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Abstract

Is visual information alone sufficient for visual speech
recognition (VSR) in challenging real-world scenarios?
Humans do not rely solely on visual information for lip-
reading but also incorporate additional cues, such as
speech-related context and prior knowledge about the task.
However, existing methods have largely overlooked such ex-
ternal information in automatic VSR systems. To system-
atically explore the role of such information for VSR, we
introduce the concept of Peripheral Information. We cat-
egorize it into three types based on the relevance to the
spoken content: (1) Contextual Guidance (e.g., topic or de-
scription of speech), (2) Task Expertise (e.g., human prior
experience in lip-reading), and (3) Linguistic Perturbation
(irrelevant signals processed alongside meaningful infor-
mation). Considering the disparity that peripheral infor-
mation provides additional clues with varying significance
while visual input serves as the most direct source for VSR,
we propose a framework that introduces a hierarchical pro-
cessing strategy to handle different modalities. With visual-
specific adaptation and a dynamic routing mechanism for
multi-modal information, our approach reduces the impact
of modality conflicts effectively and enables selective uti-
lization of peripheral information with varying relevance.
Leveraging readily available peripheral information, our
model achieves a WER of 22.03% on LRS3. Further exper-
iments on AVSpeech demonstrate its generalization in real-
world scenarios.

1. Introduction

Visual Speech Recognition (VSR) has gained wide atten-
tion due to its important applications, including assisting
speech interpretation in noisy environments[42], and offer-
ing a communication method for patients with speech dis-
abilities [28]. However, it remains challenging in real-world
scenarios. Issues such as low image resolution, poor light-
ing conditions, and dynamic head poses [12] introduce sub-
stantial noise and ambiguity into the visual signal, which

collectively complicate accurate interpretation. Variations
in speaking styles and individual differences in lip move-
ments further exacerbate the difficulty of the task.

To address these challenges, studies have made signif-
icant efforts on optimizing the processing and learning of
visual information. Some approaches attempt to expand the
visual input region from lip to face to capture richer visual
cues [1, 19]. More recent works leverage audio-visual data
and self-supervised learning method to extract more dis-
criminative visual features [14, 15, 39, 49, 52]. These ef-
forts have led to more robust and general representations of
visual signals, resulting in substantial gains in VSR. With
these advances, VSR systems have become more capable
than ever. However, in real-world scenarios, visual informa-
tion is often compromised due to occlusions, low-resolution
inputs, or the visual ambiguity of homophenous phonemes,
which makes recognition challenging. A natural question
arises: could there be other complementary information that
further enhance VSR, or, is optimizing visual information
processing the only path toward robust VSR?

The human lip-reading process offers a potential alterna-
tive perspective. When humans perform lip-reading, they
do not rely solely on visual signals but instead subcon-
sciously integrate information beyond visual as assistance.
For example, background information about the speech,
such as the setting or topic of discussion and some knowl-
edge of the speaker, or familiarity with common linguis-
tic patterns, constrains the space of possible interpreta-
tions. Furthermore, humans leverage their accumulated ex-
perience with lip-reading itself, recognizing that certain lip
movements can correspond to multiple words with distinct
meanings. These human abilities are well acknowledged
yet remains unexplored in automatic VSR systems.

In this work, we present the first attempt to integrate in-
formation beyond visual dynamics into the automatic VSR
process. While prior studies in Automatic Speech Recogni-
tion (ASR) have successfully leveraged additional context
to enhance recognition accuracy [4, 6, 17, 18, 20, 29, 36,
41], the role of such information in VSR has been largely
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overlooked. This may be due to the greater complexity
of learning from visual modality, making integration less
straightforward. Moreover, conventional definitions of con-
text primarily focus on information directly related to the
spoken content, such as preceding words or linguistic de-
pendencies. While such information is undoubtedly helpful,
it can be difficult to obtain in certain scenarios, limiting the
applicability of context-aware models. Additionally, this re-
stricted interpretation of context hinders further exploration
of external cues that could aid recognition.

We expand the concept of context to peripheral infor-
mation, with the goal of capturing a broader range of ex-
ternal cues that remained unexplored. Besides conven-
tional content-based dependencies, peripheral information
also encompasses task-relevant knowledge and even factors
that may seem unrelated. We categorize peripheral infor-
mation into three levels based on its relevance to the spoken
content: (1) Contextual Guidance, including background
like the speech topic or speaker information; (2) Task Ex-
pertise, referring to human cognitive abilities, such as rec-
ognizing common word pairings and grammatical patterns
to resolve ambiguities; and (3) Linguistic Perturbation, cov-
ering irrelevant elements like noisy or unrelated text that
may disrupt recognition. Integrating peripheral information
into VSR is challenging due to its disparity with visual in-
put, as well as its varying relevance to target content. To ad-
dress this, we propose a framework that hierarchically pro-
cesses the multi-level inputs and dynamically routes multi-
modal information, enabling effective use of peripheral in-
formation in recognition.

The contributions of this work can be summarized as:
• We present the first attempt to extend VSR beyond visual

signals. Through a systematic investigation, we demon-
strate that different types of peripheral information can
positively contribute to recognition, emulating human-
like lip-reading capabilities.

• We propose a new framework that integrates visual in-
formation with peripheral information to jointly infer the
spoken content. By a hierarchical processing approach
for multimodal inputs, it enables the effective utilization
of information at different levels.

• We evaluate our approach on the widely used LRS3
dataset, achieving a word error rate (WER) of 22.03%,
outperforming previous methods trained on similar
amounts of lip-reading data. Furthermore, we demon-
strate its generalization to the more complex AVSpeech
dataset, highlighting the robustness of our approach in
real-world scenarios.

2. Related Work

2.1. Visual Speech Recognition

Visual Speech Recognition (VSR) has evolved significantly
driven by advancements in computer vision and machine

learning techniques. Early VSR approaches relied heav-
ily on hand-crafted visual features [13, 23, 32]. These
methods extracted features such as lip contours or mo-
tion trajectories using techniques like Scale Invariant Fea-
ture Transform (SIFT) [30] and Active Appearance Mod-
els (AAM) [21]. However, these hand-crafted features
were often limited in their ability to capture complex spa-
tiotemporal dynamics of lip movements. The advent of
deep learning marked a paradigm shift in VSR. Starting
with CNN-based architectures for spatial pattern extraction
and RNN variants for temporal modeling [5, 9], the field
has progressed to Transformer-based models that capture
long-range spatiotemporal dependencies in lip movements
[1, 25, 39]. These innovations have led to substantial per-
formance gains. For instance, the word recognition accu-
racy on the LRW dataset [9] has improved from 61.1%[9]
(2017) to 95.0% [3] (2024).

Despite recent advancements, VSR still remains a chal-
lenging task. The small size of lip regions makes them
highly susceptible to practical issues such as occlusion,
low resolution, extreme pose variations, and poor lighting,
which degrade the quality of visual features. Addition-
ally, visemes (visually similar pronunciations) are difficult
to distinguish solely from lip movements, particularly for
homophones. Human lip-readers naturally try to overcome
these challenges by integrating broader information beyond
lip movements (e.g. priors about speaking scenario and top-
ics, and accumulated experiences of VSR task). In contrast,
current machine lip-reading systems remain constrained to
visual-only inputs. This work aims to explore the potential
of the peripheral information beyond visual dynamics for
VSR, mirroring human lip-reading strategies.

2.2. Context-Aware Speech Recognition

Integrating contextual information into automatic speech
recognition (ASR) has been explored to enhance the recog-
nition of rare or out-of-vocabulary words, such as named
entities, technical terms, and numerical expressions. Ex-
isting approaches can be broadly categorized into explicit
contextual biasing and broader context utilization. Sev-
eral studies [4, 17, 18, 36] have introduced explicit bias-
ing modules in ASR models toward recognizing infrequent
or unseen words. They incorporate contextual information
such as domain-specific keywords or personalized word
lists to adapt to user-specific vocabulary and improve accu-
racy without modifying the underlying model architecture.

Recent works [6, 20, 29] have explored leveraging large
language models (LLMs) to enhance ASR robustness by in-
corporating contextual information, such as previous utter-
ances and talk descriptions. By utilizing the advanced capa-
bilities of LLMs, these methods enable context-aware ASR,
significantly refining accuracy.

While prior ASR studies primarily focus on leveraging
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content-related contextual information, our work extends
this notion by introducing the concept of peripheral infor-
mation, which encompasses a more diverse set of elements.
This includes not only conventional context cues related to
spoken content but also experiential knowledge from human
lip-reading processes and potential disturbance factors. In
VSR, visual representations are complex due to factors such
as occlusions, lighting variations, and the ambiguous nature
of lip movements, making the incorporation of additional
signals less straightforward. Careful design is required to
effectively integrate peripheral information. By systemat-
ically exploring the contributions of these multi-level in-
formation sources, we aim to provide a broader and more
comprehensive perspective to improve VSR.

3. Method

In this section, we present a more detailed explanation of
peripheral information as well as our approach to integrat-
ing it into Visual Speech Recognition.

3.1. Peripheral Information

As introduced in the previous sections, we categorize pe-
ripheral information into three types based on their rele-
vance to the specific speech content.

Contextual Guidance refers to background information
that is closely related to the speech content, helping to re-
fine recognition by narrowing the set of possible hypothe-
ses. For instance, a TED talk titled “Niels Diffrient: Re-
thinking the Way We Sit Down” suggests a focus on design
and human body measurements, shaping expectations for
relevant vocabulary. Such guidance includes the title of the
speech, a brief content overview, the speaker’s name, and
a short description of their background. It is not limited to
these mentioned elements and may also include other forms
of contextual guidance depending on circumstances.

Task Expertise refers to the cognitive strategies humans
employ in VSR, leveraging both phonetic knowledge and
linguistic priors. Familiarity with the correspondence be-
tween lip movements and phonemes helps constrain possi-
ble interpretations, especially when similar lip patterns cor-
respond to multiple sounds. Additionally, prior exposure
to frequent word sequences and syntactic structures aids in
resolving ambiguities.

Linguistic Perturbation denotes the presence of distur-
bance or misleading information in real-world scenarios.
Correctly identifying and utilizing relevant information
while filtering out perturbative or irrelevant signals is cru-
cial for a robust VSR system. Similar to noise injection
for image or audio in training process for CV or acoustic
tasks, linguistic perturbation adds controlled randomness at
semantic level, forcing the model to distinguish useful and
misleading signals for VSR.

3.2. Model Architecture

Integrating peripheral information into VSR poses two key
challenges: First, there exists an inherent disparity be-
tween visual and textual modalities, stemming from their
distinct representational characteristics. Visual features en-
code fine-grained spatiotemporal patterns of lip movements,
preserving continuous motion trajectories and subtle artic-
ulatory dynamics. In contrast, textual information is dis-
crete and symbolic, capturing high-level semantic meaning.
The fundamental difference makes the alignment and fu-
sion less straightforward. Second, peripheral information
encompasses cues with varying degrees of relevance to the
spoken content, some provide reinforce recognition, while
others introduce perturbations.

To address the challenges, we propose a novel frame-
work for robustly integrating peripheral information for
VSR. It is illustrated in Figure 1 and consists of two main
stages: multimodal encoding and decoding. In the first
stage, a visual encoder extracts fine-grained spatiotempo-
ral features from lip movements, while peripheral informa-
tion is structured and integrated with visual features to form
a multimodal input. In the second stage, a large language
model enhanced with a novel Synergy LoRA decodes the
multimodal input and generates the transcripts.

3.2.1. Stage 1: Multimodal Encoding

Visual Encoder. To extract speech-related representations
from raw video inputs, we utilize a visual encoder that
processes sequences of facial movements centered on the
lips. The visual encoder captures semantic and phonetic at-
tributes of speech by modeling the spatiotemporal dynamics
of lip motion. The resulting features are then transformed
into the LLM’s representation space, enabling processing
and understanding by it.

We use a pretrained visual encoder [39] that follows
a commonly used Transformer[45]-based architecture in
VSR. Let it be denoted as Ev . Given an input raw video
sequence Iv = {i1, i2, ..., iT }, where it → Rdx represents
the video frame at time step t, the visual encoder produces
a sequence of visual features:

Fv = Ev(Iv), (1)

where Fv = {f1, f2, ..., fT }, and ft → Rdf represents the
extracted feature vector.

Modality Adapter. The modality adapter transforms visual
features extracted by the encoder into the LLM’s embed-
ding space. However, visual features typically have high
temporal resolution (e.g., 25fps), while speech generally
flows only 2–3 words per second. To retain as much tem-
poral information as possible while align visual features
with textual information temporally, we apply a 2↑ aver-
age downsampling, followed by a projection layer that maps
the features into the LLM’s representation space. The visual
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Please	perform	lip-reading	while	considering	human	experiential	know-
ledge,	such	as	common	misinterpretations	due	to	similar	mouth	shapes	…

a	financial	planner	stopped	by	his	desk	to	drop	off	brochures	about
A	video	clip	from	TED	talk.

Instruction	with	Task	Expertise
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Talk	name:	Rethinking	the	way	we	sit	down
Description:	Design	legend	Niels	Diffrient talks	about	his	life	in	…
Speaker:	Niels	Diffrient
Speaker	tag:	Designer
Speaker	description:	Design	legend	Niels	Diffrient is	the	creator	…

so	after	25	years	I	began	to	fell	as	though	I	was	running	dry
After	carefully	consideration,	the	identified	sentence	is:	
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Encoder
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Router

Decoder (LLM)

Figure 1. Overview of our proposed framework. Visual features are extracted by a pretrained encoder and then mapped to the LLM
embedding space through a learnable projector. A structured input and the output constraint mechanism enable effective utilization of
peripheral information at different levels. Synergy LoRA is introduced within the attention mechanism of the LLM for adaptation.

features are downsampled and projected into the LLM’s em-
bedding space as

Ev = Wp · downsample(Fv), (2)

where Ev → R→T/2↑↓de represents the final visual embed-
dings, Wp → Rde↓df is a learnable projection matrix, and
downsample(Fv) → R→T/2↑↓df denotes the downsampled
visual features.

Peripheral Information Integration. We integrate the
three distinct types of peripheral information into VSR in
a textual format. Additionally, we introduce the directive
“transcribe the video to text” to explicitly instruct the model
to perform video transcription as part of the VSR task. Fig-
ure 1 illustrates how these components are implemented in
practice. In the following section, we detail the specific im-
plementation of peripheral information.

Contextual Guidance provides background knowledge
related to the speech content, such as the title, speaker biog-
raphy, and topic descriptions. These elements are consoli-
dated into a structured textual prompt like “Speech title: X
Description: Y Speaker: Z.”

Task Expertise pertains to the cognitive mechanisms hu-
mans employ in VSR, utilizing both phonological aware-
ness and linguistic priors. To introduce this cognitive ca-
pability into our framework, we propose a two-step inte-
gration mechanism: (1) Task Awareness: We refine the in-
struction prompt from generic directives (e.g., “Transcribe
the speech to text.”) to task-specific guidance that explicitly
highlights potential challenges, such as “Please perform lip-
reading while considering human experiential knowledge,

such as common misinterpretations ...”. Such explicit in-
struction guides the model to capture the difficulties of the
task, allowing the model to establish an informed connec-
tion between visual input and linguistic content. (2) Output
Constraint: Before generating the final transcript, the model
is required to output an explicit reasoning statement, simu-
lating the human cognitive process of self-monitoring. For
example, instead of directly producing the transcription, the
model first generates a phrase “After carefully considera-
tion, the identified sentence is”, thereby making the reason-
ing process explicit. Although we provide specific formats
for prompts and constraints, our method does not depend on
fixed wording. We demonstrate that this structured two-step
mechanism enhances robustness.

Real-world scenarios often contain extraneous or mis-
leading information, which can hinder reliable model per-
formance. We introduce controlled linguistic perturbation
designed to help the model distinguish relevant content
from irrelevant noise. Linguistic perturbation sources from
both randomly generated tokens and extracted fragments
from unrelated natural text. They are inserted either be-
tween sentences in contextual guidance, when available, or
immediately before the instruction such as “Transcribe the
speech” or its modified version incorporating task-specific
expertise. This approach encourages the model to focus on
meaningful information while effectively filtering out irrel-
evant content.

Together, these three types of information constitute the
concept of peripheral information proposed in this work.
They span a spectrum from directly related to entirely unre-
lated to the spoken content. The text containing peripheral
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information is processed by the tokenizer and embedding
layer of the LLM to obtain the text embedding Et of length
L. It is subsequently combined with the visual embedding
Ev along the temporal axis to construct the multimodal rep-
resentation:

S = [Ev;Et], (3)

where S → RT →↓de , and T ↔ = ↓T/2↔+ L denotes the com-
bined length of the visual and text embeddings along the
temporal dimension.

3.2.2. Stage 2: Decoding

The decoding stage leverages a LLM to process multimodal
inputs and infer the spoken content. We introduce a novel
adaptation module, Synergy LoRA, to enhance the model’s
ability to accommodate diverse inputs.

LLM. The LLM is responsible for decoding from the mul-
timodal input sequence S to the target output Y . This gen-
eration process for Y can be expressed as:

P (Y |S) =
M∏

m=1

P (ym|S, y<m), (4)

where y<m = {y1, y2, ..., ym↗1} represents the previously
generated tokens. The LLM models this conditional distri-
bution by processing the multimodal input sequence, lever-
aging its reasoning capabilities to predict each word ym in
an autoregressive manner.

During training, it learns to generate the correct tran-
script Y given the input S. The optimization objective is to
maximize the likelihood of the target output with ground-
truth transcript, formulated as:

L = ↗
M∑

m=1

logP (ym|S, y<m). (5)

By minimizing this negative log-likelihood loss, the model
improves its ability to generate accurate transcriptions in an
autoregressive manner.

During inference, the model generates the output iter-
atively. Given an initial multimodal input S, it starts by
predicting y1 and subsequently conditions each next token
ym on the previously generated tokens y<m. The process
continues until a stop token defined in the LLM is met.

Synergy LoRA. To adapt the LLM to VSR task, we fine-
tune it using Low-Rank Adaptation (LoRA) [16]. However,
it poses a notable challenge in bridging the gap between two
input modalities. Visual features differ significantly from
the high-level semantic representations that LLMs are de-
signed to process. When adapting the LLM with LoRA, a
larger rank is required. Furthermore, as shown in Figure
2, including peripheral information can reduce the perfor-
mance of the best configuration that does not use it. This
suggests that the model encounters difficulties or conflicts

when adapting to two modalities with distinct characteris-
tics. To address this, we introduce Synergy LoRA, a coordi-
nated adaptation mechanism that prioritizes the processing
of visual features while dynamically incorporating periph-
eral information.

Rank

WER
w/o	PI
w/	PI

Figure 2. WER under different LoRA rank. w/ PI indicates
incorporating peripheral information and w/o indicates without it.

Specifically, we introduce a specialized module to op-
timize visual information considering its critical role in
VSR, minimizing the impact of modality disparities. Be-
yond this, we design a multimodal Mixture-of-Experts[38]
(MoE) module for adaptation across the entire multimodal
input sequence. It enables a synergistic adaptation to the
distinct characteristics of each information level, from di-
rectly relevant visual information to auxiliary context cues
and irrelevant perturbations. Inspired by recent findings that
LoRA adaptation matrices (A matrices) exhibit similarities
across tasks [43, 51], we design Synergy LoRA such that all
experts share the same A matrix, while the B matrices are
dynamically routed to process multimodal inputs. Notably,
Synergy LoRA is applied to the query and value of attention
weights for all layers in the LLM.

Let the attention weights for visual inputs be denoted as
Wv . After adaptation, the updated weights are given by:

W ↔
v = Wv +!Wv, (6)

where !Wv represents the update introduced by the visual-
specific module. Denote attention weights for the complete
multimodal inputs as Wc, the MoE-based module updates
them as:

W ↔
c = Wc +

K∑

i=1

gi ·!Wi, (7)

where K is the number of experts, gi is the gating score
for expert i, and !Wi represents the update introduced by
expert i. The gating scores gi are computed using a linear
layer followed by a softmax function:

gi = softmax(Wgh)i, (8)

where h is the hidden representation of the input sequence,
and Wg is learnable parameters of the router.

In general, the attention weights for visual inputs are de-
rived from both the visual-specific module and the MoE-
based module. After adaptation, the attention weights for
the visual inputs are W ↔

v +
∑K

i=1 gi ·!Wv,i, where !Wv,i

represents the additional adjustment introduced by expert
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i. For textual inputs, the attention weights are adjusted
solely by the MoE-based module. Let the original atten-
tion weights for textual inputs be Wt, it is then updated as
Wt+

∑K
i=1 gi·!Wt,i. This design ensures that visual inputs

are first processed independently to capture fine-grained de-
tails, and then further refined with high-level semantic cues
from textual peripheral information.

4. Experiment

4.1. Datasets

LRS3-TED[2]. LRS3-TED is a popular lipreading dataset,
comprised of speech samples from TED and TEDx videos,
which covers a wide range of challenging conditions, in-
cluding thousands of speakers, large pose variations, diverse
lighting conditions, different resolution, accent and so on.
It covers diverse topics and is widely adopted for evaluat-
ing visual speech recognition methods for being the largest
publicly available one of its kind.
AVSpeech[11]. AVSpeech is another challenging large-
scale audio-visual speech dataset with thousands hours of
samples extracted from YouTube, representing a broader
range of real-world speaking scenarios. The data spans a
wide variety of scenarios, speakers, face poses, accents and
so on. Its diverse and complex characteristics enable the
evaluation of methods in handling real-world, challenging
scenarios. As the original data lacks transcriptions, we em-
ploy Whisper[35] for automatic annotation and take the En-
glish portion of it for evaluation.
Peripheral Information. Contextual Guidance in pe-
ripheral information are collected from readily available
sources in our experiments. For LRS3, we used a pre-
collected dataset from Kaggle1 as well as additional data
collected from YouTube links associated with the videos.
For AVSpeech, video titles and descriptions were obtained
directly from their corresponding YouTube links. Linguis-
tic perturbation, includes two types of token-level pertur-
bations: completely random tokens and randomly sampled
fragments from natural text. The natural text was sourced
from news corpus2. More details are in Appendix 6.

4.2. Evaluation and Implementation Details

Word error rate (WER) is adopted as the evaluation met-
ric for VSR, which is defined as WER = (S + D +
I)/N , where S,D, I,N represent the number of words
substituted, deleted, inserted, and referenced. We adopt
the pre-trained AV-HuBERT[39] as the vsiual encoder and
Llama3.1-8B-Instruct[10] as the LLM by default, unless
otherwise specified. Due to page limitations, more imple-
mentation details are provided in Appendix 7, along with a
further discussion of the visual encoder in Appendix 8.2.

1https://www.kaggle.com/datasets/thegupta/ted-talk/data
2https://huggingface.co/datasets/fancyzhx/ag news

Table 1. Results on LRS3. Comparing with prior works, ours
with peripheral information outperforms when utilizing compara-
ble amounts of unlabelled (Unlab.) and labelled (Lab.) video data.
* denotes self-training on the unlabelled data. † denotes inclusion
of extra audio or language model. For consistency, results cited
for comparison are rounded to one decimal place, as reported in
most previous studies.

Method
Unlab. Lab.

WER (%) ↘
hours hours

Fully Supervised Models
Zhang et al. [48] - 863 60.1
Ma et al. [25] - 595 43.3
Prajwal et al. [33] - 698 40.6
Ma et al. [26] - 1,459 31.5
Ma et al. [27] - 3,448 19.1

Self-supervised Pre-training & Supervised Fine-tuning
Ma et al. [24] 1,759 433 38.8
Shi et al. [39] 1,759 433 28.6/26.9*

Zhu et al. [52] 1,759 433 28.4†

Haliassos et al. [14] 1,759 433 27.8/24.4*

Yeo et al. [47] 1,759 433 27.6†

Yeo et al. [46] 1,759 433 25.4†

Cappellazzo et al. [7] 1,759 433 25.3†

Prajwal et al. [34] 1,759 433 24.3†

Haliassos et al. [15] 1,759 433 22.3*

Ours 1,759 433 22.03
†

Trained using non-publicly available datasets
Afouras et al. [1] - 1,519 58.9
Shillingford et al. [40] - 3,886 55.1
Serdyuk et al. [37] - 90,000 17.0
Liu et al. [22] 3,652 3,068 16.9
Chang et al. [8] - 100,000 12.8

4.3. Main Results

Table 1 presents a comparison of our method with state-
of-the-art models on the widely used lip-reading dataset
LRS3. Benefiting from peripheral information, our ap-
proach achieves a WER of 22.03%, outperforming exist-
ing methods trained on similar amounts of lip-reading data.
Notably, our model surpasses even those approaches [14,
15, 39] that uses self-training on much more data.

Our model consistently outperforms prior works that uti-
lize LLMs [7, 46] (25.40% and 25.30%) both with (22.03%)
and without (24.92%) peripheral information. These results
highlight the potential of leveraging peripheral information
for VSR and effectiveness of our method.

4.4. Detailed Analysis and Discussion

4.4.1. Synergy LoRA

We compare Synergy LoRA with different designs both
with and without peripheral information, demonstrating the
soundness of its design as well as its advantage in handling
hierarchical information inputs. Results are shown in Ta-
ble 2 with indices corresponding to Figure 3.
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Figure 3. Different Adaptation Designs. Shorthand notations are used to describe the relationships between vision and text: & stands
for shared parameters, | for separate, and MoE for Mixture of Experts. (a) vanilla LoRA, V&T: same adaptation parameters for both
modalities. (b) Distinct Paths, V | T: separate paths for vision and text. (c) Vision-Specific Path, V | V&T: vision has an independent path,
while text path shares parameters with vision. (d) MoE for Text, V | MoE(T): separate paths, with text featuring an MoE adaptation. (e)

Synergy LoRA, V | MoE(V&T): independent adaptation for vision, while text MoE shares parameters with vision.

Table 2. LoRA configuration and Results. We show results on
LRS3 for various LoRA configurations, with indices correspond-
ing to Figure 3. The WER values are reported for two scenarios:
with and without peripheral information. Numbers in parentheses
indicate reduction in WER compared to the w/o column.

Design Rank
WER (%)

w/o w/

(a) V&T 128 25.25 23.92 (↗1.33)
(b) V | T 96 | 32 24.92 23.64 (↗1.28)
(c) V | V&T 96 | 32 25.04 22.78 (↗2.26)
(d) V | MoE(T) 96 | 8 ↑ 4 25.17 22.44 (↗2.73)
(e) V | MoE(V&T) 96 | 8 ↑ 4 25.03 22.03 (↗3.00)

Without peripheral information. When no peripheral in-
formation is provided, separated adaptation (b-e) for visual
and textual modalities perform better than using a single
LoRA module (a), even though they have identical total
rank sizes. This indicates that the separation design for two
modalities in Synergy LoRA allows each to specialize in
learning intra-modal adaptations, effectively mitigating the
challenges posed by modality differences.
With peripheral information. When full peripheral in-
formation is introduced, we find that sharing certain pa-
rameters between visual and textual adaptations during the
adaptation process yields significantly greater relative im-
provements compared to scenarios without peripheral in-
formation. This can be observed by comparing the relative
gains between (b) and (c), as well as (d) and (e). Joint op-
timization enables the dominant visual modality to guide
the textual modality, extracting meaningful information to
enhance recognition. The MoE-based design of Synergy
LoRA demonstrates clear advantages in handling periph-
eral information, as it can automatically route signals to the
most relevant experts, achieving hierarchical utilization of
diverse information sources.
Expert visualization. To further understand the MoE-
based design in Synergy LoRA, we visualize the weights
assigned to different experts for a randomly sampled in-
stance from LRS3 test set shown in Figure 4. More ex-

2 8
1 Visual Input
2 <|begin_of_text|> 
<|start_header_id|> user 
<|end_header_id|> \\n\\n

4 " R ox ane Gay : Conf essions of a bad feminist ". 
3 A video clip from TED talk titled 

6 When writer Rox ane Gay dubbed herself a " bad feminist ," she was making a joke , 
acknowledging that she couldn', "'t", ' possibly live up to the demands for perfection of 
the feminist movement . But she', "'s", ' realized that the joke rang hollow . In a 
thoughtful and provocative talk , she asks us to embrace all flavors of feminism -- and 
make the small choices that , en masse , might lead to actual change .\n

8 <|eot_id|> <|start_header_id|> assistant <|end_header_id|> \\n\\n
7 Trans cribe the video to text . 

1 3 4 5 6 7

Expert 1 Expert 2 Expert 3 Expert 4 Sum( )=1

5 Here is the description of the talk :\n

Figure 4. Visualization of expert weight. We show the weight of
experts in the last layer of LLM for a random sample from LRS3.

amples are provided in Appendix 11. These visualizations
reveal distinct patterns in how the experts specialize in han-
dling specific types of textual information. Experts 4 exhibit
specialization with a high weight for structural elements of
text (e.g., “and”, “to”, colons, periods). General descriptive
phrases and instruction tend to activate Expert 2 more fre-
quently. Detailed and content-specific descriptions are pre-
dominantly handled by Experts 1 and 3. This specialization
suggests that these experts focus on fine-grained informa-
tion, enabling the model to capture nuanced details that are
essential for accurate recognition.

4.4.2. Peripheral Information

Here, we present the contributions from three different
types of peripheral information.

Contextual Guidance. We show the contribution of differ-
ent types of contextual guidance to recognition, considering
both individual and progressively accumulated scenarios.
The results are presented in Table 3. Among all the contex-
tual guidance, descriptive information, including descrip-
tion of speech and speaker, typically exhibits a higher de-
gree of correlation with the target content and accounts for
the largest performance improvement. The results demon-
strate that contextual guidance effectively narrowing down
the potential vocabulary of the speech content, thereby re-
ducing uncertainty and errors.
Task Expertise. It originates from human experience. Such
information has often been overlooked, yet it represents
a crucial capability that humans rely on when perform-
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Table 3. Comparison of Contextual Guidance. WER results are
reported for each type individually and accumulatively, without
task expertise and linguistic perturbation.

Contextual Guidance Type
WER (%)

Individual Accumulated

Without 25.03
Speech Title 24.28
Speech Description 24.06 23.46
Speaker Name 24.33 23.30
Speaker Tags 24.57 23.19
Speaker Description 24.22 22.99

ing recognition tasks. We present two implementations of
task expertise(A and B), each with unique prompt and con-
straint. A provides a more coarse-grained specification, B
offers a finer-grained level of detail. Detailed prompts are
provided in Appendix 10.

Table 4 demonstrates the contribution of this experiential
information under various settings, along with correspond-
ing ablations. The effectiveness of it remains robust in the
absence of contextual guidance (see the third and fifth row).
With the contextual guidance of speech title and descrip-
tion, task expertise shows consistent improvement, increas-
ing from 23.46% in Table 3 to 23.18% and 23.09% under
Types A and B, respectively. This enhancement stems from
both the prompting and the output constraints. When either
component is removed, the model’s performance improve-
ment diminishes. The decline is more pronounced when
output constraints are removed, indicating that explicit rea-
soning processes significantly aid the model in recognizing
task-specific characteristics in a manner akin to human cog-
nition. Task expertise can effectively enhance the model’s
deeper understanding of the task, thereby reducing errors.

Table 4. Ablation for Task Expertise. Complete task expertise
includes the full two-step mechanism, while “-task-aware prompt”
and “-output constraint” indicate the exclusion of each respective
component. Contextual guidance* only includes speech title and
description in this table.

Configuration
WER (%)

Type A Type B

without peripheral information 25.03
with contextual guidance* 23.46
Complete task expertise 24.62 24.44
+ contextual guidance* 23.18 23.09
- task-aware prompt 24.83 24.93
- output constraint 24.91 25.02

Linguistic Perturbation. We compare the effects of lin-
guistic perturbations under different settings, with results
presented in Table 5. When incorporating the title and de-
scription of the speech as contextual guidance, training with
perturbation information enables the model to learn how to
filter out disturbances, thereby resulting a lower WER (from
23.46% to 23.12%). In the absence of other peripheral

information, linguistic perturbation still leads to improve-
ments. Furthermore, the results show that both sources of
perturbations enhance the model’s robustness: completely
random generated tokens and extracted fragments from nat-
ural text. Moreover, our Synergy LoRA proves to be more
effective at learning to handle noisy contextual information
compared with vanilla LoRA, further demonstrating the ad-
vantages of this hierarchical design. Further discussion on
linguistic perturbation can be found in Appendix 9.2.

Table 5. Ablation for Linguistic Perturbation. Contextual guid-
ance* here only includes speech title and description.

Linguistic Perturbation Contextual Guidance* LoRA WER (%)

- - - Synergy LoRA 25.03
↭ Random - Synergy LoRA 24.62
↭ Natural text clip - Synergy LoRA 24.65
↭ Random ↭ Synergy LoRA 23.12
↭ Random ↭ vanilla LoRA 24.05

Results on AVSpeech. We further validate our method
on the AVSpeech dataset, which contains large-scale real-
world data with diverse and challenging scenarios. Results
are shown in Table 6. Our method of introducing different
peripheral information as well as Synergy LoRA demon-
strates consistent improvement on this challenging dataset,
reflecting strong generalization capabilities.

Table 6. Results on AVSpeech. We compare the WER under
different configurations. Desc. is video description. Results in
parentheses correspond to the use of vanilla LoRA for comparison
with Synergy LoRA.

Guidance
Expertise Perturbation WER (%)

Title Desc.

- - - - 46.24 (48.83)
↭ - - - 42.51
↭ ↭ - - 41.35

- - ↭ - 44.51
- - - ↭ 45.62

↭ ↭ ↭ ↭ 40.23 (44.58)

5. Conclusion

In this work, we introduced the concept of peripheral in-
formation for VSR, extending beyond the conventional re-
liance on visual cues. To effectively incorporate these aux-
iliary signals, we proposed a hierarchical processing frame-
work that enables the complementary fusion of multimodal
information. Our model demonstrates strong performance
on the widely used LRS3 dataset, while additional experi-
ments on AVSpeech further validate its generalization abil-
ity in complex scenarios. This study offers a broader per-
spective on the role of information beyond visual dynamics
in lip-reading. For future work, exploring richer sources of
peripheral information and seamlessly integrating them into
VSR systems would be an intriguing direction. We hope
this study inspires further research both within and beyond
the domain of visual speech recognition.

3098



Acknowledgements

This work is partially supported by National Natural Sci-
ence Foundation of China (No. U24A20332, 62461160331,
62276247). The authors would like to thank Yuheng Fan,
Zimo Fan, Tianyue Wang, Bingquan Xia and Yuanhang
Zhang for their help in the completion of this work.

References

[1] Triantafyllos Afouras, Joon Son Chung, and Andrew Zisser-
man. Deep lip reading: a comparison of models and an on-
line application. arXiv preprint arXiv:1806.06053, 2018. 1,
2, 6

[2] Triantafyllos Afouras, Joon Son Chung, and Andrew Zisser-
man. Lrs3-ted: a large-scale dataset for visual speech recog-
nition. arXiv preprint arXiv:1809.00496, 2018. 6, 1

[3] Young Jin Ahn, Jungwoo Park, Sangha Park, Jonghyun Choi,
and Kee-Eung Kim. Syncvsr: Data-efficient visual speech
recognition with end-to-end crossmodal audio token syn-
chronization. arXiv preprint arXiv:2406.12233, 2024. 2

[4] Petar S Aleksic, Mohammadreza Ghodsi, Assaf Hurwitz
Michaely, Cyril Allauzen, Keith B Hall, Brian Roark, David
Rybach, and Pedro J Moreno. Bringing contextual infor-
mation to google speech recognition. In Interspeech, pages
468–472, 2015. 1, 2

[5] Yannis M Assael, Brendan Shillingford, Shimon Whiteson,
and Nando De Freitas. Lipnet: End-to-end sentence-level
lipreading. arXiv preprint arXiv:1611.01599, 2016. 2

[6] Ye Bai, Jingping Chen, Jitong Chen, Wei Chen, Zhuo Chen,
Chuang Ding, Linhao Dong, Qianqian Dong, Yujiao Du,
Kepan Gao, et al. Seed-asr: Understanding diverse speech
and contexts with llm-based speech recognition. arXiv
preprint arXiv:2407.04675, 2024. 1, 2

[7] Umberto Cappellazzo, Minsu Kim, Honglie Chen,
Pingchuan Ma, Stavros Petridis, Daniele Falavigna,
Alessio Brutti, and Maja Pantic. Large language models
are strong audio-visual speech recognition learners. arXiv
preprint arXiv:2409.12319, 2024. 6, 3

[8] Oscar Chang, Hank Liao, Dmitriy Serdyuk, Ankit Shahy,
and Olivier Siohan. Conformer is all you need for visual
speech recognition. In IEEE International Conference on
Acoustics, Speech and Signal Processing, 2024. 6

[9] Joon Son Chung and Andrew Zisserman. Lip reading in the
wild. In Asian Conference on Computer Vision, 2017. 2

[10] Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Ab-
hishek Kadian, Ahmad Al-Dahle, Aiesha Letman, Akhil
Mathur, Alan Schelten, Amy Yang, Angela Fan, et al. The
llama 3 herd of models. arXiv preprint arXiv:2407.21783,
2024. 6, 2, 3

[11] Ariel Ephrat, Inbar Mosseri, Oran Lang, Tali Dekel, Kevin
Wilson, Avinatan Hassidim, William T Freeman, and
Michael Rubinstein. Looking to listen at the cocktail party:
A speaker-independent audio-visual model for speech sepa-
ration. arXiv preprint arXiv:1804.03619, 2018. 6, 1

[12] Souheil Fenghour, Daqing Chen, Kun Guo, Bo Li, and Perry
Xiao. Deep learning-based automated lip-reading: A survey.
IEEE Access, 9:121184–121205, 2021. 1

[13] Alan J Goldschen, Oscar N Garcia, and Eric D Petajan.
Continuous automatic speech recognition by lipreading. In
Motion-Based recognition. Springer, 1997. 2

[14] Alexandros Haliassos, Pingchuan Ma, Rodrigo Mira, Stavros
Petridis, and Maja Pantic. Jointly learning visual and audi-
tory speech representations from raw data. arXiv preprint
arXiv:2212.06246, 2022. 1, 6, 2, 3

[15] Alexandros Haliassos, Rodrigo Mira, Honglie Chen, Zoe
Landgraf, Stavros Petridis, and Maja Pantic. Unified speech
recognition: A single model for auditory, visual, and audio-
visual inputs. arXiv preprint arXiv:2411.02256, 2024. 1,
6

[16] Edward J Hu, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li,
Shean Wang, Lu Wang, Weizhu Chen, et al. LoRA: Low-
Rank Adaptation of large language models. In Proc. ICLR,
2022. 5

[17] Christian Huber, Juan Hussain, Sebastian Stüker, and
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