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Abstract: Speech recognition approaches typically fall into one of three categories: audio, visual, and
audio-visual, with each traditionally trained separately. Visual speech recognition or lip reading is
the most difficult because visual cues are ambiguous and data is scarce. To address these challenges,
we present a new multi-task audio-visual speech recognition or MultiAVSR framework for training a
model on all three types of speech recognition simultaneously with the primary goal to improve visual
speech recognition. Unlike prior works which use separate models or complex semi-supervision, our
framework employs a supervised multi-task hybrid Connectionist Temporal Classification/Attention
loss cutting training exaFLOPs to just 18% of semi-supervised multitask models. MultiAVSR achieves
state-of-the-art visual speech recognition word error rate of 21.0% on the LRS3-TED dataset. Further-
more, it exhibits robust generalization capabilities, achieving a remarkable 44.7% word error rate on
the WildVSR dataset. Our framework also demonstrates reduced dependency on external language
models which is critical for real-time visual speech recognition. For the audio and audio-visual tasks,
our framework improves the robustness under various noisy environments with average relative word
error rate improvements of 16.8% and 30.8% respectively. These improvements across the three tasks
illustrate the robust results our supervised multi-task speech recognition framework enables.

Keywords: speech recognition; visual speech recognition; automatic speech recognition; lip reading

1. Introduction

Audio or automatic speech recognition (ASR) has been highly integrated into modern personal
electronics. In particular, due to the rise of digital assistants, ASR has been hailed as the future of
human-computer interfaces. However, these exciting advancements and aspirations have not been
fully realized due to several key inherent limitations of ASR. Modern ASR models achieve near-human
accuracy in quiet environments or synthetic clean speech, but their word-error rates (WER) often
grow by an order of magnitude—routinely from < 5% to 25-60% — when evaluated in realistic noisy
environments such as public places, moving vehicles, busy office environments [1-3]. Audio-visual
speech recognition (AVSR) greatly improves recognition accuracy in noisy conditions by leveraging
visual information [4-6], much like humans rely on visual cues when background noise masks the
acoustic signal [7]. These AVSR approaches effectively mitigate the impact of noise, often reducing the
WER to below 10% [4,5,8], with further potential for improvement toward matching the performance
achieved with clean audio.

Despite substantial improvements in noisy conditions, AVSR is rarely integrated into personal
electronic devices, likely due to the practical challenges posed by camera placement and head posi-
tioning requirements [9,10]. This challenge is mitigated in head-worn devices, such as earbuds and
mixed reality (MR) headsets, due to the presence of fixed sensors [11-13]. The deployment of AVSR in
head-worn devices to enhance speech recognition performance represents a promising new application
that, to our knowledge, has not yet been implemented in any commercially available device.

Studies have found that the largest inhibitors to individual adoption of ASR-enabled digital
assistants are privacy concerns regarding audio data use and fears of private conversations being

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0000-0002-0484-090X
https://orcid.org/0000-0003-1752-8146
https://doi.org/10.20944/preprints202505.0540.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 May 2025

2 0f 13

overheard [14-17]. The issue of being overheard is a common complaint of ASR not just for privacy’s
sake but also for disrupting nearby individuals [16,17]. Cowan et al. found that "social embarrassment"
is one of the primary reasons individuals avoid digital assistant [16]. Visual speech recognition (VSR)
or lip reading eliminates the need for vocalization by relying entirely on visual cues, offering the
potential to significantly reduce concerns related to privacy and social embarrassment associated with
current speech recognition technologies.

Despite its potential to address speech recognition challenges, VSR remains significantly less
accurate than ASR and AVSR, exhibiting word error rates that are often orders of magnitude higher
compared to ASR and AVSR. Differentiating speech based solely on lip movements is challenging
as multiple phonemes can map to the same viseme, resulting in visually indistinguishable patterns.
Additionally, due to the widespread adoption of ASR, ASR datasets are significantly more common
than those for AVSR and VSR, resulting in limited availability of high-quality training data for AVSR
and VSR methods.

Given the substantial potential to advance the adoption of speech recognition and digital assistant
systems, this work primarily focuses on improving VSR accuracy and robustness. Additionally, our
methods enhance noise robustness for both AVSR and ASR tasks, further demonstrating the broad
applicability and value of our methods.

Our contributions are as follows:

1) We present a new supervised speech recognition framework for training across audio speech
recognition (ASR), visual speech recognition (VSR), and audio-visual speech recognition (AVSR) tasks
simultaneously, achieving a remarkable VSR result of 21.0% WER on the LRS3 dataset among models
trained on under 3,000 hours of data.

2) We introduce a multi-task hybrid Connectionist Temporal Classification (CTC)/Attention
loss that enables direct multi-task training across ASR, VSR, and AVSR tasks. This loss significantly
enhances VSR performance while mitigating the high computational demands of multi-task self-
supervised learning, demonstrating a 5.4 x computational efficiency improvement compared to self-
supervised multi-task approaches [18].

3) We demonstrate that supervised multi-task speech recognition models exhibit strong general-
ization, achieving an impressive 44.7% WER on the WildVSR dataset [19] among models trained on
under 3,000 hours of data and by being less reliant on external language models.

4) We demonstrate that our multi-task training approach significantly reduces the reliance on
external language models, a critical advancement for enabling faster and more efficient real-time VSR.

5) We show that our supervised multi-task framework improves the ASR and AVSR tasks when it
comes to performance in noisy environments, achieving relative improvement of 16.8% and 30.8%,
respectively, compared to the state-of-the-art single-task approaches that are trained on 1.75x more
data [4].

2. Related Work
2.1. Self-Supervised Methods

To overcome data scarcity, researchers increasingly adopt self-supervised methods allows for
the use of large amounts of unlabeled corpora. In VSR, this capability enables the use of the audio
modality of existing corpora [6,18,20-23] as well as large unlabeled audio-visual corpora [24,25].

Ma et al. proposed LiRA, one of the first self-supervised VSR method for sentences. The model
is initially trained to predict auditory features with visual features as input [23]. This model is then
fine-tuned in a supervised manner to predict text. They found this self-supervision to improve WER
by 1.7% on the LRS2 dataset [26] compared to a fully supervised baseline.

Building off of masked language model training such as BERT [27], Shi et al. proposed an audio-
visual hidden unit BERT (AV-HuBERT) network that learns to predict audio, audio-visual and visual
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features that are masked out of the input sequence. This network is then fine-tuned for the ASR
and VSR tasks separately. AV-HuUBERT improved VSR WER performance by 6.7% compared to a
supervised model that was trained on thousands times more data [28].

While these and other self-supervised methods bolster strong VSR performance by taking advan-
tage of audio and unlabeled data there are some downsides. Djilali et al. found that self-supervised
methods required ~ 3.6 times more training compute (exaFLOPS) than supervised methods [19]. While
self-supervised methods have proven effective in addressing data scarcity by leveraging audio data to
enhance VSR performance, their reliance on complex pretraining and fine-tuning pipelines often results
in significant computational overhead, highlighting the need for our efficient multi-task supervised
multi-task approach. They additionally highlighted that self-supervised struggle to generalize to the
WildVSR dataset compared to fully supervised methods.

2.2. Supervised Methods

Serduyk et al.[29] and Makino et al.[28] perform supervised learning to get impressive results
thanks to over 90 thousand hours of proprietary VSR data. Without these large proprietary datasets,
recent works have used synthetic data generation [30], architectural improvements [31], and pseudo-
labeling of publicly available data [4] to improve performance.

To combat scarce public data availability, Ma et al. used a pretrained ASR model [32] to pre-label
audio-visual datasets that were previously only usable by self-supervised methods [4], VoxCeleb2
[24] and AVSpeech [25]. This automatically labeled data increased the training dataset size by four
times to 3.4 thousand hours and resulting in a 13.9% reduction in WER and largely outperforming
self-supervised methods. Concurrent to this work, Ahn et al. added an audio reconstruction loss with
the traditional CTC loss and attention loss [31]. This comparatively reduced the WER by 2%.

These methods show that VSR performance can be improved using audio data in a supervised
approach without requiring compute-expensive self-supervised training. Our method similarly takes
advantage of audio data but in a multi-task framework enabling a single model to do all three SR
tasks and yielding superior VSR accuracy and greater robustness across all three tasks in real-world
scenarios.

2.3. Multi-task Methods

Hsu et al. proposed the first self-supervised multi-task model [22]. They pretrained a single model
on AVSR, ASR, and VSR data pseudo labeled produced by the ASR data. After fine-tuning solely on
the ASR task, the model nevertheless achieves impressive zero-shot AVSR and VSR performance, even
though no labeled visual data was provided during training.

Concurrent to our work, Haliassos et al. proposed a single model to perform audio, visual and
audio-visual speech recognition in a semi-supervised manner [18]. This multi-task framework uses
unsupervised pretraining and fine-tune with semi-supervised learning. Adding to the complexity,
in both pretraining and fine-tuning, a student-teacher model is used that increases computation cost
greatly. This complex training achieves an impressive WER of 21.6% on the LRS3-TED dataset [33] but
requires 5.4 x more training compute compared to our supervised multi-task method.

Although multi-task training itself is not new, we introduce the first supervised multi-task frame-
work that surpasses all prior approaches on VSR while demanding substantially less computational
budget. Furthermore, our method generalizes substantially better on the WildVSR benchmark [19], a
domain where supervised models typically excel.

3. Methods

To take advantage of feature-rich audio data, we propose a supervised multi-task framework.
This framework adapts the state-of-the-art Auto-AVSR [4] method to simultaneously support VSR,
AVSR and ASR. As depicted in Figure 1, our approach introduces shared multi-task conformer encoder,
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transformer decoder, and CTC projection layer. These shared components enable knowledge transfer
from the audio and audiovisual tasks to the more challenging VSR task, while conversely allowing
the VSR task to strengthen AVSR and ASR models by encouraging more robust use of audio features.
This cross-modal transfer ultimately improves performance under noisy conditions. This unified
framework not only streamlines the training process compared to self-supervised multi-task training
[18,22] but also taps into the data-rich audio signals available, ultimately driving more robust and
accurate VSR predictions without introducing unnecessary complexity.

3.1. Architecture

Many recent state-of-the-art AVSR supervised methods [4,30,31] have adopted the off the shelf
conformer sequence-to-sequence (CM-seq2seq) architecture [34]. Due the success of this architecture
and it’s subsequent adaptation, we adopt this basic structure. See Figure 1 for an overview of our
architecture. More concretely, the audio backbone consists of a 1D ResNet18, the visual backbone
consists of a 3D CNN followed by a 2D Resnet18 model. The typical AVSR CM-seq2seq architecture
employs two separate Conformer encoders [35] to process visual and audio features independently. In
contrast, our multi-task framework utilizes a shared Conformer encoder for both modalities, which
substantially improves VSR performance while causing only minor reductions in ASR and AVSR
performance (see Table 1). For the decoding strategy, we adopt the transformer decoder and CTC
projection layer used to perform the hybrid CTC/Attention loss. For all multi-task trainings, the
encoder, decoder and CTC layers are shared across all SR tasks.

Table 1. Effect of task composition and parameter sharing on recognition accuracy. Word-error rate (WER %) for
visual (VSR), audio (ASR) and audio-visual (AVSR) speech recognition under different multi-task configurations.
Each row toggles (X/v') the presence of the three training objectives (columns 1-3) and the use of a common
conformer encoder (column 4). All models share the Transformer decoder and CTC projection layer and are
trained on 438 hours of data from LRS3-TED. Lower values indicate better performance.

Training Tasks Shared Encoder WER (%)
VSR ASR AVSR VSR ASR AVSR
v X X X 42.0 - -
X 4 X X - 2.3 -
X X 4 X - - 2.3
v 4 X X 412 21 -
v v X v 322 25 -
v X 4 v/ 36.9 - 3.7
v v v v 311 24 2.5
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Figure 1. MultiAVSR framework overview. The raw audio and visual inputs are passed through their respective backbones and through a shared conformer encoder to create task specific
representations. For the AVSR task, the audio and visual feature representations are fused into a AVSR feature representation. These task specific feature representations are passed into the CTC layer
and transformer decoder for loss calculation during training and text prediction for evaluation.
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3.2. Multi-Task Training

Our multi-task framework enables the simultaneous training of ASR, VSR, and AVSR, enhancing
robustness across all three tasks. While multi-task speech recognition has been explored previously
[18,22], our framework introduces a novel, simpler, and more computationally efficient approach that
achieves superior VSR performance. These improvements are achieved by shared parameters with the
ASR and AVSR tasks. Given that the primary objective is to enhance VSR performance, we investigate
which combinations of training modalities yield the largest VSR improvement. Table 1 shows that
adding both the ASR and AVSR tasks to the training tasks leads to the largest improvement with a
drop in WER from 42.0% to 31.1% . While this multi-task training improves VSR performance due to
knowledge transfer, it slightly reduces ASR and AVSR performance. This trade-off is acceptable, as
ASR and AVSR are inherently easier tasks with high baseline accuracy, and our multi-task framework
ultimately improves their robustness to noise, as discussed in Section 5.4.

3.3. Loss

The final component of the model architecture is the multi-task hybrid CTC/Attention loss.
Instead of using a complex loss function to learn from audio data [18,20-22,31,36], we propose a simple
and effective approach. We simply aggregate the commonly employed hybrid CTC/ Attention loss
[34] across all tasks to incorporate multiple tasks in the same training.

Let x() with length T represents the input sequence, output from the shared Conformer encoder,
for task i € {v,a,av}, representing VSR, ASR and AVSR respectively. The target sequence y =
[y1,Y2,-..,yr] is shared across all tasks, representing the ground-truth transcription of length L. For
each task, we define the probabilities used in the CTC and Cross-Entropy Attention (CE) losses as
follows. The CTC loss L(Ci)TC is computed based on the probability: pcrc(y|x®) = [T, p(y:|x®)
where p(y;|x(?)) is the probability of the target label at time ¢ given the input sequence x(). The CE loss
Lg])E utilizes the probability: pcg (y|x\)) = [T, p(yily<;, ) where y; = [y1,y2, ..., y;_1] represents
all previous tokens before position I. We compute the total CTC and CE losses by summing over all
tasks:

Lere = Y logperc(ylx)  Leg = Y log per(ylx™) (1)
i i
Our final loss function is a weighted combination of these total losses:
Liotar = aLere + (1 —a)Leg ey

where & is a hyperparameter that balances the contributions of the CTC and CE losses which is set to
0.1 for all experiments.

This adjustment to the hybrid CTC/ Attention loss [34] facilitates multi-task learning in a straight-
forward and effective manner, significantly improving VSR results. Preliminary experiments prove
that our simpler multi-task hybrid CTC/ Attention loss function obtains better VSR performance than
more complex loss functions similar to those proposed in prior work [18,31,36].

4. Experimental Setup
4.1. Datasets

For training MultiAVSR we use the LRS3-TED [33], LRS2 [26] and VoxCeleb2 [24] datasets. LRS3-
TED was extracted from TED talks and contains 408, 30 and 0.9 hours of lip reading data in the
pre-training, training-validation and test sets respectively. LRS2 is a AVSR dataset consisting of 223
hours from BBC television broadcast data. VoxCeleb2 is a dataset commonly used for audio speaker
recognition. It thus does not contain ground true transcripts. To obtain transcripts for the VoxCeleb2
dataset, we follow the Auto-AVSR method [4] using the large-v3 Whisper model [32] for language
detection and audio transcription yielding 1,307 hours of AVSR data. We conduct three experimental
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trainings, firstly, with only the LRS3-TED pretraining and training-validation sets (438 hours), secondly
with LRS3-TED + LRS2 (661 hours) and finally LRS3-TED + LRS2 + VoxCeleb2 (1,968 hours). We
conduct evaluation experiments on the test set of the LRS3-TED dataset [33] and the newly released
WildVSR dataset [19]. The WildVSR test set is used to evaluate whether VSR networks generalize
beyond the LRS3-TED test set. It contains 4.8 hour of individuals speaking in YouTube videos.

4.2. Pre-Processing and Augmentation

For data pre-processing and augmentation, we follow the methods of Ma et al. [4]. For visual data,
the face is localized using RetinaFace [37] and cropped to the lower portion of the face with the lips
in the center at a resolution of 96x96, the image is then grayscaled (see Figure 1 for example images).
During training the images are augmented with randomly cropping to a 88x88 section and adaptive
time masking. During inference the images are cropped to the 88x88 center pixels. For auditory data,
the raw waveform is used without pre-processing. During training adaptive time masking is applied
and babble noise from the NOISEX dataset [38] is added at one of the following SNR levels [-5 dB, 0
dB, 10 dB, 15 dB, 20 dB, co dB].

4.3. Implementation Details

We generally use the same model setup as Auto-AVSR [4]. Our 1D Resnet18 audio backbone, 3D
CNN + 2D Resnet18 visual backbone, audio-visual fusion MLP, shared conformer encoder, shared
transformer decoder, and shared CTC projection layer have 4M, 11M, 19M, 170M, 64M and 4M
parameters respectively, summing to a total of 274M. The conformer encoder and transformer decoder
have 12 and 6 layers, respectively, with 768 input dimensions, 3,072 feed-forward dimensions and 12
attention heads.

Typically, VSR networks have a pretraining phase where the model is trained on shorter video
clips to prepare the model for longer more difficult sequences. This process is called curriculum
learning and is widely used by VSR and AVSR methods [4,26,34,36,39]. As such, we pre-train all our
models with a learning rate of 7 x 10> on samples less than 4 seconds long in the LRS3-TED dataset
[33] for 75 epochs on 8 A100 GPUs. Following the curriculum learning, we fine-tune all models on full
length videos in the given datasets for 75 epochs on 8 A100 GPUs with a learning rate of 1 x 1073. All
trainings use the AdamW optimizer with a cosine learning rate schedule with a warm-up of 5 epochs.

4.4. Language Model

Many VSR methods employ a transformer-based language model (LM) trained on large corpora of
text to improve outputs at evaluation time [4,18,30,31,36]. For LM experiments, we use the pre-trained
transformer based LM from [36], consisting of 54 million parameters trained on 166 million characters
of text. The weight of the language model is included in the prediction scoring as follows: §§ =
argmax, .y {alog pcre(y[x) + (1 — «)log pce(y[x) + plog pum(y) } Where 7 is the predicted output
tokens, « is the CTC weight which is set to the same value as during training (0.1) and S is the relative
weight of the language model. B is set to 0.2 for our LM experiments.

5. Results
5.1. Comparison to the Latest Methods

Our VSR results compared to the latest methods on the LRS3 and Wild VSR test sets are presented
in Table 2. When comparing the LRS3-TED results, MultiAVSR outperforms all other methods with less
than 3,000 hours of training data on LRS3 with a WER of 21.0%, improving upon the concurrent work
SyncVSR [31] and USR [18] which both achieve 21.5%. Using Auto-AVSR as the principal baseline,
our model lowers the WER by 2.4 percentage points [4]. In the 438 and 661 hour tests, MultiAVSR
outperforms all other methods by a larger margin as can be seen in Table 2.
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Comparison to the semi-supervised multi-task USR method [18] yields interesting analysis. Our
supervised multi-task model achieves a 0.5% lower WER compared to USR, despite using approxi-
mately half the model size (274M vs 503M parameters) and requiring only 18% of training computation
(47 vs 253 exaFLOPS), underscoring the efficiency and effectiveness of our simpler supervised frame-
work.

Some methods have trained VSR networks on massive (often proprietary) amounts of data
resulting in large improvements [28-30,35]. Access to these datasets is restricted, and while MultiAVSR
does not perform better than these methods because of limited data, it outperforms all methods when
trained on similar amounts of data. We postulate that if these larger datasets were accessible for use,
our supervised multi-task training would enable even further improvements.

Table 2. VSR WER (%) comparison of the state-of-the-art models. Our model trained on 661 hours includes LRS3
and LRS2. The model with 1,968 hours includes LRS2, LRS3 and VoxCeleb2. {Djilali et al. reports these results
[19] t: Evaluation was done as part of this work using the original code and model.

Method Total Hours Multi-task Training LM LRS3 WER (%) WildVSR WER (%)
No Additional Data
Auto-AVSR [4] 438 X v 36.3 -
USR [18] 438 v X 343 -
SyncVSR [31] 438 X X 33.3 -
SyncVSR [31] 438 X 4 31.2 -
MultiAVSR 438 v X 31.1 63.0
MultiAVSR 438 v v 29.9 63.7
Less than 1000h
CM-Seq2Seq [34] 595 X v 43.3 -
Auto-AVSR [4] 818 X 4 33.0 -
Auto-AVSR [4] 661 X X 32.7 62.3t
SyncVSR [31] 661 X X 30.4 -
SyncVSR [31] 661 X v 28.1 -
MultiAVSR 661 v X 28.1 57.8
MultiAVSR 661 v v 27.3 58.2
Less than 3000h
u-HuBERT [22] 2,221 v X 27.2 -
AV-HuBERT [27] 1,759 X X 26.9 -
Auto-AVSR [4] 1,759 X X 24.6 49.3%
Auto-AVSR [4] 1,902 X v 23.5 -
SyncVSR [31] 1,992 X X 23.4 -
SyncVSR [31] 1,992 X v 21.5 -
USR [18] 1,759 v X 223 46.81
USR [18] 1,759 v v 215 46.4
MultiAVSR 1,968 v X 21.6 44.7
MultiAVSR 1,968 v v 21.0 46.0
Greater than 3000h and Extra Proprietary Data

RNN-T [28] 30,000 X X 33.6 -
SparseVSR [40] 3,068 X X 19.5 -
Auto-AVSR [4] 3,448 X v 19.1 38.6%
SynthVSR [30] 7,100 X X 18.2 -
SynthVSR [30] 7,100 X 4 16.9 -
ViT 3D [29] 90,000 X X 17.0 -
LP Conformer [35] 100,000 X X 12.8 -

5.2. Language Model

Ma et al. found that an external language model (LM) is often not beneficial for AVSR and
ASR as the accompanying models are fully capable without an LM [4], however, as the VSR task
is the most difficult, external LMs have frequently been proven beneficial in improving prediction
accuracy. An interesting observation of the results in Table 2 is that MultiAVSR improves less than
other methods when an LM is used. As a quantitative analysis by adding an LM, USR has a relative
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improvement of 8% [18], SyncVSR has on average a 7.3% relative improvement [31], SynthVSR has a
7.1% relative improvement and MultiAVSR has on average a 3.2% relative improvement. This suggests
that MultiAVSR captures richer, more robust speech representations through supervised multi-task
learning, minimizing the benefit gained from external LM assistance.

Reducing the reliance on an external LM is a critical step towards real-time VSR, as the LM
accounts for 18% of the total parameters during evaluation and 44% of the decoding parameters,
which take more computation due to the auto-regressive nature of transformer decoders. On average,
removing the external LM yields a 40% reduction in inference time, significantly enhancing the
practicality of real-time VSR. This reduced LM reliance is further illustrated by the results on the
Wild VSR dataset.

5.3. Generalization

The Wild VSR test set [19] is designed to evaluate how well a VSR model performs on more varied,
unconstrained real-world data and how effectively it generalizes beyond the LRS3-TED dataset. As
seen in Table 2, MultiAVSR outperforms all other methods with similar amounts of data, achieving a
WER of 44.7% improving upon the next closest by 1.7% WER and upon the baseline model by 4.6%
WER. Interestingly, our model evaluated with an additional LM performs 1.7% WER worse then
without the LM on the WildVSR dataset. Our method is the first to see this disparity. These results
underscore the effectiveness of our supervised multi-task learning framework in enabling robust,
generalized VSR performance without reliance on external language models.

5.4. Noise Experiments

While the primary objective of this work is to enhance VSR performance, our noise robustness
experiments reveal that the multi-task training framework also improves ASR and AVSR performance
under noisy conditions. For these experiments, we use white and pink noise taken from the Speech
Commands dataset [41]. We compare our best model (1,968 hours) to the Auto-AVSR method which
are SOTA single-task models for AVSR and ASR tasks which are trained on 3,448 hours (1.75x more
hours than MultiAVSR). Although the base WER for ASR and AVSR increases slightly with our
multi-task training and shared encoders (see Table 1), our noise experiments show that both tasks
become significantly more robust under noisy conditions. Quantitatively, our multi-task framework
exhibits a relative average improvement of 16.8% and 30.8% for the ASR and AVSR tasks respectively
as seen in Table 3. Notably, at an SNR of -7.5 dB—where noise exceeds signal—the AVSR model
still outperforms the VSR model, achieving a WER of 14.7% under white noise conditions compared
to 21.6% VSR performance. This robustness does not extend to the single-task Auto-AVSR model,
where at -7.5 dB, AVSR performance degrades to a WER of 24.2%—worse than the corresponding VSR
model, which achieves 19.1%. These findings underscore the effectiveness of our supervised multi-task
framework in enhancing noise robustness across modalities, particularly demonstrating its superiority
over single-task approaches in severely degraded acoustic environments.

6. Future Works

Our supervised multi-task framework has shown impressive improvements to VSR results and
opens many future directions. Liu et al. improved VSR results by using a talking head generation model
to synthesize more lip reading data from audio only datasets [30]. Thanks to our task independent
multi-task hybrid CTC/ Attention loss, future work can take advantage of audio only data without
needing to synthesize the visual information. This will remove the need to train a talking head
generation model and to synthesize the visual data but would still use large amounts of ASR data
available to improve the performance. We postulate that the additional ASR data would enable our
multi-task framework to outperform other single-task methods on the ASR and AVSR tasks. Thus
enabling a robust multi-task framework with no compromises on ASR or AVSR performance.
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Table 3. Noise Experiments ASR and AVSR noise experiments compared to the SOTA single-task models. White
and pink noise data is sourced from the Speech Commands dataset [41].

Noise Model Task SNR Levels (dB)
Clean ‘ 125 75 25 25 -75 ‘ Average

Auto-AVSR [4] Audio 1.0 14 19 43 131 568 15.5

Pink MultiAVSR 1.2 14 19 37 120 43.0 124
Auto-AVSR [4] Audio-Visual 0.9 1.2 14 23 60 162 5.4
MultiAVSR 1.2 1.2 16 2.0 39 938 3.7
Auto-AVSR [4] Audio 1.0 21 4.0 104 302 889 27.1

White MultiAVSR 1.2 22 40 97 272 76.0 23.8
Auto-AVSR [4] Audio-Visual 0.9 14 23 43 95 242 8.3
MultiAVSR 1.2 16 22 34 7.0 14.7 5.8

Similarly, our results indicate that shared parameters with the ASR task greatly improves VSR
results. This points to another future direction of fine-tuning a large high accuracy ASR model using
our multi-task framework. While fine-tuning an ASR for VSR has been done in the past [42] it hasn’t
been done in a multi-task manner which we show in this work improves robustness and generalization.
We anticipate that this strategy could significantly strengthen VSR accuracy and further enhance both
generalization and robustness, given that large-scale ASR models are trained on highly diverse speech
corpora.

While MultiAVSR exhibits reduced reliance on external language models and thus improves
inference efficiency, this work does not focus on real-time speech recognition. Recent works have
found increasing network sparsity, through methods such as network pruning [40] and mixture-of-
experts [43], improve inference time for speech recognition tasks. Merging these sparsity techniques
with our supervised multi-task framework could narrow the accuracy gap with large dense models
while preserving their robustness to real-world variability and delivering inference speeds suitable for
real-time use.

7. Discussion

In this work, we propose MultiAVSR, a supervised multi-task training framework for robust
speech recognition. Our simple multi-task hybrid CTC/Attention loss enables large improvements to
the visual speech recognition (VSR) task, while requiring only 18% of train compute of other multi-
task SR approaches. This framework greatly improves the VSR results with 21.0% lower WER on
LRS3-TED [33]. MultiAVSR exhibits strong generalization ability on the WildVSR dataset [19] with an
improved WER of 44.7%. Despite slightly lower base ASR and AVSR performance, MultiAVSR shows
a relative improvement of 17% and 31% for the ASR and AVSR tasks respectively under diverse noise
conditions. While other approaches see > 7% relative improvement by adding an external language
model, MultiAVSR has greater linguistic generalization with only a 3.2% improvement. This decreased
reliance on external language models is a key step towards real-time VSR as external language models
account for up to 40% of the computation required during inference. We also find that MultiAVSR is
the first framework to perform better on the WildVSR dataset without an LM, further validating the
claim that it has greater linguistic generalization. While some approaches with more data available
perform better than MultiAVSR, our results show that supervised multi-task training exhibits strong
generalization and robustness for all three speech recognition tasks and could potentially perform as
well if not better if those larger proprietary datasets could be made available.
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Abbreviations

The following abbreviations are used in this manuscript:

SR
VSR
ASR

Speech recognition
Visual speech recognition
Audio (or automatic) speech recognition

AVSR  Audio-visual speech recognition

WER
LM

Word error rate
Language Model
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