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The main challenge in audio-visual matching is accurately modeling the human ability to discern correlations
between multimodal biosignals. Current audio-visual matching tasks are frequently affected by interfering data
that can misdirect the model’s attention, which leads to prediction bias. To address this challenge, we propose
a novel Bidirectional Intervention Attention Network (BIANet), which performs bidirectional intervention by
disentangling the correlation matrix to reduce bias. This bidirectional intervention is divided into a Positive
Intervention Attention (PIA) module and a Negative Intervention Attention (NIA) module, establishing a
counterfactual inference framework to improve the robustness of audio-visual matching. Specifically, the PIA
module uses strong intra-modal correlations to aggregate identity-related features and reduce the impact of
bias. However, interfering features within the data may also be aggregated, creating a bottleneck in model
performance. Therefore, the NIA module enhances the characterization of these interfering features, enabling
reverse bias elimination. Furthermore, we apply a Curriculum Learning Strategy (CLS) to incrementally reduce
bias by progressively introducing reverse prediction results during training. Experiments on publicly available
audio-visual datasets demonstrate that BIANet outperforms existing state-of-the-art algorithms. The code is
released at https://github.com/w1018979952/BIANet.

1. Introduction clarity. Similarly, audio quality can be compromised by noise interfer-
ence, variations in speech content, or overlapping voices from multiple
speakers. Research indicates that these distractors can substantially

reduce the accuracy of model prediction [8,9]. Unlike other multimodal

Audio-visual matching seeks to equip machines with cognitive
“hearing” and “visual” capabilities, enabling the interpretation of mul-

timodal biological signals and mimicking the human ability to perceive
inter-modal associations. This technique holds particular value in fields
such as criminal investigation, intelligent surveillance, and automated
voice analysis. Guided by maximum likelihood principles, previous
research has aimed to improve performance through cross-modal at-
tention interactions [1,2], disentangled representation learning [3,4],
and base adversarial metric [5-7]. Despite significant progress, the
confounding interference factors in the data have often resulted in
prediction bias.

Videos captured in real-world environments are inevitably influ-
enced by surrounding factors, often resulting in prediction bias. For
instance, as illustrated in Fig. 1, facial features in an interview may be
affected by lighting conditions, viewing angles, hairstyles, and image
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collaborative prediction tasks [10,11], audio-visual matching models
treat each sample as a unique recognition unit. Consequently, these dis-
tractors induce attention bias, negatively impacting overall prediction
outcomes.

To address the problem of prediction bias, previous studies have
focused mainly on two approaches. The first approach employs feature
disentanglement [3,4], where features are divided into task-relevant
and irrelevant categories using disentanglement architectures. This
method aims to eliminate irrelevant interference features and reduce
prediction bias. However, in practice, task-relevant and irrelevant fea-
tures are often intertwined, making them difficult to separate and
limiting the model’s ability to mitigate bias effectively. Meanwhile,
Wen et al. [8] propose a dynamic weighting strategy that filters face
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Fig. 1. Audio-visual matching aims to establish correlations between facial and audio biometric features. However, the presence of interference factors in the
data often leads to overfitting and feature bias in the baseline, thereby limiting their overall performance. In Fig. 1, facial images of the same identity exhibit
substantial intra-class differences caused by multiple interference factors, while the corresponding audio clips are similarly affected by disturbances in complex

environments.
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Fig. 2. (a) Example of a causal graph. (b) Example of counterfactual inference.
(c) Bidirectional intervention-based counterfactual inference in this paper.

and speech samples to minimize sample-level interference. Neverthe-
less, this approach may insufficiently explore challenging yet infor-
mative features, thereby restricting cross-modal feature association.
The second approach is based on counterfactual intervention [12,13],
which enhances the model’s robustness to disturbances and mitigates
prediction bias by introducing controlled perturbations. However, due
to the diverse nature of real-world disturbances, the learned virtual in-
tervention features may not accurately eliminate bias effects. Therefore,
removing bias remains a challenging problem.

Current audio-visual matching research on bias removal methods
generally involves the following steps: (1) extracting intrinsic fea-
tures from audio and facial image data; (2) exploring different feature
branches to implement a disentanglement technique to learn rele-
vant representations for cross-modal matching; and (3) developing
effective inference strategies to integrate cross-modal features and pre-
dict matching relationships during inference. While existing methods
rely on complex disentanglement model architectures [3,4] and ad-
vanced inference strategies [14], achieving significant improvements,
extracted features still produce bias, creating bottlenecks in prediction
performance. Disentanglement methods primarily address bias at the
feature level, whereas inference strategies tackle bias effects directly
during inference. Although both approaches have distinct advantages,
few studies have integrated them to create a comprehensive adaptive
paradigm for bias elimination.

To address interference factors in audio-visual data, we propose
a bidirectional intervention attention network that combines disen-
tanglement operations with inference strategies to eliminate bias ef-
fectively. Unlike traditional feature-detangling methods, our approach
applies disentanglement to intramodal affine attention (denoted A), as
illustrated in Fig. 2(a). The affine operation learns inherent feature
relationships, allowing feature aggregation to focus on discriminative
representations of identity [15]. Additionally, as shown in Fig. 2(b), the
vanilla counterfactual intervention feature transformation method uses
maximum likelihood estimation combined with total indirect effects
(TIE) for causal inference. This approach enhances the reliability of
model inference by calculating the difference in predicted outcomes
between the original feature (X) and the intervention feature (X*)
transformed with intervened affinity (A*) [13]. We extend this ap-
proach, as depicted in Fig. 2(c), by performing a disentanglement
operation on the affine transformation. This process decomposes the
information into two pathways, establishing a counterfactual inference
framework. The core mechanism involves categorizing sample features
into identity-relevant and irrelevant features to support counterfactual
inference, thereby mitigating the influence of bias on predictions. Given
the coupling between the interference components and the identity
representations, positive correlations are introduced after the decom-
position of the affine matrix to enhance the discrimination of identity
characteristics and mitigate interference effects. However, due to this
coupling, certain interference features inevitably persist, thereby weak-
ening audio-visual matching performance. To address this issue, the
negative intervention operation is introduced for counter-directional
prediction, further reducing bias induced by interference. This inno-
vative framework transcends traditional methods focused solely on
statistical or spurious bias elimination, advancing the development of
genuine causal effect analysis.

As a comprehensive adaptive bias removal framework, the pro-
posed paradigm transforms the traditional global debiasing task into
identifying and addressing bias in specific samples, driving audio—
visual matching models toward unbiased predictions. To achieve this,
we establish a linkage between feature disentanglement and coun-
terfactual inference to enable mutual facilitation in learning, thereby
accomplishing precise on-sample debiasing. Specifically, we introduce
a novel Bidirectional Intervention Attention Network (BIANet), com-
prising a Positive Intervention Attention (PIA) module and a Negative
Intervention Attention (NIA) module. This dual-pathway framework
constructs a counterfactual inference mechanism that enhances the
debiased prediction capability of audio-visual matching models. The
PIA module aggregates identity-relevant features by leveraging strong
intra-modal correlations. This enhances the discriminative power of the
identity features, which mitigates model bias. In contrast, weak intra-
modal correlations stem from interference features associated with
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uncertain identities. The feature representations aggregated from these
weak correlations are subsequently used for reverse prediction. This
process synergizes with the forward intervention mechanism, collec-
tively suppressing interference and effectively reducing prediction bias.
During training, identity-relevant and irrelevant features often become
entangled. Direct intervention risks impairing the learning of robust
identity features. Because neural networks typically learn effective
features before overfitting on noise, we employ a Curriculum Learning
Strategy (CLS) to progressively integrate reverse prediction. This en-
sures the effective acquisition of robust features early in training, which
is vital for achieving superior audio—visual matching performance.
The main contributions of this paper can be summarized as follows:

+ We propose the Positive Intervention Attention (PIA) module,
which mitigates model prediction bias by aggregating identity-
related features.

We propose the Negative Intervention Attention (NIA) module,
which leverages identity-irrelevant features for back-prediction to
address residual prediction bias.

We design a Curriculum Learning Strategy (CLS), which incre-
mentally integrates back-prediction results to maximize the de-
biasing effect.

Extensive experiments and ablation tests conducted on the Vox-
Celebl [16] and VoxCeleb2 [17] datasets across various scenarios
demonstrate that the complementarity and effectiveness of the
BIANet components significantly improve model performance.

The paper is structured as follows. Section 2 reviews related work.
Section 3 introduces our bidirectional intervention framework for coun-
terfactual reasoning. Section 4 details the audio-visual matching task,
the proposed network architecture, and its loss function. Section 5
presents experimental setups, compares our method with SOTA models,
and provides ablation studies and visualizations. Finally, Section 6
summarizes the paper’s contributions.

2. Related works

Audio-visual Matching. Audio-visual matching is a concept orig-
inating from psychological research. Deep learning-based dual-stream
networks are capable of achieving performance beyond human capabil-
ities in probabilistic recognition. This breakthrough is opening up new
avenues for research in this field [18]. Subsequently, a series of metric-
based methodologies [19] are emerging, which are trying to explore
the interaction between audio and visual signals to advance the field.
However, the modal heterogeneity within audio-visual data remains a
significant obstacle to research development in this field. To address
this problem, Wang et al. [20] and Nawaz et al. [21] respectively
use shared feature embedding modules to mitigate the differences in
feature distributions caused by modality heterogeneity.

Afterward, researchers further optimize feature distributions through
distance metrics to learn global feature correlations across modalities.
However, this metric is reliant on pre-labeled labels for supervised
learning, which adjust the distribution based on the correlation be-
tween data pairs. Consequently, it fails to address the overall distri-
bution problem across modalities directly. To address this limitation,
the generative adversarial network (GAN)-based model [22,23] can
eliminate modal heterogeneity at the global distribution level, which
effectively reduces the disparity between face and audio features.
Therefore, Zheng et al. [5] propose an audio-visual matching model
that integrates adversarial learning with metric learning. The method
utilizes generative adversarial networks to achieve a Nash equilibrium
for obtaining modality-independent feature representations, facilitating
effective audio—visual matching through metric learning. Additionally,
Cheng et al. [6] propose a model achieving modal equilibrium through
generative adversarial training. The method integrates triple loss and
modal center loss to bolster the robustness of the audio—visual matching
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network. Wang et al. [7] propose the dual-enhanced siamese adver-
sarial network model that emphasizes mining local details of audio
and face features using fine-grained information, thereby significantly
enhancing audio-visual matching performance. Wang et al. [2] and
Zheng et al. [24] propose multi-attribute approaches to explore poten-
tial semantic features for robust audio-visual matches in adversarial
learning, respectively.

Disentangled Representation Learning. This study utilizes audio—
visual data sourced from real-world interview scenarios, which inher-
ently have interference characteristics. Such interference can lead the
model to prioritize irrelevant background features, thereby introduc-
ing bias. However, disentangled representation learning, a machine
learning technique, enables models to identify and isolate biases in
data, thereby improving their capacity to capture complex features.
To achieve this, Higgins et al. [25] introduce the hyperparameter § in
variational autoencoders (VAEs) to control the discretization of latent
representations, allowing customization of these representations based
on specific needs. Building on this, Ning et al. [3] propose the disentan-
gled latent variable controlled by f to separate identity-related features
and filter out modality-specific features for cross-modal association.
However, # lacks adaptability, making it challenging to apply across
diverse tasks and datasets. To address this limitation, Kim et al. [26]
introduce forced disentanglement, which enforces independent and
discrete distributions of latent variables by imposing constraints on the
latent space. By expanding on this approach, Yu et al. [4] construct
the cross-modal latent representation framework for disentanglement
to examine the relationship between face and speech by removing
independent features. Recognizing the inherent attribute correlations
in audio-visual data, Wen et al. [19] propose the disjoint mapping
network for audio-visual matching, employing an attribute-oriented
mechanism to prevent feature overfitting. Despite the progress in dis-
entanglement methods, separating bias caused by interference remains
a significant challenge. To address this, Wen et al. [8] introduce a
dynamic weighting strategy to mitigate bias effects at the sample level,
enhancing model evaluation robustness. However, this approach can
hinder the model’s learning of challenging samples, which leads to infe-
rior model generalization performance. We propose the BIANet method
to mitigate bias in audio-visual matching. The network disentangles
the correlation matrix to make forward predictions for identity features
and reverse predictions for non-identity features. These predictions
are integrated within a counterfactual inference framework, effectively
mitigating the influence of bias in audio-visual matching tasks.

Causal Inference. Causal inference has become a pivotal tool in
computer vision, enhancing the robustness of deep learning models
by effectively addressing biases. Its applications span various tasks,
including visual question answering [27], Re-identification [13], and
multimodal sentiment analysis [12]. Mainstream causal inference re-
search comprises intervention-based methods [28] and counterfactual
approaches [29]. Intervention modifies the original feature distribution
to uncover causal effects, while counterfactuals represent the outcomes
of manipulated variables under different conditions [30].

As opposed to tackling spurious associations, we generate the coun-
terfactual input through intervention to mitigate bias introduced by
confounding factors in the data. While recent studies have addressed
problems at the dataset level, they neglect bias at the sample level,
which is crucial for accurately interpreting information within a sin-
gle modality. Our framework integrates disentanglement operations
with counterfactual inference to jointly eliminate sample-level biases,
representing a significant step toward achieving unbiased predictions.

3. Bidirectional intervention-based counterfactual inference
In this section, we explore the application of causal reasoning

to audio—visual matching tasks. First, we will explain in detail the
core concepts of causal reasoning in the literature [31]. Then, we
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analyze the reasons for the poor generalization performance of current
methods.

Preliminary: Causal graphs reflect the causal relationships between
variables, which are constructed via X, Y, and A as shown in Fig. 2(a).
When variable X directly influences variable Y, Y is termed a subterm
of X, indicated as X — Y. If X indirectly affects Y through variable A,
then A acts as a mediator between X and Y denoted as X — A — Y.

Counterfactual notation formula representation: when X is set to be
x and A is set to be a, the resulting value of Y is denoted as:

Y,o=Y(X =x,A=a), @

where Y, , represents the result of reasoning obtained with X set
to x, which A is a specific value when X = x*, and the result of
counterfactual reasoning is denoted as Y, 4 _ . Fig. 2(b) illustrates the
counterfactual notation and its application f)rocess.

In causality research, the causal effect represents the change in
an outcome variable resulting from the reference variable assuming a
specific value. This effect, commonly referred to as the total effect (TE),
can be exemplified by the impact of an experimental variable X = x on
the outcome Y. The total effect can be expressed mathematically as
follows:

TE=Y 4 ~Yoa,- (2)

The TE equals the natural direct effect (NDE) plus the total indirect
effect (TIE). The NDE shows the direct effect of X on Y if mediator A is
blocked, with A set to the value obtained at X = x*, i.e., the response
of A to the treatment X = x is disabled. Therefore, the NDE is denoted
by the increase of Y as X changes from x* to x. The NDE is defined as
follows:

NDE=Y, 4, —Yeu,- 3)
The TIE can be computed from Egs. (2) and (3) as:
TIE=TE-NDE=Y,, —Y,4,. (C))

Bidirectional Intervention-based Counterfactual Inference: In
practice, accurately determining the value of the intervention fea-
ture x* is a significant challenge. The CIFT [13] method generates
intervention feature samples through Gaussian sampling, but this ap-
proach may inadvertently introduce foreground feature interventions,
thereby compromising the effectiveness of the intervention. In con-
trast, the CLUE [12] method learns shared virtual intervention features
across samples by training the network. However, this limits its abil-
ity to intervene precisely on specific samples. Typically, noise and
background information, treated as interference terms in prediction,
can serve as intervention features to enhance the model’s generaliza-
tion performance. Therefore, we design a disentanglement threshold
layer for feature correlation matrix decomposition to obtain an accu-
rate intervention feature representation. The specific calculation of the
intervention features is outlined as follows:

* =eA, (5)

AN =@, (6)

where e denotes interference features, but it is not easy to disentangle
them from the X features. At the same time, the foreground feature 079)
and the interference feature (e) should remain independent (i.e., (0 =
Xe = EY’). AV is the negative affinity, which enhances the interfer-
ence features through the self-attention correlation matrix. The affinity
transformation A of the X-feature can then be denoted as:
A=XxXT=X+oX +o7
—T _g » N ()
=XX +ee =A"+A",
where AP represents the positive affinity transformation of foreground
features, which enhances the key area feature representations. The
network is prone to recognizing foreground features with high certainty
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and is shown to be gradual from shallow to deep in feature learn-
ing [32]. For this reason, the strong correlations tend to correspond
to foreground features, while the weak correlations are more related
to interference features with high uncertainty. Therefore, the disentan-
glement threshold is applied to the correlation matrix to disentangle
diverse feature representations more efficiently. The total indirect effect
(TIE) can be calculated as:

TIE=Y 4r =Y 4x . ®)

We propose a bidirectional intervention framework integrating
positive and negative intervention attention modules to enhance the
model’s debiasing capability. This framework reduces the interdepen-
dence between foreground features (X) and intervention features (),
thereby improving the accuracy of audio-visual matching.

4. Methodology

Interference in real-world data can introduce bias into cognitive
models for matching audio and facial images across biometric informa-
tion. To address this issue, we propose the BIANet method (illustrated
in Fig. 3), which leverages correlation matrix disentanglement and
counterfactual inference to eliminate prediction bias. In this model,
features extracted from audio and facial images are processed into
query features (Q), key features (K), and value features (V) through
convolutional operations. Using a learned disentanglement threshold,
the network decomposes the correlation matrix, defined as the covari-
ance matrix between query features (Q) and key features (K). This
matrix is multiplied by value features (V) via a softmax operation to
produce disentangled features. These features are further transformed
for counterfactual inference, and the resulting outputs are used to
confirm the matching relationships.

4.1. Overview

The objective of the audio-visual matching task is to utilize audio
clips to recognize a gallery of face images depicting multiple candidates
and conduct identity matching. This scenario is denoted as V-F, while
the reverse case is termed F-V. For identification, a baseline audio
clip a, is chosen, and a gallery of matched images, consisting of k
face images {ul-],u,-z, “"”ik}’ indexed by i, is utilized. ResNet [33] is
employed for feature extraction. Audio clips are denoted as X?, and
visual face images are represented as X P ={X f] . th }. The variable
k defines various matching scenarios, where k > 1 signifies a general
matching case, and k = 1 denotes a special matching scenario, also
considered as a validation scenario.

4.2. Positive intervention attention module

The attention mechanism is crucial in aggregating identity-related
features in the audio—visual matching task. However, real-world audio—
visual data often contains complex backgrounds and significant noise.
These elements can amplify interference when the attention mechanism
focuses on identity features, thereby weakening the model’s general-
ization performance. Referring to Eq. (7), we compute the intramodal
correlation matrix as an affine transformation, represented as follows:

A= XX’ = (X +‘”’)(X +e), (€)

where k denotes the index of the sample, with k¥ = 0 corresponding
to audio samples and k > 0 corresponding to image ¢ samples The
m € {a,v} refers to the audio or visual modahty X ;, represents
the undisturbed face image (audio) features, while e e corresponds to
the disturbed face image (audio) features. The matrlces A" are the
feature correlation matrices for face images (audio) and are de51gned to
aggregate identity-related features while simultaneously enhancing in-
terfering features. Due to the complex mixture of interference features,
directly extracting interference-free identity features is challenging.
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Fig. 3. Overview of the Bidirectional Intervention Attention Network (BIANet). The BIANet comprises Positive Intervention Attention (PIA) and Negative
Intervention Attention (NIA). These modules generate outputs that facilitate counterfactual inference operations to eliminate bias. The PIA module mitigates bias
by leveraging strong intra-modal correlations to aggregate identity-related features. Conversely, the NIA module efficiently transfers identity-irrelevant feature
representations for reverse prediction, reducing prediction bias. Additionally, we introduce a Curriculum Learning Strategy (CLS) to incorporate reverse prediction
incrementally results incrementally, achieving unbiased prediction audio-visual matching.

The model tends to prioritize deterministic foreground features over
uncertain interfering features, resulting in a higher feature correlation
to focus on the foreground features. Therefore, we can estimate the
disentanglement threshold & from the network to focus on differ-
ent hierarchical features. The disentangled correlation matrix can be
expressed as:

Am
i

= clamp(Aﬁ,E), 10)

A;’; = Relu(—(Relu(A]!) - ¢)), 11

where Relu denotes the ReLU activation function, and cl/amp signifies
the truncation operation. The matrix A”’ represents the attention matrix
capturing strong correlations among 1mage face (audio) foreground fea-
tures, while AZ denotes the attention matrix for spurious correlations
among image face (audio) interference features. By applying A:'Z , we
can effectively aggregate identity-related features in both audio and
face images. Conversely, using A;Z amplifies the interference features
in both audio and face images.

A,'," is determined by a disentanglement threshold that focuses on
the correlation of foreground features. This approach helps to aggregate
these features, thereby enhancing the performance of audio-visual
matching. The precise computation of the aggregated features is as
follows:

X': = softmax(‘r;”/i;z )X,.':, 12)

i

A =X X+ X =@am +¢ X, )T, (13)

where 7! is set to 10, based on experimental results, to act as a
temperature control mechanism that enhances correlation differences
and emphasizes salient features. Ideally, according to Eq. (7), Aik”’
should convey valuable foreground information solely through the

affine transformation (A;Z)P . However, in practice, potential spurious

correlations (denoted as E:-Z (7:" )T) may arise between the foreground
and interfering information. These correlations propagate into the ag-
gregated identity features, Xi,”, ultimately reducing the accuracy of
the model’s predictions.

To achieve stable optimization, we incorporate a skip connection
design with learnable mask weights, which improves the model’s ability
to deliver features consistently. These weights dynamically regulate the
fusion of input features (X " with identity features (X;:), enabling
effective audio-visual feature delivery. This mechanism facilitates di-
rect input-to-output mapping, mitigating challenges such as gradient
vanishing and explosion during backpropagation [33]. Additionally,
the mask weights function as filters, reducing the transmission of

irrelevant or interfering features. The fusion feature representation is
formulated as follows:

-_—m A
sz =(1 —maskZ’{)X;: +mask;:'c ® lN(Xi”'k), (14)

where mask!" denotes the feature weight within unimodal, calculated
via SENet [34] and acquired through instance normalization (IN) to
diminish the variance of modal features.

4.3. Negative intervention attention module

Interference features can adjust the original feature distribution to
reveal causal effects, enabling counterfactual inference and generating
results for different operational variables. Consequently, generating
relevant intervening features is a critical step for achieving accurate
counterfactual inference. Currently, aggregating identity features using
attention mechanisms helps mitigate interferences, thereby reducing
the model’s positive prediction bias. However, as previously mentioned,
such aggregation may inadvertently introduce spurious associations. To
address this issue, weakly correlated A™ features can be filtered out by
applying an untangling threshold, which emphasizes interference fea-
ture representations as intervention features for causal inference. This
inference process is constructed through the complementary integration
of forward and backward predictions, further reducing prediction bias
via enhanced counterfactual inference. Among these, the augmented
interference feature X t": is calculated as follows:

X" = softmax(Al'.z +dDX] (15)

Ik

Al =7 (e ) +X, (E'”)T (A'“)N+X (E”’) (16)

Ik
the affine transformation of the interference features is denoted as
(A’")N according to Eq. (6). However, in practice, the affine transfor-
matlon A™ incorporates not only (A’")N but also spurious correlations
between fkoreground and 1nterference features. This leads to simul-
taneous enhancement of the interference features and discriminative
foreground features, resulting in feature entanglement. To mitigate
this issue, we introduce a feature dropout operation. Specifically, d
represents randomized Bernoulli distribution mask matrices for audio
and image data, respectively. These matrices assign specific elements
of the similarity matrix a value of —co, thereby enhancing the regu-
larization of the attention weights. This approach reduces the model’s
tendency to overfit foreground features, improving the representation
of interference features. The mask d,.';' is computed as follows:

P 0 1—rand(p)=1 a”n
'k —00 rand(p) =0
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where rand represents a random process, while p signifies the probabil-
ity magnitude of the random percentage.

Interference features can be employed for back-prediction in coun-
terfactual inference to achieve interference-free audio-visual associ-
ations. However, directly using these enhanced interference features
does not effectively strengthen correlations between audio-visual fea-
tures. This limitation arises from uncertain spurious correlations within
cross-modal features, which complicates the accurate application of
back-prediction to enhance the model’s debiasing capabilities. To over-
come this challenge, it is crucial to identify false correlations within
the interference features and amplify the relevant components for
inverse prediction. Therefore, we treat the interference feature as an
intervention feature in causal inference, as described below:

Am = x;:(x;Z)T, (18)

ik

X™ = so fimax(z§ AT)X]" + sof tmax(=75 AT X", (19)

Ik

where 7' serves as the temperature control parameter, defined as in
the previous section. Al’." represents the attention weights for audio
or facial image interference features. Due to the uncertain matching
relationships among candidate objects, these features can guide both
positive and negative attention toward cross-modal features, enabling
a bidirectional attention mechanism. Yf” denotes spuriously associated
interference features from face images (or audio), which assist the
model in generating backward predictions. These predictions facilitate
counterfactual inference, effectively reducing model bias.

To address the complexity of environmental interference, we pro-
pose a positive intervention attention module that aggregates iden-
tity features using a strongly correlated attention mechanism. Addi-
tionally, we propose a negative intervention attention module that
emphasizes interference features through weakly correlated attention
mechanisms for reverse prediction matching. However, these atten-
tion mechanisms may inadvertently associate foreground features with
interference features, resulting in model prediction bias. To address
this, we incorporate the features from both intervention modules into
a counterfactual inference architecture to eliminate prediction bias.
This integration ensures the independence of foreground features from
interference features, thereby enhancing the generalization capability
of the audio-visual matching model.

4.4. Counterfactual inference in audio—visual matching

Following the prior discourse, we employ an adversarial training

method to mitigate discrepancies among various modal features [2].
—-—a

Hence, we adhere to this approach, merging audio features X o with

multiple face image features {Yfl,...,fi} to produce shared fea-

1
tures across modalities { izio,...,il,-k} € H. This adversarial process
has followed previous studies [2] to keep consistency. Subsequently,
the generated cross-modality independent features require a specific
matching metric to define the matching relationships clearly. This
metric is based on the general pair weighting approach. Finally, we
leverage the nonlinear properties of the multilayer perceptron (MLP)

to assess the probability of a correct match, depicted as follows:
Pep = softmax(C,,(lexp(h;, — Iy ), -+, exp(h;, — ;D) (20)

where C,, and P, denote match classification and positive match
probability, respectively. exp represents the natural logarithm with base
e.

Using the generator’s embedding structure, we embed the interfer-
ence features (X' ") as shared modal features, denoted as {71,-0, ,7z,~k 1.
These features are then used to compute the probability of reverse
prediction matching, as follows:

Py = sof tmax(Cy(lexp(hy, = b)) -+, exp(hy, = hy D), 1)

where P, denotes reverse match probability.
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Curriculum Learning Strategy: We employ a classification net-
work to predict the matching probability based on the features provided
by the bidirectional intervention attention mechanism. Referring to
Eq. (8), the positive and negative prediction results are used for coun-
terfactual inference to achieve debiased predictions. The cross-entropy
function [35] is used to compute the loss for counterfactual inference,
as follows:

epoch
N

M
Loy = —ﬁ Z(Y, log(P,, — (1 = cos( NP.)) (22)
i=1

where epoch denotes the current iteration and N represents the to-
tal number of iterations. Y,.j (Y;, € [1,k]) is the identity label for
the match. We employ a curricufum learning strategy that incremen-
tally introduces counterfactual inference to prevent the model from
overemphasizing counterfactual inference in the early stages, thereby
preserving valid features. This strategy is implemented using a cosine
function weighting scheme [36], which progressively integrates back-
ward prediction results, enabling the model to perform counterfactual
inference and achieve unbiased predictions. Notably, our model utilizes
the same counterfactual inference architecture for matching prediction
during both the training and testing phases.

5. Experiments
5.1. Implementation details

(1) Network architecture. All experiments are performed on
NVIDIA GeForce RTX 3090 graphics cards. The ResNet-18 [33] ar-
chitecture is employed for facial image feature extraction, while the
SE-ResNet-34 [33] architecture is utilized for audio clips process-
ing. The selected architectures are consistent with established previ-
ous research [2], ensuring fair algorithm performance evaluation and
comparable results.

The image feature extractor utilized ImageNet [37] pre-trained
parameters, while the audio feature extractor is not pre-trained. Facial
images are compressed into 3 x 224 x 224 matrices for input. The
processing flow for the input audio clips is as follows: the librosa library
is first employed to read the audio data, which is then converted to
decibel (dB) values using the amplitude to_db function to align with
human auditory perception. The data is subsequently normalized to the
range (0, 1) to ensure computational stability and enable effective com-
parison. The final feature sequences consisted of 160000 dimensions.
Shorter audio samples are loop-padded to ensure all sequences have
the same length. The feature dimensions extracted by the network are
uniformly adjusted to 512 x 3 x 3 to minimize inter-modal differences
in the GAN [5]. The multilayer perceptron served as the generator, re-
ducing the audio-visual features to 128 dimensions, which are treated
as modality-independent features. A binary classification network func-
tioned as the discriminator to train the generator. We then employed
a strong intra-modal correlation matrix to aggregate identity features
and a weak intra-modal correlation matrix to highlight interference
features. These features are transferred to a fully connected network
for bidirectional prediction. The bidirectional prediction results are
processed through counterfactual inference to derive the final matching
probability. In summary, we propose a bidirectional intervention at-
tention network that leverages correlation matrix disentanglement and
counterfactual reasoning to achieve debiased predictions.

(2) Training parameters. During training, we use the Adaptive Mo-
ment Estimation (Adam) optimizer with a batch size of 50, momentum
set to 0.9, and a weight decay rate of 0.0005. The initial learning rate
for each feature extractor module is set to 5 x 102, while the initial
learning rates for the generator and discriminator are set to 5 x 1073.
The matching classifier has an initial learning rate of 5x 1072, and the
learning rate for both the Positive Intervention Attention (PIA) module
and the Negative Intervention Attention (NIA) module is set to 5x1073.
Each module is trained for 20 and 40 epochs, respectively, with a delay
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A validation of different scenarios performed on the VoxCelebl [16] dataset to evaluate the performance of the matching task.
Where k=1 denotes the validation task, 1:2 denotes the binary matching task, while 2:k (K=10) denotes the multi-way matching

task.
Methods Venue Backbone Binary Multi-way Verification
V-F F-V V-F F-v V-F F-v

SVHF [18] CVPR2018 81.0 79.5 345 X - -
DIMNet [19] ICLR2019 81.3 81.9 38.4 36.2 81.0 81.2
Wang’s [20] ACM2020 83.4 84.2 39.7 36.4 82.6 82.9
Wen’s [8] CVPR2021 87.2 86.5 48.2 44.8 87.2 87.0
AML [5] TMM2022 90.2 86.3 46.2 43.7 86.4 86.2
DCLR [4] ICDM2022 CNN 86.79 87.45 - - 86.76 86.89
DSANet [7] TMM2023 92.5 88.4 49.1 46.8 87.4 91.5
P?VANet [24] TCSVT2024 93.1 90.4 50.6 48.1 88.5 88.7
ACIENet [2] TIFS2024 96.0 92.3 49.5 47.1 90.1 91.9
Baseline Ours CNN 94.8 89.8 48.5 45.6 88.2 91.2
BIANet Ours Transformer 80.7 93.0 18.9 25.6 89.3 91.6
BIANet Ours CNN 97.3 96.9 50.2 47.3 89.5 92.8

of 0.1 epoch. The validation experiment is treated as an independent
matching task, where candidate samples are classified based on 256-
dimensional features to determine whether they match. In this task,
positive intervention audio-visual features are used as inputs to the
classification network, and each audio clip feature is subtracted from
the corresponding face image features to generate K  128-dimensional
features. The same operation is applied to the negative intervention
features. Both positive and negative bidirectional features are input to
the network to produce K match probabilities, the differences of which
are used for the final prediction. The highest probability indicates the
matched sample, and audio-visual matching performance is evaluated
based on the accuracy (ACC).

(3) Dataset Description. The VoxCelebl [16] dataset is derived
from YouTube videos and contains a large collection of real-world
speech samples from over a thousand celebrities. It is widely used
for audio-visual tasks in complex acoustic environments to enhance
recognition capabilities for security system authentication and forensic
identification. This task is particularly challenging due to dual con-
straints from both external and internal factors. External interference
includes background noise, music, laughter, echo effects, and distor-
tions introduced by vocal tract or microphone characteristics. Internal
variability arises from differences in speaker age, regional accent, emo-
tional state, intonation, and speech style. Specifically, the combined
dataset comprises 1225 distinct identities, with VoxCeleb1 contributing
137,060 facial images and VGGFace providing 149,354 audio clips.
To enhance model generalization, previous research [8] divided the
dataset alphabetically: 112 validation samples (prefixes “A” and “B”),
189 test samples (prefixes “C”, “D”, and “E”), and 924 training samples
from the remaining prefixes.

VoxCeleb2 [17] is a large-scale audio—visual bimodal dataset com-
prising speech data from over one million YouTube clips featuring
more than 6000 public figures. The dataset maintains a balanced
gender distribution and demonstrates extensive diversity in ethnicity,
accent, occupation, and age. Data are collected from a wide range
of real-world scenarios, including red carpet events, outdoor sports
venues, indoor studios, public speeches, professional film and television
productions, and mobile device recordings. The audio data contain
various forms of environmental interference, such as background noise,
laughter, and overlapping sound sources, while the corresponding fa-
cial images exhibit natural variations in head pose, illumination, and
motion blur. This dataset poses significant challenges for audio-visual
in large-scale, unconstrained environments, providing new opportuni-
ties to advance research on robustness, scalability, and multimodal
fusion in open-world settings. VoxCeleb2 supports multiple research
tasks, including speaker recognition and visual speech synthesis. Re-
garding data partitioning, the training set comprises 5994 identity
corresponding samples, while the test set consists of 118 independent
identities.

5.2. Comparison to the SOTA

(1) Evaluation Results on VoxCeleb1 [16]. To evaluate the superi-
ority of our method, we conduct comparative experiments against cur-
rent mainstream audio—visual matching algorithms. Notably, most cur-
rent mainstream models are based on Convolutional Neural Networks
(CNNs). In contrast, Transformer [38]-based models often demonstrate
suboptimal performance, as their attention mechanisms are prone
to overfitting on disruptive information. As shown in Table 1, all
comparative experiments are conducted using the data segmentation
method proposed by Wen’s method [8]. Specifically, DCLR [4] employs
feature disentanglement to remove distracting features and improve
audio-visual matching performance through debiasing, while Wen’s
method [8] achieves debiasing by filtering distracting features at the
sample level. However, the performance of both methods is lower than
that of attribute-supervised models [2,24], highlighting the limitations
of existing feature- and sample-level debiasing approaches in reducing
prediction bias.

To address prediction biases caused by interfering data, we propose
the BIANet method, which demonstrates optimal or near-optimal per-
formance across binary matching, multi-way matching, and verification
tasks. Notably, BIANet achieves superior results in binary matching,
illustrating that effective debiasing significantly enhances model per-
formance. Although BIANet’s performance in multi-way matching and
verification tasks is marginally inferior to attribute-based methods [2,
24], the gap is negligible. Crucially, attribute-based methods require
additional labeled data for supervision, while our approach achieves
comparable or superior performance without relying on attribute la-
bels, which highlights BIANet’s strength in practical applications. Fur-
thermore, as shown in Table 1, previous attribute-based methods [2,
24] exhibit significant discrepancies in matching performance between
audio-to-face (V-F) and face-to-audio (F-V) scenarios, primarily due to
interference in the data. In contrast, BIANet achieves more balanced
performance across both scenarios, demonstrating its capability to ef-
fectively mitigate the influence of interfering features through model
debiasing.

To comprehensively validate algorithmic effectiveness, we inte-
grate the BIANet approach with existing feature enhancement tech-
niques. Results in Table 2 demonstrate that this integration significantly
boosts overall model performance. These studies indicate that DSANet
and ACIEnet, as advanced feature enhancement methods, demonstrate
robust performance in audio-visual matching. However, they inade-
quately address inherent model biases. In contrast, the core module
of BIANet is designed to augment existing techniques by effectively
suppressing interference, leading to optimized overall performance.
Furthermore, when addressing complex interference patterns in real-
world scenarios, the method avoids dependence on specific architec-
tural designs. Instead, it establishes a universal interference processing
framework, underscoring its broad applicability and practical potential.
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Comparison of integration results between the proposed method and feature enhancement techniques on the VoxCelebl [16]

dataset. * indicates feature enhancement methods using the corresponding algorithm, while “Ours” refers to the inference
architecture of BIANet.
Methods Binary (ACC) Multi-way (ACC) Verification (ACC)
V-F F-Vv V-F F-v V-F F-v
DSANet [7] 92.5 88.4 49.1 46.8 87.4 91.5
DSANet*+Ours 97.5 97.1 50.5 47.5 88.5 93.0
ACIENet [2] 96.0 92.3 49.5 47.1 90.1 91.9
ACIENet*+Ours 97.6 97.3 50.4 47.8 90.5 93.2

Table 3

Experimental comparisons of audio-visual matching task with SOTA methods for various scenarios performed on
the VoxCelebl [16] dataset. These results are derived based on the PINs data configuration.

Methods Venue Binary (ACC) Multi-way (ACC) Verification (ACC)
V-F F-v V-F F-v
DIMNet [19] ICLR2019 84.12 84.03 39.75 - 83.2
PINs [39] ECCV2018 84.00 - 31.00 - 78.5
SSNet [21] DIC2019 78.00 78.50 30.00 30.05 78.8
B-VAE [3] TMM2021 84.15 84.22 41.30 40.02 84.64
AML [5] TMM2022 92.72 93.3 43.45 39.35 80.6
CMPC [40] 1JCAI2022 82.2 81.7 - - 84.6
DSANet [7] TMM2023 95.25 94.28 46.83 43.36 78.0
ACIENet [2] TIFS2024 96.4 95.6 46.9 44.1 84.8
BIANet Ours 97.9 97.5 47.8 44.6 85.1
T T 100
95t ——Ours ——OQOurs
—— ACIENet 90} \ —— ACIENet
85| P2VANet P2VANet
_ DSANet | _ o0l DSANet
& sl ——AML S ——AML
= ——wen's = ——wen's
Q <9 70t
3 S 60f
<55} <
50
45t
40
3 5 7 9 3 5 7 9
The number of gallery The number of gallery
(a) V-F (b) F-V

Fig. 4. The quantitative results of 2 : 10 matching task in V-F and F-V scenarios on VoxCelebl [16].

To further validate the effectiveness of the BIANet method, we
are conducting a 2 10 multidimensional audio-visual matching
experiment, as illustrated in Fig. 4. The results indicate that model
performance declines rapidly as the number of matching candidates
increases, highlighting the significant impact of candidate quantity
on matching difficulty. Nevertheless, in the V-F scenario, our method
exhibits notable superiority, particularly when the number of candidate
samples is fewer than 6. Similarly, in the F-V scenario with fewer
than 6 candidates, BIANet demonstrates a substantial advantage and
remains competitive even as the number of candidates increases. These
findings validate the BIANet method in performing debiased predictions
to achieve reliable audio-visual matching. Additionally, we compare
the BIANet method with other classical algorithms using PINs data
segmentation, as shown in Table 3. Among these, §-VAE [3], an effec-
tive feature disentanglement method, performs significantly worse than
attribute-guided enhancement-based approaches [2,24]. This outcome
underscores the importance of both removing interference and explor-
ing audio-visual matching association features. However, in practice,
interference and association features often coexist, complicating the
processing. As shown in Fig. 5, the baseline model tends to lock
too many feature regions, leading to overfitting of background in-
formation. Although existing enhancement algorithms can mitigate
interference to concentrate on foreground features, they still frequently

introduce biased features. In contrast, BIANet can effectively focus on
specific facial features, significantly reducing the fitting of interference
features. Audio data similarly suffers from background information
overfitting due to interference, which cannot be clearly visualized in
audio. Future research must explore suitable approaches to represent
this phenomenon. Experimental results show that BIANet effectively
addresses this challenge and performs superiorly across various sce-
narios and tasks. The BIANet method enhances audio—visual matching
performance by integrating feature disentanglement and counterfactual
inference to learn feature associations and unbiased predictions.

The experimental analysis is conducted on specific interference
datasets. We compare the performance of the proposed BIANet method
with advanced feature enhancement algorithms DSANet and ACIEnet
in the binary matching task. As shown in Fig. 6, existing models tend
to overfit to intra-class data under interference conditions, which leads
to a bias in feature attention. This feature bias causes the model to de-
viate from salient foreground features or allocate insufficient attention,
ultimately resulting in incorrect matching predictions. In contrast, our
method consistently focuses on salient foreground features under the
same interference conditions and accurately retrieves correct matches,
demonstrating robust matching capability on disturbed data.

(2) Evaluation Results on VoxCeleb2 [17]. VoxCeleb2 is a dataset
enriched with diverse character information, making it an essential



J. Wang et al. Pattern Recognition 179 (2026) 113840

Normal Illumination Angle Blur Hair Style  Normal Illumination Angle Blur

Same Identity Same Identity

Hair Style

pnay,
F) £ Jurpase
PNVIA PNUAIOV INVSA dulpseq punois

Pnay,
punoan

PNVIL 1BNIAIDV INVSA dulpseq

Fig. 5. Comparison of class activation maps (CAMs) generated by different methods on the VoxCelebl dataset. Red regions: overfitting-induced bias; green
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Fig. 6. In the k = 2 matching scenario, models are frequently prone to erroneous matches due to various forms of interference. The proposed method effectively
corrects these matching results by mitigating such interference.
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Table 4

The qualitative results for the task in different scenarios on VoxCeleb2 [17] dataset. "X’ indicates 'not capable’ and -’ indicates

‘no results’.
Methods Venue Binary (ACC) Multi-way (ACC) Verification (ACC)

V-F F-v V-F F-v V-F F-v

SVHF-Net [18] CVPR2018 68.7 67.9 X X - -
DIMNet [19] ICLR2019 68.5 69.0 - - - -
AML [5] TMM2021 80.2 81.4 41.2 40.7 80.6 78.4
DSANet [7] TMM2023 829 83.6 42.3 41.2 78.8 77.5
P2VANet [24] TCSVT2024 87.3 85.2 46.2 45.1 84.9 82.1
ACIENet [2] TIFS2024 88.1 88.7 45.6 44.3 86.3 91.5
BIANet Ours 91.3 91.5 46.3 46.8 85.8 91.1

Table 5

The experiments on component ablation of the BIANet method are performed in different audio-visual matching tasks.

Component VoxCelebl [16] VoxCeleb2 [17]
Binary Multi-way Verification Binary Multi-way Verification
PIA NIA V-F F-v V-F F-v V-F F-v V-F F-v V-F F-v V-F F-V
a 94.8 89.8 48.5 45.6 88.2 91.2 87.7 87.1 42.2 41.5 83.8 84.0
b 4 96.8 96.6 49.8 46.8 89.3 92.6 91.1 91.1 45.8 45.9 84.2 90.9
c v 96.6 93.0 42.1 35.9 85.2 91.8 91.5 90.6 37.3 32.4 83.4 90.2
d v v 97.3 96.9 50.2 47.3 89.5 92.8 92.0 91.5 46.3 46.8 85.8 91.1

benchmark for assessing the generalization performance of algorithms.
To evaluate the generalization ability of our model, we use the model
trained on VoxCelebl [16] to process the test data in VoxCeleb2. As the
latest algorithm tested for generalization capability on the VoxCeleb2
dataset, we conduct a comparative analysis between our method and
P2VANet [24]. As shown in Table 4, our method achieves SOTA
performance in binary and multi-way matching tasks, while performing
slightly below optimal in verification tasks. These results show that
our method can perform debiased prediction, thus making the model
resistant to interference to achieve superior generalizability.

5.3. Ablation study

(1) Evaluation of Different Component Effectiveness: Table 5
presents two intervention attention mechanisms designed to remove
biases and demonstrates their effectiveness through experiments con-
ducted on two datasets across multiple tasks and scenarios. The pro-
posed BIANet integrates a Positive Intervention Attention (PIA) module
and a Negative Intervention Attention (NIA) module. The PIA mod-
ule reduces the impact of distractor features by aggregating identity
features within the same modality. As evidenced in the comparison
between Table 5(b) and (a), implementing the PIA module significantly
enhances the performance of the baseline model, indicating that the
correlation matrix disentanglement approach effectively reduces bias.
However, interference features may sometimes be incorrectly asso-
ciated with foreground features, leading the attention-based feature
aggregation method to amplify the effects of these interference features.
The NIA module leverages interference features for backward predic-
tion and gradually introduces counterfactual inference to address this
issue. From the comparison of Table 5(c) with (a), the NIA module
performs well in binary matching tasks but introduces side effects in
verification and multi-way matching tasks. In the verification task, the
absence of direct comparisons between positive and negative sample
information results in an inaccurate correlation matrix untangling,
adversely affecting performance. In multi-way matching tasks, the diffi-
culty of matching increases sharply as the number of candidate samples
grows, making it challenging for the network to identify and de-bias
interfering features within the samples.

Our approach addresses the problem of prediction bias by lever-
aging separation information from bidirectional interventions to facil-
itate counterfactual inference. As demonstrated in Tables 5(d) vs (a)
and 5(d) vs (b), this method synergistically integrates both positive and
negative perspectives to achieve effective counterfactual inference. In
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Table 6
The impact of the setting of the disentanglement threshold (¢) on the audio-
visual matching task performance on the VoxCelebl [16] dataset.

Param(e) Binary Multi-way Verification

V-F F-v V-F F-v V-F F-v
Baseline 94.8 89.8 48.5 45.6 88.2 91.2
0.01 96.9 96.3 50.2 46.0 89.2 92.6
0.1 96.8 96.5 50.1 46.3 90.0 91.4
0.2 97.1 96.4 49.6 45.9 88.5 92.7
Self-Learning 97.3 96.9 50.2 47.3 89.5 92.8

Table 7
The effect of curriculum learning strategy (CLS) on the BIANet method in
various audio-visual matching tasks on the VoxCelebl [16] dataset.

BIANet Binary Multi-way Verification
(CLS) V-F F-v V-F F-v V-F F-v
w/o 94.9 96.8 45.6 44.4 89.4 84.6
w 97.3 96.9 50.2 47.3 89.5 92.8

addition, we observe that baseline models significantly outperform the
F-V scenario in both binary matching and multi-directional matching
tasks under the V-F scenario. This performance gap may be attributed
to data interference. Notably, the experimental results indicate that the
BIANet model achieves a more significant performance improvement in
the F-V scenario compared to the V-F scenario. This finding indicates
that audio noise significantly impacts audio-visual matching, while the
BIANet method effectively mitigates biases caused by such interference.

(2) Evaluate the Impact of the Disentanglement Threshold ¢
Setting on Model Performance. To evaluate the impact of the disen-
tanglement threshold parameter (¢), we compare the BIANet method
by both the fixed hyperparameter and the self-learning approaches.
As shown in Table 6, adjusting (¢) enhances the BIANet method per-
formance in both scenarios, indicating the effectiveness of the disen-
tanglement threshold in mitigating overfitting. Although the effect of
adjusting the parameters for different tasks varies, the experimental
results as a whole do not differ significantly. The self-learning approach
is preferred in this paper to optimize the value of ¢ to achieve a more
competitive performance.

(3) Evaluating the Impact of Curriculum Learning Strategy
(CLS) on Audio-Visual Matching Performance. We perform a com-
parative analysis of BIANet methods with and without the CLS method.
As shown in Table 7, directly implementing counterfactual feature
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Fig. 7. The effects of two hyperparameters on the binary matching task using
the VoxCelebl [16] dataset.

intervention without incorporating a CLS diminishes the performance
of audio-visual information and worsens model performance. Con-
versely, integrating the CLS significantly bolsters the model’s resilience
to overfitting, improving the model’s performance.

5.4. Hyper-parameters analysis

In our model, two key parameters influence the degree of corre-
lation in the feature correlation matrix. The hyperparameter |, as
defined in Eq. (12), adjusts the autocorrelation of audio and face
images. Fig. 7 illustrates that varying these parameters within the set
[0.5,1,5,10,20] results in only minor performance fluctuations, with
the optimal parameter value being 5 for both V-F and F-V scenarios.
This indicates that the autocorrelation matrix can enhance within-mode
feature aggregation without requiring precise hyperparameter tuning.
Conversely, the hyperparameters 7' in Eq. (19) regulate the inter-
correlation between audio and face images. We find that the perfor-
mance of ' in V-F and F-V scenes gradually improves with increasing
parameter values, and the higher performance can only be achieved
at larger parameter values, although tremendous values should be
avoided. This suggests that appropriate hyperparameter selection can
emphasize relevant features and support the model in counterfactual
Inference, enhancing audio—visual matching performance.

6. Conclusion and future works

In this work, we propose the BIANet framework as a universal solu-
tion for interference suppression. This approach integrates feature dis-
entangling and counterfactual inference to address bias in audio-visual
matching models caused by data interference. Specifically, we con-
struct Positive Intervention Attention (PIA) and Negative Intervention
Attention (NIA) modules by decoupling the correlation matrix, which
together form a counterfactual inference architecture. The PIA module
aggregates identity-related features based on strong correlations to
enhance audio-visual feature recognition and mitigate interference,
while the NIA module aggregates identity-irrelevant features through
weak correlations. Since identity-related and unrelated features often
become entangled during model training, and models tend to learn
effective features before overfitting to interference features, a Curricu-
lum Learning Strategy (CLS) is introduced. This strategy progressively
strengthens counterfactual inference, ensuring that effective features
are thoroughly learned during the early training phase. Experimental
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results demonstrate that BIANet achieves significant bias correction and
superior overall performance.

Furthermore, this study presents a universal bias-mitigation frame-
work that can be extended to other cross-modal perception tasks,
thereby advancing the field. However, in real-world scenarios, the
proportion of samples affected by interference in audio—visual datasets
often follows a long-tail distribution, which limits the ability of general
interference mitigation models to effectively address these effects. Fu-
ture research will therefore focus on the statistical characterization of
interference information to train targeted multi-perception mechanism
groups. This technology aims to enhance interference-specific process-
ing capabilities and enable the development of more robust models,
ultimately improving overall system performance.
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