Towards Learning Lifted Action Models from Unsupervised Visual Traces

Kai Xi', Stephen Gould', Sylvie Thiébaux' 2

'School of Computing, The Australian National University
2LLAAS-CNRS, Université de Toulouse

oliver.xi@anu.edu.au, stephen.gould @anu.edu.au, sylvie.thiebaux @anu.edu.au

Abstract

Efficient construction of models capturing the preconditions
and effects of actions is essential for applying Al planning in
real-world domains. Extensive prior work has explored learn-
ing such models from high-level descriptions of state and/or
action sequences. In this paper, we tackle a more challeng-
ing setting: learning lifted action models from sequences of
state images, without action observation. We propose a deep
learning framework that jointly learns state prediction, action
prediction, and a lifted action model. We also introduce a
mixed-integer program (MIP) to prevent self-reinforcing er-
rors among predictions. The MIP takes the predicted states,
actions, and action model over a subset of traces and solves
for logically consistent states, actions, and action model that
are as close as possible to the original predictions. Pseudo-
labels extracted from the MIP solution are then used to guide
further training through supervision losses. While the deep
learning framework can operate independently, our experi-
ments across multiple domains show that integrating MIP-
based correction helps the model escape local optima and
converge toward globally consistent solutions.

1 Introduction

Al planning enables intelligent agents to generate sequences
of actions that achieve specified goals in complex environ-
ments. A core requirement for planning is an action model,
specifying the preconditions and effects of actions, that al-
lows a planner to reason about how actions change the state
of the world. However, acquiring such models manually is
often labor-intensive, error-prone, and expensive. This has
motivated a growing body of research on learning action
models from data, particularly from plan execution traces.
Much of the existing work focuses on learning symbolic
action models from example traces composed of high-level,
symbolic states and/or actions (Yang, Wu, and Jiang 2007;
Cresswell and Gregory 2011; Zhuo and Kambhampati 2013;
Aineto, Celorrio, and Onaindia 2019; Juba, Le, and Stern
2021; Lamanna and Serafini 2024; Gosgens, Jansen, and
Geffner 2025). While these approaches assume structured
symbolic inputs, real-world data often comes in raw percep-
tual forms such as images or videos. With the advancement
of deep learning, it has become feasible to make state and
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action predictions directly from such visual inputs, opening
the door to learning action models from visual observations.

Two representative works in this direction are Lat-
plan (Asai and Fukunaga 2017, 2018; Asai and Kajino 2019;
Asai and Muise 2020; Asai et al. 2022) and ROSAME (Xi,
Gould, and Thiébaux 2024). Latplan is an unsupervised
framework that learns action models from pairs of state im-
ages representing valid transitions in the environment. How-
ever, the resulting models are propositional and uninter-
pretable, with both states and actions encoded in an opaque
latent space. In contrast, ROSAME is a neuro-symbolic ac-
tion model learner that computes probabilistic precondi-
tions and effects for action schemas. When combined with
deep learning-based state predictors, ROSAME learns lifted,
human-readable action models from visual traces. However,
it assumes that the executed actions are fully observed.

In this work, we address the key limitations of both Lat-
plan and ROSAME. We aim to learn lifted, human-readable
action models from visual traces consisting of state im-
ages, without access to action supervision. To this end, we
develop a deep learning framework that jointly learns to
predict states, executed actions, and a lifted action model.
While this framework can operate independently and per-
forms well in simple domains, we observe that it is prone
to self-reinforcing errors among predictions, which prevent
convergence to globally consistent solutions.

To overcome this, we introduce a mixed-integer program
(MIP) as an external source of logical consistency. The MIP
corrects a small subset of predicted traces and the action
model to make them consistent with the logical constraints
of planning while remaining close to the original predic-
tions. We extract pseudo-labels from the MIP solution and
use them to supervise further training of the deep learning
framework. This tight feedback loop allows the model to es-
cape local optima and correct its own errors.

We evaluate our approach in three domains: Blocks
World, Gripper, and Logistics. While the deep learning
framework alone performs well in Gripper, integrating MIP-
based correction significantly improves convergence and
logical consistency in Blocks World and Logistics, enabling
recovery of the ground-truth domain models without error.



2 Preliminaries
A typed planning domain D = (7,P, A, M) consists of:
a set 7 of types, a set P of predicates, a set A of action
schemas, and an action model M specifying the precondi-
tions, add and delete effects of each action schema.

The types in 7 are organized into a tree (or hierarchy).
We say that a type t' subsumes type t iff ¢’ is either ¢ or
an ancestor of ¢ in the tree. A predicate p € P is a tuple
(name, params), where name is a symbol and params is
a list of types. We write name(p) and params(p) for the
name and parameters of p, respectively. Similarly, an action
schema o € A is a tuple (name, params) whose name
and parameters are denoted by name(«) and params(«),
respectively. We borrow from SAM (Juba, Le, and Stern
2021) and define a parameter binding between a pred-
icate p and an action schema « as an injective function
by : params(p) — params(c) that maps every param-
eter params(p); of p to a parameter of o subsumed by
params(p);. A parameter-bound predicate for an action
schema « is a pair of the form (p, b, o), Where b,  is a valid
parameter binding between p and a.

Given P and A, our goal is to learn an action model
M mapping each action schema «, to a triple M(a) =
(Pre(a), Add(«), Del(«)) of sets of parameter-bound pred-
icates representing its (positive) preconditions, add and
delete effects. We denote by M(P, A) the set of candidate
action models over the given predicates and action schemas.

A planning instance I = (O, D) consists of a set of ob-
jects O and a planning domain D. Each object 0 € O is
associated with a leaf type type(o) € T of the type hierar-
chy. A binding of a predicate p is an injective function b,
params(p) — O mapping every parameter params(p);
of p to an object o € O such that params(p); subsumes
type (o). A proposition p is a pair (p, b,) where p is a pred-
icate and b, is a binding for p. We say that proposition
p = (p,b,) is a ground instance of predicate p. Similarly,
a binding of an action schema « is defined like a binding of
a predicate, i.e., an injective function b, : params(a) — O
where Vi, params(a); subsumes type (b, (params(a);)) .
An action a = (a, b,,), where « is an action schema and b,,
is a binding for «, is a ground instance of the action schema
«. The preconditions of a grounded action a = {(a, b, ), de
noted by Pre(a), is the set of propositions created by taking
every parameter-bound predicate (p,b, o) in the precondi-
tions of the action schema Pre(«) and grounding p with the
binding b, 0 b, . The effects of a grounded action a are de-
fined in a similar manner, and the action model M (a) for
the grounded action a is (Pre(a), Add(a), Del(a)). Given a
planning instance I, we write P for the set of propositions,
Aj for the set of actions, and S C 277 for the set of states.

Let [ be a planning instance, s € S be a state, a € Ay be
an action. We say that « is applicable in s iff Pre(a) C
s. The result of applying a in s is the successor state
res(s,a) = (s \ Del(a)) U Add(a). A state trace for plan-
ning instance [ is a state sequence: € = s; — Sg — ... —
Sle| = S|e|+1- We refer to s1 as the initial state and s|.| 1,
as the final state of the trace. Trace e is conmsistent with
an action model M if and only if, according to M, for all
t € 1,...,]e|, there exists an action a, that is applicable in

s; and res(s;,a;) = s;11. In the following, we write £¥,
for the set of state traces of length & that are consistent with
action model M.

3 Problem Formulation

We now formalize the problem of learning action models
from visual traces that we aim to solve. For an execution
trace e, we observe only a visual trace, which is a sequence
of images: 0bs, = s1 — 29 — 23 — ... — Zle] = Sle|+1»
where s1 and s|¢|;1 are the fully observed initial and final
states !. Fig. 1 illustrates our observations in a 6-step visual
trace compared to the ground-truth state trace.

In this work, we assume access to a set {obs; }/_; of vi-

sual traces for a planning instance I = (O, DM ), where
DM = (T, P, A, M) for some unknown action model M €

M(P, A). We use a neural network with parameters 6 to
estimate the probability of each state s, from the state im-
age z; in each visual trace, i.e., Pr(s; | z:; 65). Additionally,
we employ another neural network with parameters 6, to
predict a probability distribution over actions between every
two consecutive states s;—1 and s, i.e., Pr(a | s;—1, $¢;64).

The probability of trace e given the visual observation
obs, can then be written as:

HPr St 81—1, 2t)
:HZPr (s¢,alse—1,2¢) (1)

t acAg

:H Z Pr(al|si—1,s:)Pr(se|si—1, 2t)

t a€Aj

(e | obs.)

To simplify the problem, we assume that the state infor-
mation is dominated by the observation of the state im-
age, i.e., Pr(s; | si—1,2¢) = Pr(s; | 2¢). Thus, we have
Pr(e| obse) =1, > uea, Prla| si—1,8:) Pr(se | 21).

Ideally, we aim to jointly select an action model M and
neural network parameters 65 and 6, that maximize the log-
likelihood of the visual traces being observations of state
traces consistent with the action model:

Z log Z Pr

|obs ;

EESM

(M, 0,0,) elobsj; 0s,04) 2)

Predicting the state probability Pr(s; | z;;6s) requires
computing the joint distribution over all propositions, and it

is intractable to sum over e € Sll\f[bsj‘. Therefore, following
Xi, Gould, and Thiébaux (2024), we relax the formulation
by predicting a probabilistic state vector—a vector listing
the marginal probabilities of each proposition—and by mod-
ifying the successor state operator res to be probabilistic.
We denote the probabilistic state vector by ps € [0, 1]1771,
At each time step ¢, for any action a, we can compute the

"Having fully observed initial and final states helps prevent de-
generate solutions and ensures that the learned state representation
remains human-readable. Note that we do not include images for
these states.
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Figure 1: Observations in a visual trace obs, com-
pared to the state trace e. Symbol s denotes states and
z denotes images. Shaded nodes are observed.
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Figure 2: Integrating ROSAME with a state predictor to learn action
models from visual traces with fully observed actions (Xi, Gould,

and Thiébaux 2024).

expected next probabilistic state vector res(ps;, a). Further-
more, since we assume that the state image dominates the
state information, we can reconstruct the state image z; from
ps¢. We then minimize the following objective:

Z [res(psi, a) — psills + L(a, pse) | + L(Z, %)
acAg

Here, ps; is estimated from state image z;, except for the
initial and final states. Term L(a, ps;) measures the applica-
bility of action a in the probabilistic state ps;, and L£(Z;, 2¢)
ensures that the reconstructed image matches the input.

Note that the loss decomposes over traces and time steps.
For clarity in what follows, we define the loss for a single
time step ¢ and omit the indices j. The final objective is ob-
tained by summing over all traces and all time steps.

4 ROSAME

Xi, Gould, and Thiébaux (2024) presented a neuro-symbolic
action model learner—ROSAME—and integrated it with a
deep learning state predictor to enable action model learning
from sequences of interleaved state images and observed ac-
tions. We build on this work by extending ROSAME to en-
able action model learning without observing the actions.

In general, ROSAME is a learnable model that takes as
input a grounded action and outputs the grounded precon-
ditions, add effects, and delete effects of that action. To
achieve this, ROSAME learns a neural network for each ac-
tion schema, whose outputs are the lifted preconditions and
effects for the schema. Given an action a; performed at step
t, ROSAME first looks up its associated action schema «
and computes three vectors: prey, add,, and del,,, where
each component represents the probability of a parameter-
bound predicate being a precondition, an add effect, or a
delete effect, respectively. These lifted conditions and ef-
fects are then mapped to their grounded counterparts for
the specific action, i.e., pre,,, add,,, and del,,. Each value
in these grounded vectors represents the probability that a
proposition is a precondition or effect of the action. This
probability is copied from the corresponding lifted vector if
a parameter binding exists that unifies the proposition with
the action; otherwise, it is set to zero.

Given a state prediction ps; and an observed action ay,
we use ROSAME to compute the preconditions and effects
of a;, and infer the next state as:

P3,, =ps: © (1 —del,,)+ (1 —psy) © add,, (3)

where ® denotes elementwise product.

This predicted state should be close to the next state pre-
diction ps;;; derived from the next state image. Accord-
ingly, we define the prediction loss as:

Lpred = MSE(ﬁ'\Satapst—&-l) (4)

In addition, all preconditions of a; must hold in ps;. That
is, a proposition cannot be a precondition of a; and simulta-
neously be false in ps;. This gives rise to an action applica-
bility loss:

Lapp = MSE(pre,, © (1 — ps;),0) )

ROSAME also introduces a prior bias loss that encour-
ages learning parameter-bound predicates as preconditions,
in order to recover prevail conditions—preconditions that
are not deleted by actions (Bickstrom and Nebel 1995):

Lyias = MSE(preg,, 1) (6)

If a proposition remains true both before and after an action,
it could be a prevail condition, an add effect, or irrelevant
to the action. In such cases, the prior bias loss encourages
including the proposition as a precondition.

The total loss used to train ROSAME for the observed
action a; is:

Lat = Lpred + Lapp + A+ Liias (7)

where A is a hyperparameter that controls the strength of the
bias term. Gradients are directly backpropagated through the
neural networks associated with the action schemas, allow-
ing the model to learn a consistent lifted action model.

For different actions, ROSAME operates like a lookup ta-
ble: it selects and runs the neural network corresponding to
the action schema. ROSAME provides a differentiable and
logically consistent way to compute preconditions and ef-
fects. In principle, it can be integrated with any deep learn-
ing framework that expects such structured inputs and out-
puts. Fig. 2 illustrates how ROSAME is integrated with a



deep learning-based state predictor to enable action model
learning from sequences of state images and fully observ-
able actions. A hyperparamter v > 1 is introduced to scale
the prediction loss at the last step because the final state is
fully observed.

We treat ROSAME as a black-box action model learner.
Our method is, in theory, compatible with any model that
computes the same type of probabilistic preconditions and
effects for actions.

S Deep Learning Framework

Action Prediction and Regularization. In this work, we
assume that actions are not observed in the example traces.
As such, we introduce an additional neural network that pre-
dicts the action from two consecutive states. Its output is a
probability distribution over actions, Pr(a; | ps¢, psi+1)-

To compute the loss in the absence of observed actions,
we take the expected value over the ROSAME loss in Eq. 7
for all possible actions to get:

Lat = Z Pr(a’t ‘pstvpst-l-l)Lat (8)
at€Ar
This formulation allows the preconditions and effects for
different actions to remain separate during applicability
checking and next-state inference (Eq. 4 and 5), while also
providing a training signal that encourages the neural net-
work to predict the most consistent action for each step.
However, in practice, action prediction often gets stuck
in local minima under the above loss. We found that this
arises because some actions are much more similar to each
other—both visually and semantically—than to others. For
example, in Blocks World, the only difference between
pickup(b1) and unstack(bl, b2) lies in the state they apply
to. Confusing them incurs less loss than predicting an unre-
lated action like putdown(b1). These ambiguities lead to a
loss landscape with many local minima, making it difficult
for gradient-based optimization to reach the correct solution.
To mitigate this issue, we introduce a simple self-
regularization loss that helps the learning process escape
such local minima by using the locally best action as an aux-
iliary target. For an action a, the log-probability that its in-
ferred next state ps, matches the state prediction ps; 1 is:
| Pr

10g Pryea =Y _log [p3,©psi1+(1-P3,)©(1-psii1)];

i=1
©))
Similarly, the log-probability of action a being applicable in
state psy is:
| Pr|
log Propp = Y _log[1 — pre, © (1 —psy)];,  (10)
i=1
We define the locally best action as:
a* = argmax [log Prpreq +10g Prypp) (11)

Finally, we augment the loss from Eq. 8 with an additional
cross-entropy term that encourages the action prediction to
match a*:

Lyeg = —log Pr(a®) (12)

Image Reconstruction. In addition to requiring action
prediction, the removal of action supervision introduces a
greater risk of degenerate solutions—cases where the state
predictions, action predictions, and action model are inter-
nally consistent, but do not reflect the true underlying dy-
namics. As such, it is insufficient to learn state representa-
tions solely from unlabelled state images. Without additional
constraints, the model may converge to trivial or collapsed
solutions that fail to capture meaningful semantics.

A common approach to address this issue is to use an au-
toencoder framework, which regularizes the representation
by enforcing input-output consistency. Concretely, we use
an image encoder to map a state image 2; to a latent state
representation s;, and an image decoder to reconstruct the
image z; from s;. We then introduce a reconstruction loss to
encourage the latent state to retain sufficient information to
recover the original image:

Lrecon = MSE(é\ta Zt) (13)

Fig. 3 presents our framework for learning a lifted action
model from image traces. Since we assume that the initial
and final states are fully observed, we introduce a hyperpa-
rameter y > 1 to scale the first-step applicability loss and the
last-step prediction loss. This encourages consistency with
the available observations.

6 MIP Solution Fixer

The framework described above can be used as a standalone
model to solve the relaxed task defined in Sec. 3. There ex-
ists at least one globally optimal solution—one in which the
predicted states, actions, and action model match the ground
truth. However, in practice, the model often fails to converge
to this solution. A key reason is that prediction errors across
different components can reinforce one another, leading to
persistent, self-reinforcing mistakes that gradient-based op-
timization struggles to correct.

For example, in the Blocks World domain, suppose the
action predictor consistently misclassifies all pickup actions
as unstack. In response, ROSAME may adjust the unstack
action model to better fit the pre- and post-states of what are
actually pickup actions. This reduces the inconsistency loss
and reinforces the misclassification. Over time, both compo-
nents become increasingly confident in these errors, diverg-
ing further from the correct solution.

To escape such feedback loops, we introduce an external
source of regularization. Specifically, we formulate a mixed-
integer programming (MIP) problem to correct persistent
logical errors in the predictions made by the deep learn-
ing framework. The goal is to find a logically consistent set
of states, actions, and a lifted action model that remain as
close as possible to the network outputs. In the deep learn-
ing framework, logical constraints are incorporated as soft,
relaxed losses. Such constraints can be violated if doing so
reduces the overall training objective, which is undesirable
but still possible. In contrast, the MIP enforces these con-
straints strictly: it provides a way to fix the deep learning
outputs by imposing hard logical consistency while making
only minimal edits to the predicted states, actions, and action
models.
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In the MIP, we define binary decision variables pre, add,
and del, indexed by action schema « and parameter-bound
predicate (p, b, ), to indicate whether (p,b, o) is a lifted
precondition, add effect, or delete effect of «. These cor-
respond to the structure learned by ROSAME. We also de-
fine binary variables act and hol, where act[a, t] indicates
whether action a is executed at time ¢, and hol[p, ] indicates
whether proposition p holds at time .

The input parameters to the MIP include the state and ac-
tion predictions from the deep learning model, the fully ob-
served initial and final states, and the lifted action model
predicted by ROSAME. Specifically, OBS(p, t) denotes the
predicted probability that proposition p holds at time ¢, and
OBS(a, t) denotes the probability that action a is executed
at time ¢. Similarly, ROSp;., ROS 44, and ROSp,; denote the
predicted probabilities that a parameter-bound predicate is a
precondition, add effect, or delete effect of the action schema
«, respectively.

The objective of the MIP is to maximize agreement be-
tween the binary decision variables and the soft predictions
of the deep learning framework. For example, the probabil-
ity that OBS(p, t) agrees with hol[p, t] is given by:

OBS(p, t) - hol[p,t] + (1 — OBS(p, t)) - (1 — hol[p, t]).

We rewrite this term to bring out its linear form in the objec-
tive below, and simplify it by removing a constant offset.
We present the MIP objective for a single trace below; the
formulation naturally extends to multiple traces. Eq. 19 adds
a prior bias to encourage the inclusion of prevail conditions,
where ) is set to the same value used in Eq. 7.
maXimizepre,add,de] ,act,hol

> (2-0BS(p,t) — 1) -hol[p,t] + (14)
p,t
> (2:-0BS(a,t) — 1) -actfa,t] + (15)
a,t
> (2:ROSpre(@, (p, bp.a)) = 1)-prefa, (p, by a)]+ (16)
av(/’abp,a>

Z (2~ROSAdd(Ot, <p, bp,a>)—1)~add[a, <p, bp,a>]+ a17)
O‘7<pxbp,a>
Z (2-ROSpei(a, {p, by.0)) —1)-del[a, (p, by )]+ (18)
a,(p,bp,a)
> A-prefa, (p,bp)]  (19)

@7.<,07bp,o< ) X
s.t. logical constraints. (20)

The constraints enforce logical consistency among the de-
cision variables. They ensure that the initial and final states
match the fully observed values, that one action is executed
at each time step, and that the trace is consistent with the
action model, i.e., that the preconditions and effects of each
executed action hold and that the frame axiom applies. The
full formulation is provided in the supplementary material.

Integrating MIP with the Framework

Ideally, we would formulate a single MIP over all traces in
the training dataset. However, this is infeasible in practice:
the solving time grows exponentially with the number of
MIP variables, which increases with the number and length
of traces. As a result, we restrict the MIP to a small, ran-
domly selected subset of short traces at a time.

We integrate the MIP solver as a plug-in module into
the deep learning framework. The deep learning model is
trained independently, and at regular intervals, we sample
a few traces from the dataset. From these, we extract the
predicted states, actions, and the action model learned by
ROSAME, and formulate a MIP whose objective is defined
using these predictions. Solving the MIP yields a logically
consistent solution, from which we extract pseudo-labels to
supervise further training. Fig. 4 illustrates this iterative in-
teraction between the deep learning framework and the MIP.

In this work, we treat action schema names and parame-
ters as purely symbolic, ignoring their semantic meaning. As
aresult, swapping the names of any two action schemas with
identical signatures, or exchanging parameters of the same
type within a schema, does not affect the validity of the ac-
tion model—only the labeling of grounded actions changes



accordingly. This symmetry implies the existence of mul-
tiple equivalent solutions. Without any action supervision,
our deep learning model may converge to one symmetric
variant, while the MIP may output another. To align them,
we permute the MIP solution to match the representation
learned by the deep learning model.

Specifically, we first enumerate all valid permutations of
schema names and parameters for the MIP solution. For
each permuted variant, we compute its agreement with the
ROSAME action model, as per Eq. 16-18. We select the
permutation with the highest agreement score and apply it
to the MIP solution. Once aligned, we extract pseudo-labels
from the MIP decision variables. These pseudo-labels then
serve as supervision signals for the deep learning frame-
work, which we detail in the following subsection.

MIP Pseudo-label Supervision
We use the MIP solution to derive pseudo-labels for state

predictions, action predictions, and ROSAME action model
predictions.

State supervision. For each time step ¢, we construct a bi-
nary state vector 3; € 0, 117!, where st = 1iff proposition
p; € Pr holds at ¢ according to hol[p;,t]. This serves as
the pseudo-label for the state prediction ps; € [0, 1]/71]. We
apply binary cross-entropy loss:

|Pr
-~ 1 ~
BCE(pst, 5t) = 7‘PI| E [St,i log psi i
i=1

+ (1 —5;4) log(1l — psm)]

Action supervision. The MIP enforces that exactly one
action is executed at each step. We therefore define the
pseudo-label a; € Aj such that act[a;,¢] = 1. The neural
network action predictor outputs a probability distribution

a; = [Pr(a)],c 4,- We apply cross-entropy loss:

CE(ay, a) = —log Pr(ay).

Action model supervision. For each action schema « and
parameter-bound predicate (p,b, ), ROSAME predicts a
probability vector pr e [0,1]* over the only four possi-
ble and mutually exclusive cases: (1) none, (2) add effect,
(3) precondition but not delete effect, or (4) delete effect.
From the MIP solution, we construct the target case index
¢ € {1,2,3,4} using the decision variables pre, add, and
del:

if add[c, (p,bp,0)] =1
if del[a, (p,bp.a)] = 1

if pre[a, (p, b, o)] = 1 and del[a, (p, b, o)] # 1
otherwise

¢
W RN

We then compute cross-entropy loss:
CE(p77E) = - logﬁg.

This loss is averaged over all pairs of action schemas and
parameter-bound predicates in ROSAME.

The quality of the MIP solution depends heavily on the
input predictions. While it enforces logical consistency, the

MIP may converge to degenerate solutions that ignore the vi-
sual content of the state images. Since each MIP is solved on
only a small subset of traces, the solution may not general-
ize to the full training dataset. Moreover, solutions obtained
at different training epochs may be mutually inconsistent.
However, as training progresses and the neural network’s
predictions become more accurate, the MIP is more likely
to converge to solutions that are closer to the ground truth.

To reflect this, we anneal the influence of each pseudo-
label based on its age. Suppose a pseudo-label is generated
at epoch eg. For every subsequent epoch e > e, we weight
the pseudo-label loss by an exponentially decaying factor
Y7, ie., Lpseudo(€) = ¥ Lpseudo, With 1) < 1. This
decay ensures that older pseudo-labels have diminishing im-
pact on training, while newer pseudo-labels—derived from
more accurate predictions—are emphasized. If a trace is
re-selected during training, the corresponding pseudo-labels
are updated and replace the previous ones.

Finally, it is worth noting that the the MIP objective can be
customized: we may include all, some, or a weighted com-
bination of the terms depending on our confidence in each
component of the deep learning model. This flexibility al-
lows the MIP to selectively retain reliable predictions while
discarding those that are inconsistent.

7 Experiments

We evaluate our approach on 3 classical planning domains:
Blocks World, Gripper, and Logistics. For each domain, we
consider a specific instance setting: the Blocks World setting
includes five blocks; Gripper includes six balls, two grip-
pers, and two rooms; and Logistics involves six packages,
four locations in two cities, two trucks, and two airplanes.

To generate state images, we adopt the same grid
world visual representation used in the original ROSAME
paper (Xi, Gould, and Thiébaux 2024). Objects and
backgrounds are represented using figures from the
MNIST (Deng 2012) and EMNIST (Cohen et al. 2017)
datasets. We assign a specific digit or letter to each ob-
ject—for example, block 1 is represented by the digit “17,
background tiles use “0”, and so on. For each such symbol,
we select a single figure instance from the dataset (e.g., one
particular image of the digit “1”’) and use it consistently for
that object throughout all image constructions. The mapping
from symbolic state to image is deterministic.

For each domain, we generate 2000 traces and split them
into training and testing sets with a 90:10 ratio. The model
is trained for 5000 epochs using the Adam optimizer with
learning rate 10~% and 8 = (0.9,0.999), and with a batch
size of 128. We set the prior bias weight A = 0.4 and the
supervision weight v = 10.

Training proceeds in two phases. We begin by training the
deep learning model alone for 50 epochs, without any MIP
integration. Then, at every epoch thereafter, we randomly
sample 3 traces from the training set and formulate the cor-
responding MIP problem. Each MIP is solved with a time
limit, and pseudo-labels are extracted from the best feasible
solution, if any. These pseudo-labels are used to supervise
the deep model, with their influence annealed over time us-
ing an exponential decay factor ¢ = 0.99.



Table 2: Comparison between with and without MIP

We implement the deep learning framework in PyTorch
2.6 and use Gurobi 12.0.1 as the MIP problem solver. All
experiments were conducted on a machine equipped with
an AMD Ryzen 9 9900X CPU (24 logical cores), 55 GB of
RAM, and a single NVIDIA RTX 4090 GPU.

To evaluate the learned action model, we report Error, de-
fined as the syntactic difference between the learned and
ground-truth models under the best valid permutation of ac-
tion schema names and parameters. This metric follows the
definition introduced in the original ROSAME paper. We
also report the maximum normalized agreement score be-
tween the learned model and the ground truth, as defined in
Sec. 6. For state prediction, we compute proposition-wise
accuracy using a threshold of 0.5. For action prediction, we
report accuracy under the best-matching schema and param-
eter permutation identified during evaluation. Tab. 1 summa-
rizes the results across all three domains.

In general, agreement between the learned model and
the ground truth decreases as trace length increases. This
degradation arises from two main factors. First, as traces
grow longer, state and action predictions receive weaker in-
direct supervision, making them harder to learn accurately.
Second, the complexity of solving the MIP grows expo-
nentially with trace length. This restricts the extent of cor-
rection the MIP can provide and reduces solution quality.
For longer traces, the MIP may return only suboptimal so-
lutions—or fail to produce any solution within the time
limit—preventing the extraction of pseudo-labels. To miti-
gate this, we extend the MIP time limit for longer traces, at
the expense of increased training time.

Ablation Study

Tab. 2 compares learning outcomes with and without the
MIP module. In Gripper, both settings learn a perfect action
model with zero error. As shown in the table, training with-
out MIP slightly outperforms training with MIP on 7-step

Domains |Pr| | |As| | # Traces | # Steps | MIP Time Limit | Error | Agreement | State Acc | Action Acc
Blocks World | 36 | 50 2000 3 60 s 0 0.963 98.89% 87.33%
3 60 s 0 0.988 99.62% 99.50%
Gripper 28 | 50 2000 5 120 s 0 0.984 100% 100%
7 240's 0 0.943 99.60% 100%
3 60 s 0 0.992 97.57% 84.14%
Logistics 72 196 | 2000 5 120's 0 0.989 96.91% 74.07%
7 240's 0 0.986 99.66% 98.07%
Table 1: Evaluation results
Domain Err | Agree /S_\tcaée ﬁztclon MIP Objective Err | Agree itéiée iggon
Blocks w/oMIP | 8 0.849 | 91.78% | 45.00% State 7 0.879 | 93.76% | 56.83%
World with MIP | 0 0.963 | 98.89% | 87.33% State, Action 0 0.967 | 99.05% | 88.33%
Gripper w(o MIP | 0 0.976 | 100% 100% State, Action, Model | 0 0.963 | 98.89% | 87.33%
with MIP | 0 0.943 | 99.60% | 100%
Logistics w/o MIP_| 6 0.838 | 95.81% | 45.79% Table 3: Comparison among different MIP objectives
with MIP | 0 0.986 | 99.66% | 98.07%

traces, while the reverse holds on 5-step traces (agreement
scores 0.91 vs. 0.984, with 100% state and action accuracies
in both cases). In Blocks World and Logistics, however, the
standalone deep learning model fails to converge to a glob-
ally consistent solution. It becomes trapped in a local opti-
mum, yielding non-zero applicability and prediction losses
despite the existence of a zero-loss solution. By contrast, in-
corporating pseudo-label supervision from the MIP enables
training to escape such local optima and converge to a glob-
ally consistent solution.

The MIP objective incorporates terms corresponding to
state predictions, action predictions, and the action model
predicted by ROSAME. As discussed in Sec. 6, this objec-
tive can be flexibly customized. We investigate how differ-
ent configurations of the MIP objective affect learning in the
Blocks World domain. Tab. 3 compares results under three
configurations: (1) the MIP objective includes only state pre-
dictions, (2) includes both state and action predictions, and
(3) includes all terms. Configuration (1) performs worse than
(2) and (3), though it still outperforms the baseline without
MIP. Interestingly, configurations (2) and (3) achieve com-
parable performance, with (2) slightly ahead. This highlights
the potential benefit of tuning the MIP objective based on
domain characteristics or prediction confidence.

8 Conclusion, Related and Future Work

We proposed a deep learning framework for learning lifted
action models from visual traces without action supervision,
along with a MIP module that corrects logical inconsisten-
cies in the learned predictions. Combined, they enable accu-
rate recovery of action models and improved state and action
prediction across multiple domains.

Our work contributes to the growing area of learning ac-
tion models from visual observations. A closely related line
of work is Latplan (Asai and Fukunaga 2017, 2018; Asai
and Kajino 2019; Asai and Muise 2020; Asai et al. 2022),
an unsupervised framework that learns propositional action
models from pairs of state images. Latplan encodes images



into latent state and action vectors, whose dimensions must
be set as hyperparameters. As a result, the learned model
is purely latent and cannot generalize to domains with dif-
ferent object counts or visual styles. Moreover, because the
model operates entirely in the latent space, users must pro-
vide the initial and goal states as images. The resulting plans
consist of latent actions that are uninterpretable and cannot
be executed in the real world; the only way to interpret them
is by decoding intermediate latent states back to images. In
contrast, we assume access to the domain’s predicates and
action schema signatures, which allows us to define the sym-
bolic state and action spaces explicitly. These structural as-
sumptions allow us to leverage ROSAME (Xi, Gould, and
Thiébaux 2024) to learn lifted, interpretable action models
that generalize across instances. They also enable us to cre-
ate a simpler and more transparent framework than Latplan.

Bonet and Geffner (2020) investigate a different but re-
lated setting, where lifted action models—as well as pred-
icates, action schema names, and parameters—are learned
from a labeled graph representing the structure of the state
space for small instances. In this setting, nodes correspond
to black-box states, and transition labels indicate the name
of the action schema taken (e.g., pickup). Rodriguez et al.
(2021) extend this framework to handle a limited form of
noise that obscures the identity of the target state for certain
transitions, as well as partial knowledge of the graph, where
missing transitions from a state are summarized by a count
of how many are labeled with each schema. The learning
problem is formulated and solved using combinatorial opti-
mization. Clearly, these frameworks make different assump-
tions and exhibit different strengths.

Our MIP model is also related to model repair meth-
ods such as FAMA (Aineto, Celorrio, and Onaindia 2019),
which learns or repairs lifted action models from trajectory
data—sometimes using only the initial and final states—via
compilation into classical planning with context-dependent
effects. A key difference is that our approach incorpo-
rates probabilistic knowledge about (parts) of states, ac-
tions, and the action model, whereas FAMA requires deter-
ministic knowledge?. While it may be possible to simulate
our MIP within the FAMA compilation by using context-
dependent action costs, few optimal planners support this
feature (Geifler, Keller, and Mattmiiller 2016; Ivankovic,
Gordon, and Haslum 2019), and they remain less compet-
itive than mature MIP solvers.

Currently, our approach is limited to learning from short
traces only. In particular, the scalability of our method is
bounded by the complexity of solving the MIP. Future work
will explore more scalable constraint solving or approxima-
tion techniques that preserve logical structure while reduc-
ing computational cost, enabling the correction of longer
traces. Another important direction is to remove the assump-
tion that predicate and action symbols are provided. Learn-
ing these directly from visual traces would broaden the ap-
plicability of our approach to domains lacking symbolic pri-

2Note that we could also include deterministic knowledge in our
MIP to model state information, actions, parts of the action model,
or background knowledge known with certainty.

ors. Finally, our current data generation process enforces a
one-to-one mapping between symbolic states and state im-
ages. While this does not imply that the learning method
knows the identity of states, in real-world scenarios, the
same symbolic state may have multiple visually distinct ap-
pearances. A key challenge for future work is to filter out
irrelevant visual details while preserving those that are per-
tinent to planning.
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Appendix
A ROSAME Implementation Details

In this section, we provide technical details about the im-
plementation of ROSAME (Xi, Gould, and Thiébaux 2024).
Given a set of predicate symbols P and action symbols A,
ROSAME assumes that any valid action model must satisfy
the following two constraints:

* add effects and preconditions cannot intersect, i.e.,
Add(a) N Pre(a) = 0;

 only preconditions can be deleted, i.e., Del(a) C
Pre(a).

Based on these constraints, ROSAME enumerates all valid
relationships between an action schema « and a parameter-
bound predicate (p, b, ). There are four mutually exclusive
cases:

* Case 1: (p, b, ) is not involved in the action model of
a

* Case 2: (p, b, o) is an add effect only.
* Case 3: (p, b, o) is a precondition only.

» Case 4: (p, b, ) is both a precondition and a delete ef-
fect (but not an add effect).

ROSAME frames the task of learning action models as a
classification problem: for each pair («, (p,b,.a)), it pre-
dicts which of the four cases applies. To do this, ROSAME
trains a deep learning classifier for each action schema «,
where the inputs are fixed latent vectors—one for each
parameter-bound predicate (p,b, )—and the outputs are
probability distributions over the four cases.

Let ﬁa (p:b,..) denote the predicted probability vector for
the four cases. These probabilities are then decoded into the
lifted precondition and effect indicators via:

PTea.(pby.a) = ooty (0,0,1,1)
adde(p, ) = Plafpb,.q) * (0,1,0,0)
dela (pby.0) = Pla(pp,.a) * (0,0,0,1)
These expressions compute the expected value for each
label by summing over the compatible cases. For instance,

the probability that (p, b, o) is a precondition is the sum of
the probabilities assigned to cases 3 and 4.



By aggregating the outputs over all parameter-bound
predicates, ROSAME constructs the full lifted precondition
and effect vectors pre,, add,, and del, for each action
schema c.

B Full MIP Formulation

This section provides the full formulation of the MIP mod-
ule. Binary decision variables hol[p, t| and act|a, t] indicate
whether proposition p holds at time ¢, and whether action
a is executed at time ¢, respectively. The variables pre, add,
and del indicate whether a parameter-bound predicate is a
lifted precondition or effect of an action schema.

We also define several auxiliary binary variables: prod,
clob, user, stepprod, stepclob, and stepuser. Specifically,
prod[a, p, t], clob|a, p,t], and user[a, p, t] indicate whether
action a adds, deletes, or requires proposition p at time ¢,
respectively; stepprod[p, ], stepclob[p, t], and stepuser|p, ¢]
indicate whether the action executed at step ¢ adds, deletes,
or requires proposition p.

For a proposition p = (p, b,), we define its actors as the
set of all actions whose parameters can be bound to instanti-
ate p, i.e., actors(p) = {a | @ = (@, b,) and b, = by 0b, o }.

We now present the MIP formulation for a single trace; to
extend it to multiple traces, we instantiate copies of the hol,
act, and auxiliary variables for each trace, while sharing the
lifted action model variables pre, add, and del across traces.
The objectives in Eq. 21 and 22 are summed over all traces.

maXimizepre,add,del,acl,hol

> (2-0BS(p,t) — 1) -hol[p,t] + (21)

pf: (2-OBS(a,t) — 1) -actfa,t] + (22)

3 (2-Rospr:(7;, (p,bp.a))—1)-prefa, (p,bpa)]+ (23)
a§p<;?ROSAdd(av (P, bp.a))—1)-add[a, (p, bp.a)]+ (24)
W’bifaé%Rost(a, (P, bpa)) —1)-della, (p,bya )]+ (25)
e S Aeprela, {p.bpall 26)

av(Pabp,a>
s.t. Vaand(p,b, o),

pre[a, (p, bp.o)] +add[a, (p,bp0)] <1 (27)

pre[a, (p,bp.a)] = della, (p,bp,0)] (28)
> prefa, (p,bpa)] > 1 (29)
@ (p.bp.a)
> addlo, (p,b0)] > 1 (30)
a,{(p,bp,a)
Vp € s1, hol[p,1] =1 (31)
Vp ¢ s, hol[p,1] =0 (32)
Vp € Sje|+1, hol[p, |e] +1] =1 (33)
VD & Sie+1 hol[p, le| +1] =0 (34
Ve, Z act[a,t] = 1 (35)

a€A

Vt, ¥p = (p,b,), Va = (e, ba) € actors(p),
prod[a, p, t] < act[a, t] (36)
prod[a, p,t] < add[c, (p, b, )] 37)
prod|a, p, t] > act[a, t] + add[e, (p,bp.a)] — 1
(38)
clobla, p, t] < act[a, t] (39)
clobla, p, t] < delley, (p, bp.a)] (40)
clobla, p, t] > act[a, t] + del[a, (p, by a)] — 1
(4D
user|a, p, t] < act[a, t] 42)
user[a, p, t] < prefe, (p, bp.q)] (43)
user[a, p, t] > act[a, t] + pre[a, (p, bp.a)] — 1
(44)
Vp = (p,b,), Ya = (a,by) € actors(p),
stepprod[p, t] > prod|a, p, t] (45)
stepclob[p, t] > clob[a, p, t] (46)
stepuser|[p, t| > user[a, p, t] 47)
Vt, Vp,
stepprod[p, t] < Z proda, p, t] (48)
a€actors(p)

stepclob|p, t] < Z clob|a, p, t] (49)
a€actors(p)

stepuser|p, t] < Z user|a, p, t] (50)
a€actors(p)

Vt, Vp,Va € actors(p),
hol[p, t + 1] > prod[a, p, t] (51)
1 — hol[p, t 4+ 1] > clobla, p, t] (52)
hol[p, t] > user|a, p, t] (53)

Vt, Vp,

stepprod[p, t| > hol[p,t + 1] — hol[p,¢]  (54)
stepclob[p, t] > hol[p, ¢] — hol[p,t + 1]  (55)

Eq. 27 and 28 enforce the validity of the lifted action
model according to ROSAME’s assumptions: add effects
and preconditions cannot intersect, and only preconditions
can be deleted. Eq. 29 and 30 require that each action
schema has at least one precondition and one add effect.
Eq. 31-34 ensure that the decision variables for propositions
at time steps 1 and |e|41 match the observations in the ini-
tial and final states. Eq. 35 enforces that exactly one action
is executed at each time step.

Eq. 3644 define the relationships between lifted and
grounded preconditions and effects. Each group of three
constraints encodes a logical conjunction: for example,
Eq. 36-38 specify that a grounded action a adds proposition
p at step t if and only if a is executed at step ¢ and the corre-
sponding parameter-bound predicate is a lifted add effect of
the associated action schema « (i.e., add[c, (p, b, o)] = 1).

Eq. 4547 specify that if any grounded action adds,
deletes, or requires a proposition p at time ¢, then the corre-
sponding step-level variable stepprod|p, t], stepclob[p, t], or



stepuser|p, t] is activated. Conversely, Eq. 48-50 ensure that
if a step-level variable is active, it must be due to at least one
grounded action with the matching effect or precondition.

Eq. 51-53 propagate state transitions: if an action adds a
proposition p at step ¢, then p must hold at step ¢ + 1; if an
action deletes p, then p must not hold at £ + 1; and if an
action requires p, then p must hold at ¢.

Finally, Eq. 54 and 55 encode the frame axioms. If a
proposition p holds at step ¢ 4 1 but not at ¢, it must have
been added at ¢. If it holds at ¢ but not at ¢ + 1, it must have
been deleted.
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