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ABSTRACT
Deep reinforcement learning (DRL)-basedmulti-UAV collision avoid-
ance methods often exhibit limited generalization when deployed
in unseen environments, primarily due to the reliance on non-
causal and redundant visual features. Such overfitting to spurious
correlations compromises both robustness and safety during real-
world deployment. To address these limitations, this study pro-
poses a novel Compact Causal Feature Learning (CCFL) framework
that enables UAVs to learn compact and generalizable causal repre-
sentations. Specifically, a Causal Feature Identification module is
designed to disentangle input representations into causal and non-
causal components, ensuring that the learned features preserve true
environmental causality. Furthermore, a Redundancy Feature Com-
pression module is introduced to remove redundant dependencies
and compact the causal subspace, thereby enhancing generaliza-
tion to previously unseen scenarios. Extensive experiments on a
challenging UAV collision avoidance benchmark demonstrate that
CCFL achieves substantial performance gains over state-of-the-art
baselines, increasing individual success rates by 42.0% and swarm
success rates by 61.6%. These results validate the effectiveness of
compact causal feature learning for improving the adaptability,
robustness, and safety of autonomous UAV systems operating in
complex dynamic environments.
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TABLE 1: Experimental analysis of the generalization prob-
lem in SAC+RAE, evaluated using SSR (Swarm Success Rate)
and ISR (Individual Success Rate).

Training Testing Finetuned SSR (%) ISR (%)

Playground Playground / 50.5 91.9
Playground Forest / 0.0 51.9
Playground Forest Visual Network 43.2 88.6
Playground Forest Policy Network 0.0 48.2
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1 INTRODUCTION
Collision avoidance [10, 21] for unmanned aerial vehicles (UAVs)
has emerged as a central research topic in robotics and artificial
intelligence, with broad applications in areas such as precision
agriculture [17], search-and-rescue operations [29], mining [28],
and infrastructure inspection [19]. In these domains, the ability of
multi-UAV systems to perform robust and reliable collision avoid-
ance is critical to ensure that each UAV can navigate safely from
its origin to the intended destination. However, real-world environ-
ments [14] are inherently complex, dynamic, and uncertain. Even
minor perception or decision errors can trigger cascading failures,
leading to mission failure, property damage, or even threats to
human safety. These factors make collision avoidance not only a
fundamental technical challenge but also a crucial safety concern
in the deployment of autonomous UAVs.

Over the past two decades, extensive research efforts have been
devoted to developing effective collision avoidance algorithms. Tra-
ditional approaches [13, 23, 30] are primarily based on manually
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designed rules or modular pipelines integrating prediction, plan-
ning, and control. Although these methods can achieve reasonable
performance in structured settings, they often result in overly com-
plex systems with limited scalability and parameter sensitivity
issues. In contrast, deep reinforcement learning [1] provides an
end-to-end framework for learning control and decision-making
policies directly from high-dimensional sensory inputs. By leverag-
ing large-scale environmental interactions, DRL enables UAVs to au-
tonomously develop adaptive behaviors that generalize across vary-
ing obstacle-rich scenarios. Consequently, advancing DRL-based
navigation and collision avoidance methods has become a key di-
rection for enhancing the robustness, adaptability, and safety of
multi-UAV systems in complex and unseen environments.

Despite their success, DRL methods remain inherently data-
driven and typically rely on the assumption that the training and
testing environments share a similar distribution [12]. In practice,
this assumption seldom holds. Policies trained in simulation or lim-
ited environments are frequently deployed in real-world settings
characterized by distinct visual appearances, dynamics, and obsta-
cle configurations. Such distribution shifts can lead to substantial
performance degradation [7, 10, 21, 34], severely constraining the
reliability, robustness, and real-world applicability of DRL-based
UAV systems.

To further examine the generalization capability of DRL, we
revisit SAC+RAE [16], a representative method for multi-UAV colli-
sion avoidance. As illustrated in TABLE 1, the model is first trained
in a controlled environment (i.e., a playground) and subsequently
deployed in an unseen scenario (i.e., a dense forest). Experimental
results demonstrate a pronounced decline in performance when the
model encounters unseen environments, verifying the significant
impact of domain shift. To identify the root cause of this degra-
dation, we conducted comparative experiments focusing on two
key components: the visual network for feature extractor and the
policy network. Specifically, each module was fine-tuned in the
target environment while keeping the other fixed, thereby ensur-
ing exposure to identically distributed data and isolating the effect
of representation versus policy adaptation. The results show that
fine-tuning the visual feature extractor substantially improves per-
formance, whereas fine-tuning the policy network yields negligible
gains. These findings indicate that the limited domain generaliza-
tion capability of current DRL-based methods primarily stems from
the weak generalization of visual representations.

Learning generalizable features is essential for improving the
generalization of UAV collision avoidance in unseen environments.
Existing methods can be divided into causal feature learning and
compact feature learning. Causal approaches [3, 26, 33] enhance
generalization by uncovering underlying causal relationships but
suffer from high computational cost and complexity, while compact
approaches [11, 15, 25] reduce redundancy through low-dimensional
encoding but often lose critical causal information. Integrating these
two paradigms offers a promising direction capturing causally rele-
vant factors while maintaining compactness to improve adaptability
and robustness across domains.

From a theoretical perspective, compact causal features are deter-
mined by stable physical laws that remain invariant across domains
and are highly relevant to UAV collision avoidance, while exclud-
ing irrelevant or redundant information. Such features inherently
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Figure 1: Hierarchical relationship among feature types. Non-
causal features lie in the outer region, while causal features
are divided into redundant and compact causal features.
Compact causal features capture domain-invariant and task-
relevant information, which are essential for robust and gen-
eralizable policy learning.

exhibit both domain invariance and task relevance. As illustrated in
Figure 1, SAC+RAE employs a regularized autoencoder to encode
depth images into compact visual representations. However, under
purely reconstruction-based supervision [16], the encoder tends to
capture all visual details without distinguishing between causal and
non-causal factors (e.g., obstacle distance, shape, and background
texture). Among these, obstacle distance and UAV velocity consti-
tute causal features that remain consistent across environments,
whereas background textures and obstacle shapes are non-causal
and environment-specific. Passing all features indiscriminately to
the policy network introduces spurious correlations that impair
generalization. Moreover, even causal features contain redundant
components unrelated to decision-making further reducing effi-
ciency and robustness (e.g., UAV Texture and Crashed UAV). Conse-
quently, when exposed to unseen environments containing novel
obstacles or textures, such non-causal and redundant representa-
tions degrade policy performance and lead to frequent failures. This
limitation underscores a critical challenge in enabling DRL-based
UAV systems to achieve robust generalization under domain shift.

Therefore, effectively learning compact causal representations is
crucial for enhancing the generalization ability of DRL-based UAV
systems. In this work, we propose a novel framework, Compact
Causal Feature Learning (CCFL), which captures causal features
from data while eliminating redundancy, producing representations
that are both generalizable and efficient. CCFL comprises two key
modules: the Causal Feature Identification (CFI) module and the Re-
dundancy Feature Compression (RFC) module. The CFI module em-
ploys causal representation learning to separate domain-invariant
causal features from domain-specific non-causal ones, ensuring that
downstream models rely solely on stable causal signals. The RFC
module further compresses the causal representations, retaining
task-relevant information while removing redundant components.
Together, CFI guarantees the causality of the learned features, and
RFC enhances their compactness, resulting in representations that
are both concise and robust under domain shift.
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To validate the effectiveness of CCFL, we develop a high-fidelity
UAV collision avoidance benchmark that features unseen back-
grounds and obstacles and supports causal feature learning and in-
tervention. The environment allows flexible manipulation of scene
elements while keeping others fixed, providing controlled condi-
tions for identifying and validating causal relationships and sys-
tematically evaluating algorithmic robustness under diverse inter-
ventions. Experimental results demonstrate that CCFL significantly
outperforms existing methods, improving individual and swarm
success rates by 42.0% and 61.6%, respectively. These results confirm
that CCFL effectively enhances the adaptability, robustness, and
generalization of multi-UAV systems in complex and previously
unseen environments.

Our main contributions are summarized as follows:

• We analyze the limitations of existing deep reinforcement
learning methods in adapting to unseen environments and
demonstrate the necessity of learning compact causal repre-
sentations to enhance generalization.

• We propose a novel framework, Compact Causal Feature
Learning, which extracts causal features from data while
eliminating redundancy, resulting in representations that
are both generalizable and efficient.

• We build a high-fidelity UAV simulation environment sup-
porting causal feature learning and controlled interventions,
enabling systematic evaluation under domain shifts. Experi-
ments within this environment show that CCFL consistently
outperforms state-of-the-art methods, significantly improv-
ing robustness and generalization in unseen scenarios.

2 RELATEDWORK
2.1 Causal Representation Learning
Causal representation learning [4, 20, 26] aims to extract core fea-
tures that reflect causal relationships from raw data and transform
them into structured representations suitable for causal model-
ing, thereby enabling the construction of models with stronger
robustness and generalization capability. SchÃűlkopf et al. [26]
first systematically introduce the paradigm of causal representation
learning, defining it as the task of discovering latent causal variables
and reconstructing causal relationships from high-dimensional ob-
servational data. They emphasize that causal representation learn-
ing enhances model robustness and generalization under distribu-
tion shifts, task transfer, and counterfactual reasoning scenarios.
Zhang et al. [33] propose ICRNet, a causal invariant representation
method for handling style variations in remote sensing images. By
introducing a style intervention mechanism, it disentangles sta-
ble content factors from variable style factors, thereby enhancing
model robustness and generalization under non-stationary con-
ditions. Brehmer et al. [3] propose a weakly supervised causal
representation framework to handle unobserved causal variables in
images. It employs a variational autoencoder to model latent causal
structures from unpaired samples, achieving strong identifiability
and interpretability in image and robotic tasks.

2.2 Compact Representation Learning
Compact Representation Learning et al. [32, 35] aims to reduce
redundancy and complexity in the feature space while preserving
essential information, thereby improving the model’s generaliza-
tion, efficiency, and robustness. Hinton et al. [11] propose to achieve
information compression through feature dimensionality reduction
and sparse coding techniques; However, these methods often over-
look higher-order dependencies among features. Rakelly et al. [25]
theoretically analyze the representation sufficiency of various mu-
tual information objectives in reinforcement learning. They demon-
strate that the forward mutual information objective ensures the
learning of sufficient representations for control, providing a solid
theoretical basis for compact representation learning. Huang et
al. [15] propose a deductive reinforcement learning framework
based on a semantic encoder, which achieves compact represen-
tation of visual inputs by extracting low-dimensional and robust
features. However, this method relies on semantic segmentation pri-
ors and does not model feature redundancy or causal relationships,
thus limiting its generalization ability in complex environments.

In this paper, we propose a method that integrates causal and
compact representation learning to capture causal feature in data
while reducing feature redundancy, thereby improving the model’s
generalization capability.

3 APPROACH
3.1 Problem Formulation and DRL Setting
The objective of our framework is to generate control actions based
on the information available to the UAVs and to execute them con-
tinuously, ensuring that it can avoid collisions throughout the entire
process. Therefore, designing appropriate observations, actions, and
reward functions is crucial.

The observation, serving as the input to the policy, is defined as
𝑜 = [𝑜𝑧, 𝑜𝑔, 𝑜𝑣]. Specifically, 𝑜𝑧 denotes the depth observation ob-
tained from onboard sensors, which provides distance information
to surrounding obstacles. 𝑜𝑔 represents the goal observation, captur-
ing the UAV’s relative position and orientation with respect to the
target, and 𝑜𝑣 corresponds to the velocity observation, describing
the UAV’s current linear and angular velocities.

At each time step, the UAV receives a three-dimensional velocity
control vector 𝑎 = [𝑣𝑐𝑚𝑑𝑥 , 𝑣𝑐𝑚𝑑𝑧 , 𝑣𝑐𝑚𝑑𝑦 ], which is used for navigation
and collision avoidance. Specifically, 𝑣𝑐𝑚𝑑𝑥 denotes the commanded
forward velocity, 𝑣𝑐𝑚𝑑𝑧 represents the commanded climbing velocity,
and 𝑣𝑐𝑚𝑑𝑦 corresponds to the commanded steering velocity.

The reinforcement learning reward function is formulated as a
weighted combination of multiple components, each designed to
guide the agent toward efficient and robust collision avoidance.

𝑟 𝑡 = 𝑟 𝑡
𝑔𝑜𝑎𝑙

+ 𝑟 𝑡
𝑎𝑣𝑜𝑖𝑑

(1)

The collision avoidance reward 𝑟 𝑡
𝑎𝑣𝑜𝑖𝑑

penalizes the UAVs for prox-
imity to obstacles, encouraging it to maintain safe distances and
thereby reducing the risk of collisions.

𝑟 𝑡
𝑎𝑣𝑜𝑖𝑑

=

{
𝑟𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑖 𝑓 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑜𝑐𝑐𝑢𝑟𝑠

𝜔𝑎𝑣𝑜𝑖𝑑 ·𝑚𝑎𝑥 (𝑑𝑠𝑎𝑓 𝑒 − 𝑑𝑡𝑚𝑖𝑛, 0) 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(2)
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Figure 2: The architecture of our framework for multi-UAV collision avoidance.. During the representation learning stage, the
CFI module disentangles visual features into causal and non-causal features. In the policy learning stage, the RFC module is
integrated into the policy network to further remove redundant information, yielding compact and informative causal features.

In contrast, the navigation reward 𝑟 𝑡
𝑔𝑜𝑎𝑙

promotes progress toward
the designated goal by rewarding velocities that align with the
direction of the target and reduce the distance between the UAV
and its destination.

𝑟 𝑡
𝑔𝑜𝑎𝑙

=

{
𝑟𝑎𝑟𝑟𝑖𝑣𝑎𝑙 𝑖 𝑓 ∥𝑝𝑡𝑖 − 𝑔𝑖 ∥ < 0.5
𝜔𝑔𝑜𝑎𝑙 · (∥𝑝𝑡−1

𝑖 − 𝑔𝑖 ∥ − ∥𝑝𝑡𝑖 − 𝑔𝑖 ∥) 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(3)

By combining these two components, the UAV avoids hazardous
regions while efficiently progressing toward its objective, balancing
safety and task completion.

3.2 Overview
As illustrated in Figure 2, we introduce a CCFL framework to en-
hance generalization in UAVs collision avoidance under unseen
scenarios. Based on prior work [16], our approach leverages a Varia-
tional Autoencoder (VAE) [22] to compress high-dimensional depth
images into representations, while a Soft Actor-Critic (SAC) [9]
agent learns end-to-end collision avoidance policies through rein-
forcement learning.

In our framework, the loss function integrates both represen-
tation learning from VAE and policy optimization from SAC. The
VAE consists of an encoder-decoder trained with a reconstruction
objective and a regularization term. The loss is defined as:

LVAE = E𝑞𝜙 (𝑧 |𝑥 )
[

log 𝑝𝜃 (𝑥 |𝑧)
]
− 𝐷KL

[
𝑞𝜙 (𝑧 |𝑥) ∥ 𝑝 (𝑧)

]
(4)

where the first term encourages accurate reconstruction of the
input, and the KL divergence regularizes the latent distribution
toward a prior 𝑝 (𝑧), preventing overfitting and ensuring compact
feature representations. Following SAC, the actor network is up-
dated through using the loss function 𝐽 (𝜋), which can be expressed

as follows:
𝐽(𝜋 ) = E𝑜∼B [𝐷𝐾𝐿 (𝜋 (·|𝑜)∥Q(𝑜, ·))] (5)

where Q(𝑜, ·) ∝ exp { 1
𝛼
𝑄 (𝑜, ·)}. The parameters of critic network

is updated through loss function 𝐽 (𝑄), which can be expressed as

𝐽(𝑄 ) = E(𝑜,𝑎,𝑟,𝑜′ )∼B

[
(𝑄 (𝑜, 𝑎) − 𝑟 − 𝛾𝑉 (𝑜 ′ ))2

]
(6)

The visual representations extracted by the vision module typi-
cally encode all information of scene, including causal, non-causal
and redundant components. The spurious associations [6, 31, 34]
between the visual features and predicted actions may arise, thereby
degrading generalization. To address this issue, our CCFL frame-
work employs a CFImodule to disentangle input features into causal
and non-causal features, and further integrates a RFC module to
obtain compact causal features, thereby improving the model’s
generalization.

3.3 Causal Feature Identification Module
To address the degradation of generalization caused by non-causal
information in visual representations, we propose a Causal Feature
Identification module that leverages a contrastive learning mecha-
nism to effectively disentangle causal and non-causal features. As
shown in Figure 3, CFI first employs an encoder to extract latent
representations from input images and then constructs positive and
negative sample pairs within a contrastive framework. Specifically,
the positive pairs are formed from images that share the same un-
derlying causal semantics such as sphere obstacles in playground
environments and cube obstacles in forest environments. Although
these images differ in obstacle shape or background, such variations
do not alter the essential collision avoidance decision. Therefore,
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Figure 3: Causal Feature Identification Module. The encoder
disentangles causal and non-causal features from original
and intervention images, while the decoder reconstructs the
input. Contrastive learning aligns causal representations
across domains to ensure invariance and robust feature sep-
aration.

their features should remain similar to ensure that the downstream
policy network outputs consistent actions, thereby decoupling non-
causal features. In contrast, negative pairs are constructed from
obstacle-free playground images and playground images containing
sphere obstacles, as the presence or absence of obstacles directly
affects the UAV’s decision-making process.

The extracted features from images are decomposed into domain-
invariant and domain-specific components. During training, the
Hard Contrastive Learning (HCL) [18] loss L𝐻𝐶𝐿 is applied to the
domain-invariant features to enforce consistency across causal
variations, while the reconstruction loss L𝑉𝐴𝐸 is jointly imposed
on both feature components to preserve the fidelity of the input
image. Formally, the overall objective is expressed as:

L = L𝐻𝐶𝐿 + 𝜆L𝑉𝐴𝐸 , (7)

where 𝜆 is a balancing hyperparameter.
The HCL loss is defined as:

L𝐻𝐶𝐿 = E
[
− log

exp (sim(𝑧𝑐 , 𝑧𝑠 )/𝜏)
exp (sim(𝑧𝑐 , 𝑧𝑠 )/𝜏) + exp (sim(𝑧𝑜 , 𝑧𝑐 )/𝜏)

]
(8)

where sim(·) denotes the similarity function (e.g., cosine similarity),
𝜏 is a temperature parameter, 𝑧𝑜 denotes the causal feature from
the obstacle-free playground image, 𝑧𝑐 denotes the causal feature
from the forest image with cube obstacles, and 𝑧𝑠 denotes the causal
feature from the playground image with spherical obstacles.

3.4 Redundancy Feature Compression Module
Although causal representations remove domain-invariant factors,
they may still contain task-irrelevant redundancies that limit gener-
alization. Inspired by prior work [34], we propose a RFCmodule that
adaptively filters redundant features to obtain more compact causal
representations. In contrast to previous work, the RFC module fo-
cuses on filtering redundant information within causal features,
eliminating the need for hierarchical consistency constraints. As
shown in Figure 4, the module generates a differentiable binary
mask to selectively activate or suppress input channels, thereby
preserving task-relevant information while suppressing redundant
features.

W

0
1

0
1

0

0

Weight MLP ReLU � �

Input
Feature

Output Feature
�′

�

Forward Backward Element-wise multiplication

Figure 4: Redundancy Feature Compression Module. This
module transforms a trainable weight into a binary mask for
feature selection.

To achieve redundancy feature compression, the input feature
𝑥 ∈ R𝐶 is element-wise multiplied by a learnable binary mask𝑚,
producing a refined feature:

𝑥
′
= 𝑥 ⊙𝑚, (9)

where 𝐶 denotes the number of feature channels. This operation
selectively preserves channels containing task-relevant information
while suppressing task-irrelevant ones, thereby reducing interfer-
ence from redundant factors.

The core of the RFC module is to construct a differentiable mask
generation mechanism that can be trained jointly with the policy
network. Specifically, for an intermediate vector 𝑥 ∈ R𝐶 , we asso-
ciate a set of trainable weights𝑤 ∈ R𝐶 , which are first transformed
by a lightweight MLP followed by a ReLU activation to yield:

𝑤̂ = 𝑅𝑒𝐿𝑈 (𝑀𝐿𝑃 (𝑤)), (10)
The final mask is computed as:

𝑚 =
𝑤̂2

𝑤̂2 + 𝜖
, (11)

where 𝜖 is a small constant ensuring numerical stability. In this
design, channels with near-zero 𝑤̂ values are suppressed, while
others remain active. This continuous approximation enables end-
to-end optimization without manually defining thresholds, making
the mask both trainable and differentiable.

After integrating the RFC module into the actor network, it is
essential to ensure that it effectively removes redundant channels
while preserving task-relevant ones. To this end, the actor loss 𝐽(𝜋 )
is used as a supervisory signal, guiding the RFC module to retain
feature channels critical for obstacle avoidance. In addition, an 𝐿1
regularization term is imposed on the mask 𝑚 to promote spar-
sity. During binary mask generation, the trainable weights of the
RFC module are optimized via 𝐽(𝜋 ) . If the RFC module mistakenly
suppresses task-relevant channels, the actor loss 𝐽(𝜋 ) will signifi-
cantly increase, thereby driving the module to retain task-relevant
channels while eliminating redundant ones.

4 EXPERIMENT AND RESULTS
4.1 Simulation Environment for Causal

Intervention
To investigate causal feature learning in UAV control tasks, we
develop a high-fidelity simulation environment based on Unreal
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Original Image Add Obstacle Change the Obstacle Shape Change the Background

Figure 5: Illustration of the causal intervention mechanism in the simulation. The first image shows the original scene. The
second image adds an obstacle, the third changes the obstacle shape, and the fourth modifies the background. All other factors
remain identical across the four images.

Training(change background and obstacle)

Sphere obstacles in playground Cube obstacles in forest

Tersting(forest)

Aerial View First-person Perspective

Figure 6: Simulation scenarios for model training and testing. Specifically, the training environment enables causal intervention
on obstacle shapes and backgrounds, while the testing environment is a complex forest scene with diverse obstacles.

Engine [2] and AirSim [27]. It enables fine-grained manipulation of
scene elements, allowing causal interventions to learn and evaluate
generalizable representations. It simulates realistic flight scenarios,
including playground, forest, canyon, and snow mountain.

A key feature of the simulation is its support for scene-level
causal interventions. Specifically, the simulation environment al-
lows modification of a single element such as obstacle shape or
environmental background, while all others remain fixed. This ca-
pability enables researchers to directly analyze the causal effects
of specific variables on UAV perception and policy learning. For
instance, by maintaining identical UAV’s poses and physical states
while altering only the obstacle shape and background, one can eval-
uate the model’s causal sensitivity and representational robustness
to environmental variations.

As shown in Figure 5, by keeping all other factors completely un-
changed while sequentially adding an obstacle, changing its shape,
and modifying the background, we can systematically analyze the
model’s causal responses and generalization capability with respect
to obstacle shape and background. The environment interfaces
seamlessly with reinforcement learning frameworks through Air-
Sim. UAVs can autonomously navigate through the environment,
avoiding obstacles and reaching designated targets. All multimodal
data, including RGB, depth, and semantic segmentation images, are
logged at each time step.

4.2 Experiment Metrics and Setup
4.2.1 Experiment Metrics. Building upon previous work [7, 16, 34],
several quantitative metrics are employed to evaluate the perfor-
mance of multi-UAV collision avoidance in our experiments:

• Swarm Success Rate (SSR): The proportion of simulation
episodes in which all UAVs successfully reach their desig-
nated goals without collision, reflecting the overall coordi-
nation and safety of the swarm.

• Individual Success Rate (ISR): The ratio of UAVs that success-
fully complete the navigation task, indicating the robustness
of each agent’s decision-making under cooperative condi-
tions.

• Successweighted by Path Length (SPL): A success rateweighted
by individual path lengths, which accounts for both task
completion and path efficiency, providing a more balanced
evaluation across diverse trajectories.

𝑆𝑃𝐿 =
1
𝑁

𝑁∑︁
𝑖=1

𝑆𝑖
𝑙𝑖

𝑚𝑎𝑥 (𝑝𝑖 , 𝑙𝑖 )
(12)

where 𝑙𝑖 denotes the shortest possible distance. 𝑝𝑖 is the
actual flight distance covered, and 𝑆𝑖 is a binary success flag
(1 if the UAV reaches the goal, otherwise 0).

• Extra Distance: The average relative increase in traveled
distance compared to the shortest feasible path, measuring
path optimality and navigation efficiency.

• Average Speed: The mean velocity of UAVs during successful
episodes, assessing the trade-off between navigation effi-
ciency and safety.

4.2.2 Experiment Setup. To verify the effectiveness of CCFL in
improving the generalization capability, as illustrated in Fig 6, we
designed a series of cross-scenario experiments by altering back-
ground and introducing unseen obstacles.
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TABLE 2: Performance comparison with existing methods.

Method SSR (%) ISR (%) SPL (%) Extra Distance (m) Average Speed (m/s)

SAC+RAE 0.0 51.9 44.0 6.427/5.652 0.781/0.182

+ AutoAugment [11] 4.7 57.6 53.3 1.970/1.120 0.828/0.095

+ 𝐿1 Norm [5, 24] 4.0 56.5 52.3 1.965/1.162 0.828/0.098

+ MaDi [8] 0.0 55.1 50.3 2.323/0.987 1.017/0.103

+ CRD [7] 1.6 69.6 62.6 2.888/2.677 0.835/0.132

+ CFS [34] 0.0 61.3 42.9 13.822/2.761 0.778/0.121

+ Our CCFL 61.6 93.9 79.9 4.258/1.165 0.972/0.080

Canyon

Snow Mountain

Aerial View First-person Perspective

Aerial View First-person Perspective

Figure 7: More Evaluation Scenes. We design two additional
typical scenes (i.e., Canyon and Snow mountain ) for evalua-
tion. Best viewed in zoom and color.

During training, we construct a controllable simulation envi-
ronment with causal intervention capability (Section 4.1). It allows
flexible switching of obstacle shapes and backgrounds, where the
obstacle alternates between sphere and cube. The background can
also dynamically switch between playground and forest. In addi-
tion, the initial and target positions of UAVs are randomly sampled
in each episode, and flight constrained to a 16 × 16 × 4 3D space to
promote exploration and improve policy stability and adaptability.

During testing, we modify scenarios along three dimensions to
evaluate generalization: (1) the background is changed from a play-
ground to a forest, (2) 22 unseen obstacle types are introduced with
four randomly placed per episode to create an out-of-distribution
environment, and (3) UAV initialization is changed from random
placement to a circular formation with targets on the opposite side,
forming a more challenging setting.

4.3 Performance Comparison
The proposed method will be compared to the baseline and existing
approaches that address the generalization issue in DRL models.
Specifically, our approach is compared with five representative
methods: AutoAugment [11] (augmentation-based), L1 Norm [5,
24] (regularization-based), MaDi [8] (attention-based), CRD [7]
(causal representation disentanglement-based), and CFS [34] (causal
feature selection-based). For a fair comparison, all methods are built
upon the SAC+AE and share identical test environment and reward
function configurations.

As shown in Table 2, although SAC+RAE achieves a moder-
ate ISR, its SSR remains 0.0, indicating that while some UAVs can
complete the task individually, they fail to achieve swarm success
simultaneously. In contrast, the CCFL method achieves substantial
improvements across all evaluation metrics (SSR, ISR, and SPL),
clearly demonstrating its superiority. Moreover, CCFL not only
achieves a high success rate but also maintains superior trajectory
efficiency, characterized by a smaller extra distance and a higher
average speed, demonstrating its ability to achieve both reliable
and collision avoidance efficiency.

4.4 More Evaluation Scenes
To further evaluate the generalization ability of the proposedmethod,
two additional environments named snow mountain and canyon
are designed. As shown in Figure 7, both environments are con-
structed with the same obstacle configuration as the forest scenario
to ensure consistent evaluation conditions. The results in TABLE 3
show that CCFL outperforms the baseline on all metrics, achieving
significant gains in SSR and ISR, which demonstrates its strong
effectiveness and robustness in unseen environments.

4.5 Ablation Study
The ablation experiments are conducted to assess the individual
contributions of the CFI and RFC modules within the proposed
framework. As shown in TABLE 4, the results indicate that remov-
ing either module leads to a noticeable performance decline in SSR
and ISR. When both modules are integrated, the model achieves the
highest performance, confirming that CFI and RFC work synergis-
tically to improve generalization and collision avoidance efficiency.
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TABLE 3: Performance comparison under different backgrounds.

Scene Seen/Unseen Method SSR (%) ISR (%) SPL (%) Extra Distance (m) Average Speed (m/s)

Forest Unseen
SAC+RAE 0.0 51.9 44.0 6.427/5.652 0.781/0.182
Our method 61.6 (↑ 61.6) 93.9 (↑ 42.0) 79.9 4.258/1.165 0.972/0.080

Snow Mountain Unseen
SAC+RAE 0.0 40.0 33.0 5.977/5.797 0.757/0.233
Our method 38.0 (↑ 38.0) 90.1 (↑ 50.1) 74.2 5.251/2.087 0.984/0.115

Canyon Unseen
SAC+RAE 0.0 52.1 44.8 4.575/5.172 0.898/0.107
Our method 50.9 (↑ 50.9) 92.3 (↑ 40.2) 78.4 4.332/1.731 0.932/0.084

SAC+RAE Our CCFL

Figure 8: Visualization of UAV trajectories in perspective and three-view drawings. The trajectories of different UAVs are
represented in distinct colors. Best viewed in color.

TABLE 4: Ablation study on two proposed modules.

CFI RFC SSR (%) ISR (%)

✓ 15.2 81.8
✓ 1.0 64.5

✓ ✓ 61.6 93.9

4.6 Trajectory Visualization
To further evaluate the performance of CCFL, the trajectories of
UAVs are visualized in a forest environmentwith densely distributed
obstacles. As shown in Figure 8, the SAC+RAE exhibits irregular
and dispersed flight paths, indicating unstable navigation and inef-
ficient collision avoidance. In contrast, the proposed CCFL method
produces smoother, more consistent trajectories with fewer abrupt
changes and better spatial coordination among UAVs. These results
demonstrate that CCFL enables UAVs to maintain stable flight and
effective collision avoidance even in unseen environments.

5 CONCLUSIONS
In this article, we propose a novel CCFL framework. The framework
employs a CFI module to disentangle input features into causal and

non-causal components, and further integrates a RFC module to
compact causal representations, yielding features that are both
causal and compact. To verify the effectiveness of compact causal
representations in improving the generalization capability of UAVs,
we design a series of cross-scenario experiments by altering back-
ground and introducing unseen obstacles. The experimental results
demonstrate that the CCFL method significantly improves gen-
eralization, enabling effective adaptation to complex and unseen
environments. Furthermore, it achieves superior collision avoidance
performance compared with existing methods addressing the DRL
generalization problem, confirming its effectiveness and robustness.
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