THU-AM-220

Watch or Listen: Robust Audio-Visual Speech Recognition with
Visual Corruption Modeling and Reliability Scoring

1* Minsu Kiml*

Joanna Hong Jeongsoo Choil Yong Man Rolf

1 Image and Video Systems Lab, School of Electrical Engineering, KAIST, South Korea
* equally contributed T Corresponding Author

JUNE 18-22, 2023

g | =~ "IMAGE % VIDEO
CVP i KAIST 5w

VANCOUVER CANADA —— Empowered by Deep Learning




Motivation

Audio-visual speech recognition (AVSR) using audio and video data is nearly perfect and in the
advanced stage.

However, the previous studies have mostly considered the case where the audio inputs are corrupted
and utilizing the additional clean visual inputs for complementing the corrupted audio information.
Looking at the case, we come up with an important question, what if both visual and audio
information are corrupted, even simultaneously?

In real life, cases where both visual and audio inputs are corrupted alternatively or even
simultaneously, are frequently happening.



Contribution

We analyze the corruption of visual inputs using occlusion modeling in AVSR technique and design the
robust training method in audio-visual speech recognition.

We design a corrupted visual dataset inserting two types occlusions: occlusion patch and noise (i.e.,
blur and Gaussian).

We propose Audio-Visual Reliability Scoring module (AV-RelScore) to figure out which modal is more
reliable than other to recognize the input speech when either of one is corrupted, or even both.

We conduct comprehensive experiments with all ASR, VSR, and AVSR task to validate the effectiveness
of the proposed task modeling and network architecture with LRS2 and LRS3 the largest audio-visual
datasets obtained in the wild.
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Figure 3. Speech recognition performances of ASR, VSR, and AVSR models on LRS2 dataset under different input corruption types: (a)
Audio input corruption with babble noise. (b) Visual input corruption with occlusion and noise. (c) Audio-visual input corruption.



Data construction

* Given theinput lip-centered talking face video, we randomly
choose how many times the occlusion occurs in whole
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sequences.

e Then, we randomly select the video frames that we are going
to attach the patch and put the random patch along with the
random position of lip landmarks.

* Visual corruption with noises

Figure 1. Examples of visual occlusion with NatOcc patches. * Werandomly insert blur or gaussian noise to the entire input
face video, respectively. Otherwise, we utilize the clean
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corruption with occlusion patches.

Figure 2. Examples of visual corruption with noises.



Proposed Architecture
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Figure 5. Detailed architecture of AV-RelScore.
Figure 4. Overall architecture of the proposed AVSR framework.



Experiment

e Dataset
e LRS2

e An English sentence-level audio-visual dataset that collected from BBC television shows. It has
about 142,000 utterances including pre-train and train sets, about 1,000 utterances for
validation set, and about 1,200 utterances for test set. We utilize both sets for training, and test
the model on a test set containing 1,243 utterances.

e LRS3
» Alarge-scale English sentence-level audio-visual dataset. It consists of about 150,000 videos

which are total about 439 hours long and collected from TED. About 131,000 utterances are
utilized for training, and about 1,300 utterances are used for testing.



Experimental Result

Input Occlusion Noise Occlusion+Noise

Dataset Method
Modal clean 15 10 5 0 -5 clean 15 10 5 0 -5 clean 15 10 5 0 -5
A ASR[24] 417 437 476 557 826 1758 4.17 437 476 557 826 17.58 417 437 476 557 826 17.58
v VSR [24]  48.11 48.11 48.11 48.11 48.11 48.11 60.11 60.11 60.11 60.11 60.11 60.11 69.61 69.61 69.61 69.61 69.61 69.61

LRS2 A +V Conformer [24] 491 5.17 536 651 9.85 1730 484 506 533 640 967 17.66 503 532 563 656 1041 20.15
A+V V-CAFE[12] 457 444 484 550 734 12,15 487 464 493 544 7.12 11.62 469 455 506 566 7.78 14.07
A+V AV-RelScore 4.16 434 437 521 638 11.32 454 442 445 524 631 11.79 425 435 449 545 6.95 13.36

A ASR[24] 253 268 297 353 564 1295 253 268 297 353 564 1295 253 268 297 353 564 1295

v VSR[21] 5645 56.45 56.45 56.45 56.45 56.45 61.45 61.45 61.45 61.45 6145 61.45 71.52 71.52 7152 7152 71.52 71.52

LRS3 A+V Conformer[24] 293 3.1 332 379 561 1098 3.00 3.00 332 379 562 1062 303 303 333 385 564 11.82
A+V V-CAFE[12] 339 338 346 384 534 900 349 348 363 383 531 869 367 337 369 417 570 10.04

A+V AV-RelScore 291 283 289 325 481 8.70 3.05 289 292 331 461 851 295 291 310 334 511 941

Table 1. WER (%) comparisons with the state-of-the-art methods on audio-visual corrupted environment. The first row represents the types
of visual corruption: patch occlusion, noise, and both, and the second row indicates audio noise with different levels, SNR(dB).
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Table 2. Ablation study on LRS2 dataset.

Method LRS2 LRS3
TM-Seq2Seq [¥] 8.5 7.2
CTC/Attention [ 76] 7.0 -
LF-MMI TDNN [/7] 5.9 B
EG-Seq2Seq [55] - 6.8
RNN-T [7¢] - 45
Conformer [24] 4.7 3.2
V-CAFE [ 2] 45 34
AV-RelScore 4.1 28

Table 3. WER (%) comparisons with state-of-the-art methods.
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Figure 7. Visualization of visual reliability scores and audio reliability scores from AV-RelScore module
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