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Abstract

Lip reading aims to predict spoken language by analyzing lip
movements. Despite advancements in lip reading technolo-
gies, performance degrades when models are applied to un-
seen speakers due to their sensitivity to variations in visual in-
formation such as lip appearances. To address this challenge,
speaker adaptive lip reading technologies have advanced by
focusing on effectively adapting a lip reading model to tar-
get speakers in the visual modality. However, the effective-
ness of adapting language information, such as vocabulary
choice, of the target speaker has not been explored in previ-
ous works. Additionally, existing datasets for speaker adapta-
tion have limited vocabulary sizes and pose variations, which
restrict the validation of previous speaker-adaptive methods
in real-world scenarios. To address these issues, we propose
a novel speaker-adaptive lip reading method that adapts a
pre-trained model to target speakers at both vision and lan-
guage levels. Specifically, we integrate prompt tuning and the
LoRA approach, applying them to a pre-trained lip reading
model to effectively adapt the model to target speakers. Fur-
thermore, to validate its effectiveness in real-world scenarios,
we introduce a new dataset, VoxLRS-SA, derived from Vox-
Celeb2 and LRS3. It contains a vocabulary of approximately
100K words, offers diverse pose variations, and enables the
validation of adaptation methods in the wild, sentence-level
lip reading for the first time in English. Through various ex-
periments, we demonstrate that the existing speaker-adaptive
method also improves performance in the wild at the sentence
level. Moreover, we show that the proposed method achieves
larger improvements compared to the previous works.

Code — https://bit.ly/Personalized-Lip-Reading
Datasets — https://bit.ly/VoxLRS-SA-Dataset
Extended version — https://bit.ly/2409-00986

Introduction
Lip reading, also known as Visual Speech Recognition
(VSR), aims to predict spoken language by analyzing visual
cues from lip movements. It plays a crucial role in enhancing
human communication in bustling cafes, crowded streets, or
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loud factories where audio signals are compromised. Fur-
thermore, it can support individuals with hearing impair-
ments, enabling them to comprehend speech through visual
means. With these practical benefits and the development of
deep learning, we can accurately infer what a speaker says
without a speaker’s voice by utilizing recent lip reading sys-
tems (Shi et al. 2022; Ma et al. 2023; Yeo et al. 2024b).

Despite significant advancements in lip reading technolo-
gies, their performance often declines when applied to un-
seen speakers not included in training data (Assael et al.
2016; Kim, Kim, and Ro 2022). This limitation arises be-
cause lip reading models are inherently sensitive to varia-
tions in lip appearances, movements, and speaking speeds
among different individuals. To address this issue, recent
studies (Kim, Kim, and Ro 2023; He et al. 2024; Luo et al.
2023; Wu et al. 2024) have incorporated speaker adaptation
techniques into lip reading. These techniques aim to adapt
pre-trained lip reading models to unseen speakers by uti-
lizing minimal additional training parameters. Specifically,
these works have applied prompt tuning (Brown et al. 2020;
Zhou et al. 2022) and Low-Rank Adaptation (LoRA) (Hu
et al. 2021) strategies to improve the adaptability and per-
formance of lip reading models on target speakers.

Although recent studies have advanced our understand-
ing of speaker adaptation in lip reading, existing approaches
suffer from several limitations. Firstly, previous works have
focused solely on visual cues for speaker adaptation, over-
looking the role of individual linguistic patterns. While
language-level adaptation for target speakers has demon-
strated effectiveness in the NLP domain (Kolár, yang, and
Shriberg 2007), these effects remain unexplored in speaker-
adaptive lip reading. Secondly, previous studies such as
(Kim, Kim, and Ro 2022) and (He et al. 2024) primarily
utilize the GRID and LRW-ID datasets, which do not ade-
quately capture the complexity of real-world scenarios. As
shown in Table 1, these datasets especially lack pose diver-
sity and have a limited vocabulary size.

To address these limitations, we propose a novel method
to adapt the model to unseen target speakers in vision and
language levels. This methodology comprises two primary
components: 1) For vision level adaptation, the proposed
method adjusts the pre-trained lip reading model to adapt
to the lip appearance, movements, and speaking speed of the

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

9472



Dataset Segment Split # speakers Duration (hrs) # words Pose & Background
Diversity

Transcription
labels

GRID
(Cooke et al. 2006)

Baseline
& Adaptation - 34 27 51 ✗ Sentence

LRW-ID
(Kim, Kim, and Ro 2022)

Baseline Train 17,560 155 500
✓ WordAdaptation Train(Valid) 20 9.6 500

Test 20 9.6 500

VoxLRS-SA

Baseline Train 9,621 1,716 103,418

✓ SentenceAdaptation
Train 20 18.4 10,912
Valid 20 3.4 4,654
Test 20 2.0 3,460

Table 1: Comparison of our dataset with publicly available speaker adaptive lip reading datasets. This table outlines the differ-
ences in dataset configurations across various factors such as the number of words, pose, and background diversity.

target unseen speaker while minimizing the number of train-
ing parameters. 2) For language level adaptation, we aim to
adapt the pre-trained model to an individual’s unique lin-
guistic patterns such as frequent vocabulary choice at the
language level, when predicting the target speaker’s spoken
language.

Specifically, we effectively design the vision-level adap-
tation by employing both padding prompts (Kim, Kim, and
Ro 2022) and LoRA (He et al. 2024) in the visual encoder,
different from previous speaker adaptive lip reading meth-
ods solely relying on prompt or LoRA. Moreover, we focus
on two components within the visual encoder. Initially, the
padding prompt with LoRA is applied to the spatial encod-
ing stage, which is crucial for adapting to the lip appearances
of the target speaker. Subsequently, it is applied to the tem-
poral encoding stage, enabling the model to better account
for variations in lip movement speeds and styles specific to
each speaker, thus enhancing the model’s accuracy in cap-
turing dynamic visual cues. For language-level adaptation,
we apply input prompt tuning to a decoder based on the fact
that input-level modification of pre-trained models are effec-
tive for adapting them to different tasks (Brown et al. 2020;
Zhou et al. 2022). With input prompt tuning, the decoder
learns the probability of language modeling specific to the
speaker when predicting the spoken language of the target
speaker.

To validate our proposed speaker adaptation method in
real-world scenarios, we introduce a new dataset named
VoxLRS-SA, derived from VoxCeleb2 (Chung, Nagrani, and
Zisserman 2018) and LRS3 (Afouras, Chung, and Zisserman
2018) datasets. Together, these sources consist of about 1700
hours of YouTube videos, and as a result, VoxLRS-SA natu-
rally captures diverse speaker poses and contains a rich vo-
cabulary. Moreover, the VoxLRS-SA dataset combines the
strengths of its parent datasets: LRS3, which includes text
transcription labels but lacks specific speaker information,
and VoxCeleb2, which provides detailed speaker informa-
tion but does not include text transcriptions. To address these
gaps, we utilize a pre-trained Automatic Speech Recognition
(ASR) model (Radford et al. 2023) to generate automatic
text labels (Ma et al. 2023; Yeo et al. 2024c) for the Vox-
Celeb2 dataset. Additionally, we employ a face recognition
technology (Serengil and Ozpinar 2024) to generate speaker
information for the LRS3 dataset.

The key contributions of this paper are as follows: 1) To
the best of our knowledge, this is the first speaker adaptive
lip reading method leveraging multimodal information at vi-
sion and language levels and exploring its effectiveness in
the wild sentence-level lip reading. Moreover, the proposed
method effectively adapts to a target speaker by employing
both prompts and LoRA approaches. 2) We introduce the
VoxLRS-SA dataset to validate speaker adaptive lip read-
ing methods in the wild, sentence-level lip reading in En-
glish. It contains diverse poses and a vocabulary size of ap-
proximately 100K. 3) Through comprehensive experimen-
tal validation on the VoxLRS-SA dataset, we show that pre-
vious speaker-adaptive approaches also improve sentence-
level performance in real-world settings. Furthermore, our
newly proposed adaptation method surpasses previous meth-
ods in improving outcomes when tailored to specific target
speakers.

Related Work
Lip Reading
Lip reading is the task of predicting spoken language by ana-
lyzing visual cues from lip movements. This technology has
significantly advanced with the development of deep learn-
ing and the availability of large-scale audio-visual lip read-
ing databases.

In word-level lip reading, the introduction of publicly
available datasets such as LRW (Chung and Zisserman
2017) and LRW-1000 (Yang et al. 2019) has been crucial.
Based on these databases, (Stafylakis and Tzimiropoulos
2017) designed 3D convolutional layers and 2D ResNet ar-
chitectures as the front-end, with LSTM networks as the
back-end. Additionally, two-stream networks, which utilize
both raw video and optical flow, have been proposed by
(Xiao et al. 2020; Weng and Kitani 2019). Some works
(Kim, Yeo, and Ro 2022; Yeo, Kim, and Ro 2023) have used
audio signals to enhance the visual representations by learn-
ing visual-to-audio mapping in the memory network.

In sentence-level lip reading, the release of the large-scale
LRS2 (Afouras et al. 2018) and LRS3 (Afouras, Chung,
and Zisserman 2018) databases has been important in En-
glish. With the development of these datasets, an end-to-end
model trained using Connectionist Temporal Classification
(CTC) loss (Graves et al. 2006) was proposed by (Assael
et al. 2016). Subsequently, (Son Chung et al. 2017) devel-
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oped a model utilizing the Seq2Seq architecture (Sutskever,
Vinyals, and Le 2014), and further architectural enhance-
ments were achieved by (Afouras et al. 2018) with the imple-
mentation of the Transformer model (Vaswani et al. 2017).
Recently, state-of-the-art models (Ma, Petridis, and Pan-
tic 2021) have employed a joint CTC/Attention (Watanabe
et al. 2017) loss with the Conformer (Gulati et al. 2020)
architecture. (Shi et al. 2022; Haliassos et al. 2022) uti-
lized audio-visual data to train backbone models in a self-
supervised manner and proved its effectiveness. In the con-
text of other languages, LIP-RTVE dataset (Gimeno-Gómez
and Martı́nez-Hinarejos 2023) provides a resource for auto-
matic lip reading in continuous Spanish in the wild, featur-
ing both speaker-independent and speaker-dependent parti-
tions. Furthermore, with the development of self-supervised
learning using audio-visual data, (Kim et al. 2024, 2023)
have begun to explore lip reading technologies for multiple
languages.

Although there has been great development in lip reading,
these systems suffer from degraded performance when ap-
plied to unseen speakers not included in the training dataset,
due to individual variations in lip appearances and move-
ments. Therefore, it is necessary to explore speaker adap-
tation techniques to narrow the performance gap between
seen and unseen speakers in lip reading. However, existing
datasets (Kim, Kim, and Ro 2022; Cooke et al. 2006) for
speaker-adaptive lip reading do not cover real-world scenar-
ios for English, due to their limited vocabulary size and lack
of pose diversity. To address this issue, we propose a novel
dataset VoxLRS-SA, which contains about 100K vocabulary
size and diverse pose videos.

Speaker Adaptation
Speaker adaptation (Miao, Zhang, and Metze 2015) was pri-
marily developed for Automatic Speech Recognition (ASR).
An early work (Liao, McDermott, and Senior 2013) fine-
tuned various parts of the network to adapt the model to a
target speaker. Other studies (Li and Sim 2010; Seide et al.
2011) suggested adding speaker-dependent layers to a pre-
trained model. In (Swietojanski and Renals 2014), speaker-
dependent vectors were added to all pre-trained hidden lay-
ers to adjust them for the test speaker. To provide addi-
tional inputs that vary by speaker, (Abdel-Hamid and Jiang
2013b,a; Xue et al. 2014) proposed speaker codes. Recently,
works (Klejch et al. 2019; Huang et al. 2020) have explored
the utilization of meta-learning and speech synthesis for
speaker adaptation, respectively.

In contrast to the efforts for speaker adaptation in ASR,
only a few works handled speaker adaptation for lip read-
ing. Motivated by the traditional speaker adaptation methods
(Anastasakos, McDonough, and Makhoul 1997; Gopinath
1998) of ASR, (Almajai et al. 2016) introduced utilize these
works into lip reading. Recently, (Kim, Kim, and Ro 2022)
proposed adapting the CNN layer of a visual encoder to the
speaker’s unique features, such as the shape of the lips, by
using user-dependent padding. Moreover, (Kim, Kim, and
Ro 2023; He et al. 2024) developed speaker adaptive lip
reading by adapting the visual encoder to target the speaker
at the input, spatial, and temporal levels. (Li et al. 2024; Wu

et al. 2024) proposed using lip landmarks to mitigate the
sensitivity of lip reading systems to individual variation in-
formation such as lip appearances.

Prior work has concentrated primarily on visual cues for
speaker adaptation, overlooking the importance of individ-
ual linguistic patterns. (Kolár, yang, and Shriberg 2007;
Guz et al. 2010) have utilized a speaker’s lexical pattern
for dialogue act and sentence segmentation tasks. However,
leveraging linguistic cues has not yet been integrated into
speaker-adaptive lip reading. By incorporating multimodal
information, we improve speaker-specific adaptations, pro-
viding a more holistic approach to speaker adaptation.

Method
In this paper, the primary goal of our proposed method is
to leverage individual characteristics at both the vision and
language levels to improve the understanding of speaker-
specific information, thereby offering a more comprehensive
approach to speaker adaptation.

Recent work (Yeo et al. 2024a) proves that the LLM’s
context modeling capability is particularly effective in lip
reading systems. Motivated by this, we employ this frame-
work as our baseline lip reading model. As illustrated in
Figure.1, the architecture of the lip reading model consists
of two components, a visual encoder for modeling spatio-
temporal information from lip movements, and an LLM as a
decoder for predicting the sentence by taking visual features
as input. To adapt the pre-trained lip reading model to tar-
get speakers, we propose a two-fold approach that addresses
both the vision and language levels.

Vision Level Adaptation
The visual encoder of the pre-trained lip reading model con-
sists of two parts: the front-end F , which has a CNN-based
architecture that encodes spatial information, and the back-
end B, which has a Conformer-based architecture that mod-
els temporal dependencies between lip sequences. Based on
these two modules of the visual encoder, we specifically aim
to adapt the visual encoder to lip appearances, movements,
and the speaking speed of target speakers via vision-level
adaptation.

Given the speaker-specific training dataset for speaker
adaptation τ = {(xi, yi)}Ni=1, where xi ∈ RT×H×W×C is
the lip movements video of the target unseen speaker, T is
the frame length of the video, yi is the text transcriptions
corresponding to its lip movements, and N is the number
of training samples. To adapt the appearances of the target
speaker, a padding prompt (Kim, Kim, and Ro 2023) and
LoRA (Hu et al. 2021) are employed in the CNN layer of
the front-end. These learnable parameters enable the front-
end to adapt to the target speaker without any modifications
to the pre-trained weights. Specifically, the padding prompt
p replaces the zero padding of the CNN layer. At the same
time, the CNN layer is reconstructed with the low-rank de-
composition matrices. With these two additional parameters,
the spatial information encoding process can be formulated
as follows: fs = Fθ,p(xi), where fs ∈ RT×D spatial fea-
ture of lip movements, D is the embedding dimension of the
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Projector
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Vision Level Adaptation
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Token Embedding
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𝑊𝑊𝐾𝐾
𝑊𝑊𝑉𝑉

How do you know for sure?
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Text Instruction Tokens
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Input
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Figure 1: Overview of the proposed lip reading model architecture illustrating dual adaptation strategies. Visual level adaptation
employs padding prompts and LoRA at the front-end for unique lip features and at the back-end for lip movement speed and
style. Language level adaptation uses input prompt tuning to learn the language modeling probability of each speaker.

front-end, θ indicates the weights of the front-end with the
trainable parameters constructing the low-rank decomposi-
tion matrices, and p indicates the replacement zero-padding
with the padding prompts in the front-end.

For a better modeling of the speaker-specific temporal in-
formation such as speaking speed, the back-end needs to be
adjusted. In order to effectively adjust without pre-trained
weights of the back-end, LoRA is also utilized in the back-
end. Specifically, LoRA is applied to the attention layer to
learn the temporal dependencies between any two positions
of speaker-specific lip movements. It can be formulated as
follows: fv = Bθ(fs), where fv ∈ RT×D is a visual fea-
ture containing spatio-temporal information of lip move-
ments, and θ indicates the weights of the back-end with the
trainable parameters constructing the low-rank decomposi-
tion matrices. The visual features encoded from the visual
encoder are fed into the projector, to align it with the em-
bedding space of the LLM. These aligned visual features
are denoted as f ′

v ∈ RT×DL , where DL is the embedding
dimension of LLM. With the frozen LLM taking aligned vi-
sual features as input, the predicted sentence ŷi is obtained.
From this prediction, the cross entropy loss L = CE(ŷi, yi)
is calculated, and the visual encoder is optimized to adapt to
the target speaker at the vision-level.

Language Level Adaptation
Speaker-specific characteristics encompass not only visual
cues such as the appearance of lips but also linguistic pat-

terns, including preferred vocabulary choices. Since indi-
viduals exhibit unique linguistic patterns, the likelihood of
specific sequences of words occurring varies from person
to person. To learn these speaker-specific linguistic patterns,
our approach utilizes an input prompt tuning motivated by
(Brown et al. 2020; Zhou et al. 2022; Lester, Al-Rfou, and
Constant 2021).

Specifically, given that the visual feature f ′
v is already

aligned with the embedding space of the LLM, the in-
put prompts, as trainable parameters, are concatenated with
these features along the temporal dimension and then fed
into the LLM as input. Consequently, the input prompt is
designed to have the same dimension as that of the LLM
embedding space dimension and can be denoted as pi ∈
RNp×DL , where Np is the length of the prompts. With the
self-attention layers in the LLM and model temporal de-
pendencies between input prompts and visual features, these
prompts can influence speaker-specific sentence predictions.
It can be formulated as follows: ŷi = D(pi ⊕ f ′

v), where the
⊕ is the concatenate function and D represents the LLM
functioning as the decoder for sentence prediction. In ad-
dition, the input prompts are trained to predict more ac-
curate language modeling probabilities for specific speak-
ers using target speaker data. This objective is achieved by
minimizing the cross-entropy loss, which can be formulated
as L = CE(ŷi, yi), which optimizes the input prompt for
language-level adaptation.
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Split Data
Information

Speaker Number

S1 | S2 S3 | S4 S5 | S6 S7 | S8 S9 | S10 S11 | S12 S13 | S14 S15 | S16 S17 | S18 S19 | S20

Train
# videos 280 | 261 281 | 291 268 | 280 297 | 283 294 | 253 308 | 316 286 | 304 279 | 315 302 | 322 305 | 317

Duration(min) 45.05 | 45.06 45.09 | 45.13 45.08| 45.12 45.10 | 45.05 45.12 | 45.26 45.05 | 45.00 45.07 | 45.01 45.10 | 44.99 45.00 | 45.05 45.09 | 45.06

# words 1585 | 1489 1796 | 1645 1433 | 1409 1535 | 1671 1466 | 1614 1535 | 1400 1637 | 1394 1344 | 1560 1548 | 1409 1485 | 1423

Valid

# videos 94 | 85 78 | 83 74 | 74 68 | 66 74 | 63 71 | 61 68 | 62 52 | 60 47 | 42 38 | 44

Duration(min) 14.07 | 13.87 13.01 | 12.01 11.83 | 11.46 11.51 | 11.30 11.16 | 10.77 10.31 | 9.66 9.46 | 9.22 8.5 | 8.27 7.66 | 6.00 5.92 | 5.85

# words 774 | 720 800 | 731 657 | 641 674 | 726 655 | 692 591 | 569 619 | 548 483 | 540 507 | 444 441 | 392

overlap ratio 0.33 | 0.27 0.26 | 0.25 0.27 | 0.27 0.28 | 0.25 0.28 | 0.27 0.24 | 0.28 0.24 | 0.25 0.23 | 0.21 0.22 | 0.21 0.19 | 0.20

Test

# videos 41 | 35 35 | 41 35 | 43 33 | 50 34 | 41 37 | 41 40 | 34 44 | 43 35 | 42 39 | 46

Duration(min) 6.12 | 6.10 6.15 | 6.10 6.04 | 6.09 6.08 | 6.12 6.09 | 6.08 6.12 | 6.10 6.16 | 6.10 6.16 | 6.15 6.15 | 6.15 6.11 | 6.15

# words 461 | 425 507 | 459 427 | 438 425 | 419 419 | 491 396 | 468 499 | 396 368 | 425 402 | 438 473 | 388

overlap ratio 0.18 | 0.18 0.18 | 0.17 0.21 | 0.20 0.17 | 0.18 0.20 | 0.19 0.18 | 0.20 0.16 | 0.19 0.19 | 0.18 0.19 | 0.21 0.20 | 0.19

Table 2: Detailed data information of 20 test speakers in VoxLRS-SA

VoxLRS-SA
To validate the effectiveness of the proposed method in real-
world scenarios for English, we develop the VoxLRS-SA
dataset based on LRS3 and VoxCeleb2 datasets. While the
widely used LRS3 dataset for sentence-level lip reading in
the wild includes human-annotated transcription labels, it
does not contain Speaker ID information for each video. In
contrast, the VoxCeleb2 dataset includes Speaker ID infor-
mation but does not provide text transcriptions. To address
this gap, we generate the speaker ID information for the
LRS3 dataset by using face verification (Kim, Kim, and Ro
2022) and make pseudo text labels for the VoxCeleb2 dataset
by employing a pre-trained ASR model (Ma et al. 2023; Yeo
et al. 2024c).

Automatic Labels in VoxCeleb2 Recent works (Ma et al.
2023; Yeo et al. 2024c) have demonstrated that a lip read-
ing model trained using automatically generated transcrip-
tions through a pre-trained ASR model performs similarly
to one trained with human-annotated labels. Motivated by
these works, we utilize the Whisper (Radford et al. 2023)
ASR model to generate automatic labels for the videos clas-
sified as the English portion of the VoxCeleb2 dataset. Then,
we choose 20 speakers who have more than 50 minutes of
video content to construct the test and adaptation (or valida-
tion) sets. Additionally, we manually clean the text transcrip-
tions of the test set to accurately evaluate the effectiveness
of the speaker adaptation method.

Speaker ID information annotation Since the pseudo-
labels are generated using the pre-trained ASR model, their
transcription quality may be worse than human-annotated
labels. To mitigate this issue, we combine VoxCeleb2 with
the LRS3 dataset, which contains manually annotated tran-
scriptions corresponding to 433 hours of videos.

Since the LRS3 dataset does not include speaker ID infor-
mation, we first generate the speaker ID information for both
datasets using a method similar to the one described in (Kim,
Kim, and Ro 2022), employing a face recognition model.
Since there may be overlapping speakers between the two
datasets, we take the following approach: For each video in
LRS3 and VoxCeleb2, we divide the video into three equal
segments and extract one face image from each segment.

Then, we employ the Facenet (Serengil and Ozpinar 2024)
face recognition model to encode the facial images into fea-
tures of speaker information. To identify overlapping speak-
ers between the two datasets, we compare the feature vectors
from LRS3 and VoxCeleb2. This comparison is done using a
similarity measure, such as cosine similarity, to identify the
overlapping speakers.

Experimental Setup
Dataset
VoxLRS-SA is divided into two parts corresponding to each
purpose. Firstly, the Baseline part of VoxLRS-SA is de-
signed to train the baseline lip reading model. This train-
ing dataset is composed of 1.7K hours of video data from
about 9K speakers. Secondly, the Adaptation part is pro-
posed to adapt the pre-trained lip reading model to the tar-
get speaker and evaluate the effectiveness of the adaptation
method. For this purpose, we construct the Adaptation part
with 20 speakers, which do not overlap with the 9K speakers
of the Baseline part. The train split contains video data vary-
ing from 45 minutes per speaker, and the test and val sets
contain about 5 minutes of data for each of the 20 speakers.
The detailed data information is shown in Table 2.
VoxCeleb2 (Chung, Nagrani, and Zisserman 2018) is a
speaker verification dataset. It contains only speaker infor-
mation for over 6,000 speakers and 2,442 hours of multilin-
gual videos. By referring to the (Shi et al. 2022), we utilize
an English portion, which amounts to 1,326 hours.
LRS3 (Afouras, Chung, and Zisserman 2018) is a widely
used sentence-level lip reading dataset comprising 433 hours
of English talking face videos and human-annotated tran-
scriptions. These talking face videos are collected from TED
and TEDx talks, thus contain diverse poses.

Implementation details
Preprocessing By following a preprocessing process (Ma
et al. 2023), we crop the mouth region from talking face
videos into a size of 96 pixels in both width and height. We
employ RetinaFace (Deng et al. 2020) to detect facial land-
marks and crop the mouth region based on these landmarks.
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For data augmentation (Shi et al. 2022), horizontally flipping
and randomly cropping are used.
Architecture The design of our visual encoder incorporates
a conformer architecture, configured with an embedding di-
mension of 768, 12 attention heads, a feed-forward dimen-
sion of 3072, and 12 blocks. The configuration of the trans-
former decoder, which is used for pre-training the visual en-
coder, includes an embedding dimension of 768, 8 attention
heads, a feed-forward dimension of 3072, and 9 blocks. We
employ the LLaMA3-8B (Touvron et al. 2023) model as the
LLM for our proposed method.
Baseline Lip Reading Model We initialize the visual en-
coder with weights from a pre-trained lip reading model
trained on the LRS3 dataset (Ma et al. 2023). The visual
encoder is fine-tuned alongside a transformer decoder from
scratch on the Baseline part of the VoxLRS-SA dataset. Dur-
ing the first stage of training, we employ a tri-stage learning
rate with a peak learning rate of 1e-3, warmup steps of 10K,
decay steps of 20K, and utilize 8 NVIDIA RTX 3090 GPUs
with a maximum frame count of 1800 and gradient accu-
mulation set to 4. In a further step of our experiment, we
replace the transformer decoder with the frozen LLaMA3-
8B model, continuing the training on the same datasets. In
this second stage of training, we adopt a cosine learning rate
strategy with a learning rate of 5e-5, total training steps of
30K, and a warmup period of 0.5K steps, using a batch size
of 1 and increasing the gradient accumulation to 8.
Speaker-Adaptive Lip Reading Model For vision-level
adaptation, a number of training steps is set to 300, and use
a cosine learning rate scheduler without warmup. The learn-
ing rate begins at 1e-4 and gradually decreases to a mini-
mum of 1e-5 over 5000 update periods. The LoRA config-
uration includes a rank of 8 and a scaling factor of 16. The
target modules for LoRA adaptation are the convolutional
layer, a query, a key, and a value in the self-attention layer.
For language-level adaptation, the visual encoder is kept
frozen to focus adaptation efforts on the language model.
The LoRA configuration is applied to the attention layers
of the LLM, specifically targeting the query, key, and value
components. The number of training updates is set to 70.

Experimental Results
Baselines for comparisons
Since this is the first work to explore the effectiveness of
speaker-adaptive lip reading at the wild sentence level in
English, we have established comparison methods including
previous word-level speaker-adaptive methods and full fine-
tuning methods to validate the effectiveness of the proposed
method.
LoRA (Hu et al. 2021) is a currently widely used technique
for computationally efficient fine-tuning. We set three types
of adaptation methods based on LoRA. The V LoRA and L
LoRA are adapting the visual encoder at vision level adap-
tation and LLM at language-level adaptation, respectively.
Padding Prompt (Kim, Kim, and Ro 2022) utilize addi-
tional speaker-specific input in the convolution layer of the
visual encoder. It enables the speaker-specific input to mem-
orize the visual characteristics of the target speaker.

Method
Trainable Params

WER(%)
Encoder Decoder

Baseline 181.3M∗ 8B∗ 47.3

Vision-Level Adaptation

V LoRA +0.6M - 42.5

Padding Prompt +0.1M - 42.9

Fintune-F 11.2M - 42.8

Fintune-B 170.1M - 40.2

Finetune-F&B 181.3M - 40.0

Ours +0.7M - 41.5

Language-Level Adaptation

L LoRA - +4.7M 44.7

Ours - +0.04M 44.1

Vision-and-Language-Level Adaptation

Finetune-F&B 181.3M +0.04M 39.6

Ours +0.7M +0.04M 40.9

Table 3: This table compares the WER performance (↓)
for various speaker-adaptive training strategies, detailing
changes in trainable parameters for the encoder and decoder.
∗ indicates the number of total parameters.

Finetune By following (Kim, Kim, and Ro 2023), we fine-
tune three parts. Finetune-F and -B are fine-tuning the front-
and back-ends of the visual encoder, respectively. Finetune-
F&B is fine-tuning the whole part of the visual encoder.

Comparison with the previous method at Vision
and Language Levels Adaptation
Table 3. provides details of experiments conducted to evalu-
ate different training strategies in speaker adaptive lip read-
ing. The baseline method consists of a considerable number
of parameters, with 181.3 million in the encoder and 8 bil-
lion in the decoder, resulting in a Word Error Rate (WER) of
47.3%.

In the vision-level adaptation, we compare the proposed
method with V LoRA, Padding Prompt, and three types
of full fine-tuning to validate the effectiveness. V LoRA
and Padding Prompt added a small amount of trainable pa-
rameters (0.6M and 0.1M, respectively) but achieved im-
provements in WER, reducing it to 42.5% and 42.9%, re-
spectively. The full-fine-tuning methods Finetune F, B, and
F&B, obtained substantial reductions, with results of 42.8%,
40.2%, and 40.0%, respectively. While these methods adapt-
ing the back-end modules show superior performances, they
require training over 170M parameters. In contrast, our
proposed method achieves a WER of 41.5% by training
only 0.7M parameters. It is worth noting that the proposed
method outperforms the Finetune-F method, which utilizes
11.2M parameters.

In the language-level adaptation, we have kept the param-
eters of the visual encoder frozen to focus on verifying the
effectiveness of adapting speaker-specific language informa-
tion. We compare the proposed method, which utilizes in-

9477



Adapt
Min

Speaker Number
Mean(↓)

S1 | S2 S3 | S4 S5 | S6 S7 | S8 S9 | S10 S11 | S12 S13 | S14 S15 | S16 S17 | S18 S19 | S20

Baseline 42.2 | 43.1 59.5 | 48.2 32.7 | 83.8 41.9 | 80.4 32.3 | 64.9 49.3 | 37.0 66.9 | 31.8 33.5 | 48.2 53.3 | 31.0 29.6 | 35.9 47.3

1 min 43.7 | 44.9 53.0 | 44.1 39.3 | 71.5 44.1 | 76.4 31.5 | 58.4 47.5 | 36.6 57.3 | 29.4 37.8 | 48.0 56.0 | 31.7 36.6 | 35.7 46.2

5 min 40.9 | 42.7 50.5 | 41.3 30.9 | 68.5 43.9 | 70.5 29.8 | 56.5 44.1 | 37.7 57.5 | 28.4 33.4 | 45.2 52.6 | 28.8 29.4 | 34.4 43.4

15 min 39.6 | 39.4 50.8 | 42.0 28.3 | 69.9 41.8 | 71.1 29.1 | 55.2 45.7 | 36.7 53.9 | 27.5 32.0 | 44.4 51.4 | 28.3 29.0 | 33.1 42.5

30 min 37.9 | 38.7 51.9 | 41.7 26.8 | 67.9 40.2 | 66.7 29.7 | 55.9 42.1 | 34.8 55.1 | 28.3 32.8 | 43.9 48.1 | 26.0 28.2 | 32.2 41.4

45 min 35.4 | 38.1 48.6 | 39.6 27.5 | 64.7 41.2 | 67.1 29.9 | 55.0 44.1 | 34.0 54.1 | 27.5 31.6 | 43.2 50.2 | 27.1 28.5 | 30.7 40.9

Table 4: WER performance (↓) across different adaptation durations: This table shows the WER for 20 speakers, across different
adaptation durations from 1 up to 45 minutes. Each duration denotes the total length of the video sample used for adaptation.

put prompt tuning, with the LoRA-based approach. By em-
ploying the LoRA approach in the LLM for language level
adaptation, we obtain a WER of 44.7%. With the proposed
method, a WER of 44.1% is achieved by using only 0.04M
learnable parameters. Despite the proposed method utilizing
fewer parameters compared to the LoRA approach, it shows
better performance.

In the vision-and-language level adaptation, we compare
the proposed method with the Finetune F&B, which shows
the best performance in the vision-level adaptation. For a
fair comparison, we also apply the language-level adapta-
tion on Finetune F&B using our input prompt. The results
are shown in the lower part of Table 3. With the Fine-
tune F&B adaptation method, a WER of 39.6% is achieved,
which is the best performance in these experiments. The pro-
posed method achieves a marginally higher WER of 40.9%
than Finetune F&B by utilizing adaptations on both vision
and language levels for the target speaker. Despite showing
marginally lower performance compared to Finetune F&B,
the proposed method has the advantage of using only 0.74M
parameters, which is less than 0.1% of the number of param-
eters of Finetune F&B.

Analysis of Adaptation Duration Effects on Lip
Reading Performances
One of the challenges in speaker-adaptive lip reading is that
it is not easy to collect sufficient data for the target speaker.
Therefore, we validate the effectiveness of the proposed
method by using a small amount of adaptation data corre-
sponding to 1 and 5 minutes. Moreover, in order to verify the
effectiveness according to the amount of adaptation data, we
additionally conduct experiments by utilizing 15, 30, and 45
minutes of adaptation data.

Table 4 illustrates the effect on target speaker lip read-
ing performance according to variations of the amount of
speaker-specific data, across 20 speakers. The WER perfor-
mances of a baseline across 20 speakers range widely, with
the lowest WER observed at 29.6 and the highest at 83.8,
demonstrating variability in pre-trained baseline lip reading
model accuracy across different speakers. The overall mean
WER for the baseline is calculated at 47.3.

When we apply the proposed method across 20 speak-
ers, the average performance is increased in all settings, re-
gardless of the amount of adaptation data. Specifically, the

speaker-adaptive lip reading model trained using 1-minute
speaker-specific data achieves an average of 46.2% WER,
which is 1.2% better than the baseline. However, the per-
formance of some speakers is worse than the baseline. This
result is different from (Kim, Kim, and Ro 2022), which
shows that 1 minute of adaptation data is enough to improve
the performance of all speakers in word-level lip reading.
In sentence-level speaker adaptive lip reading, it seems that
there is a need to be over 1 minute of speaker-specific data,
to adapt the pre-trained model to the target speaker.

By analyzing the results when using 5 minutes of speaker-
specific data, the performance of the adaptive lip reading
model outperforms that of the baseline for 19 out of 20
speakers. In other words, utilizing 5 minutes of speaker-
specific data is enough to adapt the pre-trained model to tar-
get speakers. The adapted model achieves an average WER
of 43.4%, which is a 3.9% improvement to the baseline
model. Overall, employing more speaker-specific training
data up to 45 minutes improves the average WER without
saturation of performances, as seen in the average WERs of
42.5%, 41.4%, and 40.9% for 15, 30, and 45 minutes, re-
spectively.

Conclusion
This study has introduced a novel speaker-adaptive lip read-
ing method that can be adapted to specific target speakers
at both the vision and language levels. Specifically, we have
adapted the visual encoder to the visual information of the
target speaker, such as lip appearances and speaking speed,
by using padding prompts and LoRA. Moreover, we have
also adapted the LLM to speaker-specific language infor-
mation by utilizing input prompt tuning for language-level
adaptation. To validate the effectiveness of the proposed
method, we have introduced a novel VoxLRS-SA dataset
that expanded the vocabulary size and poses variations, com-
pared to previous speaker-adaptive datasets in English. The
experimental results have shown the necessity of speaker-
adaptive lip reading in real-world scenarios. Moreover, our
method not only improves sentence-level lip reading by us-
ing only a small amount of data but also outperforms exist-
ing speaker-adaptive methods. These findings suggest that
incorporating both visual adaptation and language-specific
characteristics of speakers can substantially benefit lip read-
ing technologies.
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