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Abstract—Visual Speech Recognition (VSR) transcribes speech
by analyzing lip movements. Recently, Large Language Models
(LLMs) have been integrated into VSR systems, leading to notable
performance improvements. However, the potential of LLMs has
not been extensively studied, and how to effectively utilize LLMs
in VSR tasks remains unexplored. This paper systematically
explores how to better leverage LLMs for VSR tasks and provides
three key contributions: (1) Scaling Test: We study how the LLM
size affects VSR performance, confirming a scaling law in the
VSR task. (2) Context-Aware Decoding: We add contextual text
to guide the LLM decoding, improving recognition accuracy. (3)
Iterative Polishing: We propose iteratively refining LLM outputs,
progressively reducing recognition errors. Extensive experiments
demonstrate that by these designs, the great potential of LLMs
can be largely harnessed, leading to significant VSR performance
improvement.

I. INTRODUCTION

Visual Speech Recognition (VSR), often referred to as lip
reading, is a technique that transcribes spoken content by
analyzing a speaker’s lip movements [1]–[3]. Typically, a
VSR system takes a silent video containing the speaker’s
lip movements as input and outputs the corresponding text.
VSR has a wide range of real-world applications, including
public safety, assistance for the elderly and hearing-impaired,
and deepfake video detection [4], highlighting its significant
practical value and research importance.

In recent years, substantial progress has been made to
enhance the performance of VSR systems. For example,
Ma et al. [5] proposed a powerful VSR framework that
involves a Conformer [6] as the encoder and a Hybrid
CTC/Transformer [7] as the decoder. They also used a pre-
trained Transformer-based language model [8] to facilitate de-
coding by shallow fusion. Other studies, such as SyncVSR [9]
and AlignVSR [10], leverage the audio modality as auxiliary
information and align the visual and audio streams based
on their temporal synchronization. Recently, some researchers
turned their focus to Large Language Models (LLMs). The
key idea is that the visual information is incomplete in nature,
which means that VSR must rely on external information to fill
up the information gap, especially the language information.
LLMs can provide rich language information via their strong

contextual understanding and language reasoning capabilities,
thus supposedly benefiting VSR. So far, LLMs have demon-
strated significant potential in various vision-text tasks, achiev-
ing remarkable success in video captioning [11]–[14], image
captioning [15]–[17], and other vision-text tasks. Inspired
by these successes, researchers have explored the possibility
to use LLMs in VSR. For example, [18], [19] utilize AV-
Hubert [20] as the visual encoder and replace the traditional
Transformer decoder with a pre-trained LLM. Fine-tuning is
then employed to align the visual and text modalities by
lightweight adaptation algorithms such as QLoRA [21]. While
these methods represent a promising direction, the research
is still limited. For instance, the scaling law of the LLMs
in VSR has not been well studied. Although Cappellazzo et
al. [18] explored the impact of LLM scale on VSR performance
using TinyLlama (1.1B) and Llama3.1-8B [22], these LLMs
are relatively small, leaving the potential of larger-scale LLMs
unexplored. Moreover, we argue that current research in VSR
has yet to fully exploit the exceptional capabilities of LLMs
in contextual understanding and reasoning. More advanced
methods are required to harness their rich linguistic knowledge
and powerful inference abilities.

To fully utilize the potential of LLMs in VSR tasks, this
paper presents a comprehensive study and provides three key
contributions: (1) Scaling Test: We thoroughly study how the
scale of LLMs affects VSR performance and observe a clear
Scaling Law—larger LLMs consistently yield better results
in VSR tasks. (2) Context-Aware Decoding: We introduce
contextual text to guide the LLM during inference, which sig-
nificantly enhances the recognition accuracy, especially when
dealing with homophones and context-dependent sentences. (3)
Iterative Polishing: We design an iterative decoding strategy
that refines the LLM’s output gradually, which further reduces
recognition errors. Our experimental results demonstrate the
great potential of LLMs in advancing VSR tasks and provide
new insights for future research in this domain.

The rest of this paper is organized as follows: Section II
introduces the main architecture of our VSR-LLM system,
followed by the pipelines of our proposed context-aware
decoding and iterative polishing approaches. Section III details
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Fig. 1. Our VSR-LLM architecture.

the experimental setup, and Section IV presents the results and
analyses. Finally, Section V concludes the paper.

II. OUR VSR-LLM ARCHITECTURE

A. Main Architecture

The architecture of our VSR-LLM system is adapted from
[19], and has been illustrated in Figure 1. The input is a
preprocessed silent video containing the mouth area of the
speaker’s face. A Visual Encoder extracts frame-wise visual
features from the input video. The extracted visual features
are then passed through a linear projection layer, referred
to as the Connector, which aligns the dimensionality of the
visual features with the LLM’s embedding space, producing
the video embedding. The LLM also accepts various types
of text prompts, as will be detailed shortly. The input text
prompt is tokenized using a LLM Tokenizer and mapped
into an embedding space, resulting in the text embedding.
To effectively handle multi-modal inputs, we adopt a strategy
inspired by Qwen2-VL [23] that concatenates the text and
visual embedding vectors. Three special tokens are introduced
to perform the concatenation:

• <|endoftext|> marks the end of the textual input;
• <|vision_start|> denotes the start of the visual

input;
• <|vision_end|> indicates the end of the visual input.

These special tokens explicitly delineate textual and visual
modalities. The concatenated embeddings are then fed into
LLMs for training and inference. The main text prompt is
Prompt 1, which specifies the task in the form “Recognize
the sentence as Chinese, INPUT:”.

For the baseline model, a cross-entropy loss function Lbase

is employed for model training, given by:

Lbase =−
L∑

l=1

log p(yl|V, y<l) (1)

where V represents the input video, yl denotes the lth token of
the ground truth transcription, y<l is the sequence of preceding
generated tokens, and L is the total number of tokens of the
ground truth transcription.

The LLM parameters are fine-tuned using the QLoRA
algorithm [21], which enables efficient adaptation of large-
scale language models through low-rank parameter updates.

B. Context-Aware Decoding

A key advantage of LLMs is their capability of taking into
account long-range contextual information, and this has been
utilized by a couple of studies [24]–[26] in speech recognition,
where related texts are involved in the LLM input as extra
context. The related texts could be generated by an LLM or
other annotations, e.g., topics or keywords.

Motivated by these studies, we design a context-aware
decoding strategy in our VSR-LLM framework. Specifically,
we use the text transcription (produced by speech recognition)
of the preceding 30-second video segment as the input of
the LLM, specified by Prompt 2 in Fig. 1. We argue that
incorporating the contextual text enables the LLM to take long-
range contexts into account, thus providing extra information
when decoding the present utterance. We also expect that this
approach is especially effective in disambiguating homophones
and recognizing context-dependent phrases. For instance, vi-
sual cues that correspond to multiple possible transcriptions
(e.g., homophones) can be more accurately resolved with the
additional context.
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The training objective for the context-aware decoding is
defined as follows:

Lcontext =−
L∑

l=1

log p(yl|V, T, y<l) (2)

where T represents the context, i.e., the preceding text in our
case.

C. Iterative Polishing

Current VSR systems typically employ a single-pass de-
coding, where the model generates the transcription in one
forward pass. However, such a single-pass decoding may lead
to suboptimal outputs, as the decoding errors have no chance
of being corrected [27]. To address this issue, we propose an
iterative polishing aproach that allows the model to refine its
outputs over multiple decoding iterations.

As shown in Figure 1, during training, the initial transcrip-
tion is generated using Prompt 3. This preliminary output
is then fed back into the model as auxiliary information to
construct Prompt 4, which asks the LLM to refine the initial
recognition. Through this iterative process, the model learns
self-correction and progressively improves its decoding.

To make the model support iterative polishing, the training
process needs a slight change. Firstly, we need to run the base-
line model to produce the initial result P , and then construct
the training samples by constructing triplets {V, P, Y }. The
objective function is formulated as:

Liter =−
L∑

l=1

log p(yl|V, P, y<l)

−
L∑

l=1

log p(yl|V, y<l) (3)

where P denotes the transcription generated from the first
decoding.

During inference, the model first generates an initial tran-
scription and then refines it through multiple iterations, each
time using the previous output as an additional context. This
process continues until the decoding results in convergence or
a predefined maximum number of iterations is reached.

D. Context-aware Iterative Decoding

To fully leverage the benefits of both context-aware de-
coding and iterative polishing, we further propose a unified
strategy termed context-aware iterative decoding. This method
combines the advantages of contextual information with itera-
tive polishing, further improving the recognition accuracy.

In the first iteration, the prompt is constructed as follows:
Preceding text: {Preceding text}.

Based on the preceding text and the
reference: {None}, recognize this sentence
as Chinese, INPUT:

For the subsequent iterations, the prompt takes into account
the decoding results of the previous iteration:

Preceding text: {Preceding text}. Based
on the preceding text and the reference:
{Previous decoding result}, recognize this
sentence as Chinese, INPUT:

The corresponding training objective for context-aware iter-
ative decoding is:

Lcontext iter =−
L∑

l=1

log p(yl|V, P, T, y<l)

−
L∑

l=1

log p(yl|V, T, y<l) (4)

where T denotes the preceding text, P is the result from the
previous decoding iteration.

During inference, the model leverages both preceding con-
text and iterative decoding. It refines its outputs by several
iterations, using each iteration’s result as input for the next. The
preceding context is presumed to be available1. We will show
that this combination offers further performance improvement.

III. EXPERIMENT SETUP

A. Data

To evaluate the effectiveness of the proposed methods, we
need to select an appropriate dataset that enables LLMs to
demonstrate their potential. Popular VSR datasets like LRS2
and LRS3 [28] contain relatively short video clips (usually
under 10 seconds), limiting the availability of contextual infor-
mation and thus not suitable for demonstrating LLMs’ ability
in context learning. We finally chose the CNVSRC.Single
dataset [29], which provides richer context.

CNVSRC.Single was released as part of the CNVSRC
2023 challenge and contains single-speaker data. The dataset
comprises a training set containing 83 hours of video from
23,064 video clips, a validation set with 10 hours of video
from 2,882 video clips, and a test set with 10 hours of
video from 2,881 video clips. Each video clip (average length
of 13 seconds) is extracted from long videos (averaging 15
minutes) collected from the internet. Additionally, the topics of
these videos are primarily focused on real-time political news,
offering strong domain specificity and contextual coherence.
These features make CNVSRC.Single a suitable dataset to train
and test context-aware models.

For experiments involving context-aware decoding, we ex-
tracted the preceding text for each video clip. Specifically,
a 30-second audio segment preceding each video clip was
retrieved from the raw video and was transcribed into text
using the ASR system recommended by CN-CVS [30]2. The
transcribed audio serves as the preceding text, ranging from 2
to 593 Chinese characters, with an average of 182 characters.

1Our experiments showed that there is not much difference for various types
of contexts, as long as it contains sufficient indicating words for the topic.

2https://github.com/PaddlePaddle/PaddleSpeech
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B. Preprocessing
For data preprocessing, we followed the pipeline of the

CNVSRC 2023 baseline [29]. Specifically, RetinaFace [31]
was firstly applied to detect the facial region in each video
frame. Then, the FAN model [32] was used to extract facial
landmarks, and each detected face was aligned to a standard
reference using these landmarks. Finally, a 96 × 96 region
focusing on the lips was cropped from each aligned frame,
which was then used as the input to the model.

C. Model
For the visual encoder, we employed the pre-trained baseline

model provided by the CNVSRC 2024 challenge for the single
track3. The architecture comprises a ResNet18 backbone for
initial feature extraction, a 3D-CNN layer to capture short-term
spatiotemporal features from lip movements, 8 2D-CNN layers
for enhanced spatial feature extraction, and 12 Conformer
layers to model long-range temporal dependencies and extract
the final visual embeddings.

For the decoder, we compared different models: a 6-layer
Transformer as the baseline and various LLMs, including
Qwen2.5-7B, Qwen2.5-14B, Qwen2.5-32B, and Qwen2.5-
32B-Instruct (an instruction-tuned version of Qwen2.5-32B).
For detailed information on the Qwen LLM family, please refer
to the official documentation [33].

D. Training and Evaluation
All experiments were trained for 17,000 steps using the

Adam optimizer with hyperparameters β1 = 0.9 and β2 =
0.98. Beam search was applied during decoding with a beam
width of 5, a length penalty of 0, and a repetition penalty of
6.

For experiments involving iterative polishing and context-
aware iterative decoding, the number of iterations was set to
1 in the training phase, as ground truth is available during
training, and 4 in the test phase to allow for progressive
refinement.

We used Character Error Rate (CER) as the primary evalu-
ation metric to assess model performance. All datasets, code,
and experimental results are publicly available4.

IV. EXPERIMENTAL RESULTS

A. Results on Scaling Test
We first conduct a Scaling Test to investigate how the LLM

scale affects VSR performance. The input prompt is in the
form of Prompt 1 in Figure 1. The experimental results are
presented in Table I.

Firstly, we can see that LLMs significantly outperform the
Transformer decoder baseline, highlighting the advantage of
employing the strong knowledge distilled from the LLMs.
This observation is consistent with previous studies [18],
[19]. Furthermore, as the scale of the LLM increases, VSR
performance consistently improves, confirming the scaling of
the LLMs in the VSR task.

3http://cnceleb.org/competition
4https://github.com/liu12366262626/VSR-LLM

TABLE I
CER RESULTS WITH DIFFERENT LLM DECODERS ON

CNVSRC.SINGLE.VALID/TEST SETS.

Decoder Valid Test

Transformer 50.53% 49.32%

Qwen2.5-7B 46.48% 45.20%
Qwen2.5-14B 44.30% 42.94%
Qwen2.5-32B 43.87% 42.50%
Qwen2.5-32B-Instruct 43.23% 41.86%

B. Results on Context-Aware Decoding

Next, we evaluate the Context-Aware Decoding (CAD)
strategy to test the in-context learning ability of LLMs in VSR
tasks. Specifically, preceding textual information is provided
in the prompt to guide the LLM during decoding. The input
prompt follows the form of Prompt 2 in Figure 1. The results
are shown in Table II.

It can be seen that adding the preceding text leads to a
significant reduction in CER, indicating that LLMs can effec-
tively leverage the in-context information to infer the speech
content. In addition, the improvements are more pronounced
with the larger Qwen2.5-32B-Instruct model compared to the
smaller Qwen2.5-7B. This aligns with expectations that larger
LLMs have stronger contextual understanding and reasoning
capabilities.

Moreover, through careful post-analysis, we observed that
context-aware decoding effectively leverages in-context learn-
ing to handle challenging cases, such as homophones and
domain-specific terminology. Some of these cases are publicly
available. This confirms the hypothesis that LLMs, by using
context information, can tackle ambiguous scenarios where
visual information alone may be insufficient.

TABLE II
CER RESULTS WITH CONTEXT-AWARE DECODING (CAD) ON

CNVSRC.SINGLE.VALID/TEST SETS.

Decoder Valid Test

Qwen2.5-7B 46.48% 45.20%
+ CAD 44.58% 43.20%

Qwen2.5-32B-Instruct 43.23% 41.86%
+ CAD 40.69% 38.94%

C. Results on Iterative Polishing

We then evaluate the impact of Iterative Polishing (IP) to
assess whether the multi-round decoding can improve VSR
performance by leveraging the LLM’s self-correction abilities.
The prompts are in the form of Prompt 3 and Prompt 4 in
Figure 1. The results are summarized in Table III.

The results show consistent improvements in CER after
iterative polishing, though the gains are relatively limited.
This could be due to the fact that the LLM models are not
extensively fine-tuned on the refinement task.
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TABLE III
CER RESULTS WITH ITERATIVE POLISHING (IP) ON

CNVSRC.SINGLE.VALID/TEST SETS.

Decoder Valid Test

Qwen2.5-7B 46.48% 45.20%
+ IP 45.80% 44.75%

Qwen2.5-32B-Instruct 43.23% 41.86%
+ IP 42.83% 41.35%

D. Results on Context-Aware Iterative Decoding

Finally, we combine the context-aware decoding and itera-
tive polishing strategies into a unified Context-Aware Itera-
tive Decoding (CAID) framework. The corresponding prompts
are presented in Section II-D, and the experimental results are
shown in Table IV.

Compared to the results in Table II and Table III, the
combination of both strategies leads to significant performance
improvements, demonstrating that CAD and IP are comple-
mentary. By leveraging both in-context learning and iterative
polishing, LLMs can more effectively boost VSR performance.

TABLE IV
CER RESULTS WITH CONTEXT-AWARE ITERATIVE DECODING (CAID) ON

CNVSRC.SINGLE.VALID/TEST SETS.

Decoder Valid Test

Qwen2.5-7B 46.48% 45.20%
+ CAID 44.29% 42.87%

Qwen2.5-32B-Instruct 43.23% 41.86%
+ CAID 39.90% 38.18%

V. CONCLUSION

In this paper, we explored the integration of Large Lan-
guage Models (LLMs) into Visual Speech Recognition (VSR).
By a comprehensive experimental study, several interesting
conclusions can be drawn. First, we confirmed the existence
of the LLM’s scaling law in VSR tasks, demonstrating that
larger LLMs consistently yield better recognition performance.
Second, we introduced two key decoding strategies to the
LLM-augmented VSR framework: The first one is Context-
Aware Decoding. By adding preceding textual information to
the prompt, LLMs can utilize global contextual cues, leading
to more accurate transcriptions, particularly for homophones
and specialized terms. The second one is Iterative Polish-
ing. By employing an iterative inference strategy, the LLM
can progressively refine its decoding outputs, effectively self-
correcting the errors of the first decoding, offering overall
performance improvement. Finally, we combined the context-
aware decoding and iterative polishing strategies, leading to
an even stronger VSR performance. Our findings demonstrate
that effectively leveraging LLMs can significantly improve
VSR performance, providing a promising direction for future
research in this field.

Looking ahead, we believe LLMs hold great potential for
advancing VSR as well as its related tasks, such as VTS (visual

speech synthesis). There are lots of studies for the future:
evaluating the generalization capabilities of LLMs on larger
and more diverse VSR datasets, designing a more efficient
and scalable VSR-LLM framework, prompt tuning for LLMs
used in VSR tasks, and effective ways to construct context
information.
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