The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

DSAP: Enhancing Generalization in Goal-Conditioned Reinforcement Learning

Yiming Wang', Kaiyan Zhao?, Ming Yang’, Yan Li*, Furui Liu’, Jiayu Chen®’, Leong Hou U'*

I'State Key Laboratory of Internet of Things for Smart City, University of Macau, Macao SAR, China

2School of Computer Science, Wuhan University, Wuhan, China
3Department of Management and Marketing, Hong Kong Polytechnic University, Hong Kong SAR, China
4Undergraduate School of Artificial Intelligence, Shenzhen Polytechnic University, Shenzhen, China
Zhejiang Lab, Hangzhou, China
®Department of Data and Systems Engineering, University of Hong Kong, Hong Kong SAR, China
7INFIFORCE Intelligent Technology Co., Ltd, Hangzhou, China
{wang.yiming,yb57411} @connect.um.edu.mo, zhao.kaiyan @whu.edu.cn, miyang @polyu.edu.hk, liufurui @zhejianglab.com,
jiayuc @hku.hk, ryanlhu @um.edu.mo

Abstract

Goal-conditioned Reinforcement Learning (RL) is a promis-
ing direction for training agents capable of tackling a variety
of tasks. However, generalizing to new goals in different en-
vironments remains a central challenge for goal-conditioned
RL agents. Existing methods often rely on state abstraction,
which involves learning abstracted state representations by
excluding irrelevant features, to improve generalization. De-
spite their success in simplified settings, these methods of-
ten fail to generalize effectively to realistic environments with
varied goals. In this work, we propose to enhance generaliza-
tion through state abstraction from the perspective of causal
inference. We hypothesize that the generalization gap arises
in part due to unobserved confounders: latent variables that
simultaneously influence both the global and goal states. To
address this, we introduce Deconfounded State Abstraction
for Policy learning (DSAP), a novel framework that mitigates
backdoor confounding by employing a learned causal graph
as a proxy for the hidden confounders. We provide theoretical
analysis demonstrating that DSAP improves both the learning
process and the generalization capability of goal-conditioned
policies. Extensive experiments across different settings of
multiple benchmarks show that our method significantly out-
performs existing methods.

1 Introduction

Reinforcement learning (RL) has achieved impressive suc-
cess across a wide range of domains. However, real-world
deployment (Yang et al. 2023) requires agents to general-
ize to factors outside the training distribution, known as the
out-of-distribution (OOD) generalization problem (Krueger
et al. 2021; Shen et al. 2021). This challenge is further com-
pounded by the fact that the test-time distribution is typi-
cally unknown and can differ significantly from the training
environment. Recent efforts have introduced causal reason-
ing into RL to improve generalization by capturing struc-
tured knowledge through directed graphical models (Wang
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Figure 1: Generalization Dilemma in Goal-Conditioned
RL. Unobserved confounders in the environment can simul-
taneously influence both the global state and the goal state,
introducing confounding bias during policy learning. In the
training phase (top), the agent learns to lift a cube-shaped
object, with deep neural networks (DNNs) encoding both
the state abstraction and the policy. However, during testing
(bottom), a change in the confounder (the object’s shape)
modifies both the global and goal states. This distributional
shift leads to a mismatch between training and testing con-
ditions, ultimately causing policy failure.

et al. 2022a). For instance, some methods represent environ-
ment dynamics using learnable causal graphs (Ding et al.
2022), while others explain spurious correlations caused by
unobserved confounders (Ding et al. 2024). Despite these
advances, existing causal RL methods often struggle in hard
OOD scenarios where the goal object or task semantics vary
considerably (Yang et al. 2024). In this work, we propose to
model the generalization process in goal-conditioned RL as
a causal graph, providing a principled approach for address-
ing goal-dependent distribution shifts.

Recent advances in deep reinforcement learning (RL)



have leveraged state abstraction (Shanahan and Mitchell
2022; Wang et al. 2022b, 2024b) to improve transfer and
generalization. Learning compact state representations that
filter out task-irrelevant information is crucial for enabling
agents to generalize across diverse downstream tasks in
goal-conditioned RL. However, in practice, generalization
often fails due to the presence of unobserved confounders:
latent factors that simultaneously influence both the ob-
served global state and the goal specification. These con-
founders induce confounding bias (Pearl, Glymour, and Jew-
ell 2016), which compromises the agent’s ability to general-
ize to novel environments. As illustrated in Figure 1, such
confounding bias arises when the properties of unobserved
confounders shift between training and testing. During train-
ing, deep neural networks (DNNs) learn both state abstrac-
tions and policies based on consistent environmental factors.
However, at test time, changes in the confounder (e.g., ob-
ject shape) alter both global and goal states, introducing a
distribution mismatch that leads to policy failure.

To address the aforementioned issue, we model policy
learning with state abstraction through a novel perspective
of causal inference!. As shown in Figure 2(a), we formulate
the process as a causal graph where unobserved confounders
z influence both the global state s and the goal state g, induc-
ing a backdoor path s +— z — g — a that leads to confound-
ing bias (Pearl, Glymour, and Jewell 2016). This bias causes
learned policies to fail when generalizing to different test-
ing goals introduced by the confounders. A direct solution
is to estimate the interventional distribution P(a | do(s)) by
cutting off the backdoor path (Pearl 1995), but this is infea-
sible due to the unobservability of z and the random sam-
pling of goals g during testing. To overcome this, we intro-
duce a proxy variable G, learnable causal graph that depends
solely on g, to estimate the abstracted state s?® through
the path ¢ — G — s%. As illustrated in Figure 2(b), the
new path decomposes the confounding bias into two parts:
s 2 =9 =G — s®and s® <« G « g — a.
In this way, the proxy confounder G enables backdoor ad-
justment by facilitating the estimation of P(s% | do(s))
and P(a | do(s%®)). Built upon this mechanism, our DSAP
framework integrates causal discovery into state abstraction
and policy learning, enabling robust generalization across
unseen goals. We further prove the unique identifiability of
the underlying causal graph and establish theoretical guar-
antees on the generalization performance.

The main contributions of the paper are as follows:

* We introduce a novel causal perspective of the gen-
eralization caused by confounders for goal-conditioned
RL, revealing how unobserved confounders induce bias
through backdoor paths between global and goal states.

We propose DSAP, a framework that leverages learn-
able causal graphs as proxy confounders for backdoor ad-
justment, and prove the unique identifiability of the true
causal graph in goal-conditioned settings.

We provide theoretical guarantees and extensive empir-
ical results demonstrating that DSAP significantly im-
proves generalization across diverse environments.

"Project details: https://github.com/YimingWangMingle/DSAP
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2 Preliminaries

Goal-conditioned RL. We formulate the environments as
the Goal-conditioned Markov Decision Process (MDP) set-
ting with full observation, which is defined by a tuple M =
(S, A, P,r,G,v), where § is the state space, A is the ac-
tion space, P : § x A — S defines the transition dynamics,
G C S is the goal state space which is a set of assignment
of values to states, 7(s,g) = 1(s = ¢) : S x G — R is the
one-step immediate reward function conditioned on the goal
g, and + is the discount factor. In this paper, we focus on the
goal-conditioned generalization problem, where the goal for
training and testing stages will be sampled from different
distributions pyin (¢) and pies (¢). Our objective is to learn
a goal-conditioned policy 7(s,g) : S x G — A that max-
imizes the expected sum of rewards Y-, 7"~ 'r(sy, g). To
facilitate the implementation of causal discovery, we make
an assumption similar to previous work (Wang et al. 2022a;
Seitzer, Scholkopf, and Martius 2021): the state space S can
be factorized to disjoint components {S* fil , where the fac-
torization can be achieved by abstraction methods.

Causal Graphical Models. Causal structures are commonly
represented as directed acyclic graphs (DAGs) (Peters, Janz-
ing, and Scholkopf 2017) over variables. We can model the
causal relation using a Causal Graphical Model (CGM) (Pe-
ters, Janzing, and Scholkopf 2017). Consider random vari-
ables X = {X!... X} with index set V = {1,...,d}. A
directed acyclic graph G = (V, £) consists of nodes V and
edges & C V? with (i, j) forany i, j € V. A node i is called
a parent of j if e/ € &£ and e’ ¢ E£. The set of parents of j
is denoted by Pa’. We formally define causality as follows:

Definition 1 (Structural Causal Models (Peters, Janzing, and
Scholkopf 2017)). A structural causal model (SCM) € =
(X,U,F,P). Here X is the set of endogenous variables, U
is the set of endogenous (noise) variables, F is the collection
of d structural functions X7 := f1(Pa,,U7),j € [d], where
Pad C {X',..., X4WN\{X7} are called parents of X’ and
U7 € U. P is the distribution of all the exogenous variables.

Definition 2 (Backdoor Path). A backdoor path from a vari-
able X to a variable Y in a DAG is any path that connects
X to'Y with an arrow pointing to 'Y .

Definition 3 (Confounder (Pearl 1995)). Two variables X
and 'Y are confounded by Z if they are both caused by Z.

Definition 4 (Do-operator (Pearl 1995)). An intervention on
a set of endogenous variables X € X assigns avalue x to X
regardless of the other exogenous and endogenous variables
as well as the structural functions. We denote by do(X = x)
the intervention on X in our work.

Following (Ding et al. 2022), the do operation can be un-
derstood as the actions taken by an agent in RL environ-
ments. Through the do operation, the agent can intervene on
state variables within the SCM, thereby influencing the state
s of the environment. We denote the marginal distribution of
the state variable s as pg,_(s), which can be regarded as the
interventional data distribution collected by the policy 7.



Spurious correlation --» New path

- Learned variable ~ (*Z*y, ----Learned variable 7N,
Confounding N Confounding RS
--» Backdoor path . . --» Backdoor path .-

{ b

a
STUL S
e’ G
,
G
G
l %
&

XN

a

(®

Figure 2: (a) The causal structure of state abstraction in gen-
eralizing goal-conditioned RL, where z is the unobserved
confounder, 7 is the default reward function, s® is the
learned abstracted state, a is output action of learned pol-
icy and g is the goal variable across different (training and
testing) environments. There exists spurious correlation be-
tween state s and goal g when it comes to OOD generaliza-
tion caused by z. (b) The causal structure of DSAP, where
we introduce a new path from g to 5% with the causal graph
G of the transition dynamic as a proxy variable for achieving
the backdoor adjustment.

3 Methodology

This section begins with a review of backdoor adjustment
for mitigating confounding bias. We then introduce DSAP, a
framework that incorporates a proxy confounder as a learn-
able causal graph into state abstraction and policy learning to
improve generalization. Finally, we provide theoretical guar-
antees for its effectiveness in out-of-distribution settings.

3.1 Backdoor Adjustment

Causal Structure of Confounded Generalization. In the
generalization setting of goal-conditioned RL, there exists
unobserved confounders as the common cause factors be-
tween the global state and the goal state, which leads to the
confounding bias when generalizing to other environments.
As depicted in Figure 2(a), s and g are confounded by z,
resulting in a backdoor path s <~ z — g — a, which
can lead to the spurious correlation between s and g dur-
ing generalization when agent takes action a. Backdoor ad-
justment (Pearl 1995; Zhang et al. 2020b) is a widely used
approach to address the confounding bias, whereby causal
interventions are applied based on specified confounders
to block the backdoor paths. To implement backdoor ad-
justment, we need to satisfy the following backdoor crite-
rion (Peters, Janzing, and Scholkopf 2017):

Assumption 1 (Backdoor Criterion). In the SCM defined in
Definition 1 and its induced directed acyclic graph (DAG),
there exists an observed set ‘H that satisfies the backdoor
criterion, that is, the elements of H are not the descendants
of s, and the elements of H d-separate every path between s
and a that has an incoming arrow into s.

Proposition 1 (Backdoor Adjustment). Under Assump-
tion 1, it holds for all h € ‘H that:

P(a|do(s),g) =Y _ Pla|s,g,h)P(h) (1)
h
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Proof in Appendix C. Based on Proposition 1, we can
achieve deconfounded policy learning for the generalization
process using the backdoor adjustment with the following

2. Pla]s,2)P(z)

equation:
{ g Plals, g)P(g)

However, in complex and uncontrollable environments,
directly sampling the distributions of the unobserved con-
founder z and the goal g during training is often infeasible.
This violates Assumption 1, as z and g are not contained in
‘H. To address this, we introduce a proxy variable as follows.

2

P(a | do(s))

Causal Graph as Proxy Variable. To achieve the back-
door adjustment, we introduce the causal graph G as the
proxy variable by establishing a new path ¢ — G — s%
(see Figure 2(b)). Here, G is the causal graph of the goal-
conditioned environment transition dynamics and depends
on g. This dependency exists because g varies across dif-
ferent (training and testing) environments due to changes
in the properties of the goal object (confounder). Since G
encapsulates the goal-conditioned environmental dynam-
ics, it inherently relies on g throughout the generalization
process. By connecting G and s we can estimate the ab-
stracted state s®® with the causal structure of the environ-
ment by removing unnecessary dependencies between ac-
tions and state variables which further benefits generaliza-
tion to different tasks. As Figure 2(b) shows, the newly intro-
duced path g — G — 5% helps decompose the confounding
bias on generalization process into two parts: one originates
from the backdoor paths s < z — g — G — s, and
the other arises from s%® < G + g — a. By utilizing the
causal graph G as a proxy confounder, we can cut off these
two backdoor paths and achieve deconfounded policy learn-
ing. In other words, the learned causal graph G is observ-
able during the training process, adhering to Assumption 1.
Specifically, the aforementioned backdoor paths can be cut
off by calculating P(s%* | do(s)) and P(a | do(s®")) using
backdoor adjustment with the following equations:

P(s" | do(s)) =) P(s* | 5,G)P(G) ©)
G

P(a|do(s™)) =) Pla|s*™.G)P(G) Q)
g

The implementation details with theoretical analysis of the

backdoor adjustment are discussed in the next section.

3.2 Implementation Details

Causal Graph Learning. We define the goal-conditioned
causal graph of transition dynamics as a bipartite directed
acyclic graph (DAG) G, where the vertices are divided into
two disjoint sets 7z = {A: Si} and To1 = {Si1}
Here, A: = {a:} represents the action node at step t,
S, = {s},..., 5%} represents the state nodes at step ¢, and
ds represents the dimension of factored states. All edges
in the graph originate from the set 7; and end in the set
T¢t1. In practice, we utilize the gradient-based causal dis-
covery algorithm that commonly relies on least-squares (LS)



loss (Lachapelle et al. 2020) and employs neural network
modeling to capture more general (non-linear) causal re-
lationships compared with previous methods (Wang et al.
2022a; Ding et al. 2022) using Conditional Independent
Test (CIT). Specifically, we seek to learn G using a score-
based approach (Zheng et al. 2018), which defines and opti-
mizes score functions of causal graphs to identify the un-
derlying causal structure. Given n samples of transitions
{st,..., 5% a, Stitr-- s sfjﬁl}, we denote the input fea-
ture matrix as X € R"*(24s+1) and the weighted adjacency
matrix of causal graph parameterized by ¢ as W(¢). This
optimization problem can be reformed as a SCM (see Defi-
nition 1) and uses the LS loss:

L(6) = 5K~ XW(S) [ + AIW(6) s + ah(W(0))
(%)

where || - ||, is defined as the ¢,-norm on matrices, penalty
term ) is used to encourage the sparsity of the matrix W (),
h(W (¢)) = Tr (eW(#)°W(9)) — 245 — 1 is the trace expo-
nential regularizer to enforce the “DAG-ness” of the causal
graph and « is the scale parameter. Finally, the learned
causal graph G is represented by a weighted adjacency ma-
trix W = Reduce(W(¢)) € Rés*(ds+1) For more de-
tails please refer to Appendix A.

State Abstraction. In order to accomplish Equation (3), we
utilize the learned causal graph G as input to perform state
abstraction, which also allows us to filter out non-causal
states that are unrelated to the action and other state vari-
ables. For instance, as depicted in Figure 3(d), the agent
cannot interact with the black block. Consequently, the state
of unmovable black block is causally independent of the
agent’s actions and other state variables which makes it an
interference term during training and hinders generalization.
Based on Equation (3), we implement the corresponding
P(5% | do(s)) with abstraction network F: 5% = F(s4,G).
Specifically, the abstraction network F' has an encoder-
decoder structure with the causal graph G as an interme-
diate linear transformation. The encoder processes the in-
put state and outputs features f, € R(Is+1)xds where
dy represents the feature dimension and ds + 1 accounts
for the combined dimensions of the state and action, which
are then integrated with the causal graph. Then, the causal
graph is multiplied to generate the feature for the decoder
fa = G* f. € R¥s*ds The detailed architecture of the state
abstraction can be found in Appendix B. Since we cannot
iterate all the G, we approximate the backdoor adjustment in
Equation (3) via Monte Carlo sampling:

| X
P(s% | do(s)) ~ e ZP(S“Z’ | s,Gk) (6)
k=1

where K represents the number of sampling times (ablation
study in Appendix D), and Gy, refers to the sampled graph at
times k. Thus the abstracted state is computed as:

S
5% = Ve kZ:l F(s,Gk) 7N
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based on which the backdoor adjustment P(s% | do(s)) is
completed.

Deconfounded Policy Learning. Based on Equation (4), we
additionally utilize the causal graph G as the input fed into
the policy network 7(6):

a=n(s"G.g) ®)

This incorporation equips the agent with the ability of causal
reasoning, as the agent itself has knowledge of the causal
graph (Nair et al. 2019), which significantly benefits gener-
alization. Similarly, combined with Equation (7), we com-
plete the backdoor adjustment in Equation (4) via Monte
Carlo sampling:

1
_ E ab
a M Tn:lﬂ-(smvgmagm) (9)

where M represents the number of sampling times. Thus we
achieve the deconfounded policy learning with state abstrac-
tion by calculating P(s* | do(s)) and P(a | do(s?")) with
Equation (7) and Equation (9) respectively. The pseudo-code
is demonstrated in Algorithm 1 in Appendix E.

3.3 Theoretical Analysis

To analyze the performance of the optimization of different
blocks, we provide a theoretical analysis on the learning pro-
cess. All the detailed proofs can be found in Appendix C.

Theorem 1 (Identifiability). Suppose that the joint state
variables {s'}%,, and action a are observable at all times,
the properties of Markov assumption and causal faithful-
ness assumption are maintained, then the causal graph is
uniquely identifiable.

Under Theorem 1, we can identify a unique G under opti-
mality during the causal graph learning process. However,
sampling data for the causal graph learning from a goal-
conditioned MDP is not a trivial problem. Usually, the ran-
dom policy is not enough to satisfy the oracle assumption
because some nodes cannot be fully explored when the task
is complicated and has a long horizon. To make this assump-
tion empirically possible, it is necessary to simultaneously
optimize the policy to access more samples close to finish-
ing the task, which is further analyzed in Theorem 3.

Theorem 2 (Task Generalization). Given the mapping F :
S — 8% that maps states to the abstracted state defined
in Equation (7), S® encodes all the state information about
the causal ancestors of the reward Ancestor(R) after con-
vergence of the optimal causal graph.

With the converged optimal causal graph under Theo-
rem 1 and drawing upon Theorem 2, we can conclude that
the learned converged abstracted state demonstrates the abil-
ity to generalize to unseen reward functions, as long as the
new reward function shares a subset of the same causal an-
cestors. Additionally, the learned representation will be ro-
bust to spurious correlations, or changes in state factors that
are not in causal ancestors of the reward Ancestor(R).



Theorem 3 (Distribution Alignment From Policy Learn-
ing). During the state abstraction process, let T' repre-
sent the maximum step count per episode. Assuming that
the Wasserstein distance between the marginal state distri-
bution pq,, (s) in collected interventional data buffer and
the abstracted state distribution pgav is bounded by €:
W(pdoﬂ(s),psa,b) < €. Then the Wasserstein distance be-
tween the collected interventional data distribution pq,_(s)
and the goal distribution p, is upper-bounded by the value
function:

e’ — (1=y)V7(s)
1—~T

1+ a0

W (Pdo, (s) Pg) <

Based on Theorem 3, we conclude that during state ab-
straction and policy learning process, a better policy charac-
terized by a higher value V'™ (s) aligns the distribution of in-
terventional data collected under policy 7 more closely with
the target goal distribution, which underscores the benefit of
our policy learning for agents tackling goal-oriented tasks.
See experimental results in Appendix D.

Remark. According to Theorem1, the optimal causal graph
of the transition dynamics is identifiable and the causal
graph learning error bound is further discussed in Lemma 3
in Appendix C. With the optimal causal graph, we can en-
sure the abstracted state encodes all relevant information
about the causal ancestors of the reward based on Theo-
rem 2, which demonstrate the robustness and generalization
ability of learned representation. Furthermore, drawing upon
Theorem 3, policy learning effectively steers the collected
interventional data distribution towards the goal distribution,
which in turn enhances the node exploration for causal graph
learning, leading to a virtuous cycle.

4 Experiments

Our experiments evaluate the following hypotheses:

H1. DSAP achieves better performance under both in-
distribution and OOD generalization settings comparing to
other competitive methods.

H2. DSAP identifies the ground-truth causal graph and
achieves better accuracy than Conditional Independent Test
(CIT) based methods.

H3. State abstractions derived by DSAP improve sample ef-
ficiency when generalizing to downstream tasks compared
to full state space and other baselines.

H4. DSAP exhibits greater scalability and robustness when
compared to other goal-conditioned RL methods.

4.1 Environments and Baselines

O34 gy ) )
Cau%al graph é ‘k é)
ol n
Set square to pink 3 ~ o
(a) Chemistry (b) Lift (c) Wipe (d) Stack

Figure 3: The evaluation environments.

26683

We examine the generalization on modified commonly
used RL benchmarks following previous work (Wang et al.
2022a; Ke et al. 2021). We design two settings: In-
Distribution (ID) and Out-Of-Distribution (OOD) corre-
sponding to different goal distributions for generalization.
We use Puain(g) and piegi(g) to represent the goal distribu-
tion during training and testing, respectively. ID uses the
SaAmMe Pyain (¢) and peegt(g). OOD introduces the difference
between Piin (9) and pest(g) caused by confounder. The set-
tings are briefly summarized in the following:

We evaluate generalization on modified versions of stan-
dard RL benchmarks, following prior work (Wang et al.
2022a; Ke et al. 2021). Two settings are considered: In-
Distribution (ID) and Out-of-Distribution (OOD), corre-
sponding to different goal distributions. Let py.in(g) and
Drest(g) denote the goal distributions during training and test-
ing, respectively. In the ID setting, these distributions are
identical. In the OOD setting, a shift is introduced through
changes induced by confounders.

(1) In the Chemistry environment adapted from (Ke et al.
2021), two fixed-color nodes are added as distractors, and an
underlying causal graph controls the color-changing mech-
anism of remaining five nodes. In one step, the agent can
change the color of one node. The goal is to match given
colors of the nodes. In the OOD setting, we change the color
of different nodes to introduce the spurious relationship.

(2) We use the robosuite manipulation suite (Zhu et al.
2020) to assess DSAP under realistic dynamics. We eval-
uate three tasks: lift, wipe, and stack. In the OOD variant
of the lift task, the block’s shape is changed to a sphere.
For the wipe task, we increase table friction to make wiping
more difficult. In the stack task, an immovable black block is
added as a distractor, and we change the shape and color of
the two goal blocks to construct a composite OOD setting.
Full implementation details are provided in Appendix E.

Baselines. To demonstrate the effectiveness of DSAP, we
compare it against following competitive baseline methods.
SAC: (Haarnoja et al. 2018) Soft Actor-Critic is a famous
RL baseline which uses entropy to increase the diversity of
action. ICIN: (Nair et al. 2019) It endows the agent with the
capability of causal reasoning for completing goal-directed
tasks where it assumes that the true causal graph is accessed.
ICIL: (Bica, Jarrett, and van der Schaar 2021) The method
proposes an invariant feature learning structure that captures
the implicit causality of multiple tasks to benefit generaliz-
ing to different tasks. DBC: (Zhang et al. 2021) The method
proposes learning the abstracted state using the bisimulation
metric to group similar states that considers effective down-
stream control. GRADER: (Ding et al. 2022) It formulates
the goal-conditioned RL problem into variational likelihood
maximization with causal graphs as latent variables to ben-
efit generalization. CDL: (Wang et al. 2022a) The model-
based method learns the causal dynamics model that strictly
removes dependencies between state variables and the action
to help improve generalization. CBM: (Wang et al. 2024b)
The method learns the causal relationships in the dynamics
and reward functions for each task to derive a minimal and
task-specific abstraction.



DSAP CDL —— DBC CBM GRADER ICIN ICIL SAC DSAP-C DSAP w/o S.A.
10 Chain-ID 10 Collider-ID 10 Jungle-ID 10 Full-ID
0.8 0.8 0.8 0.8 =
0.61 ], 0.6 | 0.6 0.6
5 0.41] 0.4 0.4 0.4
g
202 0.2 0.2 0.2
O
o~
+ 0.0 0.0 0.0 0.0
(]
= in- ider- — -
1.0 Chain-OOD 10 Collider-OOD 10 Jungle-OOD 10 Full-ODD
g
gos 0.8 0.8 0.8
<
0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4
0.2 0.2 — 0.2 0.2 — e
0.0 0.0+ 0.0 0.0
0 5 10 15 0 5 10 15 10 15 0 5 10 15
Timesteps( X 1k)

Figure 4: Comparisons of DSAP and baselines (all results are the average test reward with mean and standard deviation over 10
random seeds) in three types of causal graphs [Chain, Collider, Jungle, Full] under ID and ODD setting of Chemistry.

4.2 Main Results

Overall Performance (H1). As shown in Figure 4 and Ta-
ble 2, DSAP dominates all baselines in the chemistry envi-
ronment (ID and OOD setting) and achieves the best per-
formance in all the OOD setting of the manipulation tasks.
Note that the gap between our method and baselines in OOD
setting of the chemistry environment is more significant
than in the ID setting, showing that our method still works
well in the non-trivial generalization task. SAC struggles in
all tasks of chemistry and manipulation environments since
they have very sparse rewards for goal-conditioned tasks.
Without learning the causal structure of the environment,
DBC fails in most OOD generalization tasks. The ability to
uncover causality behind the tasks provides ICIN, ICIL, and
GRADER with an edge over SAC, CBM and DBC, lead-
ing to superior performance. CDL’s effective state abstrac-
tion leads to strong performance, but vulnerability to spuri-
ous correlations introduced by confounders in OOD settings
hinders its performance compared to DSAP.

Environment DSAP GRADER CDL

Chain 100.0 = 0.0 99.5+0.2 100.0+ 0.0
Collider 100.0 0.0 99.7 £0.1 100.0 = 0.0
Jungle 995+0.2 981+0.1 99.1+0.2
Full 993 +03 97.74+05 99.1 +0.1
Manipulation 93.7+ 0.1 823+04 89.9+4+0.2

Table 1: Causal graph accuracy (%) comparison

Causal Discovery Analysis (H2). To verify the effective-
ness of the causal graph learning in DSAP, we evaluate the
performance of causal discovery with Conditional Indepen-
dent Test (CIT) used in GRADER and CDL. We assess the
performance of these methods in chemistry and manipula-
tion environments in terms of accuracy, recall, precision, F1
score and ROC AUC. For all metrics, the higher the bet-
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ter. We present the results of causal graph accuracy in Ta-
ble 1 (Full results in Appendix D). We can observe that our
gradient-based causal graph trainer achieves improved per-
formance, particularly in environments with complex causal
graphs. This advantage stems from NNs’ ability to capture
non-linear relationships unseen by CIT-based methods. We
visualize the learned causal graph and ground-truth graph of
Collider as depicted in Figure 5. Our causal discovery pro-
cess reveals the accurate causal graph behind the environ-
ment.

-1.0
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Figure 5: Learned and ground-truth causal graph.

Counterfactual analysis is widely adopted in explainable
RL (Madumal et al. 2020b,a) to interpret agent behavior. To
evaluate the interpretability of DSAP, we design a counter-
factual variant, referred to as DSAP-C, which uses a prede-
fined counterfactual causal graph during training (see Ap-
pendix E for details). As shown in Figure 4 and Table 2,
this counterfactual setting leads to a notable drop in DSAP’s
performance. Intuitively, the use of a counterfactual causal
graph introduces redundant and spurious correlations among
state variables, injecting additional noise into the learning
process and degrading generalization.

Advantage of State Abstraction (H3). To validate the ef-
ficacy of the state abstraction process, we compare DSAP
with and without state abstraction (denoted as "DSAP w/o



Method Lift-OOD Wipe-OOD Stack-OOD Reach Pick Match

SAC 23.8%+11.4% 21.5%+12.3%  25.7%+12.6% | 46.9%+12.5% 25.6%+10.7%  13.4%=+6.7%
ICIN 90.1%+74%  78.4%+13.5% 61.5%%13.0% | 72.9%+13.5% 68.6%+16.7% 52.7%+14.5%
ICIL 75.6%+14.7% 64.5%+124% 57.6%+14.5% | 771.7%+£159% T71.9%+17.6% 58.4%+17.7%
CBM 81.5%+10.8% 69.9%+10.1% 65.8%+12.3% | 88.6%+12.6% 87.6%+11.8% 70.4%+11.5%
DBC 612%+11.3% 51.7%+112% 42.8%+12.5% | 85.9%+11.3% 80.1%+12.4% 69.8%+13.5%
CDL 77.6%£12.9% 62.7%+10.0% 59.9%+12.4% | 94.8%+44% 81.3%t79%  71.6%+6.8%
GRADER 88.9%+13.2%  81.6%+9.1% 86.9%+8.8% 83.6%+9.6% 65.5%+11.2% 51.6%+12.3%
DSAP 94.6%+8.6% 96.9%+9.3% 89.9%+11.3% | 92.8%+6.7% 91.8%+69% 85.4%+7.6%
DSAP-counterfact | 77.4%+9.5%  75.6%+11.2%  81.3%+4.6% 74.5%+8.4%  64.7%+13.4% 59.5%+11.6%
DSAP w/o S.A. 69.6%+11.3% 71.8%+11.2% 58.3%+13.6% | 71.9%+12.4% 61.8%+12.1% 50.9%+10.6%

Table 2: Mean success rate (average over 10 random seeds) for the OOD testing settings of three manipulation tasks (Lift, Wipe,
Stack) and downstream tasks (Reach, Pick, Match) in the manipulation environment.

S.A.”) against three competitive abstraction methods: DBC,
CBM and CDL. Results, as presented in Figure 4 and Ta-
ble 2, consistently demonstrate DSAP’s superior perfor-
mance in both ID and OOD settings. DBC’s lack of causality
integration results in lower performance compared to DSAP
and CDL. CBM struggles in OOD settings due to the exis-
tence of confounding bias during the generalization process;
As for CDL, the strict removal of state variables based on the
causal dynamic transition model, while effective in certain
scenarios, can lead to loss of critical information for gen-
eralization and vulnerability to spurious relations in OOD
settings. Also the performance of DSAP w/o S.A. exhibits a
huge decline which highlights benefits of state abstraction.

The Scalability of DSAP (H4). To validate the DSAP’s
scalability compared to baselines, we evaluate on the chem-
istry environments with increasing entity nodes (7, 12, 17).
As the node count increases, the complexity of the causal
graph also increases, making it more challenging for the
agent to achieve the goal. The results can be found in Ap-
pendix D. Also we conduct experiments on downstream
tasks on the manipulation environment. As Table 2 shows,
DSAP still achieves the best performance when handling in-
creasingly complex environments and different downstream
tasks, indicating the robustness and scalability of decon-
founded policy learning with state abstraction.

5 Related Work

RL Generalization. Generalization is a core challenge in
GCRL (Liu, Zhu, and Zhang 2022), which aims to train
agents across diverse tasks. Common approaches include ex-
perience replay (Zhao et al. 2024), reward shaping (Wang
etal. 2023, 2024a, 2025), and latent dynamics models (Nair,
Savarese, and Finn 2020). Other works reformulate GCRL
as variational inference (Tang and Kucukelbir 2021; Rudner
et al. 2021), or apply causal reasoning to enhance general-
ization (Ding et al. 2022). Beyond optimization, task decom-
position (Huang et al. 2019; Kipf et al. 2019), symbolic rea-
soning (Yang et al. 2021; Landajuela et al. 2021), and image-
based data augmentation (Hansen, Su, and Wang 2021) have
also been explored. GCRL generalization has further been
studied under domain adaptation (Tobin et al. 2017; Mehta
et al. 2020), meta-learning (S@mundsson, Hofmann, and
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Deisenroth 2018; Finn, Abbeel, and Levine 2017), multi-
task learning (Schaul et al. 2015), and curriculum learn-
ing (Narvekar et al. 2020).

State Abstraction. State abstraction improves sample effi-
ciency by mapping multiple states to a compact representa-
tion that omits task-irrelevant variables. Bisimulation (Even-
Dar and Mansour 2003) groups states with equivalent fu-
ture reward distributions under any action sequence. Its
connection to causality has been highlighted by showing
that bisimulation preserves only the causal ancestors of
the reward (Zhang et al. 2020a). Recent methods such as
DeepMDP (Gelada et al. 2019) and DBC (Zhang et al.
2021) learn approximate bisimulation via end-to-end train-
ing with abstracted dynamics and rewards. Model-based ap-
proaches (Wang et al. 2022a, 2024b) further improve gener-
alization by removing spurious dependencies in dynamics.

Causal RL. Causality has been integrated into reinforce-
ment learning across both model-based and model-free set-
tings (Lattimore, Lattimore, and Reid 2016; Madumal et al.
2020c). (Lu, Scholkopf, and Herndndez-Lobato 2018) esti-
mate structural causal models (SCMs) from observational
data with confounders between actions and rewards. (Gasse
et al. 2021) leverage both observational and interventional
data to learn latent transition models for deconfounding. In
model-free settings, (Wang, Yang, and Wang 2021) improve
sample efficiency using observational data, while recent
works extend deconfounding techniques to multi-agent (Li
et al. 2022) and history-based RL (Gao et al. 2023).

6 Conclusion and Future Work

In this work, we propose deconfounded state abstraction for
policy learning (DSAP) to use the learned causal graph of
dynamics as the proxy confounder for backdoor adjustment,
which removes the confounding bias between global and
goal states during generalization. Further theoretical analy-
sis guarantees the improvement on learning and generaliza-
tion process and extensive experiments have demonstrated
the superiority of our algorithm. The factorized state as-
sumption is the key limitation. Integrating semantic-level
state segmentation methods (e.g. VLMs), presents a promis-
ing direction for enhancing scalability in the future.
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