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Abstract: Audio-visual fusion plays an important role in multimodal artificial intelligence, particularly in
applications such as speech processing, emotion recognition, and video understanding, where information
from sound and vision improves performance and contextual understanding. Recent developments are
driven by attention mechanisms and transformer-based models, which enable more flexible and context-
aware interaction within and across modalities compared to conventional fusion approaches. Despite these
advances, challenges remain, including sensitivity to noisy or missing modalities, modality imbalance, lim-
ited interpretability, and high computational cost. This paper presents a structured survey of attention
mechanisms in audio-visual fusion, with emphasis on architectural design and evaluation practices across
multiple application domains. A structured survey methodology inspired by PRISMA principles is used to
identify and select relevant studies, followed by comparative analysis of model architectures, training strat-
egies, and evaluation methods. The findings show that transformer-based and attention-centered architec-
tures have become increasingly prominent and achieve strong performance across tasks. However, these
approaches involve trade-offs between robustness, interpretability, and computational efficiency, and re-
main sensitive to noise and modality imbalance. Evaluation practices are also inconsistent, with limited use
of standardized and robustness-focused metrics. The survey provides an attention-centered taxonomy of
audio-visual fusion methods and synthesizes current approaches and evaluation strategies. It identifies key
challenges and outlines directions for improving robustness, interpretability, and efficiency in practical de-
ployment.

Keywords: Multimodal fusion; Audio-visual; Deep learning; Attention mechanisms; Temporal modeling;
Cross-modal attention.
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1. Introduction

Multimodal learning seeks to jointly exploit comple-
mentary signals such as audio and vision to enable richer
and more reliable machine perception than unimodal ap-
proaches [1]-[4]. In audio-visual settings, combining spec-
tro-temporal audio patterns with spatio-temporal visual
cues supports more robust interpretation of speech, affect,
and events, particularly under challenging conditions [2],

[5], [6]. This integration has become central in applications
such as speech processing, where visual lip movements
complement degraded acoustic signals, and emotion
recognition, where facial expressions and vocal prosody
jointly convey affect [7]-[10]. Beyond these domains, au-
dio-visual fusion supports event and action recognition as
well as human—computer interaction, enabling systems to
better interpret complex real-world scenarios [3], [6], [8].
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Early approaches to multimodal fusion relied on fea-
ture-level concatenation or decision-level aggregation,
which provided limited capacity to model cross-modal de-
pendencies [4], [6], [11]. With the advancement of deep
learning, convolutional and recurrent architectures be-
came standard for encoding audio spectrograms and vis-
ual frames, improving unimodal representation learning
but often still relying on relatively simple fusion strategies
(2], [4], [12], [13]. More recently, attention mechanisms and
transformer-based models have enabled more structured
intra- and inter-modal interactions. Self-attention and
cross-modal attention allow models to focus on salient re-
gions within each modality and to learn fine-grained cor-
respondences between modalities, while transformer-
based designs support flexible and scalable fusion strate-
gies [5], [7], [8], [14].

These developments have led to strong performance
gains across tasks such as audio-visual speech recognition,
emotion recognition, and video classification, where atten-
tion-based models can explicitly capture both intra-modal
structure and cross-modal alignment [6], [7], [11], [15].
However, their effectiveness is often conditioned on data
quality and modality balance. Modality imbalance, where
one modality dominates the learning process, can reduce
the contribution of complementary signals, while noisy or
weakly aligned data can degrade cross-modal learning [3],
[9], [12], [16], [17]. Although attention mechanisms im-
prove selective feature integration, they remain sensitive
to these conditions and do not fully resolve robustness
challenges [18]-[20]. Despite these advances, a key chal-
lenge remains: understanding how different attention
mechanisms behave under varying data conditions and
how their design choices influence robustness, interpreta-
bility, and fusion effectiveness.

Additional limitations arise in interpretability and
computational efficiency. While attention weights provide
some insight into model behavior, understanding global
attention patterns and modality contributions remains
challenging without specialized analysis tools [21]. Fur-
thermore, the computational cost of dense attention,
which scales with sequence length and modality size, pre-
sents practical constraints for real-world deployment. This
has motivated the development of more efficient designs,
including bottleneck-based fusion, sparse attention, and
lightweight transformer variants [1], [5], [6], [22].

A number of surveys have examined multimodal
learning, deep fusion strategies, and multimodal architec-
tures across different application domains [1]-[3], [8], [21],
[23]. These studies provide broad taxonomies and cover a
wide range of modalities and model families. However,
they often treat attention as one component among many
and do not provide a focused analysis of how different at-
tention mechanisms influence audio-visual fusion. In ad-
dition, architectural design, evaluation practices, and

robustness considerations are frequently discussed sepa-
rately, making it difficult to understand their combined
impact. Existing reviews are also often organized around
specific applications, such as emotion recognition or
speech processing, which limits cross-domain comparison
of attention-based approaches. As a result, there remains a
need for a structured, attention-focused synthesis that con-
nects architectural design choices with evaluation strate-
gies and robustness properties across audio-visual tasks.

To address these limitations in a unified manner, this

paper provides a structured and attention-focused survey
of audio—visual fusion. The main contributions are as fol-
lows:

e A systematic taxonomy of attention mechanisms
in audio—visual systems, covering intra-modal, in-
ter-modal, hierarchical, and hybrid attention de-
signs.

e A unified analysis linking attention mechanisms
to multimodal fusion strategies and deep learning
architectures.

e A structured review of evaluation practices, in-
cluding performance, robustness, and computa-
tional efficiency considerations.

¢ Anidentification of key challenges, including mo-
dality imbalance, noise sensitivity, interpretabil-
ity, and scalability constraints.

e A synthesis of open research directions to support
the development of more robust and interpretable
multimodal systems.

The remainder of this paper is organized as follows.
Section 2 describes the methodology, including the struc-
tured and PRISMA-inspired process used for literature se-
lection and analysis. Section 3 presents the taxonomy of
attention-based audio—visual fusion architectures. Section
4 critically synthesizes existing studies and identifies ma-
jor research gaps and challenges. Section 5 reviews evalu-
ation metrics, benchmarks, and assessment frameworks.
Section 6 concludes the study, while Section 7 outlines fu-
ture research directions.

2. Methodology

This study adopts a structured survey methodology
guided by systematic literature review (SLR) principles to
ensure transparency, reproducibility, and analytical rigor.
While the study aims to synthesize trends rather than per-
form statistical meta-analysis, PRISMA reporting concepts
are incorporated to organize the literature identification
and screening procedures. Therefore, this work is posi-
tioned as a semi-systematic survey, combining systematic
search procedures with qualitative synthesis of research
developments in attention-based audio-visual fusion.

The methodological workflow consists of three main
stages:
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Figure 1. Workflow for Semi-Systematic Literature Review on Attention-Based Audio — Visual Fusion.

Table 1. Research Questions Guiding the Survey.

RQID Research Question

Purpose

RQ1 What types of attention mechanisms are
used in audio-visual fusion architectures?

RQ2 How do different fusion strategies interact
with attention mechanisms in audio-visual
systems?

RQ3 What evaluation metrics and protocols are

used to assess attention-based audio-vis-
ual fusion models?

RQ4 What are the key challenges affecting at-
tention-based audio-visual fusion?

RQ5 What research gaps and future directions
exist in attention-based audio-visual fu-
sion?

To categorize and analyze different attention designs such as
self-attention, cross-modal attention, co-attention, and hier-
archical attention.

To examine how early, late, and hybrid fusion approaches
integrate with attention-based models.

To review standard performance metrics as well as robust-
ness- and efficiency-oriented evaluation practices.

To identify issues such as modality imbalance, noise sensi-
tivity, missing modalities, interpretability, and computa-
tional complexity.

To highlight limitations in current approaches and guide fu-
ture research on robust, interpretable, and efficient models.

1) Planning the review
2) Conducting the review
3) Reporting and synthesizing the review
An overview of the research workflow is illustrated
in Figure 1.

2.1. Planning the Review
2.1.1. Research Objectives

The objective of this study is to systematically exam-
ine how attention mechanisms are designed, evaluated,
and applied within audio-visual fusion systems. The re-
view focuses on identifying architectural patterns, evalua-
tion practices, strengths, limitations, and emerging re-
search challenges.

2.1.2. Research Questions

To guide the analysis and maintain methodological
consistency, five research questions (RQs) were formu-
lated (see Table 1). These questions define the scope of lit-
erature selection and structure the subsequent discussion
sections.

2.1.3. Data Sources

Literature was collected from indexing databases
widely used in computer science and multimodal learning
research:

e Google Scholar

e Semantic Scholar

e PubMed

e Scopus
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Figure 3. PRISMA Flow Diagram.

These databases were selected due to their comple-
mentary coverage of peer-reviewed journals, conference
proceedings, and emerging preprint research relevant to
deep learning and multimodal artificial intelligence.

The distribution of retrieved studies across databases
is presented in Figure 2.

2.1.4. Search Strategy and Query Formulation

Search queries were designed by combining key-
words related to modality, fusion strategy, and attention
mechanisms.

Search Query: ("audio-visual" OR multimodal) AND
("attention mechanism" OR "cross-modal attention" OR co-
attention OR transformer OR self-attention) AND ("deep

learning" OR neural network) AND (fusion OR multi-
modal fusion) NOT (survey OR review)

Equivalent keyword combinations were adapted for
each database according to its indexing syntax.

2.2. Conducting the Review
2.2.1. Eligibility Criteria

Eligibility criteria were established prior to screening
to ensure consistency and reproducibility (see Table 2).

2.2.2. Literature Identification

The database search initially identified 960 records
across all sources. Duplicate entries were removed using
automated and manual verification procedures. The liter-
ature selection workflow follows PRISMA reporting prin-
ciples [14] (See Figure 3).

2.2.3. Screening Process
The screening process was conducted in three stages:
1) Stage 1 — Title and Abstract Screening
Irrelevant studies unrelated to attention-based au-
dio-visual fusion were excluded.
2) Stage 2 — Full-Text Assessment
Remaining articles were evaluated based on meth-
odological relevance, experimental validation,
and alignment with research questions.
3) Stage 3 — Quality and Relevance Assessment
Studies were assessed according to:
e clarity of attention mechanism design
e completeness of evaluation methodology
e contribution to multimodal fusion research
After screening, 65 studies were selected for qualita-
tive synthesis.

2.2.4. PRISMA Selection Summary
The PRISMA process can be summarized as follows:
e Records identified: 960
e  After duplicate removal: 530
o  After title/abstract screening: 442
e  Full-text assessed: 442
e Record further screened for eligibility
¢ Final included studies: 65

2.3. Reporting and Data Extraction

For each selected study, structured data extraction
was performed using a standardized review template cap-
turing:

e attention mechanism type

e fusion strategy

e model architecture

e datasets used

e evaluation metrics

e strengths and limitations

Attention mechanisms were categorized into:
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Table 2. Inclusion and Exclusion Criteria.

Criteria Inclusion Exclusion

Study Focus Audio-visual fusion with attention mechanisms Unimodal studies
Methodology Deep learning architectures Non-DL methods
Evaluation Empirical validation reported No experiments
Publication Type Journal or conference papers Editorials, opinions
Language English Non-English

Scope Multimodal learning applications Irrelevant domains

e self-attention

e cross-modal attention
e co-attention

e hierarchical attention
e temporal attention

This structured extraction enabled systematic com-
parison across heterogeneous audio-visual learning tasks.

2.4. Data Synthesis and Analysis Strategy

The synthesis process combined quantitative over-
view analysis with qualitative thematic comparison. The
analysis was organized according to the predefined re-
search questions:

e architectural trends (RQ1-RQ2)

e evaluation practices (RQ3)

¢ challenges and limitations (RQ4)

e research gaps and future opportunities (RQ5)

Rather than claiming methodological superiority, the
study emphasizes trade-offs, limitations, and contextual
effectiveness of attention mechanisms, aligning with the
balanced evaluation perspective recommended in recent
survey methodologies.

To guide the structured analysis presented in this sur-
vey, a set of research questions is defined. These questions
provide a framework for organizing the review of atten-
tion mechanisms, fusion strategies, evaluation practices,
and associated challenges in audio-visual fusion.

3. Background and Fundamental Concepts
3.1. Multimodal Fusion in Audio—Visual Learning

Multimodal fusion integrates heterogeneous data
sources to exploit complementary information and im-
prove robustness compared with unimodal systems [6],
[15], [24]. In audio-visual (AV) learning, acoustic and vis-
ual streams are typically processed through modality-spe-
cific encoders and subsequently combined via a fusion
mechanism for tasks such as emotion recognition, event
classification, and segmentation [11], [25], [26].

Fusion strategies are commonly categorized into
early (feature-level), late (decision-level), and hybrid/ in-
termediate fusion, although these distinctions are often
less rigid in deep learning systems where feature extrac-
tion and fusion are jointly optimized [24].

e Early fusion combines features at the input or
shallow layers, enabling direct interaction be-
tween modalities. This facilitates joint representa-
tion learning but is sensitive to temporal misalign-
ment and noise.

e Late fusion aggregates predictions from inde-
pendently processed modalities. It is robust to
missing or degraded modalities but does not ex-
plicitly model inter-modal relationships.

e Hybrid (intermediate) fusion integrates modali-
ties at multiple levels within the network, allow-
ing both independent processing and interaction.
This approach supports more flexible modeling of
intra- and inter-modal dependencies.

Recent developments emphasize attention-driven fu-
sion modules as a unifying framework that enables adap-
tive interaction between modalities rather than static fu-
sion operations [6].

3.2. Attention Mechanisms: Types and Definitions

Attention mechanisms dynamically reweight fea-
tures by modeling relationships between queries, keys,
and values, allowing models to focus on salient infor-
mation [27], [28]. In AV fusion, attention mechanisms are
central to modeling both intra- and inter-modal depend-
encies, directly addressing RQ1 (identification and clas-
sification of attention mechanisms).

3.2.1. Self-Attention (Intra-modal Attention)

Self-attention operates within a single modality,
where each element attends to all other elements in the
same sequence. Its primary role is to capture long-range
temporal or spatial dependencies within audio or visual
streams. It is widely used in transformer-based architec-
tures to model contextual relationships in spectrograms,
video frames, or tokenized representations [6], [26].

3.2.2. Cross-Attention (Inter-modal Attention)
Cross-attention models interactions between modali-
ties by allowing one modality (query) to attend to another
(key—value pairs). Its functional role is to enable direct
alignment and information transfer across modalities,
such as aligning speech cues with facial expressions in
emotion recognition [11], [15], [29]. Figure 4 illustrates a
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Figure 4. Schematic of the Cross-modal Attention Fusion Mod-
ule.

typical cross-modal attention module, where modality-
specific representations interact through directed atten-
tion.

3.2.3. Co-Attention (Collaborative Attention)

Co-attention extends cross-attention by enabling bi-
directional or joint attention between modalities. Both mo-
dalities simultaneously attend to each other, producing in-
terdependent representations. This mechanism supports
mutual feature refinement, preserving both intra- and in-
ter-modal relationships [26], [30].

3.2.4. Hierarchical Attention

Hierarchical attention applies attention at multiple
levels (e.g., frame-level, segment-level, sequence-level),
capturing both local and global dependencies.
Its role is to model structured relationships across tem-
poral and spatial scales before or during fusion [15].

3.2.5. Residual/Correction Attention

Residual or correction attention introduces additive
or corrective pathways to refine attention outputs. Its pri-
mary function is to stabilize learning and mitigate errors
in attention weighting, particularly when one modality is
noisy or dominant. This mechanism supports adaptive

reweighting and improved robustness in multimodal set-
tings [31].

To consolidate the classification of attention mecha-
nisms discussed above (RQ1) and to summarize their func-
tional roles and limitations (RQ2), Table 3 presents a struc-
tured comparison of the principal attention types used in
audio—visual fusion systems.

Figure 5 illustrates a representative architecture of at-
tention-based multimodal fusion systems. In this frame-
work, audio and visual inputs are first processed through
modality-specific encoders to obtain high-dimensional
feature representations. These representations are then
passed to a fusion module, where different attention
mechanisms are applied.

The self-attention module (SMA) captures intra-
modal dependencies within each modality, while the par-
allel cross-modal attention module (PCMA) facilitates in-
teraction between modalities by modeling inter-modal re-
lationships. The resulting unimodal and multimodal rep-
resentations are subsequently integrated and passed to a
downstream prediction module for tasks such as emotion
recognition.

This architecture highlights how intra-modal and in-
ter-modal attention mechanisms are jointly incorporated
within a unified processing pipeline.

3.3. Strengths and Limitations of Attention Mechanisms
This subsection addresses RQ2 (strengths, weak-
nesses, and failure conditions of attention mechanisms).

3.3.1. Strengths
Attention mechanisms contribute to multimodal
learning in several ways:

a) They enable selective focus on salient features, im-
proving representation efficiency [11], [15].

b) They support explicit modeling of cross-modal re-
lationships, which is essential for tasks requiring
alignment between modalities [25], [26].

c) They provide flexible integration across architec-
tures, including CNNs, RNNs, and transformers.

d) They allow adaptive weighting of modalities,
which can improve robustness when modality
quality varies.

Attention improves robustness particularly when:

a) modalities are complementary and temporally
aligned,

b) informative features are sparsely distributed,

c) and the model benefits from dynamic feature se-
lection across time or space.

3.3.2. Limitations and Failure Conditions
Attention mechanisms do not inherently guarantee
robustness and may fail under several conditions:
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Table 3. Classification of Attention Mechanisms in Multimodal Audio—Visual Systems and their Functional Trade-offs.
. . . Repre-
Attention Mechanism Functional e e, pre”
. . Strengths Limitations sentative
Type Description Role
References
Self-attention Computes dependen- Models intra- Captures long- Does not model cross- [6],[26], [28]
cies within a single mo- modal tem- range dependen- modal interactions;
dality using query— poral/spatial cies; flexible repre- may ignore comple-
key—value interactions  relationships  sentation learning  mentary cues
Cross-atten-  One modality attendsto Enables  di- Explicitly models Sensitive to modality [11], [15],
tion another via query—key— rected inter- cross-modal rela- misalignment and [25]
value mapping modal align- tionships; supports noise; computational
ment fine-grained align- cost increases with se-
ment quence length
Co-attention  Bidirectional or joint at- Learns mutual Captures bidirec- Increased model com- [26], [30]
tention across modali- interdepend- tional dependen- plexity; risk of overfit-
ties ence between cies; preserves mo- ting with limited data
modalities dality interactions
Hierarchical =~ Multi-level  attention Aggregates Captures  multi- Higher computational [15]
attention across temporal/spatial local and scale dependen- complexity; requires
scales global contex- cies; improves con- careful design
tual infor- textual representa-
mation tion
Resid- Adds corrective or re- Stabilizes at- Improves robust- May obscure interpret-
ual/Correc- sidual connections to at- tention learn- ness under noisy ability of attention [31]
tion attention tention outputs ing and re- orimbalanced mo- weights

weights unre-
liable features

dalities

a) Modality imbalance: When one modality domi-
nates, attention may suppress useful information
from weaker modalities.

b) Noise sensitivity: Attention can amplify noisy or
irrelevant features, especially in misaligned or
corrupted inputs.

¢) Missing data: Standard attention mechanisms do
not explicitly handle absent modalities and may
produce unreliable weights.

d) Non-complementary signals: When modalities
provide conflicting information, cross-attention
may degrade performance.
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e) Computational complexity: Dense attention over
long sequences increases computational cost.

f) Interpretability limitations: Attention weights do
not always correspond to human-interpretable
importance.

These limitations highlight that attention effective-
ness depends on data quality, modality balance, and align-
ment conditions, rather than the mechanism alone.

To provide a structured understanding of how atten-
tion mechanisms operate within multimodal audio—visual
systems, it is useful to organize them according to their
functional role in the processing pipeline. Rather than
grouping mechanisms solely by architectural design, this
survey adopts a functional taxonomy that distinguishes at-
tention mechanisms based on where and how they are ap-
plied, including intra-modal feature modeling, inter-
modal fusion, temporal dependency modeling, and evalu-
ation-oriented analysis. This perspective facilitates clearer
interpretation of their operational behavior and supports
the systematic analysis of their strengths and limitations in
relation to different data conditions.

As illustrated in Figure 6, attention mechanisms can
be broadly categorized into four functional groups. Mo-
dality-specific attention focuses on salient features within
individual modalities, while fusion-level attention gov-
erns information exchange across modalities. Temporal at-
tention captures sequential dependencies in audio-visual
signals, and evaluation-oriented attention supports inter-
pretability and robustness analysis. This functional cate-
gorization provides a foundation for comparing different
attention mechanisms and understanding their behavior
under varying conditions.

3.4. Fusion Strategies and Their Relation to Attention
Fusion strategies define how modalities interact
within AV systems, and attention mechanisms can be in-
tegrated at different stages of fusion.
a) Early fusion: Combines modality features before
deep processing. Attention may be applied after

concatenation to refine joint representations.
While it enables dense interactions, it is sensitive
to noise and alignment issues [32].

b) Late fusion: Combines modality-specific predic-
tions. Attention can be used to weight modality
outputs, improving robustness to missing or un-
reliable inputs, but inter-modal interactions re-
main limited [33].

¢) Hybrid/intermediate fusion: Introduces interac-
tion at multiple levels using attention modules
such as cross-attention or co-attention. This ap-
proach balances independent processing with in-
ter-modal alignment and is widely used in mod-
ern AV systems [6], [15].

Attention therefore functions as a core mechanism for
adaptive fusion, operating either before, during, or after
modality interaction.

To clarify the operational differences between fusion
strategies and their relationship to attention mechanisms,
Table 4 summarizes when each fusion approach is most
appropriate, along with their strengths and limitations.

3.5. Deep Learning Architectures for Attention-Based AV
Fusion

Attention mechanisms are embedded within various
deep learning architectures:

a) CNN-RNN architectures: CNNs extract spatial or
spectral features, while RNNs or BiLSTMs model
temporal dependencies. Attention is applied to
emphasize relevant time steps or regions [11], [25].

b) Transformer-based architectures: Transformers
rely on self-attention and cross-attention to model
long-range dependencies and inter-modal interac-
tions [34]. These models support parallel pro-
cessing and flexible fusion strategies [24], [26].

c¢) Hybrid architectures: Combinations such as
CNN-Transformer or CNN-BiLSTM integrate
spatial, temporal, and attention-based fusion
mechanisms within a unified framework [35].
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Table 4. Comparison of Multimodal Fusion Strategies in Audio—Visual Systems.
Fusion L . e e . Representative
Description When Effective  Strengths Limitations P
Strategy References
Early Combines  modality When modalities Enables direct fea- Sensitive to misa- [6], [24]
fusion features at input or are well-aligned ture interaction; lignment and
shallow layers and noise levels simple integration noise; increased
are low feature = dimen-
sionality
Late fusion Combines predictions When modalities Robust to miss- Limited model- [15], [36]
from modality-specific differ in reliabil- ing/noisy modali- ing of cross-
models ity or may be ties; modular de- modal dependen-
missing sign cies
Hybrid/in- Integrates modalitiesat When both inter- Balancesindepend- Increased archi- [11], [26]
termediate ~ multiple network modalinteraction ent processing and tectural complex-
fusion stages using attention and robustness interaction; flexible ity; higher com-

or fusion modules

are required

design

putational cost
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Table 5. Mapping of Deep Learning Architectures to Modalities and Attention Mechanisms in Audio-Visual Systems.
. Input Mo- Attention . e Representative
Architecture p‘ . Functional Role Limitations P v
dalities Usage References
CNN-based  Images, spec- Spatial/channel Extract spatial and Limited temporal [11], [24]
models trograms attention spectral features modeling capability
RNN/LSTM  Audio, se- Temporal at- Model sequential de- Difficulty with long- [25]
quential data tention pendencies range dependencies
BiLSTM Audio, video Bidirectional Captures past and fu- Higher computational [11], [30]
sequences temporal atten- ture context cost than standard
tion RNNs
Transformer  Audio, video, Self- and cross- Models long-range de- Computationally in- [6], [26]
multimodal  attention pendencies and inter- tensive for long se-
tokens modal interactions quences

d) Emerging architectures: Recent approaches incor-
porate attention into alternative paradigms such
as spiking-transformer hybrids for multimodal
representation learning.

The choice of architecture determines how attention
is applied, influencing both model capability (RQ1) and
robustness characteristics (RQ2).

To relate attention mechanisms to their architectural
implementations (RQ1) and highlight how design choices
influence robustness and performance (RQ2), Table 5
maps common deep learning architectures to their input
modalities and attention usage. Similarly, Figure 7 illus-
trates the visualization and classification of fusion meth-
odologies applied in audio—visual systems.

Figure 8 illustrates representative deep learning pipe-
lines used in attention-based audio—visual fusion systems.
The architecture highlights the progression from modal-
ity-specific feature extraction through temporal modeling
and attention-based interaction to multimodal fusion and
downstream prediction tasks.

3.6. Link to Research Questions

This section establishes the conceptual foundation re-
quired to address the research questions guiding this sur-
vey. With respect to RQ1 (identification and classifica-
tion of attention mechanisms), Section 3.2 provides for-
mal definitions and categorization of key attention types,
including self-attention, cross-attention, co-attention, hier-
archical attention, and residual/correction attention. These
mechanisms are further contextualized within multimodal
audio-visual architectures in Section 3.5, enabling a struc-
tured understanding of how they are implemented in
practice.

Regarding RQ2 (strengths, weaknesses, and failure
conditions), Section 3.3 presents a systematic analysis of
the operational characteristics of attention mechanisms,
explicitly distinguishing conditions under which attention
improves robustness (e.g., selective feature emphasis and
adaptive fusion) and conditions under which it may de-
grade performance (e.g., modality imbalance, noise sensi-
tivity, and missing data).
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Together, these components provide the theoretical
and structural basis for the comparative evaluation and
synthesis presented in subsequent sections.

4. Critical Synthesis & Research Gaps

The literature on multimodal audio-visual deep
learning shows a clear shift toward hybrid fusion strate-
gies and transformer-based architectures augmented with
attention mechanisms. These approaches are widely
adopted because they enable more flexible modeling of
temporal dependencies and cross-modal interactions com-
pared with traditional fusion strategies [11], [37], [38]. In
particular, cross-modal and hierarchical attention mecha-
nisms have demonstrated effectiveness in capturing com-
plex relationships between modalities, especially in tasks
requiring temporal alighment and semantic consistency
[15], [38], [39].

Despite these advances, several methodological and
practical limitations remain unresolved. The effectiveness
of attention-based fusion depends on data quality, modal-
ity alignment, and model design. In well-aligned and data-
rich environments, attention mechanisms can improve
feature integration and representation learning. In con-
trast, their performance may degrade under modality im-
balance, noisy inputs, or missing data, where attention
weights may become unstable or biased.

Interpretability remains a central limitation. Alt-
hough attention weights are often used to visualize model
focus, they do not consistently provide reliable explana-
tions of model decisions. Existing approaches, including
attention visualization and correction-based attention
modules, offer partial insights but lack standardized vali-
dation frameworks, particularly under noisy or adversar-
ial conditions [28], [31], [40], [41].

Robustness is also inconsistently reported. While
some studies demonstrate improved resilience through
adaptive attention and hybrid designs, others highlight
sensitivity to modality dominance and dataset bias [42],
[43]. These findings indicate that attention mechanisms do
not inherently guarantee robustness but require careful ar-
chitectural and training considerations.

Evaluation practices further limit comparability
across studies. Most works rely on accuracy and Fl-score,
with limited use of modality-aware or interpretability-ori-
ented metrics. As a result, cross-study comparisons of ro-
bustness, generalization, and modality contribution re-
main difficult [11], [38]. In addition, the computational
cost of transformer-based architectures remains a practical
constraint. While attention enables parallel computation,
the overall computational complexity —particularly for
long sequences—can limit scalability and real-world de-
ployment [44], [45].

These observations highlight several key research
gaps:

1) Limited interpretability and lack of validated ex-
planation frameworks for attention mechanisms
2) Inconsistent robustness under modality imbal-
ance, noise, and missing data
3) Absence of standardized evaluation protocols in-
corporating modality-aware metrics
4) Limited stress-testing under real-world and ad-
verse conditions
5) High computational cost affecting scalability and
deployment
Addressing these gaps is essential for advancing mul-
timodal audio—visual systems toward more reliable, inter-
pretable, and practically deployable solutions.

5. Evaluation Metrics and Benchmarks

The evaluation of multimodal attention mechanisms
requires metrics that extend beyond predictive perfor-
mance to capture how models allocate and adapt attention
across modalities. While accuracy and F1-score remain the
most commonly reported metrics—particularly on bench-
mark datasets such as RAVDESS, CREMA-D, and AVE—
they provide only a partial assessment of multimodal be-
havior [46], [47], they provide only a partial view of model
behavior in multimodal settings.

Recent studies have introduced modality-aware eval-
uation approaches that provide additional insight into
model behavior. Modality contribution scores quantify the
relative influence of each modality within fusion processes
and are useful for identifying modality dominance or im-
balance [11]. Similarly, saliency drift metrics measure how
attention distributions change over time or under pertur-
bations, offering a way to assess stability and consistency
in multimodal representations [38].

Another important direction involves cross-modal
consistency evaluation, which examines whether models
maintain stable predictions when one modality is de-
graded, noisy, or absent. This is particularly relevant for
real-world applications, where multimodal inputs are of-
ten imperfect [42].

Despite these developments, most existing studies
still rely predominantly on traditional performance met-
rics, with limited adoption of modality-aware or interpret-
ability-focused evaluation methods. This lack of compre-
hensive evaluation frameworks makes it difficult to assess
robustness, generalization, and modality interaction in a
consistent manner across studies [40], [46], [47].

Table 6 summarizes commonly used datasets and
evaluation metrics in multimodal audio-visual research,
highlighting the limited adoption of modality-aware and
saliency-based evaluation approaches. As shown in Table
6, most studies rely on accuracy-based metrics, while only
a small number incorporate modality contribution or in-
terpretability-oriented measures, reinforcing the need for
more comprehensive evaluation frameworks.
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Table 6. Datasets, Metrics, and Modality/Saliency Awareness.

Paper (Year) & Ref Datasets Used Metrics Reported Modality/Saliency Metrics
[11] RAVDESS, CREMA-D Accuracy No
[48] RAVDESS, SAVEE Accuracy No
[49] CMU-MOSEI F1, MAE No
[50] 5 AV datasets Accuracy, Energy No
[51] AVEB (custom) Accuracy No

AVE, UCF51, Kinetics-
[36], [52] Sounds Accuracy No
[36], [53] PISA Accuracy No
[53], [54] IEMOCAP, AFEW Accuracy No

MM-SHAP li -

[55] 6 VL tasks trilg/[)s (modality con-y ¢ (MM-SHAP)
[56] MOSEI, SNLI SHAPE (modality contrib.)  Yes (SHAPE)

5.1. llustrative Case Studies on Attention-Aware Evalua-
tion Metrics

Recent studies demonstrate that attention-aware
evaluation can provide insights into multimodal fusion
that are not captured by aggregate performance metrics.
These approaches highlight how attention is distributed
across modalities and how it adapts under different con-
ditions.

Li et al. [57] present an emotion recognition frame-
work combining facial expressions and EEG signals. While
multimodal fusion improves classification performance,
additional analysis using Grad-CAM reveals spatial atten-
tion patterns over EEG regions associated with affective
processing. This provides an interpretable indication of
modality contribution beyond accuracy metrics.

Seijdel et al. [58] investigate attention-modulated au-
dio-visual integration using neural measurements. Their
findings show that when speech quality degrades, visual
information is increasingly emphasized, reflecting adap-
tive modality reweighting. These dynamics illustrate how
attention shifts in response to modality reliability.

Vibell et al [35] examine attentional cueing effects on
audio-visual perception. Their results indicate that atten-
tion allocation across modalities changes depending on
task conditions, providing behavioral evidence of modal-
ity contribution dynamics.

Across these studies, attention-aware evaluation
methods reveal modality dominance, adaptive re-
weighting, and temporal variability that are not observa-
ble through standard performance metrics. This supports
the need for evaluation frameworks that incorporate mo-
dality contribution and attention dynamics alongside ac-
curacy-based measures.

5.2. Guidelines for Practitioners

The selection of attention mechanisms in multimodal
systems should be guided by task requirements and data
characteristics. Self-attention is appropriate for modeling
intra-modal dependencies, particularly in sequential data,

while cross-modal and co-attention mechanisms are suita-
ble for tasks requiring explicit interaction between modal-
ities. Hierarchical attention can be useful in scenarios in-
volving multi-scale temporal or spatial structures.

In practice, attention mechanisms should be designed
with consideration for robustness and interpretability.
Models should be evaluated under conditions of noise,
modality imbalance, and missing data to ensure reliable
performance. Incorporating modality-aware evaluation
metrics can further support the analysis of model behavior
and improve system transparency [15], [59], [60], [61], [62].

6. Conclusion

This study reviewed attention mechanisms in multi-
modal audio-visual deep learning, focusing on their roles
in fusion architectures, performance characteristics, and
evaluation practices. The analysis shows that self-atten-
tion, cross-modal attention, co-attention, and hierarchical
attention are widely used in modern systems to support
context-aware integration of audio and visual infor-
mation.

Collectively, these findings address the research
questions by identifying dominant attention mechanisms,
examining their integration within fusion architectures,
evaluating current assessment practices, and synthesizing
key limitations and future research directions.

Transformer-based and hybrid architectures have be-
come prominent due to their ability to model complex de-
pendencies and enable flexible fusion strategies [7], [63].
However, their effectiveness depends on factors such as
data quality, modality alignment, and computational re-
sources.

Several challenges remain. These include limited in-
terpretability of attention mechanisms, sensitivity to mo-
dality imbalance and noise, and the high computational
cost of attention-based architectures [40], [64], [65]. In ad-
dition, evaluation practices are not yet standardized,
which complicates the comparison of different ap-
proaches.
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Overall, this review provides a structured synthesis
of attention mechanisms in audio—visual fusion, highlight-
ing their capabilities and limitations. By emphasizing the
need for improved evaluation, robustness, and interpreta-
bility, it outlines key considerations for advancing multi-
modal Al systems in practical applications.

7. Recommendations for Future Research

Future work should focus on developing standard-
ized evaluation frameworks that incorporate modality
contribution, attention stability, and interpretability. Met-
rics such as modality contribution scores and saliency-

based analyses can provide more detailed insights into at-
tention behavior [11], [27], [31], [43].

Further research is also needed to improve robust-
ness under real-world conditions, including noisy inputs,
missing modalities, and dataset variability [15], [42], [43].
In addition, exploring computationally efficient attention
mechanisms and lightweight architectures may help ad-
dress scalability challenges.

Expanding dataset diversity and incorporating more
realistic evaluation scenarios will also be important for im-
proving generalizability. These directions are essential for
ensuring that advances in multimodal attention mecha-
nisms translate into reliable and practical systems.
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