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ABSTRACT

Audio-visual speech recognition (AVSR) incorporates auditory and visual modal-
ities to improve recognition accuracy, particularly in noisy environments where
audio-only speech systems are insufficient. While previous research has largely
addressed audio disruptions, few studies have dealt with visual corruptions, e.g., lip
occlusions or blurred videos, which are also detrimental. To address this real-world
challenge, we propose CAV2vec, a novel self-supervised speech representation
learning framework particularly designed to handle audio-visual joint corruption.
CAV2vec employs a self-distillation approach with a corrupted prediction task,
where the student model learns to predict clean targets, generated by the teacher
model, with corrupted input frames. Specifically, we suggest a unimodal multi-task
learning, which distills cross-modal knowledge and aligns the corrupted modalities,
by predicting clean audio targets with corrupted videos, and clean video targets
with corrupted audios. This strategy mitigates the dispersion in the representation
space caused by corrupted modalities, leading to more reliable and robust audio-
visual fusion. Our experiments on robust AVSR benchmarks demonstrate that
the corrupted representation learning method significantly enhances recognition
accuracy across generalized environments involving various types of corruption.
Our code is available at https://github.com/sungnyun/cav2vec.

1 INTRODUCTION

Audio-visual speech recognition (AVSR) (Noda et al., 2015; Afouras et al., 2018a; Ma et al., 2021b;
Shi et al., 2022a; Hsu & Shi, 2022; Hu et al., 2023a) represents a significant advancement in speech
recognition by integrating both auditory and visual modalities to enhance performance. This multi-
modal integration proves particularly vital in contexts where audio-only speech recognition systems
suffer from ambient or background noise, as visual speech information like lip movements signifi-
cantly improves recognition capabilities (Makino et al., 2019; Ren et al., 2021; Chen et al., 2023).
In this sense, previous works on AVSR have primarily focused on overcoming audio disruptions,
e.g., Xu et al. (2020) training an audio enhancement sub-network, or Shi et al. (2022b) pretraining
with noise-augmented audio. Nonetheless, real-world applications often encounter scenarios where
video corruption is as critical as audio disturbances. For example, we may consider an outdoor
interview where not only is the audio disturbed by ambient noise or traffic sound but visual cues
are also intermittently occluded, either when the speaker’s hands obstruct the view of their face or a
camera is out of focus (see Figure 1a). AVSR models often fail to accurately recognize the utterance
under these corrupted environments.

Despite the effectiveness of current methods in addressing audio corruptions, there is a lack of
solutions for visual corruption, highlighting the necessity for a more robust approach to tackle audio-
visual joint corruption in AVSR systems. Recent efforts have addressed the visual corruption using
techniques such as scoring modules to assess the reliability of audio and video frames (Hong et al.,
2023), or generative pipelines to reconstruct occluded face images (Wang et al., 2024). However,
these methods often rely on specific architectures or external modules, which limit their applicability.
Building on recent advances in audio-visual self-supervised learning that highlight the efficacy of
modality-fusion representations (Shi et al., 2022a; Lian et al., 2023; Zhang et al., 2023), we propose
CAV2vec, a novel audio-visual speech representation learning method designed to handle jointly
corrupted audio-visual data. CAV2vec is trained through a corrupted prediction task, where the model
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Figure 1: (a) Real-world speech recognition challenges. AVSR models suffer from maintaining
robust representations under the corrupted environments and fail to recognize utterances. (b) Our
corrupted representation learning strategies with multimodal and unimodal corrupted prediction tasks.
(c) Speech recognition accuracy (10QVER %), where frequency denotes the number of visual
corruption events in a sequence. Our representation learning framework, CAV2vec with a unimodal
strategy (U), signi cantly improves robustness compared to the baseline model and even outperforms
the multimodal strategy (M).

learns to predict clean targets from corrupted input sequences. For this, we employ a teacher-student
self-distillation framework (Caron et al., 2021; Ruan et al., 2023), which has proven effective in
learning contextualized speech representations (Baevski et al., 2020; 2022; Shi et al., 2022b; Zhu
etal., 2024; Liu et al., 2024) without requiring architectural changes or additional modules. In this
framework, corrupted sequences are fed into the student model, while the self-evolving teacher model
generates the clean targets online.

Within the CAV2vec representation learning framework, the corrupted prediction task can be de ned
in a multimodal or unimodal strategy. A multimodal strategy, inspired by the masked prediction
task in AV-data2vec (Lian et al., 2023), involves corrupting both audio and video inputs to generate
corrupted multimodal features, with the model learning to predict clean multimodal targets. While
this approach enhances the robustness of multimodal representations, it is less capable of isolating the
effects of corruption on individual modalities, as both inputs and targets contain mixed audio-visual
information. Multimodal fusion is often prone to combining redundant information (Hsu & Shi, 2022;
Mai et al., 2023), where discriminative unimodal information is ignored, thereby the multimodal
prediction falls into over tting. Previous approaches have tackled this by improving cross-modal
information, such as Mai et al. (2023) applying late-fusion to Iter out noisy information from
unimodal features, and Hu et al. (2023b) learning a viseme-phoneme mapping (Bear & Harvey, 2017)
to restore corrupted phonemes through visemes, but both of them rely on the information bottleneck
structure before the fusion.

To address the limitations of multimodal prediction approach, we introduce CAV2vec witimendal
multi-task learning strategfor corrupted prediction tasks, which leverages corrupted unimodal se-
guences to distill cross-modal knowledge. Our unimodal strategy involves predicting clean audio
targets with corrupted videos and predicting clean video targets with corrupted audios. In AVSR, this
cross-modal alignment (Ren et al., 2021; Hu et al., 2023b;c) is essential for effectively integrating in-
formation from both modalities. Our unimodal prediction strategy, as depicted in Figure 1b, improves
cross-modal alignment by reducing the dispersion in representation caused by the corrupted inputs.
Figure 1c describes the AVSR performance under audio-visual jointly corrupted environments. While
ne-tuning with corrupted data (CFT) improves robustness to some extent, it remains challenging
at higher degrees of corruption. By incorporating the corrupted representation learning before CFT,
CAV2vec demonstrates superior performance. CAV2vec with unimodal multi-task learning further
enhances the corrupted prediction framework, effectively aligning the corrupted modalities and
achieving more robust results. We summarize our contributions as follows.

2
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We propose a novel audio-visual speech representation learning, CAV2vec, speci cally designed
for robustness under audio-visual joint corruption within a self-distillation framework.

CAV2vec conducts a unimodal multi-task learning for corrupted prediction tasks, predicting clean
targets from corrupted input sequences. This strategy effectively enhances cross-modal alignment
between corrupted audio and video for reliable multimodal fusion.

We establish an AVSR benchmark for generalization so that our setup includes novel types of
corruption unseen during training,g.,mouth occlusion by hands or face pixelation along with
public noise, allowing for diverse assessment of model robustness to audio-visual joint corruption.
CAV2vec demonstrates signi cant performance improvement on our robust AVSR benchmarks.

2 RELATED WORK

Audio-visual speech recognition models Automatic speech recognition (ASR) methods that
transcribe speech audio to text have been extensively studied for years (Schneider et al., 2019; Gulati
etal., 2020; Baevski et al., 2020; Hsu et al., 2021; Chen et al., 2022; Chiu et al., 2022). However, since
audio signals are often disrupted by background noise, multimodality, particularly visual information
from speech video, has been incorportaed into the ASR system (Makino et al., 2019; Pan et al.,
2022; Shi et al., 2022a; Seo et al., 2023; Ma et al., 2023). In these multimodal approaches, the audio
modality captures the acoustic features of speech signal, while the video modality provides visual
information about the speaker's face and lip movements. This integration enhances the robustness of
the ASR system and improves its performance, especially in noisy audio environments.

Several studies aimed at aligning and jointly training audio-visual modalities have been developed
in an end-to-end learning framework (Dupont & Luettin, 2000; Ma et al., 2021b; Hong et al., 2022;
Burchi & Timofte, 2023) or self-supervised pretraining approach (Ma et al., 2021a; Qu et al., 2022;
Shi et al., 2022a; Seo et al., 2023; Zhu et al., 2023) that often utilizes masked modeling of speech
representations. Recently, among the multimodal speech recognition models leveraging the self-
supervised learning, a self-distillation approach (Lian et al., 2023; Haliassos et al., 2023; 2024; Zhang
et al., 2024b; Liu et al., 2024), which learns the contextualized representations by distilling the
self-evolving teacher's knowledge for masked inputs, has demonstrated superior performances.

Learning robustness for AVYSR The AVSR studies have focused on developing robust models

for various types of noise while simultaneously utilizing audio and visual information. Most of
this research has initially focused on addressing noise in the audio modality (Shi et al., 2022b;
Hu et al., 2023b;c; Chen et al., 2023; Kim et al., 2024; Ithal et al., 2024). However, more recent
efforts have explored disturbances in visual data, creating robust models by adding background
noise, such as Gaussian noise, to the speech videos. In this line of research, Hong et al. (2023)
have considered that human speech often involves a mouth region being occluded by objects and
rst applied visual occlusion into speech data. This has inspired further research addressing similar
challenges by restoring the occluded images by a generative model (Wang et al., 2024). Additionally,
Fu et al. (2024) have combined prompt learning with contrastive learning to deal with audio-visual
asynchrony, while Zhang et al. (2024a) have examined the issue of a completely missing visual
modality, generating the visual hallucination during inference. Li et al. (2024) demonstrate the
effectiveness of leveraging uni ed cross-modal attention and a synchronization module to encode
audio and video sequences in a uni ed feature space. In our study, we address real-world challenges of
audio-visual joint corruption by using corrupted representation learning, offering a general framework
without relying on speci ¢ architectures or external modules.

3 PRELIMINARIES

3.1 NOTATIONS

time T. We de ne a set of corrupted indices for the audio sequend@®asf 1;2;:::;Tgand a

set of corrupted indices for the video sequenc€ésf 1;2;:::;Tg. To model the corruption, we
de ne a family of corruption functions that can transform or corrupt certain frames of data. Thus,
given some corruption functionls?;! vV 2, the corrupted audio sequen&e= [a; &;:::; ar]
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| Audio noise (SNR= 10dB) Source

babble, music, natural MUSAN
speech (held-out) LRS3

park, river, cafe, restaurant,
cafeteria, metro (subway), DEMAND
public station, meeting room

Unseen | Seen|

Figure 2: The visual and audio corruption types we use in our training and evaluation phases. Unseen
corruption types are only utilized in evaluation to assess the model's generalizability. The speech
audio noise from LRS3 is ensured that there is no speaker overlap between train and evaluation sets.

and the corrupted video sequentes [v1; ¥;:::;vr] are de ned as follows.
| a i a Y ; v
gz (&) ift2C and w= | (vy) ift2C (1)
a else Vi else

Raw audio and video data are processed by its respective feature extractor, and the resulting fea-
tures are concatenated before being input to the multimodal Transformer eficadef ° !

RT P.The output feature sequence for this multimodal input is denot&fass f (A;V) =

[22Y; zf’“’ """ LzV]IFt 2 C?[ CY, thenzf¥ is considered a corrupted feature representation.

3.2 MASKED PREDICTION TASK

Self-distillation framework The self-distillation approach as self-supervised learning has been
shown to be highly effective in learning contextualized representations (Baevski et al., 2022; 2023;
Liu et al., 2024) without supervised labels, including in multimodal feature spaces (Zhang et al.,
2023; 2024b; Zhu et al., 2024). In this framework, a reference funétimommonly referred to

as the teacher model, is updated by an exponential moving average (EMA) of the parameterized
student modef  with a decaying parameter f f+(1 ) f . The student model learns

by predicting targets generated online by the teacher. Thus, it enables representation learning without
requiring external modules or modi cations to the overall model structure.

Masked prediction task loss In AV-data2vec (Lian et al., 2023), audio and video frames are
randomly masked, and a masked prediction task is performed by predicting each masked frame with
the target feature. The target features are obtained from clean, unmasked data using the teacher model.
Then, the masked prediction loss is de ned as:

X
Lmask = T [f (MASKA); MASKV))]:; [f (A; V)] (2
t2Ma[ MV

whereM 2 andM Y are the set of indices of masked audio and video frames, respectiebften
used as a mean squared error (MSE) loss fdndas the teacher model's average representation—the
OLBpUt sequence averaged over topransformer blocks to establish the targed,,f (A;V) =

£ 2L ke1 T'(A;V), whereL is the number of blocks.

4 CAV2vEC: UNIMODAL MULTI-TASK CORRUPTEDPREDICTION

4.1 VISUAL AND AuUDIO CORRUPTIONTYPES

Figure 2 presents the visual and audio corruption types used in this study. We propose a novel
evaluation benchmark, introducing corruption types unseen during training, to assess the model's
generalizability under diverse and realistic conditions. During training, visual corruptions include
object occlusion, Gaussian noise, and blurring, applied to video frames following Hong et al. (2023).
For object occlusion, we obscure the mouth regions by COCO (Lin et al., 2014) object images, as
presented in Voo et al. (2022). In evaluation, we apply unseen visual corruption types, using the
11k-Hands dataset (A , 2019) to occlude the mouth regions with diverse hand images. Furthermore,
we apply corruption by pixelating the entire frame using tipencv library, with a 3x3 patch
interpolation. This allows us to evaluate the model's robustness under conditions where human faces
are often pixelated due to privacy or ethical concerns.
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Figure 3: Overview of our representation learning framework with corrupted prediction tasks. For the
corrupted prediction strategies, focusing on the cross-modal alignment through unimodal multi-task
learning proves highly effective in gaining multimodal robustness.

For the audio corruption, we use various types of background noise that are recorded from different
sources, at a 10dB SNR (signal-to-noise ratio). In the training, we apply conventionally used audio
noise types (Shi et al., 2022b; Hsu & Shi, 2022), babble, music, and natural noise sampled from
MUSAN (Snyder et al., 2015), and speech noise sampled from LRS3 (Afouras et al., 2018b), onto
the original speech signal. In the evaluation, we introduce new corruption types from the DEMAND
dataset (Thiemann et al., 2013), which includes real-world indoor and outdoor recordings. Out of 18
categories of recording, we evaluate on 8 relatively noisy environments: park, river, cafe, restaurant,
cafeteria, metro, public station, and meeting room. For results in the remaining categaridéising

room or of ce, refer to Appendix C.2.

4.2 CORRUPTEDPREDICTION TASKS OFCAV2VEC

We presenCAV2vec, a robust representation learning framework to account for corrupted audio-
visual sequences. Inspired by the idea of conventional masked prediction strategy (Lian et al., 2023),
CAV2vec is trained through eorrupted prediction taskl he corrupted prediction task loss is designed

to minimize the difference between the student model's output for the corrupted data and the teacher
model's output for the uncorrupted data. Figure 3 provides an overview of the corrupted representation
learning of CAV2vec. We apply corruption functions to both video and audio data (see Figure 2) and
perform the corrupted prediction tasks on the corrupted frames, alongside the masked prediction task
on the masked frames. We suggest different strategies in designing these corrupted prediction tasks,
depending on the modality of input and target representations.

Audio-visual corrupted prediction task A straightforward approach is using corrupted multimodal
inputs as well as clean multimodal targets (n Figure 3), following the masked prediction strategy.
We name it as audio-visual corrupted prediction (AVCP) task, where the AVCP loss function is
analogously de ned as: X

Lavep = Y AV 3)

t2ca[ Ccv

Here, the loss is computed only for the corrupted indicesC? [ CY, whereZ®' represents the
student model's predictions for (possibly) corrupted sequeAtasdV, andf (A; V) represents the
target for clean sequenc@sandV.
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