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Abstract

Context-based Offline Meta Reinforcement Learning
(COMRL) has shown promising results in improving the
cross-task generalization ability of meta-policies. However,
current methods often lead to entangled task representations,
in which each latent dimension is influenced by multiple
causal factors that govern variations in environment dynam-
ics and reward mechanisms. This entanglement can degrade
generalization performance, particularly when multiple
causal factors vary simultaneously across tasks. To address
this limitation, we propose CAusally disentangled TAsk
representation Learning (CATAL) method for COMRL that
aims to improve the generalization ability of the meta-policy,
where each latent dimension in the task representations
aligns to a single causal factor. Theoretically, we show that
under mild conditions, the task representations learned by
CATAL are causally disentangled. Empirically, extensive
results on multi-task MuJoCo benchmarks show that CATAL
consistently outperforms existing COMRL baselines in both
in-distribution and out-of-distribution generalization.

Introduction

Meta-reinforcement learning (Meta-RL) (Beck et al. 2023;
Nagabandi et al. 2018; Duan et al. 2016) aims to develop
meta-policies capable of rapid adaptation to new tasks by
leveraging prior experience from multiple related tasks. This
paradigm has shown strong potential in domains such as
robotics, healthcare, and recommendation systems. How-
ever, the reliance on frequent online interactions limits the
practicality of Meta-RL methods in real-world scenarios
where environment access is expensive, constrained, or po-
tentially unsafe. To mitigate this limitation, offline meta-RL
(OMRL) has emerged as a promising alternative that en-
ables meta-policies to perform task adaptation solely on pre-
collected offline datasets (Mitchell et al. 2021; Zhao et al.
2022). A prominent line of research in OMRL is context-
based OMRL (COMRL) (Gao et al. 2024; Li et al. 2024),
which leverages a context encoder to infer task represen-
tations from pre-collected trajectories and conditions the
meta-policy on these representations for task adaptation.
Although COMRL demonstrates significant potential in
task generalization, task representations learned by existing
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Figure 1: Causal entanglement in task representations mixes
multiple causal factors within a single dimension, whereas
causal disentanglement isolates each factor into its own in-
dependent dimension.

methods often suffer from causal entanglement(see Fig. 1).
Specifically, the context encoder often associates a single
task representation dimension with multiple causal factors,
which govern variations in both environment dynamics and
reward mechanisms. As a result, the learned representation
does not clearly reveal the specific configuration of each
individual causal factor. For example, consider a series of
robot navigation tasks where the robot must navigate to
different target locations under varying ground conditions.
The differences between tasks arise from two causal factors:
ground friction and target location. Ground friction directly
influences the environmental dynamics, while the target lo-
cation determines the reward mechanism of the task. In a
causally entangled representation, a single latent dimension
may simultaneously encode information from both causal
factors, making it difficult to determine whether changes in
the task representation are due to adjustments in friction or
shifts in the target location. This ambiguity in the represen-
tation prevents the meta-policy from accurately identifying
the precise causal configuration of each task, thereby hinder-
ing its ability to adapt effectively to new task settings.

To tackle these challenges, we propose CAusally disen-
tangled TAsk representation Learning (CATAL), a novel
COMRL method that trains a context encoder to extract
causally disentangled task representations, where each latent
dimension exclusively corresponds to a single causal factor.
To this end, CATAL introduces three key components: (1)
an independence constraint to ensure non-overlapping in-



formation across dimensions; (2) a consistency constraint
to enforce invariance of dimensions corresponding to un-
changed causal factors, guided by a lightweight soft in-
tervention indicator that estimates causal factor changes
across tasks; and (3) a reconstruction objective with a
remapping mechanism to encourage the decoder to recon-
struct transitions using task representations where dimen-
sions corresponding to unchanged causal factors are re-
placed with their cross-task averages. By integrating these
components, CATAL infer causally disentangled task rep-
resentations from pre-collected trajectories, which signifi-
cantly enhance the generalization ability of the meta-policy.

Theoretically, we prove that CATAL recovers causally
disentangled task representations under mild conditions.
Empirically, CATAL consistently outperforms competitive
COMRL approaches on multi-task MuJoCo benchmarks
and demonstrates strong generalizability across both in-
distribution and out-of-distribution tasks.

Related Works

OMRL. OMRL methods can be broadly categorized into
gradient-based and context-based paradigms. The gradient-
based OMRL (Mitchell et al. 2021) adapts to novel tasks
by updating the meta-policy via gradient descent on a task-
specific loss. In contrast, the COMRL (Dorfman, Shenfeld,
and Tamar 2021; Pong et al. 2022) avoids gradient updates
by leveraging task representation learning. In COMRL, a
prevalent line of work (Li, Yang, and Luo 2020; Yuan and Lu
2022) employs contrastive objectives to pull together repre-
sentations inferred from trajectories of the same task while
pushing apart those derived from different tasks in the repre-
sentation space. An alternative approach (Zhou et al. 2024)
introduces generative models to ensure that the learned rep-
resentations capture the underlying features of environment
dynamics and reward mechanisms. Despite their effective-
ness, their performance often degrades significantly when
test tasks differ from training tasks along multiple task fac-
tors, revealing limitations in their generalization ability. To
address this issue, we explicitly align each dimension (or
group of dimensions) of the task representation with task
factors so that the meta-policy can accurately understand
task identity and thereby enhance its generalization capabil-
ity across tasks.

Causal Inference for Policy Generalization. To improve
policy generalizability to unseen tasks, recent work in-
creasingly leverages causal inference to identify and exploit
causal factors from experience, forming a promising direc-
tion in RL. Existing approaches can be broadly categorized
into active and passive causal inference. Active approaches
aim to explicitly uncover causal factors by performing in-
terventions—either by executing actions and analyzing the
resulting feedback (Sontakke et al. 2021; Cai et al. 2024),
or by modifying causal variables in a controlled simula-
tion environment to observe their effects (Li et al. 2020).
Passive approaches (Dunion et al. 2024; Yuan, Lu, and Liu
2024) infer causal factors directly from dynamically evolv-
ing experience without explicit interventions, typically rely-
ing on a structural causal model (SCM) to uncover causal

20635

relationships. In contrast, our approach operates entirely in
an offline setting, where causal inference is performed using
static experience data collected from multiple tasks, with-
out any further interaction with the environment. In addi-
tion, the most closely related work is Causal COMRL (Zhang
et al. 2025), which is designed for offline settings. How-
ever, Causal COMRL relies on annotated task factors as su-
pervision, while our approach does not require such annota-
tions—we only know that tasks differ, without any knowl-
edge of the specific nature of these differences.

Preliminaries

In this section, we formalize the offline policy generalization
problem under the framework of Factored Markov Decision
Processes (FMDPs). This framework provides a unified for-
mulation for multi-task offline datasets and policy general-
ization objectives. Building on this foundation, we introduce
the COMRL paradigm, which enables policy generalization
to unseen tasks using only offline data.

Factored Markov Decision Process (FMDP). A Fac-
tored Markov Decision Process (FMDP) is defined as a tu-
ple M = (S, A4,0,T,R,v), where S and A denote the
state and action spaces, v € (0, 1) is the discount factor, and
© = {6;}}¥, represents the space of task causal factors.
The transition dynamics 7 : S x A x © — A(S) and re-
ward function R : § x A x © — R are parameterized by
task-specific factors 6 = {6;}}¥., € ©. Different tasks cor-
respond to different instantiations of #, inducing variations
in the underlying environment dynamics and rewards.

Offline Policy Generalization Problem. We study offline
policy generalization in the FMDP setting. Given a multi-
task offline dataset D = {Dp | 0 ~ Puain(0)}, Where each
task is specified by a set of task factors § = {0;}}¥, € ©,

and each task dataset Dy = {(s¢, as, 1+, st+1)}251 is col-
lected by a behavior policy without further environment
interaction, the goal is to learn a task-conditioned policy
m(a | s,0) that generalizes beyond the training task distri-
bution. For a test task with factors Oieg; ~ prest(#), the policy
is evaluated by its expected discounted return:

] GY

COMRL Paradigm. The COMRL paradigm addresses
offline policy generalization by learning task representa-
tions from offline datasets and conditioning a meta-policy
on these representations. Given a context window c;
{(8t—k, @t—ks Tt—ky St—k+1) 5y, a context encoder f in-
fers a latent task representation z; = f(c;), which cap-
tures task-relevant factors. The meta-policy and value func-
tions are then conditioned on z;: w(a | 8, 2¢), V (s, 2¢), and
Q(s,a, z¢). These functions are optimized using offline re-
inforcement learning objectives to maximize the expected
return across tasks. At test time, the learned meta-policy
adapts to a new task by inferring its task representation z;
from offline context, enabling generalization without addi-
tional interaction with the environment.

o0
7T = argmax E by
- g s S0~ POest 5 as~T(-]5t,0mst) YT
t=0
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Figure 2: Task representation visualizations of CORRO and CATAL on the HalfCheetah benchmark. (a—b) Task representations
learned by CORRO and CATAL under joint variations of body mass and ground friction. (a) CORRO produces entangled
representations that do not separate the two causal factors. (b) CATAL successfully separates the underlying causal factors,
forming a structured representations aligned with independent variations in mass and friction. (c—d) Task representations learned
by CORRO under single-factor variations. (c) When only the target velocity changes, CORRO captures clear distinctions
between tasks. (d) When only body mass changes, the representations exhibit substantial overlap, indicating limited sensitivity

to this factor.
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Figure 3: Performance comparison under multi-factor task
variations on the HalfCheetah benchmark. CATAL achieves
higher performance than CORRO.

Methods
Causal Entanglement Problem in COMRL

A fundamental challenge in COMRL is the causal entan-
glement of learned task representations. Ideally, each rep-
resentation dimension should correspond to an independent
causal factor (e.g., target velocity or object mass) to sup-
port systematic generalization. However, existing methods
such as CORRO often learn entangled embeddings, where
multiple causal factors are mixed within individual dimen-
sions. As shown in Fig. 2(a-b), although CORRO can dis-
tinguish tasks, the variations in its embedding space are not
aligned with ground-truth causal changes, resulting in rep-
resentations that are discriminative but not causally inter-
pretable. This entanglement limits generalization to com-
plex task compositions. Moreover, Fig. 2(c—d) shows that
CORRO captures variations in target velocity but fails to en-
code body mass, leading to overlapping representations and
degraded performance when multiple factors vary jointly
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(Fig. 3). Such causal entanglement is not unique to CORRO
but is common across COMRL methods (Li, Yang, and Luo
2020; Gao et al. 2024; Rakelly et al. 2019), highlighting
a fundamental limitation in disentangling task-level causal
factors from offline context data.

Causally Disentangled Task Representation
Learning

We introduce CATAL to address task representation entan-
glement in COMRL. CATAL employs a context encoder to-
gether with three key components: an independence con-
straint that reduces statistical dependence across latent di-
mensions, a consistency constraint that aligns each dimen-
sion with its corresponding causal factor, and a reconstruc-
tion objective with remapping mechanism that enhances
representation completeness. This framework enables the
learned task representations to accurately reflect the under-
lying causal factors.

Context Encoder. We define the context encoder as
gs.(z | x,y), which takes transition tuples (z,y) as input,
where x = (s, a) denotes a state—action pair and y = (s',r)
denotes the corresponding next state and reward. The en-
coder maps each tuple to a Gaussian distribution over the la-
tent task representation z, parameterized by a mean p (2, y)
and a covariance matrix X, (z, y). This formulation captures
task uncertainty and enables context-aware sampling of task
representations.

Independence Constraint. To enforce causal disentan-
glement in the latent task representation, we introduce an
independence constraint based on the Hilbert—Schmidt In-
dependence Criterion (HSIC) (Gretton et al. 2005), which
explicitly reduces statistical dependence among latent di-
mensions. For each transition tuple (z,yy) sampled from
the dataset D, the context encoder gg4_(z | x, yx) produces
a latent sample zj. Given a batch of such samples {z;}7_,,
the empirical HSIC between dimensions (z2*, 27) can be ef-
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Figure 4: The CATAL framework operates in three sequential stages:(1) Context Encoder Training. The context encoder em-
beds paired transitions into compact task representations, regularized by an independence constraint to separate causal factors.
An intervention indicator estimates the likelihood that each dimension corresponds to an intervened factor, followed by a con-
sistency constraint to stabilize predictions. The decoder then reconstructs transition—reward pairs from state—action pairs and
the projected representations.(2) Meta-Training. The learned task representations condition the meta-policy, which is optimized
offline for cross-task generalization. (3) Meta-Testing. The trained meta-policy is evaluated on unseen tasks to assess general-

ization performance.

ficiently computed as:

HSIC(2%, 29) = KHLH),

mtr( ()

where K and L are Gram matrices for z* and 27, respec-
tively, and H = I, — %11T is the centering matrix. The
independence loss is defined as the expected HSIC over all
dimension pairs:

Lingep = E > HSIC(2, 27)
i£]

Minimizing Lingep explicitly suppresses inter-dimensional
dependencies, thereby promoting independent and causally
separated latent factors.

1
Aqd=1) ®)

Consistency Constraint. To align each latent dimension
with its corresponding causal factor, we introduce a consis-
tency constraint: if a causal factor remains unchanged across
tasks, the associated latent dimension should remain invari-
ant. For two transition tuples (z1,y1) and (z2,y2) sam-
pled from the dataset D, the context encoder ¢4 (2 | x,)
produces latent representations z; ~ gy, (2 | x1,%1) and
2o ~ qg4.(2 | 2,y2). We employ a binary intervention indi-
cator Z(z1,72) € {0,1}¢, where Z¢ = 0 indicates that the
i-th causal factor remains unchanged, and 7t = 1 indicates
that it has changed. The consistency loss is defined as:

d
1
Econs =E g Z H(l _I) : (21 - 22)”2
=1

Minimizing L.ons penalizes variability in latent dimensions
corresponding to unchanged causal factors, thereby enforc-
ing that each latent dimension consistently encodes a spe-
cific causal factor.

“
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Soft Intervention Indicator. In realistic offline settings,
explicit intervention labels Z! € {0,1} are unavailable.
To address this limitation, we introduce a heuristically
driven soft intervention indicator. The key intuition is that
dimension-wise variations in the latent representation pro-
vide reliable signals of whether a causal factor has been in-
tervened upon. Specifically, we obtain latent means p¢ from
the context encoder and compute the dimension-wise differ-
ence between two tasks as:

8 = p(z1,y1) — pt (w2, y2).
We then construct a parameterized quadratic mapping:
. 1
Il(xl,yl,:cg,yg)—0<c <a+b|51+0|51|2)) y (6)
where learnable parameters a, b, ¢ control the sensitivity to
latent differences, C' is a normalization constant for training

stability, and o(+) is the sigmoid function. The soft interven-
tion indicator is incorporated into the consistency constraint:

d
D (=T [l2f - 213,

=1

(&)

1

p (7

Leons =E|

The soft gating weight 7' enables adaptive adjustment of

the constraint strength: when | (large latent differ-
ences), the model infers a potential intervention on the ¢-th
factor and down-weights the consistency constraint; when

i >0 (small latent differences), the constraint is strength-
ened to maintain representation stability. This heuristic soft
intervention mechanism enables effective causal disentan-
glement in a fully unsupervised setting, addressing the chal-
lenge of learning causally disentangled representations with-
out intervention labels.



Reconstruction Objective with Remapping Mechanism.
Although the independence and consistency constraints en-
courage disentanglement, they do not guarantee that each
latent dimension fully captures its underlying causal fac-
tor. To ensure representation completeness, we introduce
a remapping-based reconstruction objective that constrains
reconstruction to rely primarily on task-varying latent di-
mensions, thereby reinforcing the alignment between latent
features and causal factors. Given two latent representa-
tions z; and zo, we compute their mean z and construct a
remapped embedding using the soft intervention indicator
7: R X

21:_’[@2’1—{-(1—1—)@5 (8)
The decoder gy, (y1 | 21, Z1) reconstructs the next state and
reward, yielding the reconstruction loss:

Erccon =-FE [10g qé, (yl ‘ Ty, 21)] . (9)

This objective encourages each latent dimension to encode
the causal factor and enhances the completeness of the
learned representation.

Overall Objective. We jointly train the context encoder,
decoder, and soft intervention indicator under a unified ob-
jective, which aims to minimize a combination of the in-
dependence constraint Lingep (€q. 3), the consistency con-
straint L.ons (eq. 7), and the reconstruction 10ss Liecon
(eq. 9). Formally, the joint loss is defined as:

Ltotal = )\indepﬁindep + Aconsﬁcons + Arecon‘crecon7 (10)

where A; are non-negative hyperparameters that control
the relative importance of each component.

Theoretical Analysis and Practical Improvements

To theoretically analyze the feasibility of CATAL in learn-
ing causally disentangled task representations, we begin by
formalizing the causal generative model of paired transition-
reward tuples.

Definition 2 (Causal Generative Model). Given state—
action tuples  ~ p(z) and & ~ p(Z), the causal generative
model of the transition—-reward tuples y and y is defined by
the following generative process:

Z~p@), I~p), 0 ~p@|6,I), §y=g(z,0).
where p(f) =[], p(6;) denotes the joint distribution over
causal factors, and I ~ p(I) specifies the set of intervened
factors. The conditional distribution p(6 | 6, I) defines the
remapping mechanism:

91‘ Np(éi), 1€l

{Gi, i¢l,
which selectively updates causal factors by replacing inter-
vened components while keeping non-intervened compo-
nents unchanged. The generative function g maps a state-
action pair and its associated causal factors to the corre-
sponding transition-reward outputs.

We next establish, under mild assumptions, that CATAL
learns causally disentangled task representations, as stated
in the theorem below.

(11)

0;

(12)
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Theorem 1 (Causal Disentanglement of Task Repre-
sentations). Consider the causal generative process in
Eq. (11). Assume that: (1) for the intervention set I C [n], its
complement S = [n]\ I satisfies p(SNS" = {i}) > 0 forall
i € [n]with I, I’ ~ p(I); (2) the generative function g : X x
© — Y is continuously invertible in 6 and ¢~ ! is continu-
ously differentiable; (3) the observational distribution is con-
sistent with the generative factorization p(x,y,Z, 9, )
p(y | z,0)p(0 | 0.1)p(g | ,0) p(z) p(Z) p(I) p(¢). Then
the aggregated posterior ¢(z) [a(z | z,y)py |
z,0) p(x) p(¢) dd dz dy, where g(z | x,y) o q(y
x,2)p(z), is causally disentangled, meaning that it cor-
responds to a dimension-wise reparameterization of the
ground-truth prior p(#), up to a permutation of indices.

Discussions The above theoretical analysis reveals that
CATAL is unable to achieve alignment between latent di-
mensions and individual causal factors in two particular
cases. First, if a causal factor 7 never appears in the interven-
tion set I, its value remains constant across tasks, making
identification impossible. Second, if a causal factor ¢ is al-
ways included in 7, its value changes in every task, prevent-
ing distinction from other varying factors. These limitations
reveal a key challenge for CATAL: limited diversity in of-
fline datasets inherently constrains the disentanglement and
identifiability of causal factors.

Practical Improvements. As previously discussed, the
limited diversity in offline datasets can result in the uniden-
tifiability of certain causal factors. To address this issue,
we decompose the task representation z into three distinct
components: z,, z; and z,, each processed independently to
enhance the causal disentanglement of task representations.
The first component z, encodes shared causal factors con-
sistent across tasks, with a per-dimension consistency con-
straint and remapping mechanism to enhance stability and
reduce noise. The second z; captures locally varying factors
and adopts the consistency constraint and remapping machi-
anism based on soft intervention indicator without modifica-
tion. The third z, represents globally varying factors and re-
mains unconstrained, preserving its original posterior distri-
bution. This structured decomposition reduces interference
among causal factors and strengthens the disentanglement
of task representations.

Offline Meta-Policy Optimization

To optimize policies under causally disentangled task repre-
sentations, we propose a meta-policy learning method based
on representation filtering, which removes shared causal
components from task embeddings to enhance task-specific
expressiveness. To mitigate overestimation in offline rein-
forcement learning, we adopt the BRAC framework by con-
straining the learned policy toward the behavior policy via
a KL regularization. Under an actor—critic architecture, the
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Figure 5: Comparison of average returns between CATAL and baseline methods under the recombination generalization setting.

Half-Cheetah Ant Hopper Walker
Benchmark
ID (010))] ID (010))] ID 00D ID (010))]

Ofﬂine Pearl —261.0110,4 —289.413,2 50.7110,9 31.3120,5 196‘5i2f5‘4 146.6118,2 185.3:&132 132.431140
FOCAL —226.1415.3 —240.1413.4 69.3+120.7 51.4132.4 164.0417.2 107.1419.4 225.8407.7 178.4491.2
CORRO —196.8j:1.2 —257.8:&6_2 177~1:l:26.4 136.4:{:20,9 261.8:{:24,5 212.8:&29_4 270.1:{:17,1 214.4:&21_4
CSRO —197.8j:2.7 —211.5:‘:7_4 106.4:{:29,5 67.3:‘:16.4 232.6:{:19,6 188.4:‘:14.7 297.8:{:32,2 230.3121_3
CATAL —150.249354 —184.2464 197.04458 164.7154 289.949207 243.64293 31831126 256.34229

Table 1: Comparison of average returns between CATAL and baseline methods under the in-distribution (ID) and out-of-

distribution (OOD) generalization settings.

optimization objectives are:
Lesitie = Ep [(Qw(sa a, zi, Zg) -r
2
QIS a1, 29))

(13)
Lactor - *ED[ Qw(s7alazlazg)

— a Dy (ellms)|.

where D denotes the replay buffer, a’ ~ m¢, and o controls
the KL regularization toward 7g.

Experiments

In the experiments, we aim to evaluate: (1) the generaliza-
tion ability of CATAL across diverse tasks involving varia-
tions in multiple task factors; (2) the quality of causally dis-
entanglement in the task representations learned by CATAL;
and (3) the contribution of causally disentanglement through
ablation studies.

Experimental Settings

Benchmarks. Evaluations are conducted on multi-task
MuJoCo benchmarks for offline meta-RL(Todorov, Erez,
and Tassa 2012), with the following details: (1) Half-
Cheetah, where the agent is required to achieve a specified
target velocity; (2) Ant, which involves controlling the agent
to move in various target directions; (3) Hopper, where the
objective is to maximize the agent’s movement speed; and
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(4) Walker, which focuses on controlling a bipedal agent
to move forward as quickly as possible. Unlike prior work,
we evaluate generalization across tasks with multiple vary-
ing causal factors by modifying environmental parameters
(mass, damping, friction, inertia).

Offline Dataset Collections. For each benchmark, we
sample 20 training and 20 testing tasks from the task dis-
tribution. For each task, an offline dataset is generated by
training an SAC (Haarnoja et al. 2018) agent and randomly
retaining 200 trajectories from its interactions.

Baseline Methods. We compare CATAL against: (1) Of-
fline PEARL, which jointly optimizes the context encoder
and Q-function; (2) FOCAL (Li, Yang, and Luo 2020),
which uses metric distance learning to infer task representa-
tions; (3) CORRO (Yuan and Lu 2022), which employs In-
foNCE (Oord, Li, and Vinyals 2018) for task representation
learning; and (4) CSRO (Gao et al. 2024), which optimizes
the context encoder via mutual information. All methods
adopt the same offline RL algorithm BRAC (Wu, Tucker,
and Nachum 2019) to train meta-policy, for fair comparison.

Experimental Results

Generalization Ability. To comprehensively evaluate the
generalization capability of CATAL, we compare it with
baseline methods under three evaluation settings, where “x”
denotes a value expressed as a multiple of the default pa-
rameter setting: (1) Recombination Generalization, where

unseen tasks are formed by recombining previously ob-
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Benchmark Half-Cheetah Ant Hopper Walker
ID (010))] ID (010))] ID (010))] ID (010))]
CATAL-ICR —189.515.3 —208.7+16.4 16744144 123.3+15.4 243.64+12.3 161.2413.8 214.8492.3 150.3424.3
CATAL-C —201.3412.4 —213.5415.3 173.7T4015 124.54184 25251182 146.1421.7 231449047 178.4419.2
CATAL-I —157.24147 —251.5430.4 174.24305 159.31145 196.61458.4 159.9431 6 242.8492.3 164.2119.2
CATAL-I —171.4416.2 —238.91978 186.14307 147.8+13.4 182.3145.6 171.64128.3 228.7+19.8 176.44211
CATAL —150.24154 —184.2.4,4 1970445 164.7454 289.91227 243.61293 31831126 256.31229

Table 2: Ablation study analyzing the effects of the independence constraint, consistency constraint, and remapping mechanism
on the performance of CATAL under both ID and OOD evaluation settings.

served values of task factors (e.g., training on (mass
m* 1.0, friction = f % 0.3) and (mass = m x 1.2, friction =
f % 0.5), testing on (mass = m « 1.0, friction = f * 0.5));
(2) In-distribution Generalization, where test tasks con-
tain unseen values drawn from the same range as train-
ing (e.g., train on mass € [m * 1.0,m * 1.2], test on
mass = m * 1.15); and (3) Out-of-distribution General-
ization, where test tasks contain values outside the train-
ing range (e.g., train on mass € [m x 1.0,m * 1.2], test
on mass = m * 1.3). Similar settings are applied to other
task factors such as friction. The experimental results under
these three settings are illustrated in Fig. 5 for Recombina-
tion Generalization, and in Table 1 for both In-distribution
and Out-of-distribution Generalization. Across all settings,
CATAL consistently outperforms the baselines, demonstrat-
ing strong and versatile generalization capability.

Disentanglement Quality. We assess the disentanglement
quality of CATAL by visualizing task representations un-
der controlled variations of the mass factor (0.5x, 1.0x,
and 1.5x) across four benchmark environments. As shown
in Fig. 6, CATAL yields clearly separated representation
clusters for different mass settings, with embedding mag-
nitudes varying smoothly and proportionally to the under-
lying causal changes. This structured behavior suggests that
the learned representations effectively isolate the mass factor
while remaining largely invariant to other irrelevant dynam-
ics. Moreover, similar and interpretable patterns are consis-
tently observed under additional causal factors, such as fric-
tion and velocity, further demonstrating robust and system-
atic disentanglement across diverse causal dimensions.
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Ablation Study. To evaluate the necessity of the inde-
pendence constraint, consistency constraint, and remapping
mechanism in CATAL, we conduct the following abla-
tion studies: (1) CATAL-ICR: removes all three compo-
nents—the independence constraint, consistency constraint,
and remapping mechanism—retaining only the base frame-
work for task representation inference; (2) CATAL-I: re-
moves the independence constraint while keeping the con-
sistency constraint and remapping mechanism; (3) CATAL-
C: removes the consistency constraint while preserving
the independence constraint and remapping mechanism; (4)
CATAL-R: removes only the remapping mechanism while
retaining both constraints. As shown in Table 2, the full
CATAL model consistently outperforms all ablated vari-
ants across all evaluation metrics, demonstrating the essen-
tial roles of the structural constraints, intervention predic-
tion module, and remapping mechanism within the overall
framework.

Conclusions

In this work, we introduced CATAL, a novel framework that
leverages causally disentangled task representations to im-
prove the generalization capability of context-based OMRL
methods. Evaluations across recombination, in-distribution,
and out-of-distribution generalization settings demonstrate
that CATAL is highly effective in addressing tasks involving
multiple varying task factors. Nevertheless, as the assump-
tions regarding the intervention set may not always hold in
real-world scenarios, future work will focus on developing
more flexible approaches that require less prior knowledge.
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