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Abstract

In this work, we show that a large pre-trained ASR model
can be adapted to perform lip-reading. Our method enables
an ASR model like Whisper to interpret lip movements in a
video and output text transcriptions. We achieve this by learn-
ing a cross-modal mapping from a lip sequence to a speech se-
quence, allowing a pre-trained ASR model to directly perform
lip-reading. The mapping can be learnt simply by backpropa-
gating the cross-entropy loss on the text labels through the pre-
trained, frozen ASR model. We achieve an impressive gain of
5.7 WER in the low data regime on the LRS3 benchmark over
previous lip-reading methods. Finally, we demonstrate that the
same strategy can be extended to other visual speech tasks, such
as identifying the spoken language in silent videos.

Index Terms: speech recognition, lip reading

1. Introduction

The advent of foundational models has brought to light previ-
ously unexplored dimensions of deep learning’s ability to gen-
eralize. Large models pre-trained on massive datasets achieve
state-of-the-art performance on a wide range of downstream
tasks. Even more remarkably, these models also demonstrate
strong cross-modal learning capabilities [1, 2, 3].

In this paper, we study the cross-modal generalization ca-
pabilities of a pre-trained automatic speech recognition (ASR)
model like Whisper [4] for the highly challenging task of vi-
sual speech recognition (lip-reading). This allows us to lever-
age the speech modeling capabilities of state-of-the-art ASR
models. ASR models can be trained on massive audio datasets
and learn to form compact latent speech representations that are
then decoded into text. Therefore, in order to learn a strong lip-
reading model, we can rely on a pre-trained ASR model for the
speech and language modeling and need only focus on learning
two things specific to the visual modality: a good visual rep-
resentation, and a module for mapping the visual features into
a speech-like representation. This approach paves the road to
much more sample-efficient learning for lip-reading, which is
important because publicly available transcribed video datasets
are orders of magnitude smaller than their audio counterparts.
For instance, among the public datasets, VoxPopuli [5] consists
of 400K hours of multi-lingual speech data, whereas LRS3 [6],
the most commonly used public lip-reading benchmark contains
only about 400 hours. In addition to sample-efficiency, using a
pre-trained ASR model provides an additional benefit of sav-
ing computational resources for training, as a large part of the
model is reused.

The essence of our approach to lip-reading is to replace
the audio input sequence of a pre-trained ASR model with the
visual input sequence of a talking face, while maintaining the

speech transcription abilities of the pre-trained ASR model. We
study the recently released Whisper ASR model [4], which is
based on a vanilla Transformer encoder-decoder architecture
using audio spectrograms as input, and has been trained on 680k
hours of weakly-labelled audio speech data.

Our contributions are: (1) re-purposing a large-scale,
frozen, pre-trained ASR model to perform lip-reading; (2)
achieving state-of-the-art results on the standard lip-reading
benchmarks, and (3) demonstrating that our approach can
be successfully extended to the visual language identifica-
tion task, obtaining a significant improvement over previous
methods. Please follow the website for demo samples and
code release: https://www.robots.ox.ac.uk/~vgg/
research/whisperer

2. Related Work
2.1. Lip reading

The advent of deep learning, along with the creation of larger
datasets such as LRW [7], LRS2 [8] and LRS3 [6] has led
to rapid development of strong machine lip reading models in
the past few years. Sentence-level lip reading methods fol-
lowed two main paradigms, borrowed from the machine trans-
lation and ASR literature, namely sequence-to-sequence [9] and
CTC [10, 11], as well as hybrid approaches [12]. The sequence
learning architecture has also evolved from LSTMs to Trans-
formers [13], to recent works using Conformers [14, 15, 16]
that can model both the local information and long-term tempo-
ral information.

Self-supervised learning for lip reading. Following the trend
in speech recognition [17, 18, 19, 20], there have been many
works [21, 22, 23] that learn audio-visual speech representa-
tions from unlabeled videos. These models are data-efficient —
they can be fine-tuned with far fewer video-text pairs to achieve
a much better performance. The most prominent one among
them is AV-HuBERT [23] which learns representations by pre-
dicting masked cluster assignments. In this work, we adapt
these AV-HuBERT features to condition a pre-trained ASR
model like Whisper.

Utilizing ASR for lip-reading. Over the years, efforts have
been made to leverage ASR models to enable lip-reading train-
ing. For example [24] obtain noisy text labels for training by
running an ASR on the accompanying audio. A similar data-
efficient and scalable approach was shown by Auto-AVSR [25],
which obtained impressive performance gains by pre-training
on large amounts of videos labeled with noisy transcripts from
a pre-trained ASR. Although our method also relies on a pre-
trained ASR model, we follow a different approach: we do not
merely use ASR as a labeling tool — the ASR is the key compo-
nent of the lip-reading model itself. This idea is by no means a



new one, previous methods [26, 27] have shown that ASR mod-
els can be adapted for lip-reading. However, they achieve a far
worse performance and employ additional pre-training strate-
gies and loss functions to match the audio and video features.
Our approach is straightforward and much faster to train — we
directly train for lip-reading using limited video-text pairs and
achieve a superior performance as shown in Table 1. Our ap-
proach is easily extensible to solve additional tasks (Section 6).

2.2. Visual language Identification

Language identification is a well-studied problem [28, 29] as it
is the first step for multi-lingual ASR. With the recent efforts be-
ing made towards multi-lingual lip-reading [16, 30], identifying
the spoken language from lips becomes an important task. Few
modern works exist in this space with more recent ones [31]
aggregating lip-reading representations with shallow temporal
processing networks, followed by simple classifier heads.

3. Method

In this section, we describe our approach. Our goal is to show
that we can adapt a pre-trained ASR model to lip-read, by map-
ping visual features representing lip movements into the same
space as the ASR model’s audio features. In this paper, we real-
ize this goal using the Whisper ASR model [4]. An overview of
the approach is given in Fig. 1. It consists of three major parts:
(1) a visual feature encoder, (ii) a cross-modal mapping net-
work, and (iii) a pre-trained ASR network, which is the Whisper
model in our case. We explain each of the three parts below.

3.1. Visual backbone

Our lip reading network’s input is a silent video clip of T
frames, & € RT*#XW*3 We use a pre-trained AV-HuBERT-
Large model [23] to extract the visual features for this input.
It consists of two modules: (i) A ResNetl8-like CNN, and a
(i) Transformer encoder, both of which are trained in a self-
supervised manner through masked cluster prediction. The
video input sequence is divided into sub-clips of 5 frames (i.e.
0.2s) with a unit frame stride. The sub-clips are then processed
by a ResNet18-like CNN architecture, where only the first CNN
layer is spatio-temporal. The CNN outputs 1" feature vectors,
one per input frame: f € RT*¢, where C' = 1024 in our im-
plementation. The feature sequence f is processed by a series
of Transformer encoder layers after a linear projection to give
the visual features genc € RT*C. Note that we obtain our
visual features without any text supervision.

3.2. Cross-modal mapping network

Given the visual features genc, we would like to now map them
to the space of the ASR model’s audio features. We start by re-
sampling the video features to match the number of time-steps
in the audio stream. In the case of Whisper, the audio input is
at twice the frame rate (50 FPS) of the video input stream, so
visual inputs are simply repeated along the time dimension in
order to match the audio time-steps. We denote the time-steps as
T instead of 27" for simplicity. The re-sampled visual features
(genc) are passed through a cross-modal mapping network M,
which consists of an an MLP and a stack of N Transformer
encoder layers to map these features to Whisper’s audio space.
The output of the mapping network hernc can be directly fed
into the pre-trained ASR model.

hene = M(genc + PEl:T) € RTXC-
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Figure 1: Proposed lip reading network. Given a silent video
clip, we first encode it using a pre-trained AV-HuBERT encoder
consisting of a ResNetl8 followed by a Transformer encoder.
The obtained visual features are temporally up-sampled (not
shown in the figure for simplicity) and passed through a cross-
modal mapping network to obtain inputs that can be fed into
a pre-trained Whisper model. The frozen Whisper model out-
puts text transcriptions. Only the mapping network (specified
by open lock) is trained.

where PFE is the temporal position embedding.

3.3. Conditioning the ASR with visual inputs

The next step is to condition the ASR with the mapped features
henc. We briefly describe the ASR we use below.

Whisper architecture. Whisper inputs audio mel-spectrogram
features and embeds these using a stack of convolutional lay-
ers to get the initial audio feature vectors A € R7*P. These
are then processed by a Transformer encoder network to get
Acne = Wene(A) € RT*P A Transformer decoder is
used to auto-regressively decode the text tokens s while cross-
attending to Aene. We use Whisper-medium in all our experi-
ments and keep the Whisper model weights frozen.

Feeding the mapped visual features to Whisper. There are
several possibilities for feeding in the mapped visual features
henc to Whisper. We found that feeding henc in place of A,
i.e., directly to the start of the Transformer encoder of Whisper
(Wenc) gives the best results. Thus, the conditioning of Whis-
per on the visual features henc to transcribe the text sequence
s can be expressed as follows:

Tgec

logp(5|henc) = Z logp(5t| Wenc(henc)7 Sl:t—l) (1)

t=1

The output sequence s is represented in Byte-Pair-Encoding
(BPE) tokens, exactly the same as the ones used by the Whisper
model [4]. At inference, we perform a left-to-right beam search
of width B = 40. We do not perform any test-time augmenta-
tions and do not use any external language models.



3.4. Training objective

We maximise the log likelihoods of the text transcriptions by
optimising the following objective:

L= _]E(a:,s*)ED lng(S*|iE) (2)

4. Experiments
4.1. Data

The visual feature extractor from AV-HuBERT is pre-trained
on the English split of VoxCeleb2 [32] and LRS3 [6], a total
of 1759 hours of unlabeled video data. Our model is trained
and evaluated on the largest publicly available sentence-level
lip-reading dataset, LRS3 [6]. LRS3 contains clips from over
5,000 TED and TEDx talks in English, available on YouTube,
totalling 475 hours. The manual text transcriptions were au-
tomatically aligned to the audio using force-alignment to yield
word boundaries; these word alignments enable training at any
granularity. The dataset is split into pretrain (403h), trainval
(30h) and test sets. For the low-resource setting, we use only the
LRS3-trainval set of 30h, as also done in [23]. The models are
evaluated on the LRS3 test set containing 1,321 samples. Both
LRS3 and VoxCeleb have been created using a detection and
tracking pipeline that produces clips loosely cropped around
the speaker’s talking head. All videos are available at 25 fps,
accompanied with audio at 16 kHz. We follow AV-HuBERT’s
official code to extract tight mouth ROIs from the face tracks.
The transcripts are tokenized with Byte-Pair Encoding (BPE) in
the exact same manner as done in Whisper’s official code.

4.2. Implementation details

We now provide the implementation details of our best perform-
ing model. We use AV-HuBERT Large as our visual feature
extractor. The pre-trained model weights are obtained by opti-
mizing for the self-supervised clustering objective on 1759 hrs
of unlabeled video data from LRS3 [6] and the English split
of VoxCeleb2 [32]. The feature encoder consists of a ResNet18
followed by 24 transformer encoder layers with a hidden dimen-
sion of 1024 and 16 heads. Our mapping network M consists of
(1) an MLP with two FC layers with ReLU activation and Layer
Normalization, and (ii) a N = 3 layer Transformer encoder.
The feature dimensions and the number of heads match that of
the Whisper’s encoder, which is C' = 1024, heads = 16. For
the Whisper model, we use Whisper-medium-English, whose
weights are also publicly available. We use the Adam opti-
mizer [33] with an initial learning rate of 5¢~°. The learning
rate is reduced by 5 every time the WER on the LRS3 validation
set does not improve for 2 consecutive epochs, with a minimum
learning rate of 1le~%. We finetune the AV-HuBERT encoder
at this minimum learning rate for two epochs and choose the
checkpoint with the best validation word error rate. We clip
all gradients to have a maximum L2 norm of 0.1. The training
takes only a few hours on 4 Tesla V100 GPUs.

5. Results
5.1. Quantitative scores

In Table 1, we compare our method with the previous works
on the LRS3 test set. We categorize the previous works in
Table 1 into three groups. The first two groups use only pub-
licly available text transcripts for training and evaluation such
as LRS2 [8], LRS3 [6]. The first group consists of models that

Method Unlabeled (hrs) Labeled (hrs) WER (%)
Fully Supervised models with publicly available data
ASR distillation [24] - 590 68.8
Conv-Seq2Seq [34] - 855 60.1
Discriminative AVSR [35] - 590 57.8
Hyb. + Conformer [14] - 590 433
VTP [36] - 698 40.6
Self-supervised pre-training + Supervised finetuning

ASR distillation [24] 334 590 59.8
. 433 30 71.9
LiRA [37] 1,759 433 49.6
LiteVSR [27] 639 59 45.7
30 32.5

AV-HuBERT Large [23] 1,759 433 236
SynthVSR [38] 3,652 438 27.9
Auto-AVSR [25] 1,759 433 25.0
. 30 31.2
Lip2Vec [26] 1,759 433 26.0
30 25.5

Ours 1,759 433 243

Trained on large-scale non-publicly available datasets

Deep-AVSR [9] - 1,519 58.9
Large-scale AVSR [11] - 3,886 55.1
RNN-T [39] - 31,000 33.6
VTP [36] - 2,676 30.7
ViT-3D [40] - 90,000 17.0
Synth-VSR [38] 3,652 3,068 16.9
LP[15] - 1,00,000 12.5

Table 1: WER (%) of our models and the comparison with prior
works on the LRS3 test set. Among the different approaches
trained on similar number of hours of labeled data, our method
gives clear improvements.

are trained only with text supervision. The second group in-
volves a mix of self-supervised representation learning and/or
ASR-aided training, followed by finetuning with manually an-
notated clean transcripts. The third and final group are methods
that use large, proprietary datasets for training.

Our method falls into the second category. We consider two set-
tings, depending on the amount of labeled data used for training.
In the 30hrs setting, we achieve a WER of 25.5, which is 5.7
WER points better than the next best model (31.2) at this data
scale. Our best model that uses 433hrs of labeled data achieves
a WER of 24.3, surpassing all other approaches that train us-
ing the same datasets. Thus, our approach is particularly useful
when there is limited video-text paired training data.

5.2. Whisper decoder’s cross-attention heatmaps

We now investigate how the pre-trained Whisper model behaves
when we feed in (i) audio input to perform ASR, (ii) the mapped
visual features (henc) to perform lip-reading. We specifically
visualize the cross-attention heatmaps between the text tokens
and the input source (audio or video). Figure 2, plots the cross-
attention heatmaps for a sample from the LRS3 test set for audio
and video inputs. It can be seen that, except for a few minor
differences, the attention plots are strikingly similar, indicating
that the Whisper’s text decoder is able to interpret the input from
different modalities in a similar manner.



LRS3 Test Sample 2: we can create a decentralized database that has the
same efficiency of a monopoly

Audio Input Video Input

100 100

0 0
00 25 50 75 100 125 150 17.5 20.0 00 25 50 75 100 125 150 17.5

Figure 2: Whisper’s cross attention map for a specific decoder
layer’s attention head. X-axis denotes the text tokens. Y-axis
denotes the input source time-steps which can be either audio
(ASR) or video (lip reading). The cross-attention plot are very
similar across modalities, indicating that the decoder is not dis-
tinguishing between the modalities.

5.3. Ablation studies

In the arXiv version of the paper, we provide ablations of our
approach, analysing the various design choices such as: (i) the
right place to feed the visual features to Whisper, (i1) which
mapping network is the best, (iii) how the size of the Whisper
model affects the lip-reading performance, (iv) does fine-tuning
the ASR model help? We also analyze the performance of our
model against various sequence lengths.

6. Extending to Visual Language
Identification

We demonstrate that our approach can be easily extended to an-
other task that Whisper is proficient at: language identification.
Given a speech input, Whisper has been trained to identify the
language of the speech in addition to transcribing what is being
spoken. Similar to our re-purposing of Whisper for lip-reading,
we show that we can identify the language spoken purely from
the lip movements, i.e. visual language identification [31].
Dataset. Due to the lack of public benchmarks for this task, we
show results by creating train-val-test splits on the LRS3-lang+
dataset [31]. This dataset contains 14 languages sourced from
19k TEDx talks on YouTube. We split the dataset into 85-5-10
for train-val-test splits. We ensure that the same TEDx talk is
not repeated across the splits to ensure there is no overlap of
content or speakers. Details on the distribution of the languages
in the dataset is provided in the original paper [31] and also in
the arXiv version of the paper.

Approach. We follow the same approach as we did for
lip-reading, with only a few minor changes. We now
switch from a monolingual (English) Whisper model to the
multi-lingual variant. For example, when given a French
speech, the multilingual Whisper model would output a tran-
scripts like <|fr|><|transcribe|> Chacun voit midi a sa porte.
<|endoftranscript|>. For this task, we would like to output only
the first token, which gives us the language code. Thus, the
task of language identification is cast as a sequence-to-sequence
task, where the input can be speech (visual or audio) and output
is the language code.

Implementation details and Evaluation. We follow the same
hyper-parameter settings that we use for the lip-reading model.
We train on 1-5 second clips. At test-time, we evaluate on clips
of lengths up to 5 seconds. We use the average class accuracy

(chance: 7%) to measure the model’s performance.

Figure 3: Row-normalized Confusion matrix of the language
identification predictions on the test set. The languages are as
follows: (‘ko’ : Korean), (‘ar’ : Arabic, (‘tr’ : Turkish), (‘ja’ :
Japanese), (‘zh’ : Mandarin), (‘it’ : Italian), (‘en’ : English),
(‘pt’ : Portugese), (‘de’ : German), (‘es’ : Spanish), (‘el’ :
Greek), (‘ru’ : Russian), (‘fr’ : French), and (‘pl’ : Polish).

The current best model [31] evaluates on Ss clips and reports
a mean class accuracy of 67.2%. Unfortunately, the authors
did not release the train-test splits to directly compare with this
score. On our test split, which can contain clips of less than
5s (which makes it harder due to shorter segments), we achieve
a mean class accuracy of 78.7%, which is already far better
than the previously reported performance. We also show the
confusion matrix across the different languages in Fig 3. En-
glish and Spanish are by far the most accurate of the languages,
presumably because there are more training data for these two
languages. Italian seems to be a very difficult language, often
being confused with Portuguese, Spanish or French. The visual
language identification results serve as a strong evidence that
our approach can be extended to solve several other lip-related
tasks that Whisper performs with audio inputs.

7. Conclusion and extensions

We present an approach that employs an ASR model to achieve
state-of-the-art performance in lip-reading. Our method is also
well-positioned to make use of the rapid ongoing progress in
large-scale speech recognition models [23, 41, 22]. We believe
that this work is only the tip of an iceberg — it is yet to be ex-
plored if we can adapt the visual features to the full range of
Whisper’s capabilities other than English speech recognition
and language identification: (i) multi-lingual lip-reading, (ii)
visual speech detection (detecting the speech time-steps), (iii)
visual speech-to-text translation (e.g. English lip movements to
German text), and (iv) conditioning on a larger context. We be-
lieve that our approach can have an impact across all these tasks,
especially when there is a scarcity of labeled data.
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