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Abstract

Audio-visual embodied navigation aims to enable an
agent to autonomously localize and reach a sound source
in unseen 3D environments by leveraging auditory cues.
The key challenge of this task lies in effectively modeling
the interaction between heterogeneous features during
multimodal fusion, so as to avoid single-modality domi-
nance or information degradation, particularly in cross-
domain scenarios. To address this, we propose a Cross-
Modal Residual Fusion Network, which introduces bidi-
rectional residual interactions between audio and visual
streams to achieve complementary modeling and fine-
grained alignment, while maintaining the independence
of their representations. Unlike conventional meth-
ods that rely on simple concatenation or attention gat-
ing, CRFN explicitly models cross-modal interactions
via residual connections and incorporates stabilization
techniques to improve convergence and robustness. Ex-
periments on the Replica and Matterport3D datasets
demonstrate that CRFN significantly outperforms state-
of-the-art fusion baselines and achieves stronger cross-
domain generalization. Notably, our experiments also
reveal that agents exhibit differentiated modality de-
pendence across different datasets. The discovery of
this phenomenon provides a new perspective for under-
standing the cross-modal collaboration mechanism of
embodied agents.

Keywords: Audio-Visual Navigation, Multimodal Fu-
sion, Residual Network, Embodied Intelligence

1. Introduction

With the rapid development of embodied intelli-

gence [11, 13, 26, 35, 34], enabling agents to accomplish
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Figure 1. Humans can effortlessly integrate visual and auditory
information, yet agents often suffer from performance degradation
due to modal imbalance or domain discrepancy.

complex tasks in real or simulated environments has be-
come a critical research direction in the field of artificial
intelligence [15, 25]. Among related tasks, audio-visual
navigation (AVN) is a key task for embodied intelligence,
which requires agents to autonomously locate and navigate
to target sound sources in unknown environments by lever-
aging both visual information and auditory cues. Such tasks
hold broad value in application scenarios, including service
robotics, human-computer interaction, and security moni-
toring, thus attracting increasing attention.

In a bustling, noisy shopping mall, you faintly hear
someone calling your name. Your ears first pick up the
sound’s general direction; you then turn your head and scan
the crowd with your gaze. Only when you catch sight of a
familiar figure do you confirm the caller’s position. Amid
this chaotic setting, hearing narrows down the search range
for you, while vision finalizes the identification and lock-
ing in of the target. The two work in seamless harmony,
requiring hardly any deliberate effort on your part.

This kind of sensory synergy, which seems effortless
to humans, poses a significant challenge for embodied
agents: while these agents can acquire both visual and au-
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Figure 2. Illustration of the basic architecture. The agent’s navigation process operates in three stages: (1) Observation and Encoder,
where the agent processes visual (RGB or Depth) and auditory (spectrogram) inputs via respective encoders to extract features; (2) Interac-
tion and Integration, where our proposed CRFN module performs bidirectional residual updates to refine features and adaptively balances
them using a Fusion Controller; and (3) Policy Network, where the fused representation is fed into a GRU-based Actor-Critic model to
capture temporal dependencies and predict the final navigation action a;.

ditory information, the two modalities often operate in iso-
lation, lacking genuine complementarity and interaction—
this leads to a substantial decline in navigation performance
in complex environments. On the other hand, an interest-
ing phenomenon was also observed in the experiments of
this paper: the fusion effect exhibits significant differences
across different environments. In synthetic high-fidelity
scenes (e.g., Replica [23]), the visual modality often be-
comes dominant due to its clearer texture and geometric in-
formation, gradually weakening the audio modality. In con-
trast, in complex real-world scenes (e.g., Matterport3D [6]),
a single modality can hardly complete the navigation task
independently, and cross-modal complementarity instead
becomes the key to performance improvement. This dy-
namic shift between modality dominance and cross-modal
complementarity reveals the instability of existing methods
in cross-environment and cross-domain generalization, and
further underscores the necessity of designing a robust fu-
sion mechanism.

To address these challenges, this paper introduces a
novel Cross-Modal Residual Fusion Network (CRFN). The
proposed method is built upon two core design principles:
bidirectional residual interaction and a fusion control mech-
anism. Specifically, reciprocal residual pathways are estab-
lished between audio and visual features to enable mutual
refinement and complementarity while preserving the inde-
pendence of each modality. In addition, a lightweight fu-
sion controller is incorporated to adaptively regulate modal-

ity contributions during interaction, with an output normal-
ization constraint applied to suppress single-modality dom-
inance and stabilize training. This modular design not only
enhances the robustness and generalization ability of the fu-
sion process but also provides stronger interpretability: the
evolution of residual coefficients offers an intuitive view
into the dynamic collaboration between modalities.
In summary, our main contributions are as follows:

* A novel cross-modal fusion framework. We propose
the Cross-Modal Residual Fusion Network (CRFN),
which introduces bidirectional residual interactions
and a lightweight fusion controller to explicitly model
reciprocal refinement between audio and visual modal-
ities while preserving their independence.

» Improved robustness and generalization. By combin-
ing small-value initialization of residual scaling factors
with output normalization, CRFN suppresses modality
imbalance, stabilizes training, and consistently outper-
forms concatenation and attention-based baselines on
both Replica [23] and Matterport3D [6] benchmarks.

e New empirical insights into modality dependence.
Through the analysis of residual coefficients, we un-
cover a novel phenomenon: in synthetic high-fidelity
environments, the navigation policy tends to be dom-
inated by the visual modality, whereas in real-world
complex environments, cross-modal complementarity
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Figure 3. Architecture of the Cross-Modal Feature Fusion
Module. This module enables visual and audio features to refine
and complement each other through bidirectional residual paths.
Features of each modality are updated and mutually influenced in
the bidirectional interaction, ensuring a balanced exchange of in-
formation.

becomes essential. This provides a new perspective
for understanding modality collaboration in embodied
audio-visual navigation.

2. Related Work

Embodied intelligence aims to enable agents to learn
and accomplish complex tasks through interaction with the
environment. Navigation is one of its core capabilities,
and early research has primarily focused on visual navi-
gation, such as PointGoal navigation [2] and ObjectGoal
navigation [4]. In these tasks, goals are typically speci-
fied by visual or textual information, such as coordinates
or object categories. While the aforementioned works have
achieved significant progress in visual navigation, they limit
the agent’s perception to a single visual modality, which
is far from the way humans and animals perceive the real
world using multi-sensory synergy. In real physical envi-
ronments, auditory perception provides a crucial informa-
tion channel that complements vision. Sound signals pos-
sess the property of omni-directionality, allowing them to
penetrate visual occlusions and provide key directional cues
for targets outside the agent’s field of view. To endow em-
bodied agents with such more powerful and biologically
intuitive perceptual and action capabilities, AVN has been
proposed.

The formal definition of the AVN task and the establish-
ment of large-scale benchmarks mark the starting point for
the development of this field. Chen et al. have made pi-
oneering contributions in this regard: based on the Habi-
tat [19, 24] platform, they constructed SoundSpaces [9] on
the Replica [23] and Matterport3D [6] datasets, which is the
first large-scale and high-fidelity audio-visual simulation

environment and provides a unified experimental platform
and testing benchmark for subsequent research. This work
has established the core problems and evaluation criteria for
the AVN field; however, its fusion method is relatively ele-
mentary, making it difficult to address modal imbalance in
complex environments. In parallel, Gan et al. explored a de-
composed modular framework, attempting to decouple the
perception, localization, and planning components to en-
hance interpretability and scalability [14]. These two types
of methods represent the two early mainstream approaches-
end-to-end learning and modular planning-respectively, and
together they have established the research baseline and de-
velopment direction for the AVN field.

Early AVN frameworks exhibited low efficiency when
handling long-range navigation tasks [30]. To address this,
AV-WaN [10] introduced an “acoustic memory map” for
the first time, which structurally records sound informa-
tion perceived by the agent during movement. This work
innovatively proposed a hierarchical reinforcement learn-
ing framework: the high-level policy dynamically predicts
mid-to-long-term “waypoints” based on multi-modal per-
ception, while the low-level planner executes specific paths
to reach these waypoints. Subsequently, SAVi [&] further
pointed out the limitations of existing tasks-namely, the as-
sumption that sound sources emit continuously and lack se-
mantic relevance. Accordingly, they proposed a more chal-
lenging semantic AVN task, where sounds are sporadic and
transient, and semantically consistent with the category of
objects producing the sounds (e.g., the flushing sound of a
toilet).

As fundamental issues have been addressed, researchers
in the AVN field have shifted their focus toward more realis-
tic and complex real-world scenarios. SAAVN [32, 31, 16]
took the lead in investigating the navigation robustness
in acoustically complex environments: it designed an ad-
versarial environment that incorporates a “sound attacker,”
which actively moves and adjusts both volume and sound
category to interfere with the navigating agent. Later, a
benchmark for dynamic AVN was proposed, marking the
first time an agent was required to track a moving sound
source [28]. Almost simultaneously, FSAAVN [29] also
focused on the moving sound source tracking task and
pointed out that the simple feature concatenation-based fu-
sion methods used in previous works might overlook con-
textual information, and this was also the first time re-
searchers paid attention to the issue of audio-visual cross-
modal fusion since the inception of the AVN task. Sub-
sequently, ORAN [12] leveraged Cross-Task Curriculum
Policy Distillation to transfer the knowledge of a pre-
trained “expert” policy (trained on the point-goal naviga-
tion task) to the AVN task. CAVEN [18] explored the role
of human-computer interaction in AVN, introducing human
interaction, large language models, and a new benchmark.



RILA [27] made the first attempt to solve the AVN task in a
zero-shot manner, completely eliminating the need for re-
inforcement learning training in the environment. Shi et
al. contributed BeDAVIN, a large-scale audio dataset, as
well as ENMUS3-an, an architecture specifically designed
for multi-sound-source scenarios [20].

Regrettably, although AVN is inherently a cross-modal
task [33], the focus of existing research has largely been
on innovations in navigation strategies and memory mech-
anisms. Its core audio-visual fusion module is to a large
extent treated as a standardized component, and its inherent
synergy potential has not been fully exploited.

3. Proposed Method
3.1. Framework Overview

As shown in the figure, the agent receives multimodal
observations from the 3D environment, including visual im-
ages and audio signals. The visual modality consists of ei-
ther depth maps or RGB images (one of which is used in
the task setting), while the audio modality is represented as
binaural spectrograms. First, visual and audio data are pro-
cessed by dedicated encoders to extract modality-specific
features, which are then fed into the proposed CRFN net-
work. The primary role of CRFN is to establish bidirec-
tional residual interactions and maintain a dynamic balance
between modalities within a shared feature space, thereby
producing robust fused representations. The fused features
are subsequently passed into a recurrent unit (GRU) to cap-
ture historical information and temporal dependencies [21].
Finally, an Actor-Critic policy head leverages the temporal
representation to predict action distributions and state val-
ues, driving the agent to accomplish goal-directed naviga-
tion tasks.

To achieve robust and stable cross-modal fusion, the
CRFN proposed in this paper consists of two main mod-
ules: a Modal Interaction Module and a Fusion Control
Module. The Modal Interaction Module explicitly mod-
els the mutual interaction between visual and audio features
through bidirectional residual paths, ensuring fine-grained
modal complementarity and representation alignment. The
Fusion Control Module, on the other hand, adaptively ad-
justs the contribution ratio of each modality via learnable
residual scaling factors and normalization constraints, ef-
fectively suppressing the dominance of a single modality
and stabilizing the training process. The former is respon-
sible for establishing efficient information exchange chan-
nels, while the latter acts as a “traffic controller” to dy-
namically regulate the intensity of such exchange, thereby
achieving robust navigation performance in variable scenar-
ios. CRFN adopts a concise and lightweight architecture,
avoiding redundant network layers and complex structures
to ensure efficient computation and training. With this de-

Algorithm 1: Fusion Controller in Cross-Modal
Residual Fusion Network (CRFN)

Input: Visual feature v, Audio feature ay,
Interaction vector hy,,terqct

Output: Updated features v, a;

Learnable parameters: 5,, 3,

Step 1: Normalize modal features
Vnorm ¢ LayerNorm(vy)
Anorm < LayerNorm(a;)

Step 2: Compute residual updates

Vres < Vnorm + ﬂ?) : hinteract

Ares < Aporm T ﬂa : hinteract

Step 3: Apply activation to obtain final features
Vi < tanh(vyes)

a; < tanh(aycs)

return v, a;

sign, the model can efficiently achieve cross-modal infor-
mation fusion and deliver excellent performance in audio-
visual navigation tasks. Sections 3.2 and 3.3 below will
delve into the design details and implementation methods
of these two modules, respectively.

3.2. Bidirectional Residual Interaction

This module aims to construct a symmetric information
pathway, enabling the feature representations of the two
modalities to complement and refine each other. Specifi-
cally, at each time step ¢, the visual features v;(f, (V) and
audio features a;(fa(A)) obtained through encoders first
pass through their respective non-linear transformation net-
works U, (+) and U,(-) to be mapped to a shared repre-
sentation space that facilitates interaction. Subsequently,
we average the transformed features to generate an interac-
tion vector hjnteract that integrates information from both
modalities:

1

hinteract = §(Uv (Ut) + Ua(at))v (1)
This interaction vector hj,terqct Captures the core associ-
ations between audio and visual modalities and serves as
a shared residual signal, which will be used to simultane-
ously update the features of both original modalities. This
symmetric residual design ensures bidirectional flow of in-
formation between the two modalities.

3.3. Fusion Controller

The core of the fusion control module lies in adaptively
adjusting modal contributions and ensuring the stability of
the training process. This function is not implemented via a
complex dynamic network, but rather accomplished by two



Table 1. Performance comparison with other methods under the Depth setting. SPL, SR, SNA are percentages.

Replica Matterport3D

Method ‘ Heard ‘ Unheard sound ‘ Heard ‘ Unheard sound

\ SPLT SRf SNAT \ SPLT SRf SNAfT \ SPLT SRf SNAfT \ SPLT SRT SNAT
Random [10] 49 185 18 | 49 185 18 | 21 91 08 | 21 91 08
Direction Follower [10] | 547 720 41.1 | 111 172 84 | 323 412 238 | 139 180 107
Frontier W [10] 440 639 352 | 65 148 5.1 | 306 428 222 | 109 164 81
Supervised W [10] 591 88.1 485 | 141 431 101 | 210 362 162 | 41 88 29
Gan et al. [14] 576 831 479 | 75 157 57 | 228 379 171 | 50 102 3.6
SoundSpaces [9] 744 914 481 | 347 509 167 | 543 677 313 | 219 335 104
CRFN (Ours) 767 931 473 | 41.6 557 225 | 573 703 332 | 277 401 135

independent, learnable scalar parameters—residual scaling
factors (3, and (3,. These two parameters control the update
intensity of the interaction vector h;pterqct On visual and
audio features, respectively.

We substitute these two factors into the residual update
path to obtain the updated features 3, and 3, :

\A/t = act(LN(vt) + ﬁu ' himeract)a (2)

ét = act(LN(at) + 6@ . hinteract)a (3)

Among them, LN (-) refers to layer normalization applied
to the residual path, which is used to stabilize the input scale
of each modality; act(-) denotes the Tanh activation func-
tion. At the start of training, /3, and (3, are initialized to
a small value. This initialization encourages the model to
start learning from a “weakly coupled” state, which is more
conducive for the network to independently discover the
appropriate modal fusion intensity based on task require-
ments.

The overall computational procedure is summarized in
Algorithm 1, providing a concise representation of how the
residual scaling factors 3, and f3, operate within the CRFN
architecture.

4. Experiments
4.1. Datasets and Implementation Detail

Our experiments were conducted in a comprehensive
simulated environment, which is built on the Habitat sim-
ulator [19] and SoundSpaces [9] acoustic platform, and
leverages two complementary public 3D datasets: Mat-
terport3D [6] and Replica [23]. Among them, Matter-
port3D [6] is a large-scale, diverse dataset of real-world
scans, containing 85 complex indoor environments. It
serves as an ideal platform for evaluating the generalization

ability of agents, but its models contain geometric noise in-
herent to real-world scanning. In contrast, Replica [23] is a
small yet high-quality dataset, comprising 18 high-fidelity
synthetic indoor scenes. Renowned for its clean and real-
istic 3D meshes, Replica [23] is highly suitable for vali-
dating the effectiveness of models in high-fidelity environ-
ments. Using the geometric and material information from
these two datasets, the SoundSpaces [9] platform generates
physically realistic sound sources by convolving 102 non-
repetitive natural sounds with binaural Room Impulse Re-
sponses (RIRs) corresponding to specific directions.

Implementation Details. The model parameter configu-
ration is as follows: the sampling rate of Room Impulse Re-
sponse (RIR) is 44,100 Hz for the Replica [23] dataset and
16,000 Hz for the Matterport3D [6] dataset. In all exper-
iments, the resolution of both visual and auditory observa-
tions is 128 x 128. We adopt the Proximal Policy Optimiza-
tion (PPO) algorithm for training, and its hyperparameters
remain consistent across the two datasets: 4 training epochs,
a clip parameter of 0.1, a value loss coefficient of 0.5, and
a discount factor (y) set to 0.99. For experiments on the
Replica [23] dataset, the learning rate is set to 2.5 X 1074,
while for Matterport3D [6], the learning rate is 2.0 x 1074,
During training, the number of steps per episode is limited
to 500, and the model undergoes 40,000 update iterations
on the Replica dataset and 60,000 update iterations on the
Matterport3D [6] dataset.

In our experiments, there are two distinct sound source
conditions: (1) Heard: the target sound source is a telephone
ringtone, which is used consistently across the training, val-
idation, and test sets; (2) Unheard: the 102 sound sources
are divided into three non-overlapping groups, where 78
sound sources are used for training scenarios, 11 for valida-
tion scenarios, and the remaining 18 for test scenarios. Ev-
ery scenario in the test process is new to the model-none of
them were encountered in prior training or validation stages.



4.2, Evaluation Metrics

We follow the standard protocol [9] and adopt three met-
rics to compare the navigation performance of different
methods: (1) Success weighted by Path Length (SPL) 6:
After an agent successfully navigates to the target sound
source, this metric measures how close the agent’s actual
travel path is to the shortest feasible path [1]; (2) Success
Rate (SR) 4: The proportion of test samples in which the
agent successfully reaches the target location; (3) Success-
Navigation Accuracy (SNA) 5: This metric evaluates the
agent’s ability to not only successfully reach the target dur-
ing navigation but also maintain orientation toward the cor-
rect direction.

SR = izstj (4)
N =1 )
SNA:iiSrQ[ ls )
N i=1 @i
SPL:iEN:SZW#[]. (6)
N max(p;, [;)

i=

In the formulas, N is the total number of test episodes;
S; € {0,1} specifies whether the i-th episode is success-
ful; I; is the shortest feasible path length for episode ¢; p;
is the actual path length traveled by the agent; and a; is the
number of actions executed in episode ¢. The term a; in-
cludes inefficient operations such as in-place rotations, so
SNA penalizes excessive redundant movements.

4.3. Baselines

We compare our method with the following approaches:

* Random Agent: this is the simplest task in navigation,
where the agent randomly selects actions (turn left,
turn right, move forward) at each time step to search
for the target.

* Direction Follower: this method adopts a hierarchi-
cal navigation framework, where the high-level policy
predicts the Direction of Arrival of the sound source
relying solely on auditory signals, and sets a waypoint
at a fixed distance (K meters) along this direction. Af-
ter the agent reaches the current waypoint, it repeats
this process to gradually approach the target.

* Frontier Waypoints: the hierarchical baseline selects
the next waypoint at the intersection of the predicted
DoA and the current exploration frontier. Frontier-
based waypoints are standard in visual navigation [5,

, 7], making this a representative baseline of stan-
dard practice.

e Supervised Waypoints: the hierarchical baseline
takes the RGB image and audio spectrogram as in-
puts and, using supervised (non-end-to-end) training,
predicts waypoints within the field of view. Its design
follows the supervised waypoint predictor of Bansal et
al [3].

* Gan et al. [14] : one AVN method developed based
on the AI2-THOR platform [17]. As a representative
work in the early stage of the AVN field, its core ad-
vantage lies in the first systematic implementation of
collaborative modeling between visual spatial mem-
ory and auditory sound source localization, providing a
benchmark paradigm for subsequent related research.

* SoundSpaces [9]: the first publicly available audio-
visual embodied navigation simulation platform. Our
work is based on their code.

4.4. Quantitative Experimental Results

Table 1 presents a comparison of the proposed method
(CRFN) with representative baselines on the Replica [23]
and Matterport3D [6] datasets under the Depth setting. As
shown, CRFN consistently achieves the best performance
across all evaluation metrics, demonstrating its effective-
ness in cross-modal feature integration and robust audio-
visual navigation. On the Replica dataset, CRFN sur-
passes all prior methods in both Heard and Unheard set-
tings. Specifically, in the Heard scenario, the SPL im-
proves from 74.4 to 76.7, and SR rises to 93.1, indicating
that the residual cross-modal fusion effectively enhances
audio-visual synergy. In the Unheard scenario, the im-
provement becomes more pronounced—SPL reaches 41.6,
about 7.6 percentage points higher than SoundSpaces [9]
showing stronger generalization and robustness to unseen
sound sources. Likewise, on the more complex Matter-
port3D dataset, CRFN achieves the highest scores in both
settings, with SPL = 57.3 and SR = 70.3 in the Heard case,
significantly outperforming existing approaches. These re-
sults confirm that CRFN better balances the complementary
relationship between visual and auditory signals in realistic
environments, leading to improved multimodal perception,
decision-making, and generalization in unseen scenes.

4.5. Qualitative Experimental Results

Fig. 4 and 5 provide a visual comparison of the top-
down navigation trajectories between our CRFN model and
the SoundSpaces baseline across a series of typical scenes.
Specifically, Fig. 4 showcases two representative scenes
from the Replica dataset, while Fig. 5 presents four com-
plex scenes from the Matterport3D [0] dataset. From these
trajectories, it can be clearly observed that the navigation
paths generated by CRFN are significantly superior to those



CRFN(Ours) SoundSpaces

CRFN(Ours) SoundSpaces

SPL=0.81

SPL=0.74

apartment]

apartment4

SPL=0.92

SPL=0.93

SPL=0.88

apartment]

apartment4

- Shortest path -Agent path - Seen/Unseen area I:I Occupied aera . Start . Goal A Agent

Figure 4. Navigation trajectories on the top-down map in the Replica scenes. Agent paths transition from dark to light blue temporally,

while green indicates the shortest geodesic path.
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Figure 5. Navigation trajectories on the top-down map in the Matterport3D scenes. Agent paths transition from dark to light blue temporally,

while green indicates the shortest geodesic path.

of the baseline, whether in the structurally simpler scenes
of Replica (e.g., apartmentl and apartment4 in Fig. 4) or
in the more complex layouts of Matterport3D [6]. CRFN’s
trajectories adhere more closely to the shortest path (green),
exhibiting less invalid exploration and backtracking, which
is also corroborated by its higher SPL scores. Particu-
larly in the task with scene ID pa4otMbVnkk, CRFN almost
perfectly replicates the shortest path (SPL=0.99), whereas

the SoundSpaces [9] baseline, unable to establish a stable
audio-visual correspondence, wanders extensively and inef-
ficiently within the environment, resulting in extremely low
path efficiency (SPL=0.33). This indicates that our model
can efficiently fuse cross-modal information to quickly lock
onto the target’s bearing even in acoustically simple, open
spaces, thereby suppressing aimless exploration. Further-
more, in scenarios like apartment4, where the sound source
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Table 2. Ablation study on the Fusion Controller of CRFN on the
Replica dataset.

Method ‘ Telephone ‘ Unheard
|SPL 1 SR 1 SNA 1|SPL + SR 1 SNA 1

w/o FC 693 849 444 | 340 435 192

CRFN (Ours)| 76.7 93.1 473 | 41.6 557 225

Table 3. Ablation study on the Fusion Controller of CRFN on the
Matterport3D dataset.

Method ‘ Telephone ‘ Unheard
‘SPLT SR 1 SNA T‘SPLT SR 1 SNA 1

w/o FC 53.1 659 322 | 289 37.7 14.7

CRFN (Ours)| 57.3 703 332 | 27.7 40.1 135

may be partially occluded by walls, CRFN is still able to
progressively correct its course and successfully complete
the navigation, while the baseline model exhibits greater un-
certainty, leading to lower path efficiency.

4.6. Modal Dependence Analysis

To further reveal the internal learning dynamics of our
model across different environments, we visualize the tem-
poral evolution of the update weights for the visual (53,)
and auditory (5,) modalities during training. As shown in
Fig. 6, we observe a notable phenomenon: rather than fus-
ing multimodal information in a static manner, the model
adaptively adjusts its modality dependency according to the
structural complexity and perceptual statistics of the envi-
ronment, exhibiting a dynamic balancing strategy between
modalities.

Specifically, on the Replica [23] dataset, the model pro-
gressively reduces its reliance on the auditory modality (3,)
in the later stages of training, eventually converging to a vi-

sually dominated navigation strategy. This behavior can be
attributed to the relatively small scale and regular structure
of Replica [23] environments, where the agent can easily
memorize spatial layouts through visual cues. Once the
visual signal alone becomes sufficient for localization and
planning, the model naturally suppresses the contribution
of the temporally uncertain audio input, leading to a more
efficient unimodal decision process.

In contrast, on the Matterport3D [0] dataset, the model
maintains a balanced dependence on both modalities
throughout training. Matterport3D [6] contains large-scale,
cluttered real-world scenes with complex geometry, occlu-
sions, and reverberations, where a single modality provides
insufficient information for reliable navigation. In this case,
the audio modality offers complementary global directional
cues that can penetrate obstacles, compensating for the lim-
itations of visual perception. This results in a more robust
cross-modal collaboration, highlighting the model’s inher-
ent ability to adaptively modulate modality weights across
diverse environments.

4.7. Ablation Studies

To evaluate the effectiveness of the Fusion Controller
(FC) in our CRFN, we conducted ablation experiments on
both the Replica [23] and Matterport3D [6] datasets. As
shown in Tables 2 and 3, removing the Fusion Controller
(w/o FC) leads to a clear performance drop across all met-
rics. On the Replica [23] dataset, the SPL decreases from
76.7 to 69.3 and SR from 93.1 to 84.9, indicating that
the absence of adaptive fusion regulation causes imbal-
ance between modalities and degrades navigation efficiency
in structured synthetic scenes. On the Matterport3D [0]
dataset, performance also declines, though to a lesser ex-
tent, suggesting that in complex real-world environments
the model can still partially rely on natural audio-visual



Table 4. Effect of the residual scaling initialization factor S, on
navigation performance. Results show that a moderate initializa-
tion (Binic = 0.2) yields the best balance between training stability
and accuracy on both Replica and Matterport3D datasets.

4 ‘ Replica ‘ Matterport3D
init

| SPLt SRt SNAT | SPL{ SRt SNA?T
01 | 764 916 464 | 532 644 313

0.2 76.7 93.1 473 57.3 70.3 33.2
0.3 75.2 92.6 46.1 53.3 65.5 32.0

complementarity. Overall, these results demonstrate that
the Fusion Controller plays a crucial role in stabilizing
cross-modal interactions, mitigating modality dominance,
and enhancing generalization across diverse environments.

In this experiment, we investigate the effect of the initial
residual scaling factor S on the performance of the pro-
posed model. The residual scaling factor controls the initial
strength of the cross-modal residual connections in CRFN,
which is crucial for balancing the contributions from both
audio and visual modalities during training. We test three
different values of (i, namely 0.1, 0.2, and 0.3, across
two popular datasets, Replica and Matterport3D. The re-
sults, summarized in Table 4, show that a moderate value of
Binit = 0.2 leads to the best overall performance, achieving
higher SPL, SR, and SNA across both datasets. This sug-
gests that initializing the residual scaling factor with a mod-
erate value helps ensure a stable learning process, avoiding
overdominance of any single modality while maintaining
effective cross-modal fusion.

5. Conlusion

This paper presents CRFN, a cross-modal residual fusion
network designed for audio-visual navigation tasks. CRFN
achieves fine-grained alignment and complementary model-
ing between modalities through a bidirectional residual in-
teraction mechanism, while a fusion controller dynamically
adjusts the contribution of each modality, effectively sup-
pressing imbalance and feature degradation. Experimental
results demonstrate that CREFN achieves superior navigation
performance and stable cross-domain generalization in di-
verse and complex environments, validating the effective-
ness and robustness of the proposed fusion mechanism.

Moreover, by analyzing the dynamic evolution of resid-
ual coefficients, we uncover an interesting adaptive modal-
ity dependence phenomenon: agents tend to rely more on
visual cues in high-fidelity synthetic environments, whereas
cross-modal complementarity becomes crucial in complex
real-world scenes. This finding provides new insights into
how embodied agents coordinate multimodal perception
and decision-making.
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