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Introduction
K Audio-Visual Speech Recognition is the task of automatically transcribing speech using acoustic signals and visual cues \

mirroring multimodal nature of human perception [1]

* Current AVSR architectures are mainly Transformer-based and the recent advent of Large Language Models (LLMs) has further
advanced performance
However:

* |t remains unclear if improvements are mainly due to Audio-based Speech Recognition and LLM innovations

kWhether learned representations align with established linguistic concepts, such as phonemes & visemes /
Objective , Viseme
/ \ Block
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robust under noisy conditions? : Encoder
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 Phonemes are the basic speech Architecture

units and visemes are their visual /o Adapted AV-HUBERT [2] to include a small viseme classification head, adding only 1.32%

equiva]ents extra parameters
« We employ Lee's phoneme-to- * The introduction of the secondary task guides the encoder to preserve visual articulatory
viseme mapping [3] information
« We use LRS3 and obtain \.* The proposed architecture has been tested on Base and Large AV-HUBERT variants. -
phoneme a“gnments USing Resu l.tS Table 3.1: WER (%) Comparison under Clean Conditions
: Model Params | WER LRS3 | | WER LRS2 |
Montreal Forced Allgner Babble Speech AV-HuBERT Base 160M 4.1 10.09
. . 30 - --o- AV-HUBERT 14 '\\ --o- AV-HUBERT VisG AV-HuBERT Base 162M 3.78" 10.58
* Each timestamp is converted to a o VEGAVHWBERT | qp] \ o VisG AV-HUBERT AV-HUBERT Large 7V 14 | 103
. . 25\ VisG AV-HuBERT Large | 484M 1.38 ’ 0.925
frame and assigned a viseme o 51.4% Relative
label > Improvement Minor improvements in clean conditions, in
=] at -10dB line with our expectations
* CTC loss is used for the viseme 10
CIaSSiﬁcatiOn, while Cross- > 1.0 1 x x «  AV-HUBERT Better (n=192)
. . - - - - - - - - - - VisG AV-HUBERT Better (n=378)
Entropy loss is used for the main Music Random Noise <
. p 101 -~ AV-HUBERT 10 % -+~ AV-HUBERT x
SpGECh FECOgnlthn taSk —+— VisG AV-HUBERT —+— VisG AV-HUBERT x )
of N BN . . Mg
* The secondary task is introduced | 5 < P
from the start of fine-tuning g :
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Our proposed method improves on CER
performance on more complex sentences
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Discussion & Conclusion

| ﬁWe have proposed a multi-task \
training framework to improve
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