de-
terministic transition function such that δ(s, a) is the state
s′ reached after executing action a in state s. An action
a ∈ A is defined by an action schema ⟨parama, prea, effa⟩
where parama is the sequence of action parameters, prea
the set of preconditions, and effa the set of effects; addi-
tionally, effa = eff+a ∪ eff−a , with the set eff+a of positive
effects and eff−a of negative effects. The preconditions must
hold in a state for the action to be executable, and the ef-
fects describes how the state evolves after executing the ac-
tion. For example, in the blocksworld domain, the action
PUTDOWN(block0) can be executed in a state s ∈ S where
the agent holds block0, i.e., prea ={HOLDING(block0)};
the negative effect is that the agent no longer holds the
block, i.e., eff−a = {HOLDING(block0))}; the positive ef-
fects are that the block is on the table (ONTABLE(block0)),
the block is clear (CLEAR(block0)), and the agent hand is
empty (HANDEMPTY()).

An action a ∈ A is grounded when parama is a se-
quence of constants in C, and lifted when parama is a se-
quence of variables that can be instantiated with a sequence
of constants in C; similarly for the preconditions and effects.
Throughout the paper, for an action a where parama is a se-
quence of constants, we say that the constants are involved
in the action. A grounded action a ∈ A is executable in a
state s ∈ S if s |= prea, and the state s′ ∈ S reached af-
ter executing a in s is s′ = s \ eff−a ∪ eff+a . A plan π is a
sequence of ground actions, and an execution trace is a se-
quence ⟨s0, a1, s1, a2, . . . , an, sn⟩ obtained by executing a
plan π = ⟨a1, a2, . . . , an⟩ from the state s0.

A planning problem is a tuple ⟨D, s0,G⟩ where D is a
planning domain, s0 ∈ S is an initial state, and G ⊆ S
is a subset of goal states that can be specified by a first-
order logic formula g such that sg |= g for every sg ∈ G.
A solution to a planning problem ⟨D, s0,G⟩ is a plan π =
⟨a0, . . . , an⟩ such that executing π from s0 leads to sn ∈ G.

The above definitions model deterministic and discrete
planning domains. A widely adopted formalism to model
possibly stochastic planning domains are MDPs.
Definition 1 (Markov Decision Process) A Markov Deci-
sion Process (MDP) M is a tuple ⟨Ŝ, Â, T ,R, γ⟩ composed
by a set Ŝ of states, a set Â of actions, a probabilistic transi-
tion function T : Ŝ ×Â×Ŝ → [0, 1], and a reward function
R : Ŝ × Â × Ŝ → R+.
For every s, s′ ∈ Ŝ and a ∈ Â, the transition function

T (s, a, s′) expresses the probability Pr(s′|s, a) of reach-
ing s′ by executing a in s, and

∑
s′∈Ŝ T (s, a, s′) = 1. The

reward function R returns the reward R(s, a, s′) obtained
when reaching s′ after executing a in s; γ ∈ [0, 1] is com-
monly referred to as discount factor.

A Relational MDP (RMDP) (van Otterlo 2012) is an
MDP defined over a relational state space Ŝ induced by a
set of predicates P and constants C; the state space of an
RMDP is the set Ŝ = 2P(C) of truth assignments to the
ground atoms in P(C).

Problem and Assumptions

We consider the problem of offline learning planning do-
mains from a set of execution traces obtained by observing
an agent acting in a fully observable environment. We do not
assume the states of the execution traces to be specified in
terms of predicates and constants, but rather deal with the
problem of learning from subsymbolic states.

In this work, we consider execution traces where states
are RGB images, and we assume an agent is capable to rec-
ognize the bounding boxes of the state objects observed in
the image. This assumption is reasonable in open-ended and
fully observable environments, as an agent perceives its en-
vironment through sensors (e.g., an RGB camera) and there
exist open-ended, pretrained object detectors capable of pro-
viding bounding boxes given RGB observations of environ-
ments unknown a priori (see, e.g., (Kirillov et al. 2023)).

We assume the preconditions of an action depend only
on the state of the objects involved in the action (which
is a common assumption when specifying action precondi-
tions in PDDL). We also assume that a lifted action pro-
duces the same observable effects regardless of the objects
involved in the action. For example, in blocksworld, con-
sider a state with a red and a blue block on a table, then
executing a PICKUP action would produce the observation
of either a blue or a red block being held, depending on the
picked block. For the abovementioned assumption to hold,
the PICKUP action is differentiated into PICKUP-RED and
PICKUP-BLUE, as picking up blocks of different colors pro-
duces different observed effects. Without the above assump-
tion, the same action can have observed effects that are con-
ditioned on the state of the involved objects, i.e., conditional
effects. It is worth noting that, an action with conditional ef-
fects can be automatically compiled into a set of classical
planning actions, one for every conditional effect (Gerevini,
Percassi, and Scala 2024); the automated compilation of ac-
tions with conditional effects is left as future work.

Finally, we assume objects with similar observations ex-
hibit similar behaviours, thus enabling the action precondi-
tions and effects learned by observing an object to be gen-
eralized to different objects with similar observations. For
example, in the blocksworld domain, after the preconditions
and effects of the action PICKUP-RED(block0) have been
learned from the observation of block0, the preconditions
and effects can be generalized to pickup any red block.
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Figure 1: A state image in the Sokoban domain, where an
agent is at position pos11, and can either push the box right
from pos12 to pos13 or move left to pos10. The x and y axes
are the reference system of the object bounding boxes.

(a) (b) (c) (d) (e)

Figure 2: Observations of some object pairs in the Sokoban
domain. In (a) and (c), the agent is below and above a wall,
respectively; in (b) the agent is to the left of a box, whereas
in (d), it is to the right of a traversable position.

4 Method
We describe the proposed solution approach by adopting a
running example based on the Sokoban IPC domain (Fern,
Khardon, and Tadepalli 2011).

Example 1 (Sokoban) An agent can move between adja-
cent positions of a grid-based environment, where every po-
sition is either traversable, or occupied by a wall (i.e., non-
traversable) or a box. The set of actions executable by the
agent consists of moving up/down/left/right between adja-
cent positions, and pushing the box up/down/left/right from
a position to an adjacent traversable one, when the agent
position is adjacent to the box position.

An example of subsymbolic state (i.e., RGB image) for
the Sokoban domain is shown in Figure 1. The bounding box
of an object is defined by a tuple ⟨x1, y1, x2, y2⟩ of pixel co-
ordinates in the state image, with ⟨x1, y1⟩ and ⟨x2, y2⟩ being
the top-left and bottom-right corners of the bounding box,
respectively. Since the agent can recognize object bounding
boxes, it can extract from every state the RGB images of all
n-tuple of objects. We refer to the image of an n-tuple of ob-
jects as observation, and denote by X the set of observations
of all n-tuple of objects. For example, the observation of an
object pair can be obtained by cropping a state RGB image
with the minimum/maximum x and y coordinates of the ob-
ject bounding boxes in the image. Figure 2 shows examples
of observations of object pairs in the Sokoban domain.

Observations of preconditions and effects. Due to as-
sumptions in Section 3, when the agent executes an action,
the action preconditions can be observed just from a por-
tion of the state image, i.e., from the observations of the ob-
jects involved in the action. For example, in the Sokoban do-
main, let posij denote the grid position at coordinates (i, j),

the action MOVE-LEFT(pos11, pos10) is applicable in a state
where the agent is in pos11, pos10 is adjacent to pos11, and
pos10 is not occupied by a wall or a box; such preconditions
are shown in Figure 2d. The same preconditions must hold
for any action MOVE-LEFT(posij , posi′j′ ) with i, j ̸= i′, j′,
in environments where the observations of the agent and
traversable positions are similar to the ones in Figure 1.

Similarly, the action effects can be observed from a por-
tion of the state image. For example, after executing the ac-
tion MOVE-LEFT(pos11, pos10), the observations of the ob-
ject pairs in Figure 2d is no longer observed, and the obser-
vation in Figure 2e is observed. However, the action MOVE-
LEFT(pos11, pos10) causes the agent to get further from the
box placed at position pos12 (i.e., the observation in Figure
2b is no longer observed after executing the action), despite
pos12 is not explicitly mentioned in the action parameters.

A typical assumption when specifying action effects in
PDDL is that they can affect only the objects involved in the
action. In this work, we drop such an assumption, and learn
planning domains where the effects of an action can affect
objects not explicitly involved in the action.

The proposed solution approach builds upon the above
considerations on observations of preconditions and effects.

Subsymbolic Learning of Planning Domains
We propose an approach, named S-LAM, for learning an
RMDP given a set of execution traces with subsymbolic
state images and symbolic actions. S-LAM invents symbolic
predicates from the observed n-tuple of objects in the trace
states; it learns to map the invented predicates into ob-
ject subsymbolic observations, and vice versa. Afterward,
S-LAM learns an RMDP whose transition function is defined
over the symbolic state space induced by the invented pred-
icates, and the action space is inferred from the actions exe-
cuted in the traces. We first describe how the symbolic predi-
cates are invented, and how they are grounded to object sub-
symbolic observations. Then, we detail how an RMDP can
be learned based on the invented predicates and traces.

Symbolic predicates invention Firstly, S-LAM extracts
from the state RGB images in the input traces the set X̂ ⊆ X
of observations of n-tuple of objects, with n ∈ {1, 2}. We
denote the observation x ∈ X of an n-tuple of objects
⟨c1, . . . , cn⟩ in C by x⟨c1,...,cn⟩; for the sake of presentation,
we refer to x⟨c⟩ as xc.

The set X̂ of object observations is then discretized into
a set K of clusters by means of a discretization function
fk : X → K. For every x ∈ X̂ , fk(x) returns the clus-
ter to which x belongs1. S-LAM learns fk by applying an
unsupervised clustering algorithm to the observations in X̂ .
More precisely, for every n in {1, 2}, S-LAM differentiates
the subset X̂ (n) of observations of n-tuple of objects in X̂ ,
i.e., X̂ = X̂ (1) ∪ X̂ (2) and X̂ (1) ∩ X̂ (2) = ∅. Consequently,
the set of clusters is K = K(1) ∪ K(2), where a cluster in
K(n) is denoted by k

(n)
i ; similarly, fk can be factorized into

1In this work, we consider discretization functions that are de-
terministic.



RGB states

. . .

X̂ k
(1)
0

k
(2)
0

k
(1)
1

. . .

k
(1)
2

. . .

p
(1)
0 (c) ⇐⇒ f

(1)
k (xc) = k

(1)
0

p
(1)
1 (c) ⇐⇒ f

(1)
k (xc) = k

(1)
1

p
(2)
0 (c, c′) ⇐⇒ f

(2)
k (x⟨c,c′⟩) = k

(2)
0

fk
Predicates
invention

Figure 3: Symbolic predicates invented by S-LAM when learning from Sokoban state images. The set X̂ of object observations
extracted from the state images is discretized into a set of clusters, and a symbolic predicate is invented for every cluster.

⟨f (1)
k , f

(2)
k ⟩, where f

(n)
k : X̂ (n) → K(n). For example, in

the Sokoban domain, f (1)
k maps the set X̂ (1) of single object

images (e.g., images of a player, or a box) into a set K(1) of
clusters.

For every cluster k
(n)
i ∈ K(n), S-LAM invents a pred-

icate p
(n)
i with arity n, such that p

(n)
i (c1, . . . , cn) is true

iff fk(x⟨c1,...,cn⟩) = k
(n)
i . We denote the n-ary predicate

classifier function by ρ(n) : K(n) → P(n), and ρ =
⟨ρ(1), . . . , ρ(n)⟩; S-LAM considers ρ(n) as a bijective map-
ping between clusters in K(n) and n-ary predicates in P(n).
For example, in Figure 3, the cluster k

(1)
0 is produced by

the discretization of X̂ (1), and the associated predicate p
(1)
0

is invented, i.e., ρ(1) maps k(1)0 into p
(1)
0 , and viceversa; for

an object c ∈ C, p(1)0 (c) is true in a state s if the image
xc extracted from s belongs to k

(1)
0 . For example, in Fig-

ure 3, p(1)0 (c) represents the fact that c is a box; similarly,
p
(2)
0 (c, c′) indicates that player c′ (or c) is to the right of a

traversable position c (or c′).
The learned set of predicates P and discretization func-

tion fk allow to map a state RGB image into a symbolic rep-
resentation by means of an encoding function enc : X →
2P(C), composed as enc = (ρ ◦ fk), which is applied on the
set X̂ of object observations extracted from the state image.

Similarly, for every n-tuple of objects in Ĉ ⊆ C, S-LAM
learns to map symbolic states from 2P(Ĉ) into object ob-
servations in X (n) by means of a decoding function dec :

2P(C) → X . For example, when Ĉ = {c}, the decoding
function firstly maps a true predicate p

(1)
i (c) into its cor-

responding cluster k(1)i , and then sample from k
(1)
i an ob-

servation xc ∈ X (1). Notice that, S-LAM assume predi-
cates in P(n) to be mutually exclusive, i.e., if p

(n)
i (c) is

true in a state, then p
(n)
j (c) is false in the state, for every

p
(n)
j ∈ P(n), p

(n)
j ̸= p

(n)
i .

Learning an RMDP. S-LAM learns an RMDP M =
⟨S,A, T ,R, γ⟩ from a set of traces, where S = 2P(C) is the
state space induced by the invented set of predicates P , and

constants C in the traces; A is a discrete and symbolic action
space inferred from the actions observed in the traces, where
every action is assumed to be applicable to any object (i.e.,
the objects share the same type); R and γ are defined later
when describing how to plan with the learned RMDP; T is
the transition function derived as detailed in the following.

S-LAM learns M in two stages: firstly, it maps the trace
subsymbolic states into relational ones, from which it learns
lifted action schemas. Secondly, it derives T by combin-
ing the previously learned encoding/decoding functions and
lifted action schemas.

To learn the action schemas, S-LAM extracts from each
state image the set of object observations X̂ , and derives
the relational state s = enc(X̂ ) associated with the image
(which is represented in terms of the previously invented
set of predicates P). With the resulting traces, S-LAM can
take advantage of an off-the-shelf Action Model Learning
(AML) approach for learning lifted action schemas from
symbolic traces with noisy states; see, e.g., (Mourão et al.
2012; Segura-Muros, Pérez, and Fernández-Olivares 2018;
Lamanna and Serafini 2024). An example of the abovemen-
tioned procedure is represented in Figure 4, for an execution
trace composed of a single transition in the Sokoban domain.

Notice that, the learned action schemas cannot be directly
used for solving planning problems. Consider the schema
learned in Figure 4 for the lifted action MOVE-RIGHT(v1,
v2). After executing MOVE-RIGHT(pos10, pos11) in the
transition in Figure 4, the ground atom p

(2)
1 (pos01, pos11)

becomes false, and p
(2)
2 (pos01, pos11) becomes true; this is

the case when, e.g., p(2)2 is associated with the cluster con-
taining images as the one in Figure 2a. However, the ob-
ject pos01 is not involved in the action MOVE-RIGHT(pos10,
pos11); therefore, such an effect cannot be modelled in the
PDDL specification of the action schema shown in Figure 4.
A possible solution might be modifying the action parame-
ters to include all objects that can possibly be affected by the
action effects. In this work, we adopt an alternative approach
by representing the planning domain as an RMDP, which al-
lows to express the previously described effects in the tran-
sition function. To this aim, we assume that the properties of
the objects not involved in an action do not change after exe-
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Figure 4: Example of learning lifted preconditions and effects from a single transition of action MOVE-RIGHT in the Sokoban
domain. S-LAM extracts the set of images X̂ and X̂ ′ from the state before and after executing the action, respectively. After-
wards, it maps the object observations into symbolic representations by means of the encoding function enc; finally, it learns
the lifted action schema of MOVE-RIGHT by applying an off-the-shelf AML approach.

cuting the action, while we admit the situation where the re-
lations between such objects and the action objects change.
For example, in Figure 4, we admit the relation between the
player and a wall changes after moving right (even though
the wall object is not explicitly involved in the action), while
we assume the properties of the walls do not change.

To describe how the transition function T is modelled, we
refer to the example in Figure 5. We aim to predict the rela-
tional state s′ ∈ S reached after executing an action a ∈ A
in s ∈ S, given the state image before executing the action.
S-LAM extracts from the state image the set of object obser-
vations X̂ , and encode the observations into the relational
state s = enc(X̂ ). Next, it predicts the state of the set Ĉ ⊆ C
of objects involved in the action, i.e. the truth values of the
atoms in P(Ĉ), by means of the (previously learned) schema
of a. Next, the predicted state in 2P(Ĉ) is decoded using the
decoding function dec, and the decoded object observations
are composed with the previous state image to derive the
next state image. This is achieved by replacing the obser-
vation of every object c ∈ Ĉ in the previous state image
with the observation obtained by decoding the true ground
atom p

(1)
i (c) ∈ P(1)(Ĉ) for some i. While more sophisti-

cated generative models (e.g., (Zhang et al. 2024)) could be
applied for generating the next state image, in our experi-
ments this method was effective enough to model the tran-
sition function in the experimented environments. Finally,
the next state s′ is obtained by encoding the objects obser-
vations in the next state image by means of enc. Figure 5
shows an example of prediction of the next state s′ for the
same transition considered in Figure 4 in the Sokoban do-
main, where we omitted the final decoding step to derive s′

from the object observations in the predicted state image.

Planning with the Learned RMDP
To plan with the learned RMDPs, we adopt the Upper Con-
fidence bounds for Trees (UCT), a Monte-Carlo Tree Search
based online planning algorithm (Silver and Veness 2010).
The set of goal states of a planning problem is provided to

the agent in terms of goal state (RGB) images. Given a num-
ber g of goal images, where X̂i is the set of object observa-
tions derived from the i-th goal image, the set G ⊆ S of goal
states in the agent RMDP is G = {enc(X̂i)}gi=1.

For every RMDP state s ∈ S, the distance dist(s,G) be-
tween s and G is heuristically estimated by considering the
minimum set Cg ⊆ C of objects involved by ground atoms
that are true in a state sg ∈ G but not in s. For the objects in
Cg , dist(s,G) sums the pairwise distances of the bounding
box centroids in the images of sg and s. With the set G of
goal states, the reward function for every triple ⟨s, a, s′⟩ ∈
S×A×S is defined as R(s, a, s′) = −dist(s′, G)−|Cg|∗λ,
where λ ∈ R.

5 Experiments
We experimented with S-LAM in 4 IPC domain variants:
Sokoban, Visitall, Floortile, and a simplified version of
Sokoban, referred to as Gridnav. In all considered do-
mains, an agent navigates between adjacent locations in
a grid-based environment, where some locations are not
traversable. The Sokoban domain is described in Example 1,
whereas Gridnav is a simplification of Sokoban where there
are no boxes, and the agent’s goal is to navigate to a goal
position. In the Visitall domain, an agent is required to visit
a set of goal locations. In Floortile, there are (possibly) mul-
tiple agents, each equipped with a color that is either white
or black, and the agents are tasked to paint some goal lo-
cations, where every location is no longer traversable after
being painted. For every domain, we implemented a simula-
tor with grid-based RGB images of the environment states,
an example image for every domain is reported in Figure 6.

As execution traces for learning the RMDPs of ev-
ery domain, we adopted the set of 10 traces provided in
(Stern et al. 2025). The traces have an average number
of 25.4 actions for domains Gridnav and Sokoban, 7.9 for
Visitall, and 34.9 for Floortile, and have been generated in
grids of sizes ranging from 3× 3 to 10× 10. We mod-
ified both the domains and the trace actions to respect
the assumptions described in Section 3. For example, in
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Figure 5: Prediction of the state s′ reached after executing an action a in a state s in the RMDP learned by S-LAM.
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Figure 6: Example of state RGB images for the IPC domain
variants adopted in the experiments

Sokoban, the parameter direction is removed from the IPC
domain action MOVE(posx, posy, direction) by compiling
the action into 4 actions: MOVE-LEFT(posx, posy ), MOVE-
RIGHT(posx, posy ), MOVE-UP(posx, posy ), and MOVE-
DOWN(posx, posy ); similarly, we modified the actions in
Sokoban traces2.

We investigate the planning efficacy of the RMDPs
learned by S-LAM by planning in 10 test problems provided
by (Stern et al. 2025) to evaluate domain model learning ap-
proaches. It is worth noting that the test problems are differ-
ent from the ones from which the traces were generated. The
problems correspond to environments with grid sizes rang-
ing from 5×5 to 10×103. For every problem, we run UCT
with the RMDPs learned by S-LAM for a maximum num-
ber of 100 steps, we call each of these run an episode. An
episode ends if a goal state is reached, or the maximum num-
ber of execution steps is executed. To specify the set of goal
states in the learned RMDPs, S-LAM is provided with the
set of goal images, which are encoded into the RMDP goal
states by means of the encoding function enc. Since the set
of goal states can be large in complex problems (e.g., thou-
sands of images), we randomly sampled a maximum number
of 300 goal images for each problem.

Experimental setting. To cluster the object observations
extracted from state images, we used the Birch algorithm
(Zhang, Ramakrishnan, and Livny 1997), which does not re-
quire an input number of clusters. Since the number of object

2The PDDL domains and traces are provided in the supplemen-
tary material.

3For further details on the problems and traces, we refer to
(Stern et al. 2025)

pairs can become very large in problems with a high number
of objects, S-LAM considers only the pair of objects whose
centroid distance is lower than a given threshold (set to 50
in our experiments).

To learn the lifted action schemas from noisy symbolic
traces, we adopted the approach proposed in (Lamanna and
Serafini 2024), with a noise rate set to 0.05. For online plan-
ning with the UCT algorithm, the tree search depth is set to
20 and 200 actions are simulated at each planning step, with
an exploration constant equal to 102. For the reward func-
tion, λ = 102 and γ = 0.95. All experiments were run on
an Apple M1 Pro CPU with 16 GB of RAM.

Evaluation metrics. We evaluate the planning efficacy
with the learned RMDPs by means of standard evaluation
metrics adopted in Embodied AI (Anderson et al. 2018).
The Success Rate (SR) is a binary value equal to 1 when the
episode succeeds, i.e., if the agent is in a goal state when the
episode ends. The Distance To Success (DTS) is the length
of the optimal plan for achieving the goal from the state at
the end of the episode, where DTS > 0 only when SR = 0.
The Success weighted by Path Length (SPL) measures the
optimality of the plan π executed by the agent w.r.t. the op-
timal plan π⋆, i.e., SPL = SR |π⋆|

max(|π|,|π⋆|) .
In our experimental analysis, we evaluate a more fine-

grained variant of the SR, which measures the goal achieve-
ment regardless of the agent being in a goal state at the end
of an episode. The goal achievement G ∈ [0, 1] is the max-
imum ratio of ground atoms that are true in both a goal and
agent state at the end of an episode. Formally, for a given set
G ⊆ S of goal states and state s ∈ S, the goal achievement
in s is G = max

sg∈G
(1− |sg\s|

|sg| ), where |sg \ s| denotes the size

of ground atoms that are true in sg and false in s.

Experimental results We compare the performance
achieved by planning with the RMDPs learned by S-LAM
with two baselines: an agent that executes random actions,
referred to as Random, and an agent named Greedy that ex-
ecutes actions maximising the next state reward, and ran-
domly breaking ties. In Figure 7, we report the cumulative
average of G and SPL over all episodes.

The average G achieved by S-LAM is higher than com-



Figure 7: Goal achievement and SPL achieved by S-LAM, Random, and Greedy in every IPC variant domain. The metric values
are the cumulative average over the number of episodes.

pared baselines in all episodes but one in the Visitall do-
main, while the SPL is consistently higher for S-LAM than
compared baselines in all domains but Floortile. In Gridnav,
S-LAM solves all problems by producing near-optimal plans
(i.e., average SPL > 0.85). The Random and Greedy base-
lines achieve competitive values of G in Gridnav, indicat-
ing that the problems are not difficult to solve. Notably,
neither Random nor Greedy is able to solve any problem
in Sokoban, where S-LAM outperforms both baselines in
terms of G and SPL by a large margin; similarly for the
goal achievement in Floortile. However, in Floortile, the SPL
equals 0 for all approaches, as no approach achieves G = 1
in any problem, indicating that, in our experiments, the plan-
ning problems are more complex for Floortile than for other
domains. The average DTS achieved by S-LAM in Gridnav
and Visitall is 0 and 11.1, respectively; for Random (resp.
Greedy), the DTS equals 1.8 (resp. 3) in Gridnav, and 14.7
(resp. 16.1) in Visitall. We do not report the DTS for Sokoban
and Floortile, as these domains have non reversible actions,
which make the problem infeasible in some episodes, and
thus prevent from evaluating the DTS.

Overall, the performance achieved by Greedy is better
than or comparable with Random, indicating that the re-
ward function can provide effective guidance. Interestingly,
the performance gap between S-LAM and Greedy provides
empirical evidence of the effectiveness of planning with
the learned RMDPs. Learning the RMDPs using S-LAM re-
quired 20.26 CPU time seconds on average for all domains.
The CPU time seconds required at each step by UCT for
planning with the learned RMDPs are 0.65 for Gridnav, 0.91
for Visitall, 1.19 for Sokoban, and 37.73 for Floortile. We be-
lieve such a large time for Floortile is due to the high number
of (22) lifted actions in the domain variant. Due to Floortile
complexity, the experiments in the two most complex prob-
lems ran out of memory and are not included in Figure 7.

The failures of S-LAM are either due to the reward sig-
nal not being sufficiently effective, which is likely to be the
case in large grids, or to the agent executing non reversible
actions that make the problem infeasible. For example, in

Sokoban 40% of the failures are due to non reversible ac-
tions and 60% to the reward signal inefficacy. To mitigate the
reward effectiveness, a possible approach can be increasing
the depth of the search tree used by UCT, and the number
of simulated actions, at the cost of increasing the CPU time
required for planning.

6 Conclusions and Future Work
This paper considers the problem of offline learning plan-
ning domains from execution traces with subsymbolic ob-
servations of states (i.e., RGB images), and symbolic ac-
tions. The proposed approach (S-LAM) does not assume the
set of domain predicates to be given as input, and invents
symbolic predicates that are grounded to the observed ef-
fects in the traces. The learned planning domains are mod-
eled as lifted RMDPs defined over the state space induced
by the learned predicates.

While S-LAM provides advances over state-of-the-art ap-
proaches that learn planning domains from subsymbolic ob-
servations, it has some limitations given by the adopted
assumptions. Firstly, the considered environments are de-
terministic and fully observable, though in principle, the
learned RMDPs allow for modeling probabilistic transitions.
Secondly, different trace actions are assumed to produce dif-
ferent observable effects, while in real-world environments,
the observed effects of an action (e.g., picking up a block)
may depend on the state of the objects involved in the action
(e.g., the color of the picked block). A possible solution can
be compiling each conditional observed effect into a differ-
ent action, similarly to (Gerevini, Percassi, and Scala 2024).
Finally, the experimented domains provide grid-based RGB
images, and the observed objects are grid cells with fixed po-
sitions, which does not require to consider object tracking,
and make the prediction of future state images easier during
planning. More complex RGB observations could be con-
sidered by adopting more sophisticated object tracking and
generative models. Lifting the above assumptions is part of
future work.
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