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Learning Stable Subgoal Representation in
Hierarchical Reinforcement Learning With Causal

Factorization
Yibo Zhang, Dengpeng Xing , and Tielin Zhang

Abstract—Goal-conditioned hierarchical reinforcement learn-
ing (GCHRL) has proven effective for complex control tasks,
particularly in long-horizon and sparse-reward settings. By
employing a multilevel policy hierarchy, the high-level policy
generates feasible subgoals for the low-level policy, which in turn
learns to achieve them. This structure enhances exploration and
substantially improves learning efficiency. However, the subgoal
space has a profound influence on policy training. A well-
constructed subgoal space is essential for efficient learning, while
a poorly learned one hinders it. Causal reinforcement learning
(CRL), which integrates causal learning into reinforcement learn-
ing, enhances decision-making through discovery and utilization
of causal relations. In this article, inspired by current CRL
methods, we propose a novel causal approach to learning subgoal
spaces. Leveraging causal relations among different parts of the
state space, we extract components containing more high-level
and decision-relevant information. Besides, to enhance the quality
of representation learning, we propose a regularization method
to alleviate representation collapse and improve stability. We
evaluate our approach on a series of long-horizon and sparse-
reward tasks. The experimental results show that our method
learns higher quality subgoal representations and outperforms
current methods.

Index Terms—Causal factorization, hierarchical reinforcement
learning (HRL), representation learning.

I. INTRODUCTION

H IERARCHICAL reinforcement learning (HRL) [1] has
demonstrated effectiveness in addressing a wide range

of challenging tasks, including long-horizon control tasks and
games with sparse rewards [2], [3], [4], [5], significantly
outperforming standard deep reinforcement learning (DRL)
[6] methods. Among the predominant HRL paradigms, goal-
conditioned HRL (GCHRL) is particularly promising for
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complicated goal-reaching tasks [7], [8], [9]. This capability
enhancement stems from GCHRL’s hierarchical structure,
wherein high-level and low-level policies operate at different
temporal scales. The high-level policy sets subgoals periodi-
cally, and the low-level policy executes a series of primitive
actions to achieve them. This framework enables the high-
level policy to decompose the task into a series of manageable
subtasks, thereby allowing the low-level policy to focus solely
on reaching the assigned subgoals. A critical component
bridging the gap between the two layers is the subgoal space
[10], which serves as the action space of the high-level policy
and the goal space of the low-level policy. A well-learned
subgoal space can accelerate the training process. Moreover, as
the subgoal space usually has lower dimensionality, it reduces
the complexity of subgoal selection, mitigating the curse of
dimensionality.

Causal reinforcement learning (CRL) [11], which com-
bines causal learning [12] and DRL, has achieved remarkable
advances in data efficiency, interpretability, and robustness
[13], [14]. Leveraging causal inference and causal graph
models (CGMs), CRL agents can uncover underlying causal
mechanisms within observed data, such as causal relations
among variables or low-dimensional causal representations.
This causal understanding enables agents to mitigate the influ-
ence of spurious correlations, allowing them to extract more
relevant information from observations and improve learning
efficiency. Specifically, planning with sparse causal dynamic
models leads to improved performance and generalization
[13], [15], while training agents in causal representa-
tion spaces increases their robustness against environmental
distractions [16].

Inspired by current CRL schemes, we propose a novel
subgoal representation learning approach through causal fac-
torization in the latent space. Mainstream causal representation
learning methods learn a map from the original state space
to a more compact latent representation space, preserving
key information for decision-making and discarding most
irrelevant parts. Different from these methods, we take another
approach. We combine causal dynamic learning and repre-
sentation learning, integrating CGMs into the representation
learning process. Specifically, we assume a simplified latent
causal structure and decompose the latent space into causal and
noncausal factors. We then model the causal relations between
these factors and learn a factored latent dynamic transition

2162-237X © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
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model that conforms to this causal structure. This results
in a causal representation space enriched with higher level,
decision-relevant information, which serves as the subgoal
representation space in our GCHRL framework. In addition,
to alleviate representation collapse and stabilize the learned
space, we introduce a regularization loss that jointly considers
both of these aspects. Built upon the well-learned subgoal
space, we deploy a hybrid exploration strategy to assist policy
learning.

In summary, our main contributions are as follows.
1) We propose a novel subgoal representation learning

method using causal factorization to extract decision-
relevant information from the state space, yielding a
higher quality subgoal space that enhances policy learn-
ing efficiency.

2) We introduce a regularization technique to mitigate
representation collapse and stabilize the learned subgoal
space, thereby facilitating more robust policy training.

3) Based on the well-learned subgoal space, we develop a
hybrid strategy combining random network distillation
(RND) [17] and count-based methods to enhance explo-
ration.

II. RELATED WORK

A. Goal-Conditioned HRL

GCHRL framework is designed to address various complex
goal-reaching tasks. Leveraging a hierarchical policy structure,
GCHRL agents have enhanced capabilities in exploration
and exploitation. However, training both levels of policies
simultaneously can lead to instability issues. Prior works
tried to mitigate this issue primarily through off-policy cor-
rection [18] or hindsight replay [19], both of which have
been proven effective in stabilizing the training dynamics.
Built upon stable dynamics, a variety of methods have been
proposed to enhance policy learning. Some works focus on
exploration by encouraging agents to explore novel states [7],
[20], while others emphasize exploitation by modeling subgoal
reachability explicitly or implicitly [8], [21], [22].

B. Subgoal Representation Learning in GCHRL

In GCHRL, the subgoal space serves as a bridge between
the high- and low-level policies, making it essential to overall
performance. Early methods [3] use the entire state space as
the subgoal space, but when facing high-dimensional tasks,
it becomes infeasible due to “dimensionality explosion.” To
address this issue, some approaches adopt predefined subgoal
spaces, such as the xy space in navigation or manipulation
tasks [21], [23]. However, this approach is limited when
facing unknown or unstructured state spaces. Alternatively,
several works have explored learning subgoal spaces via
representation learning. For instance, representations based on
states with slower dynamics have been proposed to facilitate
more efficient exploration [10]. To improve stability and gen-
eralization to unseen states, probabilistic modeling techniques
are further introduced [24]. Furthermore, to mitigate repre-
sentation drift during training, penalties on changes between
old and new representations are incorporated [7]. However,

there still remain some challenges that current approaches
cannot adequately address, such as representation collapse and
limited interpretability. Regarding these issues, we propose
to take advantage of causal modeling. Leveraging global
causal relations, representation collapse can be alleviated, and
interpretability can be enhanced.

C. Causality in Reinforcement Learning

Integrating causality into DRL has been shown to be bene-
ficial. DRL agents with causal knowledge gain higher data
efficiency and better generalization. Broadly, causality can
be incorporated into DRL through two main avenues: causal
model-based DRL and causal representation learning. Causal
model-based DRL emphasizes explicit causal discovery and
modeling [13], [25], wherein agents learn dynamic models
with sparse causal structures, as opposed to previous dense
ones. This helps mitigate the influence of spurious correlations
in the data and improves generalization to out-of-distribution
states [11]. Causal representation learning focuses on learning
state representations under causal constraints [16], [26]. By
preserving information about underlying causal mechanisms
and filtering out redundant features, this enables agents to
focus more on causally meaningful aspects of the environment.

III. PRELIMINARIES

A. Framework of GCHRL

A GCHRL problem is usually modeled as a semi-
Markov decision process (SMDP), represented by a tuple
(S,A,P ,R, γ,G), where S,A,G denote the state space, action
space, and goal space, respectively. P : S × A→ S represents
the state transition dynamics, R : S × A→ R represents the
reward function, and γ is the discount factor. Besides, the high-
and low-level policy can be represented as πh(sg|s, g; θh) and
πl(a|s, sg; θl), respectively, where θh, θl denote parameters of
corresponding networks, and sg ∈ SG is the subgoal in the
subgoal space SG.

The high-level policy operates at a lower temporal resolu-
tion, issuing a new subgoal every H steps. In one episode,
the subgoal sgt at timestep t is sampled from the high-level
policy, sgt ∼ πh(sg|st, g; θh) when t ≡ 0(mod H). Between
high-level decisions, sgt is determined by subgoal transition
h(sgt−1, st−1, st), e.g., sgt = sgt−1 + φ(st−1) − φ(st) for relative
subgoals with any subgoal representation function φ : S → SG
and sgt = sgt−1 for absolute subgoals. At each timestep t, the
low-level action at is sampled by at ∼ πl(a|st, sgt; θl). The
high-level reward is typically defined as cumulative external
rewards over H steps, rh,t =

PH−1
i=0 rt+i, and the high-level

policy aims to maximize the expected discounted return, i.e.,
E
�P∞

t=0 γ
trh,Ht

�
. The low-level reward incentivizes reaching

the current subgoal, commonly defined as rl,t = −||φ(st+1) −
sgt ||2, where φ is the subgoal representation function. Both
levels of policies can be trained with standard DRL algorithms.

B. Causal Reinforcement Learning

Causality has been integrated into RL primarily through two
avenues: CGMs and causal representation learning.
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1) Causal Graph Models: We denote the state space as
S = {S 1, . . . , S n} and the action space as A = {A1, . . . , Am},
where uppercase letters denote random variables, and n and
m are the numbers of state and action variables, respectively.
We use lowercase letters s = {s1, . . . , sn} and a = {a1, . . . , am}

to represent specific states and actions.
In the context of CRL, the state transition dynamics are

typically modeled as a CGM, also known as a factored Markov
decision process (FMDP) [27] or a dynamic Bayesian network
(DBN) [28] in RL settings. Causality depicts the influence
relationships among state variables, or between state and
action variables.

Definition 1 (Causal Graph Model): Consider the current
state S , action A, and the next state S ′. A CGM is represented
by a tuple (G, P), where G is a directed acyclic causal graph
on S , A, S ′ specifying the parent set Pa(S ′i ) for each next state
S ′i ∈ S ′, and P is the corresponding transition distribution. The
transition dynamics can be written as

P
�
S ′
ˇ̌
S , A

�
=

nY
i=1

P
�
S ′i
ˇ̌
Pa
�
S ′i
��
. (1)

Usually the causal graph G is unknown and can be learned
from data through causal discovery methods.

Proposition 1 (Causal Discovery for CGMs): Assuming that
state variables transit independently, i.e., no causal relations
between S ′i and S ′j for any i , j, then the transition model
can be represented as a CGM with a bipartite causal graph:
all edges start from (S , A) and end in S ′. If P is faithful to
the dynamics, then G can be identified by

Xi ∈ Pa
�
S ′j
�
⇔ ¬

�
Xi ⊥⊥P S ′j

ˇ̌
(S , A) \ {Xi}

�
(2)

where Xi ∈ (S , A), S ′j ∈ S ′, and “⊥⊥P” denotes conditional
independence under P.

The proof can be found in [25]. Conditional independence
relationships within a causal graph can be identified via
various methods, such as fast CIT [29] or conditional mutual
information (CMI). Once learned, the CGM can be applied to
various downstream tasks, such as model-based planning or
data augmentation.

2) Causal Representation Learning: Causal representation
learning is a subfield of representation learning. Similar to
mainstream approaches, it learns a mapping function φ : S →
Z that projects the original state space into a low-dimensional
latent space. However, the key distinction lies in the constraints
imposed on the latent space. In RL’s context, commonly
adopted constraints include cross-domain invariance [30], dis-
entanglement [31], and dynamic consistency [26].

The learned causal representation space can serve as a new,
more compact state space for the agent. At timestep t, the
agent observes st, maps it to zt = φ(st), and selects an action
at ∼ π(zt). As the z space is typically lower dimensional and
more structured than S, the agent can learn an effective policy
with less data, enhancing data efficiency.

IV. METHODS

Causality has been widely incorporated into DRL, where
it has demonstrated its ability to capture general global

mechanisms that facilitate improved policy learning. How-
ever, its application within GCHRL remains underexplored.
Motivated by this characteristic of causality, we propose a
novel subgoal representation learning method that constructs
the subgoal space from a causal perspective to mitigate
representation collapse. Based on this foundation, we further
introduce a regularization mechanism to improve stability and
alleviate representation collapse and drift. Leveraging the well-
learned subgoal space, we further incorporate RND [17] and
count-based methods [7], [32] to develop a hybrid exploration
strategy within the learned representation space.

We present our causally factorized subgoal representation
(CSR) framework, as illustrated in Fig. 1. CSR comprises
three components: 1) a primary representation learning module
based on causal factorization; 2) a regularization module; and
3) a hybrid exploration module. Each component is detailed
in the following sections.

A. Causally Factorized Representation Learning

In CRL, it is widely acknowledged that there exist causal
relations among different variables, and not all variables
contribute equally to decision-making. For example, VISA
[33] decomposes variables into hierarchies according to their
causal dependencies, and CDL [13] extracts compact state
representation spaces by discarding part of action-irrelevant
variables.

Inspired by the aforementioned approaches, we propose a
causal scheme for learning subgoal spaces. Different from
prior work that focuses on identifying causal relations in the
state space, our objective is to learn a structured latent space Z ,
tailored for GCHRL. To this end, we partition the latent space
into two parts: the causal part Zc, which contains decision-
relevant features, and the noncausal part Znc, which captures
auxiliary or irrelevant information. Then, we define a CGM
(Gz,Pz) on the latent space Z instead of the original state
space S. By definition 1, we denote Z = {Zc,Znc} as the
latent variables, and Z′ = {Z′c,Z

′
nc} as their successors at the

next timestep. As we focus on learning state representations,
the original action variable A is retained. Gz is a causal
graph on Z, A,Z′, and Pz is the latent transition distribution.
Since causal discovery in a learnable latent space is inher-
ently underdetermined, we adopt a modeling assumption to
guide this process. In particular, we impose causal constraints
Pa(Z′c) = {Zc,Znc, A} and Pa(Z′nc) = {Znc, A}. Then, Pz can be
factorized as

P
�
Z′
ˇ̌
Z, A

�
= P

�
Z′c
ˇ̌
Zc,Znc, A

�
· P
�
Z′nc

ˇ̌
Znc, A

�
. (3)

This factorization reflects the causal structure of the latent
space Z .

In GCHRL, an effective subgoal space should distill essen-
tial low-dimensional features, ignoring secondary details and
enabling the agent to seize the most decision-relevant parts. In
the above factorization, the causal part Zc has a larger parent
set than Znc. From a causal perspective, this suggests that
Zc lies closer to the core decision-making path and likely
captures higher level and more decision-relevant features. As
demonstrated in Fig. 2, s2 and s3 have more causal parent
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Fig. 1. Framework of CSR. The above part describes the general GCHRL structure, while the below three parts illustrate the components of our representation
learning scheme: 1) the latent CGM and the latent causal dynamic transition model, which impose causal consistency constraints on the latent space and
extract causal representation from the state space; 2) the reconstruction constraints that supervise the learning process; and 3) the regularization part, which
further alleviates collapse and drift in the representation space. In the above workflow, the agent interacts with the environment, collects data, and learns
policy; while in the below workflow, it learns the subgoal space. These two parts are carried out iteratively.

Fig. 2. Demonstration of causal factorization. As s2 and s3 have relatively
larger causal parent sets, the learned causal representation zc is likely to
contain more information about s2 and s3.

nodes than other dimensions, so they are likely to contain
more important features. These features are then compressed
into Zc via representation learning. Thus, we employ Zc as
the subgoal space.

As Z is partitioned into two parts, the representation model
also contains two parts: φc : S → Zc and φnc : S → Znc.
This explicit decoupling of causal and noncausal features
differs from prior work. We learn the representation model
through two types of constraints: state reconstruction and
causal dynamics consistency described in (3). To enable
reconstruction of original states from the latent space, we
introduce a decoder d : Zc × Znc → S. We denote the
latent dynamic models of Zc and Znc as pc(zc,t+1|zc,t, znc,t, at)
and pnc(znc,t+1|znc,t, at), respectively. Both models output

parameterized normal distributions over the predicted next-
step latent features.

The reconstruction loss Lrec is written as

Lrec = E(st ,st+1)∼B
h

st − d (φc(st), φnc(st))



2
2

+


st+1 − d

�
φc(st+1), φnc(st+1)

� 

2
2

i
(4)

where B is the buffer. This is essentially an encoder–decoder
structure. The causal dynamics loss is calculated by fitting the
latent dynamics. We adopt the negative log-likelihood between
the predicted distribution and the target value as the causal
dynamics loss Ldyn

Ldyn = E(st ,st+1)∼B
�
− log p

�
sg
�
zc,t+1

� ˇ̌
sg
�
zc,t
�
, sg

�
znc,t

�
, at
�

− log p
�
sg
�
znc,t+1

� ˇ̌
sg
�
znc,t

�
, at
��

(5)

where zm,n = φm(sn),m ∈ {c, nc}, n ∈ {t, t + 1}, and sg(·) denotes
the stop-gradient operation.

The main causal representation loss Lcau is the combination
of Ldyn and Lrec

Lcau = Ldyn + c · Lrec (6)

where c is an adjustable coefficient. By optimizing Lcau, we
can learn a fine subgoal representation model φc.

We note that this “factorization and reconstruction”
paradigm may be more suitable for tasks with explicit transi-
tion mechanisms. For high-dimensional image tasks, necessary
adaptations may be needed, making it a potential limitation.
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B. Regularization on the Representation Space

While the reconstruction constraint mitigates representation
collapse to some extent, slight collapses and instability in the
representation space can still occur during training, degrading
performance. To address this, we propose a regularization
technique that consists of two components: the first is designed
to further alleviate collapse, and the second aims to mitigate
representation drift and enhance stability.

1) Alleviating Representation Collapse With Contrastive
Learning: Current methods mainly focus on local temporal
adjacency and lack consideration of global relationships in
the state space. Our proposed method is partially motivated
by this, aiming to emphasize global consistency more.

Assume we have collected M episodes in the buffer B. The
ith episode is denoted by ei = {si,0, . . . , si,T−1}, where T is the
maximum number of timesteps per episode. For two states si, j

and si,k from the same episode, we consider them nonadjacent
if | j − k| ≥ H. Besides, states from different episodes are
also treated as nonadjacent, regardless of their similarity in S.
For example, even if ||su, j − sv,k ||2 is small, we still consider
su, j and sv,k nonadjacent if they come from different episodes.
Conversely, two states su, j and sv,k are regarded as adjacent
only if u = v and | j − k| < H. Our objective is to bring the
representations of adjacent states closer while pushing apart
those of nonadjacent states in the latent space. This is realized
through contrastive learning, specifically by an InfoNCE-style
loss [34]

Lnce = −E(s,S p,S n)∼B log" P
sp,i∈S p

esim(s,sp,i)/τP
sp,i∈S p

esim(s,sp,i)/τ +
P

sn, j∈S n
e[sim(s,sn, j)+ε]/τ

#
(7)

where S p and S n denote the sets of positive (i.e., adjacent) and
negative (i.e., nonadjacent) samples, τ denotes the temperature
coefficient, and sim(·, ·) denotes the similarity metric. We
define the similarity between two states s1 and s2 as the
negative L2 distance in the causal latent space, i.e.,

sim (s1, s2) = −


φc (s1) − φc (s2)



2
2. (8)

To better separate nonadjacent states, we add an extra offset
ε > 0 to the similarity scores of negative samples. This margin
ensures sim(s, sn, j) does not become excessively large. By
optimizing Lnce, the similarity of positive samples is maxi-
mized while that of negative samples is minimized, enhancing
the discriminability of the learned latent space. As negative
samples are drawn from the entire interaction dataset rather
than being restricted to the same episode, a state with a lower
InfoNCE loss indicates that its representation is well separated
and globally consistent—optimized with respect to the overall
distribution instead of being limited to a single trajectory. This
further helps mitigate representation collapse.

2) Stabilizing the Subgoal Space: To stabilize the subgoal
space and reduce drift, we propose a regularization loss Lstb

that anchors important parts of current causal representations
to their prior versions before the network update

Lstb = Es∈S prio∪S start



φc (s) − φc,old (s)


2

2 (9)

where S prio denotes the priority set and S start denotes the set
of states near the starting point. Before each network update,
we rank states in B with Lnce, and take the top 30% of states
with the minimum Lnce to compose S prio. To further prevent
spatial drift, we collect states near the starting point, i.e.,
{si, j|i ∈ {1, . . . ,M}, j ∈ {0, . . . ,H − 1}}, to compose S start. The
above selection strategies for S prio and S start anchor the overall
distribution and the starting region, which helps stabilize the
entire latent space.

The overall representation loss combines Lcau, Lnce, and
Lstb

Lrepr = Lcau + α · Lnce + β · Lstb (10)

where α and β are both adjustable coefficients. In practice,
Lrepr ensures both the quality and stability of the representa-
tion space.

C. Hybrid Exploration Strategy in the Subgoal Space

To accelerate exploration, we take advantage of both
RND and count-based methods. When applied directly to
high-dimensional state spaces, these approaches suffer from
limitations: high dimensionality degrades the accuracy of
intrinsic rewards in RND and renders space discretization
infeasible for count-based exploration. With a well-learned,
low-dimensional subgoal space, both RND and count-based
methods become much more tractable. By operating in this
space, both of them become computationally efficient and
effective.

1) Random Network Distillation: The compactness of the
subgoal space allows us to use lightweight RND networks. We
utilize a predictor network ψpre and a target network ψtar, both
implemented as three-layer multilayer perceptrons (MLPs).
We randomly initialize them and freeze ψtar throughout train-
ing. The intrinsic reward for a state s is defined as

rint (s) = min
n
rmax,



ψpre
�
φc (s)

�
− ψtar

�
φc (s)

� 

2
2

o
(11)

where rmax is a predefined threshold. At each timestep t, rt,int

is computed and added to the original reward. During training,
ψpre is updated periodically by minimizing the mse loss Lrnd

Lrnd = Es∼B


ψpre

�
φc (s)

�
− ψtar

�
φc (s)

� 

2
2. (12)

2) Count-Based Exploration: In addition to RND, state
novelty can also be measured by visit counts. We partition
the subgoal space into discrete grids and maintain the visit
counts for each grid. The visit count of a state s (or a
subgoal sg) is represented by n(φc(s)) [or n(sg)]. When the
high-level policy selects a new subgoal at timestep t, it can
sample some nearby candidates and choose the one with the
lowest visit count, denoted as sgt,v. To encourage exploration
of less-visited regions, we further extend this subgoal in the
direction of sgt,v − φc(st), following [7]. The final subgoal sgt

is computed as

sgt,v = arg min
sg∈{sg| ‖sg−φc(st)‖2<dg}

n (sg)

sgt = φc (st) + δ ·
�
sgt,v − φc (st)

�
(13)
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Algorithm 1 CSR Algorithm
1: Input: High-level horizon H, total training episodes N ,

representation updating frequency f and RND updating
frequency fR.

2: Initialize: High- and low-level policy πh and πl, represen-
tation model φ = {φc, φnc}, visit counter C, select-by-count
probability p, RND networks ψpre, ψtar, high- and low-
level replay buffer Bh and Bl.

3: for i = 1..N do
4: Sample episode goal g.
5: for t = 0, 1, . . . ,T − 1 do
6: if t ≡ 0(mod H) then
7: Select sgt via Eq. (13) in C with probability p;

select sgt by πh with probability 1 − p.
8: Collect high-level transition into Bh.
9: else

10: Get sgt by sgt = sgt−1 + φc(st−1) − φc(st).
11: end if
12: Select at with πl; execute at and obtain rt, st+1 and

update C with φc(st+1).
13: Compute rt,int with Eq. (11) and add it to rt.
14: Collect low-level transition into Bl.
15: end for
16: Update πh, πl with DRL algorithms.
17: if i ≡ 0(mod f ) then
18: Update φ with Eq. (10).
19: end if
20: if i ≡ 0(mod fR) then
21: Update ψpre with Eq. (12).
22: end if
23: end for
24: Return: πh, πl, φc.

where dg is the distance limit and δ is a scaling factor.
In practice, the count-based strategy is employed with a
probability p to accelerate exploration.

During training, both RND and the count-based strategy are
integrated to form a hybrid exploration scheme. The complete
training procedure is outlined in Algorithm 1.

V. EXPERIMENTS

A. Experimental Setup

1) Environments: We conduct experiments on a series of
challenging long-horizon control tasks based on the Mujoco
[35] simulator, including various locomotion and manipulation
tasks. Specifically, the experiments are conducted on the
following seven environments.

1) AntMaze (U-Shape): A simulated ant robot starts at
(0, 0). The edge length of the maze is 12. In the training
phase, the goal is randomly sampled within the maze
(this setting is the same for all ant tasks), while in the
evaluation phase, the goal is fixed to the farthest point
(0, 8). The maximum timestep for each episode is set to
500 for training and evaluation.

2) AntMaze (S-Shape): The starting point is (0, 0). The
maze length is 20. In the evaluation phase, the goal is the

farthest point (16, 16). The maximum episode timestep
is 1000.

3) AntMaze (W-Shape): The starting point is (0, 0). The
length of the maze is 20. In the evaluation phase, the
goal is the farthest point (0, 8). The maximum episode
timestep is 1000.

4) AntFourRooms: The ant starts at the bottom left room
and aims to reach the top right room. The initial xy
position is (0, 0). The edge length of the maze is 18. In
the evaluation phase, the goal is fixed to (14, 14). The
maximum episode timestep is 1000.

5) AntPush: The ant starts at the bottom. To reach the goal
at the top, it must push the obstacle to the right first.
The initial xy position is (0, 0). The edge length of the
environment is 12. In the evaluation phase, the goal is
fixed to (0, 8) above the obstacle. The maximum episode
timestep is 500.

6) HalfCheetahHurdle: A HalfCheetah robot is required to
jump over a hurdle of height 0.35 and then reach the
goal. The initial xy position is (0, 0). The x-coordinate
of the hurdle is set to 2, and the height of the hurdle is
0.35. The goal is fixed to (4, 0.2) for both training and
evaluation. The maximum episode timestep is 1000.

7) 3-D-Reacher: A 7-DOF robot arm is situated in front
of a table. Its gripper is expected to reach specified 3-D
goal positions. The robot arm starts at a fixed position;
the initial angles and angular velocities of each joint
are all 0. For both training and evaluation, the goal is
randomly sampled. The maximum episode timestep is
100.

Note that the rewards are sparse and binary for all these
environments. For Ant tasks, when the L2 distance between the
xy coordinates of the ant robot and the desired goal is less than
1.5, the ant robot achieves a “success” and gets a reward of 1;
otherwise, the reward is always 0. For the HalfCheetahHurdle
task, when the L2 distance between the xy coordinates of the
cheetah robot and the desired goal is less than 0.5, the cheetah
robot achieves a “success” and gets a reward of 1; otherwise,
the reward is 0. For the Reacher task, when the L2 distance
between the xyz coordinates of the gripper and the desired 3-D
goal position is less than 0.25, the robot achieves a “success”
and gets a reward of 1; otherwise, the reward is 0.

The above environments are displayed in Fig. 3.

2) Baselines: CSR is compared with the following baseline
methods.

1) LESSON [10]: A GCHRL method that learns subgoal
representations based on slow dynamics.

2) HESS [7]: An extension of LESSON that adds stabi-
lization regularization and employs an active exploration
scheme based on novelty and reachability of latent
subgoals.

3) HLPS [24]: A GCHRL method that learns the subgoal
space from a probabilistic perspective.

4) HRAC [21]: A GCHRL method that uses predefined xy
space as the subgoal space directly and restricts subgoal
selection with temporal adjacency.
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Fig. 3. Environments used in our experiments. (a) AntMaze(U). (b) AntMaze(S). (c) AntMaze(W). (d) AntFourRoom. (e) AntPush. (f) HalfCheetahHurdle.
(g) Reacher.

TABLE I
COMPARISON AMONG CSR AND BASELINES

5) SAC [36]: A representative non-HRL algorithm that
refines reinforcement learning with policy entropy,
enhancing exploration.

Table I compares CSR and the above methods along several
dimensions (whether to use representation learning, whether to
use causal modeling, and exploration strategies).

B. Comparative Analysis

For each algorithm and environment, we evaluate with ten
episodes in the corresponding test environment. We compute
the success rate after every 50 000 timesteps. The average suc-
cess rate over five runs and the corresponding 95% confidence
interval are reported as the performance metric.

From Fig. 4, we can see that CSR outperforms baseline
methods on most tasks, especially on harder ones such as the
S- and W-shaped AntMaze, demonstrating its high learning
efficiency. The performance of CSR relies on its stable and
well-learned subgoal space, as well as the exploration strate-
gies applied to it. Taking advantage of the underlying causal
relations among state variables, CSR composes the subgoal
space using the most causally compact part, which is more
reliable and explainable compared to other approaches.

In comparison, LESSON and HESS learn subgoal spaces
mainly with local adjacency information, so global information
may be ignored, degrading the representation quality and the
overall performance. HLPS leverages a Gaussian process to
model subgoal spaces, improving the compatibility of new

states. However, it exhibits relatively low exploration capabil-
ity, which hinders effective updates of posterior distributions.
On the other hand, too frequent updates may impact stability,
which also adversely affects policy learning. HRAC utilizes
a predefined subgoal space, which is inherently stable and
well-structured. However, it leverages adjacency information
to restrict subgoal selection, which significantly enhances
exploitation but also overemphasizes it. Thus, exploration is
limited, making it less efficient. In addition, xy subgoal space
may not be very suitable for some tasks, which limits its
further applications. As a non-HRL approach, SAC relatively
lacks the capacity for tackling complex and sparse-reward
tasks. Although it encourages exploration with policy entropy,
the large state spaces of these tasks are difficult for efficient
exploration. Therefore, it cannot learn effective policies within
several million timesteps.

C. Ablation Study

To verify the effectiveness of various components, we
conduct ablation studies on them.

1) Ablation Study on Exploration Strategies: To verify the
effectiveness of exploration methods applied in the subgoal
space, we conduct ablation studies with different exploration
strategies on the AntFourRooms task. The results presented in
Fig. 5(a) indicate that both RND and the count-based method
contribute to the overall performance.

2) Ablation Studies on Regularizations: We conduct abla-
tion studies on the U-shaped AntMaze task to examine the
impact of the Lnce coefficient α [see Fig. 5(b)] and the Lstb

coefficient β [see Fig. 5(c)].
The results in Fig. 5(b) suggest that neither too large nor

too small α values are optimal. Too large α imposes excessive
regularization on the subgoal space and may reduce unifor-
mity, while too small α provides insufficient regularization and
cannot mitigate representation collapse well.

From Fig. 5(c), we can see that the stable loss also signif-
icantly influences overall performance. Large β values hinder
the updates of φ, which is harmful to training. On the other
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Fig. 4. Learning curves on a series of tasks. All curves are smoothed equally for visual clarity. (a) AntMaze (U-shape). (b) AntMaze (S-shape). (c) AntMaze
(W-shape). (d) AntFourRooms. (e) AntPush. (f) HalfCheetahHurdle. (g) Reacher.

Fig. 5. Ablation studies on various components of CSR. (a) Exploration.
(b) InfoNCE coefficients. (c) Stable coefficients. (d) Reconstruction. (e) Causal
dynamics. (f) Values of ε.

hand, the learning efficiency will also be influenced without
the stable loss.

3) Ablation Studies on Causal Losses: We conduct experi-
ments on the AntFourRooms task to reveal the effectiveness of
causal representation learning. Fig. 5(d) illustrates the ablation
results under different coefficients c of the reconstruction loss
Lrec. When c = 0, the agent cannot learn effective policies,

TABLE II
HYPER-PARAMETERS ACROSS ALL ENVIRONMENTS

and the success rate is always 0. On the contrary, nonzero
values of c ensure effective learning.

Fig. 5(e) shows the results under different coefficients of
the causal dynamic loss. We evaluate with coefficients 0.1, 1,
and 10. The results indicate that coefficients that are either too
large or too small are not optimal. Based on this, we set the
coefficient to 1 as the default choice.

4) Ablation Study on InfoNCE Offsets: We examine differ-
ent values of ε on the U-shaped AntMaze. The results shown
in Fig. 5(f) indicate that it is proper to set a relatively small
ε to assist the regularization. Too large ε may overly separate
representations, leading to distortion of the subgoal space.

D. Analysis on Representation Spaces

For comprehensive validation, we visualize subgoal spaces
learned by CSR, HESS, and HLPS. For each method, we
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Fig. 6. Learned subgoal spaces of different methods. (a) CSR. (b) HESS. (c) HLPS.

Fig. 7. Comparison of subgoal spaces with and without the causal loss Lcau. (a) CSR. (b) CSR without Lrec. (c) CSR without Ldyn.

Fig. 8. Comparison of learned subgoal spaces under different random seeds. It can be seen that they are similar under affine transformation, proving CSR’s
robustness.

Fig. 9. Dynamics of the learned subgoal space in the AntFourRooms task.
It can be seen that the subgoal space is generally stable. No drastic drifts are
exhibited. (a) 500 episodes. (b) 1000 episodes. (c) 2000 episodes. (d) 3000
episodes.

randomly sample an equal number of states in the S-shaped
AntMaze environment and map them to the subgoal space
using the learned representation model. As illustrated in Fig. 6,

Fig. 10. Comparison between original curve and curve with distractors. The
performance is affected by noise, but not severely.

the subgoal space of CSR has strong uniformity and little
collapse. In contrast, the subgoal space of HESS is inadequate
in uniformity, posing a risk of representation collapse. The
subgoal space of HLPS lacks regularity and suffers from
relatively severe collapse, which degrades its performance.

In addition, we visualize the subgoal space learned without
the reconstruction loss Lrec or the dynamic loss Ldyn in the
AntFourRooms environment for comparison with that learned
by original CSR. The subgoal space shown in Fig. 7(b)
and (c) both exhibits very poor performance compared to
Fig. 7(a). It can be seen that the agent cannot learn meaningful
representations without any component of Lcau. Without the
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Fig. 11. Representation spaces learned under five different seeds. It can be seen that noise is almost not included in the learned spaces, which proves CSR’s
effectiveness in filtering task-irrelevant information.

TABLE III
HYPER-PARAMETERS THAT DIFFER ACROSS THE ENVIRONMENTS

dynamic loss, the representation model cannot decide what
to preserve and what to discard. On another aspect, the repre-
sentation model will lose important information for supervised
learning without reconstruction. These further demonstrate the
importance of causal representation learning.

To evaluate CSR’s representation learning quality across
different runs, we visualize subgoal spaces obtained under
several random seeds in the AntFourRooms task, shown in
Fig. 8. The red regions indicate neighborhoods of the starting
position. The resulting spaces are observed to be similar up
to affine transformation, demonstrating CSR’s insensitivity to
randomness. Since CSR adopts relative subgoals, absolute
positions do not affect policy learning.

Finally, to investigate the variation of the representation
space over time, we visualize the space after several training
episodes, as shown in Fig. 9. It can be seen that the space is
generally stable and exhibits no drastic drifts.

E. Robustness to Task-Irrelevant Distractors

To demonstrate CSR’s ability to filter out task-irrelevant
distractors, we add two dimensions of random Gaussian noise
[N (0, 22)] to the state space of the U-shaped AntMaze envi-
ronment and evaluate CSR under five random seeds. The
learning curve and learned representation spaces are shown in
Figs. 10 and 11, respectively. The results indicate that overall
performance is not severely influenced by the noise, and CSR
remains capable of extracting a valid subgoal space from the
noisy state space.

VI. CONCLUSION AND DISCUSSION

In this article, we propose CSR, an effective approach
for learning subgoal representation spaces and enhancing
exploration in GCHRL. Leveraging causally factorized latent
dynamics, CSR extracts more causally important and decision-
relevant features from the state space, enabling more efficient
policy learning. In addition, CSR further enhances the overall
performance through regularization and exploration strategies.

It is important to note that CSR is fundamentally a sub-
goal representation learning approach, so it can be easily
incorporated into other GCHRL algorithms to gain further

enhancements. Moreover, compared to other self-supervised
schemes, CSR benefits from supervised signals, leading to
lower time consumption for representation learning.

CSR also has some limitations. For instance, we have
mentioned that this paradigm may not be suitable for tasks
with image observations. The high dimensionality of image
observations may exceed the reconstruction capabilities of
simple networks (such as MLPs), and there may not exist
explicit causal relations among raw pixels. One potential
improvement is to incorporate more advanced architectures,
such as CNN [37] and ViT [38], to extract high-level features
from image observations. However, this may increase compu-
tational overhead. Therefore, one interesting future work is to
adapt CSR to these tasks.

APPENDIX: IMPLEMENTATION DETAILS

A. Network Structure

1) Actor and Critic Networks: Actor and critic for both
high- and low-level policies are implemented as MLPs. Each
MLP has two hidden layers of dimension 300 with ReLU
activations. For actors of both levels, the outputs are scaled to
[−1, 1] by the Tanh function and then scaled to the range of
action spaces using linear transformations.

2) Representation Networks: φ contains two components:
the causal encoder φc and the noncausal one φnc, both of which
are MLPs with two hidden layers of dimension 128. ReLU
activations are applied in both models.

3) Dynamics Networks: Corresponding to the encoder
structure, the latent dynamics network is also two-part: the
causal dynamics network and the noncausal dynamics net-
work. We implement each of them with a simple multihead
self-attention block. The number of heads is 4, and the
dimension of embedding is 32 for each head.

Specifically, for each dimension of latent features or primi-
tive actions, it is mapped to the embedding space by an MLP
with one hidden layer of dimension 32. Then, these embed-
dings are processed by the self-attention block. After attention,
we utilize two single-layer MLPs for each embedding to
compress it to predictions of next-step µ and logσ, both of
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which are scalars. Dimensions corresponding to latent features
to be predicted are retained, while others are discarded.

4) Decoder Network: The decoder network maps latent
features to the original state space S, i.e., d : Zc × Znc → S.
It is implemented as an MLP with two hidden layers of
dimension 128 and ReLU activations.

5) RND Networks: RND consists of two networks: a pre-
dictor ψpre and a target network ψtar. We implement both of
them with MLPs with two hidden layers of dimension 128.
ReLU activations are employed. Parameters of ψtar are frozen
and parameters of ψpre are learnable.

B. Hyperparameters

The choices of main hyperparameters in our experiments
are displayed in Tables II and III. In Table III, for the
convenience of layout, we use “AntMaze-U,” “AntMaze-S,”
and “AntMaze-W” to denote the U-shaped AntMaze, the
S-shaped AntMaze, and the W-shaped AntMaze, respectively.
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