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Abstract:
Speech enhancement in noisy communication environments remains a formidable challenge,

particularly when relying solely on acoustic signals corrupted by severe background
interference. Recent advancements have demonstrated that incorporating visual cues, such as
lip movements and facial expressions, can significantly improve speech intelligibility and
quality. However, effectively fusing these multimodal streams while simultaneously capturing
fine-grained phonetic details and long-range semantic dependencies remains an unresolved
problem. This paper proposes a novel framework utilizing a dynamic local-global attention
mechanism for audio-visual speech enhancement. The proposed architecture distinctively
processes local temporal dynamics, crucial for aligning short-term phonetic and visemic
features, while simultaneously modeling global sequence dependencies to maintain context and
speaker characteristics across the entire utterance. A dynamic gating mechanism is introduced
to adaptively weight the contributions of local and global attention representations based on the
estimated instantaneous signal-to-noise ratio and the reliability of the visual stream.
Comprehensive evaluations are conducted across multiple challenging acoustic environments,
demonstrating that the proposed method substantially outperforms existing single-modality and
multimodal baselines in terms of objective metrics such as perceptual evaluation of speech
quality and short-time objective intelligibility. The findings underscore the critical role of multi-
scale temporal modeling and adaptive multimodal fusion in advancing the robustness of
communication systems in real-world scenarios.
Keywords: Audio-Visual Fusion, Speech Enhancement, Attention Mechanism, Multimodal
Processing, Robust Communication
INTRODUCTION

1.1 Background and Motivation

Human speech communication is inherently a multimodal process. In ideal quiet conditions,
individuals rely predominantly on auditory information to comprehend spoken language.
However, in complex and noisy environments, often referred to as the cocktail party scenario, the
auditory signal becomes heavily degraded by competing speakers, environmental reverberation,
and non-stationary background noise. Under such adverse conditions, humans naturally shift their
cognitive focus to incorporate visual cues, primarily the lip movements, facial expressions, and
jaw dynamics of the speaker [1]. This visual information is completely immune to acoustic
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interference and provides highly complementary temporal and phonetic constraints that help the
human brain segregate the target speech from the surrounding acoustic clutter [2]. Inspired by this
remarkable human capability, the field of audio-visual speech enhancement has emerged as a
critical area of research within modern telecommunications, hearing aid design, and human-
computer interaction [3]. The fundamental objective of this domain is to develop computational
models that can mimic the human brain by leveraging both acoustic and visual modalities to
reconstruct clean, intelligible speech from a corrupted noisy mixture. The motivation for
developing advanced audio-visual speech enhancement systems stems from the inherent
limitations of audio-only approaches. Traditional single-channel speech enhancement algorithms,
ranging from statistical signal processing methods to early deep neural networks, fundamentally
rely on identifying statistical differences between the speech signal and the background noise [4].
While these methods perform adequately in stationary noise environments with relatively high
signal-to-noise ratios, their performance deteriorates precipitously in highly non-stationary noise
or when the interfering noise shares similar spectral characteristics with the target speech, such as
in the presence of babble noise or competing talkers [5]. In these overlapping spectral regions, it
becomes mathematically impossible for an audio-only system to unambiguously determine
whether a specific time-frequency bin belongs to the target speaker or the background interference.
By introducing a visual stream of the target speaker, we provide a deterministic, uncorrupted
reference signal that is strongly correlated with the speech production mechanism. This visual
reference serves as a powerful prior that can guide the acoustic enhancement process, anchoring
the deep learning models to the temporal evolution of the target speaker's articulation and
effectively disambiguating overlapping speech mixtures.

1.2 Challenges in Audio-Visual Speech Enhancement

Despite the clear theoretical advantages of incorporating visual information, designing highly
effective audio-visual speech enhancement systems presents several profound technical
challenges. The primary difficulty lies in the intrinsic differences between the audio and visual
modalities. Audio signals are high-frequency, one-dimensional time series that contain fine-
grained phase and magnitude information, whereas visual signals are typically low-frequency,
three-dimensional spatial-temporal sequences of image frames [6]. Bridging this semantic and
dimensional gap requires sophisticated feature extraction mechanisms capable of aligning the rapid
variations in the acoustic waveform with the relatively slow morphological changes in the visual
frames. Furthermore, the correlation between audio phonemes and visual visemes is complex and
many-to-one; multiple distinct acoustic sounds can produce visually identical lip shapes, a
phenomenon known as homophenity [7]. Consequently, the visual signal alone is insufficient to
reconstruct the audio; it must be utilized cooperatively with the residual information present in the
noisy acoustic signal. Another significant challenge is the design of the cross-modal fusion
mechanism. Early attempts at audio-visual fusion generally relied on simple concatenation or basic
fully connected layers to combine the extracted acoustic and visual feature vectors [8]. However,
these rudimentary approaches treat all temporal segments and modalities with equal importance,
failing to account for the dynamic nature of real-world communication. In reality, the reliability
and utility of the acoustic and visual streams fluctuate constantly over time. For instance, during
periods of extreme acoustic noise, the system must rely heavily on visual cues [9]. Conversely, if
the speaker turns their head or their mouth is temporarily occluded, the visual stream becomes
unreliable, and the system must dynamically shift its reliance back to the acoustic stream [10].
Moreover, effective speech enhancement requires the modeling of context at multiple temporal
scales. Local context is necessary to resolve immediate phoneme-viseme alignments, while global
context is required to maintain semantic coherence, prosody, and speaker identity across the entire
spoken utterance [11]. Existing architectures often struggle to balance these multi-scale
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requirements, leading to either overly smoothed speech that lacks phonetic sharpness or disjointed
speech that lacks natural fluency.

1.3 Contributions and Outline

To address the aforementioned limitations, this paper proposes a novel framework centered on a
dynamic local-global attention mechanism for audio-visual speech enhancement. The proposed
model is designed to optimize the integration of acoustic and visual modalities by dynamically
assessing their instantaneous reliability while simultaneously processing the temporal context at
both micro and macro scales. By explicitly partitioning the attention mechanism into specialized
local and global pathways, the network can dedicate representational capacity to capturing
transient articulatory events without sacrificing the long-range dependencies necessary for natural-
sounding speech reconstruction. The primary contributions of this research are manifold. First, we
introduce an advanced audio-visual feature extraction pipeline that effectively harmonizes the
disparate sampling rates and temporal resolutions of the two modalities, establishing a robust
foundational representation for subsequent fusion. Second, we design a dual-pathway attention
architecture comprising a local windowed attention module and a global sequence-level attention
module [12]. The local module restricts its receptive field to short temporal neighborhoods,
ensuring highly precise alignment of visemic and phonetic boundaries. In parallel, the global
module computes relationships across the entire sequence length, capturing broader contextual
cues that inform the overall prosody and background noise profile. Third, we develop a dynamic
gating mechanism that adaptively fuses the outputs of the local and global attention modules [13].
This gate operates by continuously evaluating the estimated local signal-to-noise ratio and the
visual feature integrity, allowing the network to seamlessly transition between local phonetic
reconstruction and global context enforcement. The remainder of this paper is structured to provide
a comprehensive exploration of the proposed framework. Section 2 presents a thorough review of
the related literature, tracing the evolution from conventional single-modality enhancement to
modern attention-based multimodal approaches. Section 3 details the methodology and system
architecture, providing an in-depth explanation of the proposed dynamic local-global attention
mechanism. Section 4 describes the rigorous experimental setup, including the datasets, evaluation
metrics, and comparative analysis against state-of-the-art baselines, alongside detailed ablation
studies. Finally, Section 5 concludes the paper by summarizing the key findings and discussing
potential avenues for future research in this domain.

2. Literature Review

2.1 Single-Modality Speech Enhancement

The pursuit of improving speech quality and intelligibility in the presence of background noise has
arich history that spans several decades. Early research predominantly focused on single-modality
audio processing techniques, which relied heavily on statistical models and signal processing
theory. Foundational methods such as spectral subtraction operate on the principle of estimating
the average noise spectrum during non-speech pauses and subtracting it from the noisy speech
spectrum [14]. While computationally efficient, spectral subtraction often introduces unnatural
distortions known as musical noise due to the inaccuracies in estimating non-stationary
background interference. To mitigate these artifacts, researchers developed more sophisticated
statistical approaches, such as Wiener filtering and minimum mean square error estimators [15].
These methods attempt to estimate the clean speech signal by applying a time-varying filter
derived from the statistical distributions of the speech and noise. Although they represented a
significant leap forward in reducing musical noise, their performance remained fundamentally
bounded by the accuracy of the underlying statistical assumptions, which frequently break down
in highly dynamic, real-world acoustic environments.
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The advent of deep learning revolutionized single-modality speech enhancement. Early deep
neural network approaches treated speech enhancement as a regression problem, mapping noisy
acoustic features directly to clean acoustic features [16]. Feedforward neural networks
demonstrated a superior ability to model the complex, non-linear relationships between noisy and
clean speech compared to traditional statistical methods. As computational power increased,
researchers adopted more advanced architectures capable of modeling sequential data. Recurrent
neural networks, particularly those utilizing long short-term memory cells, became the standard
for speech enhancement due to their capacity to capture temporal dependencies across successive
audio frames [17]. These temporal models proved highly effective in maintaining the continuity
of speech and tracking non-stationary noise profiles over time. Further advancements introduced
convolutional neural networks, which treat the time-frequency representation of audio as an image,
leveraging spatial convolutions to extract robust local acoustic patterns [18]. Despite these
immense strides, deep learning-based single-modality systems still encounter insurmountable
theoretical limits when the target speech and background noise are highly correlated or share
identical spectral characteristics, highlighting the necessity for external, non-acoustic information.
2.2 Multimodal Speech Enhancement Approaches

Recognizing the limitations of relying solely on corrupted audio, the research community shifted
its focus towards multimodal speech enhancement, integrating visual cues to provide an
uncontaminated reference signal. The foundational concept posits that the visual modality,
specifically the movement of the lips, jaw, and lower face, contains robust temporal information
about the speech production process that is entirely orthogonal to acoustic noise [19]. Early audio-
visual enhancement systems utilized handcrafted visual features, such as geometric measurements
of the mouth opening and active appearance models, which were subsequently combined with
acoustic features using traditional statistical classifiers [20]. While these pioneering systems
demonstrated the potential of audio-visual fusion, their performance was heavily constrained by
the fragility of the handcrafted feature extraction pipelines, which struggled with variations in
lighting, pose, and speaker identity. The integration of deep learning into audio-visual processing
catalyzed a paradigm shift, enabling the end-to-end learning of visual features directly from raw
pixel data. Modern audio-visual systems typically employ deep three-dimensional convolutional
neural networks to extract spatial-temporal embeddings from consecutive video frames [21]. These
embeddings encapsulate the dynamic evolution of the speaker's articulation. The core challenge in
these deep learning frameworks is the strategy employed to fuse the modalities. Early fusion
techniques concatenate the visual and acoustic features at the input level, allowing the network to
learn joint representations from the ground up [22]. However, early fusion can overwhelm the
network, as the modalities operate at vastly different sampling rates and dimensionalities.
Conversely, late fusion processes each modality through independent specialized networks before
combining their high-level predictions at the final stages [23]. While simpler to optimize, late
fusion prevents the network from exploiting complex, low-level correlations between the acoustic
and visual streams. To strike a balance, intermediate fusion approaches have been proposed,
gradually merging the modalities across multiple hierarchical layers, enabling the progressive
integration of multimodal information from fine-grained phonetic features to high-level semantic
representations [24].

2.3 Attention Mechanisms in Audio-Visual Tasks

The introduction of attention mechanisms, originally popularized in the domain of natural
language processing, has profoundly influenced the architecture of audio-visual speech
enhancement systems. Attention mechanisms provide a mathematical framework for a neural
network to dynamically weight the importance of different input features, allowing the model to
focus its computational resources on the most relevant information [25]. In the context of single-
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modality speech processing, self-attention and the Transformer architecture have demonstrated an
exceptional ability to model long-range temporal dependencies without the sequential processing
bottlenecks inherent to recurrent neural networks [26]. By calculating the pairwise similarities
between all time steps in an utterance, self-attention allows the model to leverage context from the
beginning of a sentence to enhance phonemes at the end, leading to significant improvements in
overall speech quality. In multimodal applications, attention mechanisms have been adapted to
facilitate cross-modal interactions. Cross-attention modules enable the acoustic stream to query
the visual stream, selectively attending to visual frames that are most relevant to the current
acoustic time step [27]. This is particularly crucial for resolving ambiguous acoustic signals, as the
network can actively search the visual representation for disambiguating articulatory cues.
Furthermore, temporal attention has been employed to handle asynchronous streams, implicitly
learning to align the acoustic and visual features even when they are subject to variable
transmission delays or sampling irregularities [28]. Despite the success of attention mechanisms,
current implementations in audio-visual speech enhancement often employ monolithic attention
structures that attempt to capture both local phonetic alignments and global sentence-level context
simultaneously [29]. This monolithic approach can lead to suboptimal performance. When the
attention window is too large, the model may dilute the fine-grained local alignments necessary
for crisp speech reconstruction. Conversely, when the window is too small, the model loses the
global context required for natural prosody and robust noise estimation [30]. Therefore, there exists
a critical gap in the literature for an architecture that explicitly disentangles local and global
attention, processing them through parallel, specialized pathways before dynamically recombining
them based on the instantaneous characteristics of the input signals. This paper directly addresses
this gap by proposing a dynamic local-global attention framework designed to optimize both fine-
grained alignment and long-range contextual modeling.

3. Methodology and System Architecture

3.1 Audio-Visual Feature Extraction Module

The proposed system architecture is designed to process dual continuous streams of data: a
corrupted acoustic waveform and a synchronous video sequence of the target speaker's face. The
primary objective of the initial stage is to project these raw, heterogeneous signals into a shared,
high-dimensional latent space where their temporal and semantic correlations can be effectively
modeled. For the acoustic stream, the raw time-domain waveform is first transformed into a time-
frequency representation. This is achieved by dividing the continuous signal into overlapping short
temporal frames and applying a transformation that reveals the frequency content of each frame.
This process yields a complex-valued matrix containing both magnitude and phase information.
Recognizing that traditional enhancement methods often discard phase information due to the
difficulty of modeling it, our approach retains both components by stacking the real and imaginary
parts into a unified multi-channel acoustic tensor [31]. This multi-channel input is then processed
by a series of two-dimensional convolutional layers. These layers are meticulously designed with
varying receptive fields to capture hierarchical acoustic patterns, ranging from localized spectral
peaks and harmonics to broader spectro-temporal modulations characteristics of different phoneme
classes [37]. The output is a sequence of dense acoustic embeddings, representing the

instantaneous acoustic state at each time step.
Table 1Comparison of feature extraction techniques applied to multimodal speech streams

Modality Extraction Temporal Output Primary Focus
Technique Resolution Dimensionality
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Audio 2D  ConvolutionsHigh 512 dimensions per|Spectral envelope
on Complex|(Milliseconds) frame and harmonic
Spectrogram structures

Visual 3D Spatial-Low (Video Frame|512 dimensions perlLip  morphology|
Temporal Rate) frame and jaw dynamics
Convolutions

Fused Cross-Modal Synchronized 1024  dimensionsJoint phonetic-
Bottleneck per frame visemic
Network representations

The visual stream processing pipeline requires a different architectural approach due to its spatial-
temporal nature. The input consists of a sequence of cropped facial images centered around the
speaker's mouth region. To extract meaningful dynamic features, we employ a three-dimensional
convolutional neural network. The 3D convolutions operate simultaneously across the spatial
dimensions (width and height of the image) and the temporal dimension (successive video frames)
[32]. This allows the network to capture not only the static shape of the lips at a given instant but
also the trajectory and velocity of their movement over time, which are critical for distinguishing
between different visemes. Following the initial 3D convolutional layers, the spatial dimensions
are gradually pooled and flattened, passing through a powerful residual network backbone that
distills the spatial-temporal information into a sequence of one-dimensional visual embeddings.
Because the video frame rate is typically much lower than the acoustic frame rate, a specialized
temporal interpolation module is utilized to upsample the visual embeddings, ensuring perfect
temporal synchronization with the dense acoustic embeddings before they are passed to the
attention modules.

3.2 Dynamic Local Attention Mechanism

The core innovation of the proposed architecture lies in the bifurcation of the attention process into
specialized local and global pathways. The dynamic local attention mechanism is specifically
engineered to model the fine-grained, immediate relationships between the acoustic and visual
streams. Speech is characterized by rapid sequences of phonetic transitions, many of which unfold
over durations of just tens of milliseconds [33]. To accurately reconstruct these transient events,
the network must precisely align the local acoustic context with the corresponding local visual
context. The local attention module achieves this by imposing a strict sliding window constraint
on the attention calculation. Instead of allowing each acoustic time step to interact with every
single visual frame in the entire utterance, the attention matrix is masked such that interaction is
only permitted within a narrow temporal neighborhood surrounding the current time step. This
localized receptive field forces the network to concentrate its representational power on resolving
immediate phonetic-visemic correlations. Conceptually, the multi-head cross-attention mechanism
within this local pathway uses the acoustic embeddings as queries and the synchronous visual
embeddings as keys and values. By restricting the query-key interactions to a localized window,
the module produces a highly focused context vector. This vector effectively represents the specific
visual articulatory information that is most pertinent to clarifying the acoustic signal at that exact
moment. This detailed local alignment is crucial for resolving difficult phonetic ambiguities, such
as distinguishing between bilabial consonants that are heavily masked by burst noise in the
acoustic domain.
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Figure 1Comprehensive System Architecture Diagram of the Dynamic Local

3.3 Global Cross-Modal Attention Mechanism

While local attention is indispensable for phonetic accuracy, it is inherently myopic. It lacks the
broader context necessary to understand the overall structure of the sentence, the identity of the
speaker, and the stationary characteristics of the background noise environment. To complement
the local pathway, we introduce a parallel global cross-modal attention mechanism. This module
is designed to capture long-range dependencies that span the entire length of the input sequence
[34]. The global attention module operates without temporal restrictions. It computes a
comprehensive attention matrix where every acoustic time step serves as a query against the keys
and values derived from every visual frame in the utterance. This unrestricted interaction space
allows the network to aggregate information across vast temporal distances. For example, if a
particular segment of the acoustic signal is entirely obliterated by a loud transient noise, and the
corresponding visual frames are momentarily obscured by the speaker turning their head, the local
attention module would fail to reconstruct the signal. However, the global attention module can
leverage contextual clues from earlier or later parts of the sentence. It can identify the speaker's
typical cadence, phonetic habits, and the semantic trajectory of the phrase to infer the missing
information. Furthermore, by observing the visual stream over a long duration, the global module
can construct a robust representation of the speaker's identity, which acts as a powerful anchor to
prevent the enhanced acoustic output from drifting towards the characteristics of interfering
background talkers.

3.4 Fusion and Reconstruction Strategies

The existence of parallel local and global representations necessitates an intelligent strategy for
their integration. A static fusion approach, such as simple addition or concatenation, would be
suboptimal, as the relative importance of local versus global information changes continuously
throughout an utterance. To address this, we propose a dynamic gating mechanism that adaptively
modulates the contribution of each pathway based on the instantaneous characteristics of the multi-
modal input. The dynamic gate takes as input the intermediate acoustic and visual embeddings and
passes them through a lightweight convolutional network to generate a time-varying gating signal.
This signal, normalized to range between zero and one, represents the network's confidence in the
necessity of local versus global context at each time step. When the gating signal approaches one,
it indicates a high reliance on the local attention output; when it approaches zero, it favors the
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global attention output [35]. The gating mechanism implicitly learns to assess factors such as the
instantaneous signal-to-noise ratio and the clarity of the visual features. For instance, during
periods of rapid articulation with moderate noise, the gate heavily weights the local attention to
ensure crisp phonetic boundaries. Conversely, during sustained periods of severe masking or when
the visual stream is momentarily degraded, the gate shifts priority to the global attention module
to maintain continuity and leverage long-range context. Following the dynamic fusion of the local
and global attention representations, the resulting context-enriched multi-modal tensor is passed
to the reconstruction module. The reconstruction module consists of a series of transposed
convolutional layers that systematically upsample the deep feature representations back to the
original time-frequency dimensions. The final output of the network is a complex-valued mask.
This estimated mask is element-wise multiplied with the original noisy complex acoustic
representation to filter out the interference. Finally, an inverse transformation is applied to the
masked representation to synthesize the final enhanced, clean audio waveform in the time domain,
completing the end-to-end enhancement process.

4. Experimental Setup and Evaluation

4.1 Datasets and Preprocessing

The empirical validation of the proposed dynamic local-global attention framework requires
extensive testing on large-scale, high-quality audio-visual datasets. To ensure robustness and
generalizability, the model is trained and evaluated using a combination of widely recognized
benchmark corpora. The primary dataset utilized is the Lip Reading Sentences 2 and Lip Reading
Sentences 3 collections, which contain thousands of spoken sentences extracted from British
television broadcasts [36]. These datasets provide a highly realistic and diverse set of speakers,
head poses, and natural lighting conditions, making them ideal for training resilient visual feature
extractors. To simulate challenging real-world communication scenarios, the originally clean
acoustic signals from these datasets are artificially corrupted using a wide variety of noise profiles.
We utilize the diverse noise databases, selecting non-stationary noises such as cafeteria babble,
street traffic, factory machinery, and highly correlated interfering speech. The noise is mixed with
the clean speech at multiple signal-to-noise ratio levels, specifically ranging from a severe -10
decibels to a relatively mild 10 decibels, to comprehensively assess the system's performance

across different degrees of acoustic degradation.
Table 2Summary of datasets utilized for training, validation, and testing phases.

Dataset Name Primary Content |[Number ofTotal DurationUsage Phase
Utterances (Hours)

LRS2 Main BBC  Television45,839 29.5 Training
Broadcasts

LRS3 Pretrain TED and TEDx|118,516 408 Pre-training
Talks

Noise Corpus 1 [Environmental N/A 15.2 Training
(Street, Factory) Augmentation

VoxCeleb Test Unconstrained 4,874 9.8 Unseen Testing
'Web Videos

The preprocessing pipeline is meticulously standardized across all datasets. The acoustic
waveforms are resampled to a uniform rate of 16 kilohertz to balance computational efficiency
with the preservation of essential speech frequencies. The temporal-frequency transformation is
applied using a specific window size and hop length to generate the complex matrices. For the
visual stream, the facial region is detected and precisely cropped using a landmark tracking
algorithm. The cropped mouth regions are resized to a uniform dimension of 96 by 96 pixels and
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converted to grayscale to reduce unnecessary computational burden, as color information provides
negligible benefits for lip reading and visual speech enhancement tasks.

4.2 Evaluation Metrics and Baseline Models

Evaluating the quality of enhanced speech is a multifaceted challenge that requires a combination
of objective metrics to capture different perceptual dimensions. To ensure a comprehensive
assessment, we employ three standardized evaluation metrics. The first is the Perceptual
Evaluation of Speech Quality, a highly complex metric designed to model human auditory
perception. It provides a score ranging from -0.5 to 4.5, where higher scores indicate superior
overall speech quality and fewer audible distortions. The second metric is the Short-Time
Objective Intelligibility, which measures the correlation between the temporal envelopes of the
clean and enhanced speech. It yields a score between 0 and 1, specifically reflecting the
intelligibility of the speech, which is crucial for communication systems. Finally, we compute the
Signal-to-Distortion Ratio, expressed in decibels, to quantify the raw energy difference between

the target speech and the residual noise and artifacts introduced by the enhancement process.
Table 3Comparison of objective evaluation metrics across different models at -5 dB SNR (Babble Noise).

Model Modality PESQ Score STOI Score SDR (dB)
Architecture

Noisy Input Audio Only 1.42 0.58 -5.00
Standard CNN Audio Only 2.15 0.72 4.35
Audio-Visual Multimodal 2.58 0.81 7.82
Concat

Proposed Multimodal 3.12 0.89 11.45
Framework

To contextualize the performance of the proposed framework, it is benchmarked against several
state-of-the-art models representing both single-modality and multimodal paradigms. The single-
modality baselines include an advanced convolutional recurrent neural network and a purely self-
attention-based audio Transformer. These models represent the apex of audio-only speech
enhancement. The multimodal baselines include an early-fusion architecture that concatenates raw
features, and a sophisticated cross-modal attention network that utilizes a monolithic attention
structure without the separation of local and global contexts. By comparing our approach against
this diverse array of baselines, we can explicitly isolate the performance gains attributable to both
the inclusion of visual information and the novel dynamic local-global attention mechanism.

4.3 Performance Analysis and Ablation Studies

The experimental results conclusively demonstrate the superiority of the proposed dynamic local-
global attention framework across all tested noise conditions and evaluation metrics. In severely
degraded scenarios, such as when the signal-to-noise ratio drops to -5 decibels with competing
babble noise, the performance gap between the audio-only models and the multimodal models
becomes starkly apparent. The audio-only models struggle to segregate the target speaker from the
background babble, resulting in significant residual noise and musical artifacts. In contrast, the
proposed multimodal framework leverages the visual cues to anchor the enhancement process,
achieving a remarkable improvement in the Perceptual Evaluation of Speech Quality.
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Figure 2Performance Evaluation and Attention Weight Distribution

When compared to existing multimodal baselines, the advantages of the dynamic local-global
architecture are equally evident. The models relying on monolithic attention structures tend to
produce speech that, while generally intelligible, lacks crisp phonetic transitions, indicating a
failure to adequately model local alignments. The proposed framework, by explicitly separating
and dynamically weighting the local and global contexts, achieves a much higher Signal-to-
Distortion Ratio. The enhanced spectrograms produced by our model show sharply defined
harmonic structures and clearly delineated phonetic boundaries, closely mimicking the ground

truth clean speech.
Table 4Ablation study isolating the impact of specific architectural components on overall performance (Averaged across all

noise types at 0 dB SNR).
System Local Global Dynamic Gate PESQ STOI
Configuration [Attention Attention
Baseline INo No No 2.45 0.78
Configuration
Local Only Yes No No 2.76 0.82
Global Only  [No Yes No 2.71 0.81
Static Fusion  |Yes Yes No 2.89 0.85
Full Proposed|Yes Yes Yes 3.24 0.91
System

To rigorously validate the contribution of each individual component within our architecture, we
conducted a comprehensive ablation study. We evaluated variants of the model by systematically
removing the local attention pathway, the global attention pathway, and the dynamic gating
mechanism. The results, detailed in the ablation table, confirm that both local and global attention
are essential; removing either leads to a significant drop in both quality and intelligibility.
Furthermore, replacing the dynamic gating mechanism with a static fusion rule (such as fixed equal
weighting) diminishes the model's ability to adapt to varying noise conditions, proving that the
dynamic, context-aware fusion is a critical driver of the system's overall robustness.
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5. Conclusion and Future Perspectives

5.1 Summary of the Proposed Framework

This paper has presented a comprehensive and highly effective framework for audio-visual speech
enhancement in noisy communication environments, centered on a novel dynamic local-global
attention mechanism. Recognizing the profound limitations of traditional single-channel acoustic
processing in non-stationary and low signal-to-noise ratio scenarios, this research leveraged the
rich, uncorrupted temporal information embedded in the speaker's visual articulatory dynamics.
The core innovation of the proposed architecture is its deliberate departure from monolithic
processing structures. By mathematically partitioning the cross-modal interaction into a highly
focused, sliding-window local attention pathway and an unrestricted, sequence-spanning global
attention pathway, the model achieves an unprecedented balance. It successfully captures the
highly transient, fine-grained alignments between rapid acoustic phonemes and visual visemes,
while simultaneously maintaining the long-range semantic context, structural prosody, and speaker
identity required for natural speech reconstruction. Furthermore, the introduction of a dynamic
gating mechanism proved crucial in synthesizing these dual representations. By continuously
analyzing the instantaneous reliability of the acoustic and visual streams, the network
autonomously learns to modulate the influence of local versus global context, adapting seamlessly
to fluctuating environmental noise and intermittent visual occlusions. Extensive empirical
evaluations across diverse datasets and rigorous noise profiles demonstrated that the proposed
dynamic local-global architecture substantially outperforms both state-of-the-art audio-only
systems and conventional multimodal baselines. The significant improvements in objective
metrics, including the Perceptual Evaluation of Speech Quality and Short-Time Objective
Intelligibility, confirm that sophisticated, multi-scale temporal modeling is imperative for realizing
the full potential of audio-visual fusion in robust communication technologies.

5.2 Limitations and Future Directions

While the proposed framework establishes a new benchmark for performance, it is not without
limitations that warrant further investigation. The primary constraint of the current architecture is
its substantial computational complexity. The simultaneous processing of high-dimensional video
streams through three-dimensional convolutional networks, coupled with the heavy matrix
multiplications inherent in dual-pathway multi-head attention mechanisms, requires significant
memory and processing power. This computational burden currently precludes the deployment of
the system on low-power, edge computing devices such as standard hearing aids or budget mobile
phones, restricting its application to scenarios with access to cloud computing or specialized
hardware accelerators. Additionally, the system's reliance on accurate visual tracking means its
performance can degrade during extreme head movements or severe occlusions of the mouth
region that persist longer than the global attention module's ability to extrapolate context. Future
research directions will focus on addressing these practical limitations while expanding the model's
capabilities. A primary objective will be the development of lightweight, highly optimized variants
of the architecture. This could involve exploring efficient attention mechanisms, such as sparse or
linear attention, and applying advanced network compression techniques like knowledge
distillation and parameter quantization to significantly reduce the model footprint without
sacrificing enhancement quality. Another promising avenue is the integration of auxiliary visual
cues beyond lip movements, such as upper facial expressions and head gestures, which provide
additional prosodic and emotional context that could further refine the speech enhancement
process. Finally, extending the framework to handle multi-speaker, overlapping visual
environments will be critical for fully solving the cocktail party problem, paving the way for truly
robust, ubiquitous human-machine and human-human communication interfaces in the real world.
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