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ABSTRACT
Audio-visual speech enhancement (AVSE) leverages visual cues,
such as lip motion, to improve speech intelligibility in noisy condi-
tions. While recent models have focused on using explicit visual
input, our prior work introduced a pseudo-visual approach that
synthesizes lip motion from noisy audio—addressing cases where
visual input is unavailable. In this study, we revisit the role of visual
cues in the context of recent advancements in speech representa-
tion models such as HuBERT. Specifically, we investigate: (i) the
relative contribution of lip motion compared to robust pre-trained
features like HuBERT across varying SNR levels, (ii) the necessity of
training separate models for high and low SNR conditions, and (iii)
the trade-offs between using a general model versus noise-specific
models tailored to distinct real-world environments.
To this end, we incorporate HuBERT features, experiment with
LoRA-based fine-tuning, and evaluate performance across five real-
istic noise types, including railway stations, road traffic, and festi-
vals. Our findings offer insights into designing efficient and adapt-
able AVSE systems for practical deployment.
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1 INTRODUCTION
Speech is a fundamental modality for human-to-human and human-
machine communication. However, real-world acoustic environ-
ments often degrade speech signals through background noise,
reverberation, and recording distortions, adversely impacting the
performance of speech-driven systems [9]. Speech enhancement
(SE) techniques are widely used as a front-end to improve intelligi-
bility and quality in downstream tasks such as automatic speech
recognition (ASR) [11, 21, 34], speaker recognition [26], hearing
aids [13, 20], and cochlear implants [7]. Recent studies in neuro-
science and speech perception have shown that humans rely heavily

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
ICVGIP’25, December 2025, Mandi, India
© 2021 Copyright held by the owner/author(s).
ACM ISBN 978-x-xxxx-xxxx-x/YY/MM.
https://doi.org/10.1145/nnnnnnn.nnnnnnn

on visual cues—such as lip movements—to enhance auditory atten-
tion and comprehension [27, 28, 30]. Unlike acoustic signals, visual
information remains unaffected by background noise, making it
especially valuable in low signal-to-noise ratio (SNR) scenarios [31].
This observation has catalyzed interest in audio-visual speech en-
hancement (AVSE), where visual signals complement degraded
audio to produce more intelligible speech [2, 8, 35].
Traditional AVSE methods commonly depend on frontal facial in-
puts for lip-reading, but these approaches are brittle under dynamic
conditions involving head movement or occlusions. To address this,
Sindhu et al. [14] proposed a pseudo-lip generation technique that
synthesizes lip motion from noisy speech and a static face image,
offering robustness in uncontrolled environments.

Despite these advancements, most existing AVSE approaches
are evaluated under relatively high SNR settings, leaving the low
SNR domain under-explored. Real-world conditions-such as train
stations, urban roads, industrial environments, and crowded festi-
vals—are rife with intense and fluctuating background noise, where
conventionalmethods often fail. Furthermore, a singlemodel trained
for broad generalization may either overfit to high SNR scenarios
or underperform due to over-regularization in extreme noise cases.
This raises the question: can we build speech models that are robust,
adaptive, and effective across a wide SNR spectrum?
At the same time, large pre-trained speech models like HuBERT
have shown promise for downstream SE tasks. However, full fine-
tuning of these models is computationally expensive and inefficient.
Parameter-efficient fine-tuning (PEFT) strategies such as Low-Rank
Adaptation (LoRA) [16] offer a lightweight alternative by freezing
base parameters and introducing learnable low-rank matrices. This
technique significantly reduces computational cost and retains the
generalization ability of the base model. Recent extensions like
Conv-LoRA [36] have also demonstrated improved performance in
vision tasks by embedding convolutional priors. Although LoRA
has been primarily explored in natural language and vision do-
mains, its application to audio-visual speech processing remains
limited. Biderman et al. [5] suggest that while LoRA may underper-
form compared to full fine-tuning, it acts as a strong regularizer
and helps retain general performance across domains—an attribute
especially useful in speech systems designed for deployment across
diverse acoustic environments.
Contributions. In this study, we conduct a focused analysis of
audio-visual speech enhancement strategies under variable SNR
conditions. Our contributions are threefold:

(1) We extend the pseudo-lip approach proposed by Sindhu et
al. [14] by integrating it with HuBERT speech representa-
tions. We analyze its performance across high and low SNR
settings using the LRS3 dataset and noise profiles from the
VGG-Sound dataset.
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(2) We explore the effectiveness of LoRA-based fine-tuning for
adapting pre-trained model to new noise conditions. Our in-
vestigation seeks to determine whether LoRA offers a viable,
efficient alternative to full fine-tuning, especially in low SNR
scenarios.

(3) Recognizing the limitations of single-model generalization,
we experiment with five specialized models trained on noise
from critical real-world settings: railway stations, Indian
roads, office environments, factories, and Indian festivals.
We highlight domain-specific performance and offer insights
into the benefits of targeted adaptation.

Overall, our work aims to provide a compact, empirical perspec-
tive on the challenges and opportunities in audio-visual speech
enhancement, with a particular emphasis on underrepresented low
SNR conditions and practical fine-tuning strategies.
The remainder of this paper is organized as follows: Section 2 re-
views relevant literature in audio-visual speech enhancement and
parameter-efficient fine-tuning. Section 3 outlines the methodolog-
ical framework that forms the foundation for our key discussions.
Section 4 presents the experimental setup, including details of the
datasets used and curated for low SNR scenarios. Finally, we sum-
marize our observations and insights in Section 5.

2 RELATEDWORK
Audio-Visual Speech Enhancement. The integration of visual
information into speech enhancement has gained substantial mo-
mentum in recent years, particularlywith the rise of deep neural net-
work (DNN)-basedmodels. These audio-visual speech enhancement
(AVSE) systems leverage complementary cues from both modalities
to recover clean speech under challenging noise conditions, driving
notable progress in the field. Yang et al. [35] leveraged audio-visual
cues to guide the generation of neural speech codec representa-
tions, enabling the synthesis of clean and realistic speech from
noisy inputs. Their work highlights the potential of using visual in-
formation to condition speech generation systems. The importance
of speaker-specific cues in speech processing has led to the devel-
opment of personalized AVSE models. Gogate et al. [12] proposed
CochleaNet, a language-, noise-, and speaker-independent model
designed to selectively enhance the target speaker’s voice by sup-
pressing background noise. Their architecture uses a cross-modal
DNN that processes both noisy audio mixtures and lip images,
producing time-frequency (T-F) masks based on audio-visual cues
regardless of the SNR level. Human speakers instinctively adapt
their speech patterns to increase intelligibility in noisy environ-
ments—a phenomenon known as the Lombard effect. Traditional
SE systems, however, are typically trained on clean speech with
synthetically added noise, which does not account for these natu-
ral adaptations. Michelsanti et al. [25] demonstrated that training
deep learning models with Lombard speech can improve the intel-
ligibility and quality of enhanced speech, especially in low SNR
conditions. Their study also noted gender-based performance dis-
parities, attributing them to differences in how males and females
exhibit Lombard speech characteristics. Afouras et al. [2] redefined
speech enhancement as a source separation problem—isolating a
target speaker’s voice from mixtures involving competing speak-
ers and background noise. Their approach jointly conditions the

enhancement on visual lip motion and voice embeddings. To ad-
dress visual occlusions, they introduced artificial mouth-region
masking during training, ensuring robustness when visual input
is partially unavailable. Adeel et al. [1] showed that lip-reading-
driven AVSE outperforms audio-only models in low SNR scenarios.
However, they also observed that visual information offers dimin-
ishing returns at high SNRs, where clean audio is often sufficient.
To address this, they proposed a context-aware AVSE framework
featuring an adaptive switching module that dynamically selects
among audio-only (A-only), visual-only (V-only), and combined
audio-visual (AV) cues. This switching mechanism operates with-
out explicit SNR estimation, learning to adapt based on contextual
conditions. More recently, the advent of multimodal self-supervised
learning has introduced powerful embeddings for AV tasks. AV-
HuBERT, a self-supervised model trained on both audio and visual
modalities, has demonstrated strong performance in tasks such as
lip reading and automatic speech recognition. Chern et al. [8] ex-
tended AV-HuBERT for use in speech enhancement and separation
by integrating it with a downstream SE module, thereby leveraging
rich audio-visual representations to improve performance in both
AVSE and AVSS tasks.
PEFT. The advent of foundation models has signaled a transfor-
mative paradigm shift, facilitating the tailored customization of
versatile, general-purpose models for specialized downstream ap-
plications. Foundation models are expansive machine learning
constructs trained on massive datasets, typically employing self-
supervised learning techniques. Leveraging knowledge from these
pre-trained foundation models can mitigate the data sparsity chal-
lenges in downstream tasks []. Nonetheless, finetuning the entire
foundation model is resource-intensive and may result in overfit-
ting and catastrophic forgetting [33]. In NLP, recent studies have
introduced various parameter-efficient transfer learning techniques,
including adapter tuning [29], prefix tuning [23], and Low-Rank
Adaptation (LoRA) [16]. These methods achieve state-of-the-art
performance by training only a small subset of model parameters,
circumventing the challenges associated with full model finetuning.
Unlike the extensive use of adapters in NLP and Computer Vision
(CV), their application in the speech domain still needs to be ex-
plored. Existing research has predominantly focused on a limited set
of tasks such as Automatic Speech Recognition (ASR) [18, 32] and
Speech Translation [22]. Given the proven success of parameter-
efficient methods in numerous downstream NLP applications, it is
essential to systematically investigate their potential for enhancing
performance in downstream speech processing tasks. In contrast
to NLP and Computer Vision (CV), the application of adapters
in the speech domain has thus far been limited to a few works
pertaining to Automatic Speech Recognition (ASR) [18, 32] and
Speech Translation [22]. Given the irrefutable success of parameter-
efficient approaches in various downstream NLP tasks, it is im-
perative to evaluate their efficacy in solving downstream speech
processing tasks. Since the approaches to solving NLP and speech
processing tasks share many characteristics, we hypothesize that
the parameter-efficient algorithms in NLP can yield similar gains
in speech processing. Large PLMs in speech processing, such as
Wav2Vec 2.0 [4], HuBERT [15], WaveLM [6] have evolved to en-
code effective representations of speech signals, reflecting in the
state-of-the-art performances in downstream speech processing
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tasks [3, 19]. Given the numerous similarities in solving NLP and
speech processing tasks, we postulate that parameter-efficient algo-
rithms effective in NLP can also drive significant improvements in
speech processing. Advanced pre-trained language models (PLMs)
such as Wav2Vec 2.0 [4], HuBERT [15], and WaveLM [6] have
proven to encode robust speech signal representations. This ca-
pability has led to state-of-the-art results in various downstream
speech processing

3 METHOD
With the advent of foundational models, downstream tasks have
achieved remarkable results. HuBERT is a prime example of such
a foundational model. Leveraging a self-supervised approach, Hu-
BERT develops representations resilient to noise and variations
in speech, forming a robust foundation for fine-tuning on specific
tasks with labeled data. Initially, HuBERT clusters unlabeled au-
dio frames to create pseudo-labels using K-means. Subsequently, it
employs a Transformer architecture to predict these pseudo-labels,
refining its understanding of speech patterns and learning high-
quality speech representations. By training on extensive amounts
of raw audio data, HuBERT captures diverse speech characteristics,
making it highly effective for various downstream tasks. Therefore,
we utilize HuBERT features as a crucial cue from noisy speech. One
motivation for this study is to understand the importance of visual
cues in robust speech representations. To this end, we examined
several combinations of feature inclusion prior to the decoder, as
described in Section 4.2.1. The complete architecture is shown in
Figure 1, where the fused audio-visual representation is passed to
the speech decoder, which predicts an additive mask. When applied
to the noisy speech, this mask enhances the speech signal.

Figure 1: Schematic Diagram of Speech Enhancement Models
used in our study.

3.1 LoRA-SE for low SNR condition
Low-Rank Adaptation (LoRA) [17] is a State-of-the-art Parameter-
Efficient Fine-Tuning (PEFT) technique initially proposed for fine-
tuning large language models. It works by freezing the weights
of the pre-trained model and introducing trainable rank decom-
position matrices into each layer of the transformer architecture.
Figure 2 depicts the detailed structure of LoRA technique. This

approach significantly reduces the number of trainable parameters
needed for downstream tasks. Since its introduction, LoRA has
been successfully applied to fine-tuning various foundation mod-
els for speech [24] and vision [36] related tasks. In a recent study,
Biderman et al. [5] examined the performance of LoRA compared
to full fine-tuning across two target domains: programming and
mathematics. Their findings indicate that, in most scenarios, LoRA
significantly underperforms compared to full fine-tuning. However,
LoRA demonstrates a beneficial form of regularization by better
preserving the base model’s performance on tasks outside the tar-
get domain. We incorporated LoRA at every convolution layer in
the Speech Encoder.It decomposes the incremental update of the
each pretrained convolutional speech encoder’s weights𝑊 into
two matrices 𝐴 and 𝐵. where𝑊 ∈ 𝑅𝐷×𝐾 , 𝐴 ∈ 𝑅𝐷×𝑟 𝐵 ∈ 𝑅𝑟×𝐾 .
Given a hidden representation ℎ =𝑊𝑥 , the low-rank adapted rep-
resentation is expressed as

ℎ = 𝑊𝑥 + Δ𝑥
= 𝑊𝑥 + 𝐵𝐴𝑥

(1)

The matrix 𝐴 is initially drawn from a Gaussian distribution,
while 𝐵 is initialized to zero. This initialization ensures that Δ
equals zero at the beginning of the training process.

The rationale behind this approach is to maintain the appropriate
encoding for high SNR conditions while progressively enhancing
the encoding for low SNR conditions. This allows the decoder to be
fine-tuned to decode the newly learned embeddings for the speech
enhancement task.

Figure 2: Detailed structure of the LoRA matrix. During fine-
tuning, only the low-rank decomposed matrices A and B are
trained, while the pretrained weights remain unchanged.

4 EXPERIMENTS
This section delineates the experimental setup and results. We
employed two standardized evaluation metrics to gauge the SE
performance: perceptual evaluation of speech quality (PESQ) and
short-time objective intelligibility measure (STOI). PESQ assesses
the quality of processed speech, with scores ranging from -0.5 to
4.5. A higher PESQ score denotes superior speech quality. STOI, on
the other hand, measures speech intelligibility, typically yielding
scores between 0 and 1. A higher STOI value signifies enhanced
speech intelligibility.
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Figure 3: Word cloud depiction of noise video captions il-
lustrating plausible noise types present in each of the five
application scenarios.

4.1 Experimental Setup
In this section, the details of the dataset and the implementation
steps of our work are introduced.

4.1.1 Dataset. We leverage the LRS3 dataset, which includes thou-
sands of spoken sentences extracted from TED videos. For our
training process, we utilize the "pre-train" subset, encompassing
around 407 hours of video data and 119K utterances and 51k vocabu-
lary. This dataset is notably challenging due to its extensive variety
of speakers ( 5K), thereby facilitating the creation of a speaker-
independent model. We selected 40K VGG-Sound noise which dis-
tribute over noises categorized under People, Animals, Instrument,
Nature, Vehicle, Home, and Sports.
We also curate a set of datasets for experimenting with real-world
noise environments. This process initiates by pinpointing real-
world scenarios where low SNR speech enhancement is essential.
Subsequently, we collect videos from the web using targeted key-
words to encompass various situations within each noise category.
These videos are then segmented into 10-second audio clips for
training purposes. Figure 3 enumerates the keywords utilized for
extracting audio from the web, while the corresponding visual data
is depicted in Figure 4.

4.1.2 Training Details. We train our model on 1-second clips of
clean speech randomly sampled from the target dataset. To simulate
noisy speech during training, we randomly select noise samples
fromVGG-Noise and convolve themwith clean speech at SNR levels
of 0dB, 5dB, and 10 dB. VGG-Noise encompasses a wide range of
noise models that reflect real-world acoustic environments. Further,
we augment the noisy audio by adding segments of zero speech,
reducing the ground truth speech, and doubling the noise levels.
We adopt the pseudo lipsync model and its learned checkpoint
from Sindhu et al. [14] to generate pseudo lips for noisy audio. The
Adam optimizer is employed with a learning rate set to 10−3. In
addition to these audio-visual methods, we compare them with a
well-known Audio-Only model [10] to highlight the significance of
the visual stream in speech enhancement. For a fair comparison,
all models are trained and evaluated on the same datasets.

4.2 Results
Our experiments pursue two main objectives: (1) to assess the
importance of visual cues in comparison to robust speech repre-
sentations from well-established pre-trained models under varying
SNR conditions, and (2) to investigate the role of LoRA in fine-
tuning speech enhancement models for low SNR environments,
both across specific and multiple noise types.

4.2.1 The Significance of Visual Cues vs. Pre-trained HuBERT Fea-
tures. To investigate the relative contributions of visual cues and
pre-trained speech representations, we consider a model composed
of three distinct components: (i) a frozen lip generation module
that produces visual features, (ii) a trainable speech encoder, and
(iii) a frozen HuBERT model. This architecture leverages visual
inputs alongside robust HuBERT-based speech embeddings, with
the speech encoder adapting to the target environment using both
modalities. The full system architecture is illustrated in Figure 1.

We construct two variants of this model:Model A, trained on high
SNR noisy audio (0, 5, and 10 dB), andModel C, trained on low SNR
audio (ranging from 0 to –10 dB), to examine whether exposure to
low-SNR conditions during training is essential for effective speech
enhancement. To further assess the role of visual cues, we remove
the lip generation module and evaluate performance using the same
training setups, resulting inModel B andModel D, corresponding to
training on high and low SNR data, respectively. The performance
of these four models—A, B, C, and D—is evaluated across multiple
SNR levels using three standard metrics: PESQ (perceptual quality),
STOI (intelligibility), and Word Error Rate (WER). Results are sum-
marized in Tables 1 and 2. When comparing Model A and Model
B, we observe that the inclusion of visual cues leads to marginal
improvements in PESQ, reflecting slightly enhanced speech quality.
However, STOI and WER remain virtually unchanged, suggesting
that visual information contributes little to intelligibility when ro-
bust pre-trained features such as those from HuBERT are already
present. A comparison between Model C and Model D, both lacking
visual input, highlights the effect of training data. Model D, trained
on low SNR audio, achieves slightly better STOI and WER scores
than Model C, particularly under challenging noise conditions. This
indicates that training on low SNR data provides some benefit in
preserving intelligibility, though the gains are modest.

Overall, all HuBERT-based models (A–D) significantly outper-
form the audio-only baseline across all SNR levels, underscoring the
strength of HuBERT representations for noisy speech enhancement.
Nevertheless, the performance differences among the HuBERT-
based models themselves are relatively minor. These findings sug-
gest that while visual cues and low-SNR-specific training offer
incremental improvements, the dominant factor influencing model
performance is the use of a robust, pre-trained speech representa-
tion. This highlights HuBERT’s resilience to noise and points to di-
minishing returns from additional input modalities or environment-
specific training in already well-initialized systems.

4.2.2 Evaluating Model Robustness Across VGG-Sound Noise Cate-
gories. To gain deeper insights into model behavior under varied
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(a) Factory (b) Festivals (c) Office

(d) Transport (e) Railways

Figure 4: Illustration of five application scenarios, each represented by several internet-sourced videos. Each scenario (a)–(e)
highlights a common type of noise typical to that application.

acoustic conditions, we conduct a fine-grained evaluation of Model-
A and Model-B across eight distinct noise categories sourced from
the VGG-Sound dataset. These categories represent diverse real-
world noise environments, such as Nature, Vehicle, Animals, and
Industry, each of which embodies different spectral-temporal char-
acteristics and practical SNR variability. As shown in Table 3, both
models exhibit gradual performance degradation as the SNR de-
creases from 10 dB to -10 dB across all categories. However, we
observe consistent trends in relative performance: Model-A, which
incorporates visual features, consistently outperforms Model-B in
both PESQ and STOI metrics, albeit with modest margins. Fur-
thermore, the results reveal that the noise category significantly
influences enhancement quality. For example, Animals and People
categories yield higher intelligibility and perceptual scores com-
pared to more acoustically complex categories like Sports and Ve-
hicle. This aligns with our earlier observation that the nature of
background noise plays a critical role in determining model robust-
ness. These findings underscore that while visual features offer
incremental gains, the inherent difficulty posed by certain noise
types—due to either overlapping frequency content or impulsive
characteristics—can still challenge the model’s generalization capa-
bilities, particularly under low SNR conditions.

4.2.3 Analysis of models on Speech separation. Lip motion serves
as a critical visual cue in speech separation, particularly in challeng-
ing multi-speaker scenarios. To investigate this, we constructed two

test conditions using the LRS-3 test set: one involving a two-speaker
mixture and the other a three-speaker mixture, without any added
environmental noise. These settings simulate overlapping speech
scenarios commonly encountered in real-world conversations. To
evaluate the effectiveness of visual inputs in disambiguating speech
sources, we employed a two-stage strategy. First, the mixed speech
was fed into a pseudo lip-sync generator, simulating lip movement
from the audio. Separately, the clean target speech was used to
generate a target-driven pseudo lip representation. Both of these
lip motion cues were subsequently provided to the speech enhance-
ment module to assess their impact on separation performance. As
seen in Table 4, the results demonstrate a consistent trend: using
pseudo lips generated from clean target speech slightly improves
performance over those generated from the mixed speech, par-
ticularly under low-SNR conditions (e.g., -5 dB and -10 dB). This
suggests that the pseudo lip generator struggles when the input
audio includes multiple overlapping voices, leading to inaccurate
or ambiguous visual guidance. Furthermore, performance degra-
dation becomes more pronounced as we move from two-speaker
to three-speaker mixtures, underscoring the increased difficulty of
the task. Despite these observations, the overall contribution of
visual cues—whether from clean or mixed speech—remains rela-
tively limited in the presence of strong audio representations such
as those from HuBERT, suggesting that robust pre-trained audio
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Table 1: Quantitative comparison of SE models under high- and low-SNR conditions. Visual cues offer slight PESQ gains at
high SNR, while low-SNR training provides modest STOI improvements in noisy settings. Models A/C: full model trained on
high/low SNR speech. Models B/D: variant without the synthetic lip generation module, trained under the same conditions.

SNR
(dB)

Model-A Model-B Model-C Model-D Audio only
PESQ ↑ STOI ↑ PESQ ↑ STOI ↑ PESQ ↑ STOI ↑ PESQ ↑ STOI ↑ PESQ ↑ STOI ↑

10 2.714 0.932 2.640 0.932 2.603 0.909 2.589 0.927 2.259 0.940
5 2.459 0.917 2.383 0.917 2.391 0.896 2.363 0.913 1.938 0.907
0 2.169 0.896 2.095 0.895 2.166 0.879 2.122 0.895 1.654 0.853
-5 1.878 0.868 1.810 0.865 1.928 0.856 1.885 0.870 1.409 0.760
-10 1.624 0.833 1.569 0.829 1.698 0.828 1.659 0.840 1.243 0.598

Table 2: Word Error Rate (WER) analysis for Models A–D.
A/C correspond to the full audio-visual model trained with
high/low SNR speech; B/D are trained identically but omit
the synthetic lip generation stage.

SNR level
(dB) Model-A Model-B Model-C Model-D

10 0.140 0.134 0.162 0.137
5 0.162 0.153 0.161 0.155
0 0.177 0.176 0.162 0.153
-5 0.192 0.195 0.172 0.169
-10 0.213 0.206 0.189 0.181

features may already capture much of the information needed for
separation in these settings.

4.2.4 Analyzing LoRA Placement and Rank in Fine-Tuning for Ro-
bust Audio Denoising. In our earlier experiments, training models
under low SNR conditions led to improvements in challenging noise
scenarios but caused a noticeable degradation in performance for
high SNR cases. This revealed a trade-off between robustness and
generalization. To address this, we propose incorporating Low-
Rank Adaptation (LoRA) modules at every convolutional layer in
the speech encoder, aiming to enhance performance under low SNR
conditions while preserving the model’s capabilities at high SNR
levels.

Our approach builds upon Model A, which was initially trained
on high SNR data. By fine-tuning this model using LoRA with
low SNR audio, we aim to retain its performance in clean condi-
tions while improving robustness in noisier environments. This
method is appealing because LoRA introduces only a small number
of additional parameters, enabling effective adaptation without full
retraining.

To evaluate this strategy, we conducted a comprehensive abla-
tion study by experimenting with various configurations of LoRA
integration. The designs include: (1) LoRA-Enc, where LoRA is ap-
plied only to the encoder; (2) LoRA-Enc-Dec Frozen, where LoRA is
added to the encoder while freezing the decoder during fine-tuning;
(3) LoRA-Dec, which applies LoRA only to the decoder; (4) LoRA-
Enc-Dec, where LoRA is included in both encoder and decoder; and
(5) Full Fine-tuning, where Model A is fine-tuned without LoRA.
All configurations used LoRA with rank 8 and 𝛼 = 16.

The results in Table 5 show that the LoRA-Enc configuration
consistently achieves the best PESQ and STOI scores across all

SNR levels, particularly under more challenging conditions. This
validates our hypothesis that adapting only the encoder via LoRA is
more effective than full model fine-tuning or modifying the decoder.
Furthermore, we also evaluated the impact of different LoRA rank
values, as shown in Table 6, and found that a lower rank (rank=4)
provides a better balance of performance and efficiency for our
task.

4.2.5 Fine-tuning LoRA on real-world noise models. To assess the
practical value of fine-tuning under realistic acoustic scenarios, we
evaluated LoRA-based fine-tuned models against their pre-trained
VGG counterparts across five real-world noise environments: Office,
Factory, Railways, Indian Roads, and Indian Festival. As shown in
Table 7, both PESQ and STOI scores were recorded across multiple
SNR levels ranging from 10 dB to –10 dB.
While the fine-tuned models generally achieve slightly better scores
than their pre-trained versions, the improvements remain consis-
tently marginal. For example, under the most challenging noise
condition of –10 dB SNR in the Railway environment, the fine-
tuned model achieves a PESQ of 1.454, compared to 1.318 for the
pre-trained one—an improvement of just 0.136. Similarly, the STOI
score improves from 0.793 to 0.817, a minor gain of only 0.024. Such
narrow margins are typical across the dataset, regardless of the
noise type or SNR level.
These results suggest that the pre-trained VGG model already gen-
eralizes well to diverse real-world noises, and the added benefit of
LoRA fine-tuning is minimal in this context. Therefore, fine-tuning
may not be necessary unless the target environment exhibits highly
unique or domain-specific acoustic characteristics that are under-
represented in the original training data.

5 CONCLUSION
This study investigates the role of visual cues and robust pre-trained
speech representations, particularly HuBERT, in enhancing speech
under low SNR conditions. Our experiments show that while visual
features and low-SNR-specific training offer modest improvements,
the dominant contributor to performance is the use of robust, pre-
trained audio models like HuBERT. We also find that visual input
significantly aids in complex speech separation scenarios involving
multiple speakers.
To improve low-SNR robustness without sacrificing generalization,
we employ LoRA modules in the encoder, achieving a favorable
trade-off in performance and parameter efficiency. However, fine-
tuning on real-world noise conditions offers negligible benefit over
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Table 3: Performance breakdown of Models A–D on selected VGGSound noise categories. Models with visual cues (A/C) are
compared against those without (B/D), each trained on high- and low-SNR speech respectively.

Noise
Model

SNR
(dB)

Model-A Model-B Noise
Model

Model-A Model-B
PESQ STOI PESQ STOI PESQ STOI PESQ STOI

Nature

10 2.732 0.931 2.657 0.931

People

2.761 0.930 2.699 0.930
5 2.483 0.916 2.403 0.916 2.513 0.916 2.449 0.915
0 2.209 0.896 2.137 0.895 2.246 0.896 2.171 0.894
-5 1.931 0.870 1.866 0.867 1.970 0.870 1.900 0.867
-10 1.675 0.836 1.610 0.832 1.710 0.838 1.649 0.835

Vehicle

10 2.612 0.928 2.538 0.928

Home

2.708 0.930 2.639 0.929
5 2.343 0.911 2.266 0.910 2.450 0.914 2.377 0.913
0 2.048 0.887 1.974 0.885 2.163 0.893 2.087 0.891
-5 1.745 0.854 1.682 0.851 1.871 0.864 1.806 0.862
-10 1.493 0.815 1.447 0.811 1.617 0.829 1.567 0.825

Animals

10 2.769 0.932 2.700 0.932

Sports

2.617 0.928 2.546 0.928
5 2.521 0.918 2.445 0.917 2.344 0.912 2.269 0.910
0 2.254 0.899 2.177 0.897 2.046 0.888 1.972 0.886
-5 1.979 0.873 1.907 0.870 1.732 0.855 1.670 0.852
-10 1.724 0.840 1.667 0.836 1.478 0.815 1.420 0.811

Industry

10 2.671 0.926 2.595 0.925

Instrument

2.695 0.936 2.622 0.936
5 2.406 0.909 2.321 0.907 2.429 0.922 2.351 0.921
0 2.120 0.886 2.040 0.883 2.137 0.902 2.052 0.900
-5 1.824 0.856 1.759 0.853 1.819 0.872 1.742 0.869
-10 1.579 0.820 1.520 0.816 1.556 0.8362 1.500 0.832

Table 4: Performance of the model for speech separation

2-voice mix
with mixed speech’s pseudo lip

2-voice mix
with target speech’s pseudo lip

SNR (dB) PESQ STOI PESQ STOI
10 2.555 0.929 2.565 0.931
5 2.244 0.909 2.238 0.912
0 1.862 0.878 1.879 0.883
-5 1.526 0.839 1.561 0.847
-10 1.348 0.799 1.377 0.810

3-voice mix
with mixed speech’s pseudo lip

3-voice mix
with target speech’s pseudo lip

SNR (dB) PESQ STOI PESQ STOI
10 2.420 0.919 2.435 0.921
5 2.089 0.894 2.097 0.898
0 1.684 0.857 1.716 0.862
-5 1.380 0.807 1.408 0.816
-10 1.214 0.761 1.236 0.773

pretrained models, suggesting limited need for domain-specific
adaptation unless the noise characteristics are highly atypical.
Overall, our findings highlight the strength of pre-trained speech
models and the selective value of visual cues and fine-tuning under
specific conditions. Future work should explore dynamic modality
fusion and adaptive training strategies to further bridge the gap in
extreme noise scenarios.
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