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Learning Lip-Based Audio-Visual Speaker Embeddings with AV-HUBERT

e Task

* self-supervised pre-training for audiovisual speaker representation learning

 Motivation

* several analyses observed that AV-HUBERT still learn rich speaker information especially in

earlier layers
Figure 1: AV-HuBERT for learning speaker embedding. Dashed

° Methods box: added during fine-tuning.
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Learning Lip-Based Audio-Visual Speaker Embeddings with AV-HUBERT

¢ EXpe rim e ntS Table 1: SV performance on clean and noisy test sets when

fine-tuned with various VC2 subsets. The EER averaged over
20 setups (5 SNRs x 4 types) is reported for the noisy test sets.
VC2 EER (%)

VC1 EER (%)

PT FT Mod. . :
clean noisy clean noisy
None A 26.8 392 251 392
None VC2-15spk AV 20.8 359 246 28.7
VC24LRS3 (5h) A 233 339 200 33.0
VC24LRS3 AV 226 280 19.4 219
None A 18.5 345 16.1 34.6
None VC2-156spk AV 164 247 13.1 17:7
VC24LRS3 (50h) A 11.8 28.9 9.4 20.1
VC24LRS3 AV 93 18.8 7.8 12.5
None A 11.1 31.6 8.6 30.5
None VC2-1200spk AV 9.3 17.6 7.0 9.9
VC24LRS3 (485h) A 7.2 26.1 49 259
VC2+4LRS3 AV 57 12.6 3.8 6.1
None A 244 394 217 395
None VC2-5h AV 328 410 302 403
VC24LRS3 (1740spk) A 20.1 34.7 177 34.5
VC24LRS3 AV 16.7 28.6 13.9 230
None A 202 355 16.1 347
None VC2-50h AV 215 26.3 15.7 164
VC24LRS3 (5113spk) A 10.7 29.7 8.0 287
VC24LRS3 AV 7.4 19.8 4.8 114
None A 106 331 8.0 314
None VC2-500h AV 6.5 14.5 53 7.8
VC24LRS3 (5992spk) A 49 23.7 3.0 22.8
VC24LRS3 AV 3.7 92 1.7 3.9
None A 7.3 292 51 278
None vC2 AV 5.1 11.3 2.9 4.7
VC2+4LRS3  (5994spk) A 34 209 19 200
VC24LRS3 AV 24 7.8 1.0 2.5

Table 2: AV-HuBERT fine-tuned on VC2-500h with audio (A)
or audio-visual (AV) input, with or without noise augmentation.
The abbreviations used are B: Babble, S: Speech, M: Music,
and O: Other.

Noise Noise | A, VCIEER (%), SNR (dB)= | AV, VCI EER (%), SNR (dB)=
Aug? Type | .10 -5 0 5 10|-10 5 0 5 10

B 482 364 185 96 60|44 39 34 26 22
N 5 488 465 365 183 85|86 68 48 34 25
M 393 269 145 83 55162 43 31 24 20
(8] 340 233 137 88 59160 43 32 26 23
B 481 272 127 73 52134 32 25 22 2.0
v 5 244 149 118 123 96|32 28 26 23 2.0
M 273 143 8.2 56 44|35 28 24 20 1.8
(8] 236 130 B8O 58 47131 26 23 21 2.0

Table 3: Comparing different input. AV-HuBERT is fine-tuned
on VC2-500h.

Model Input | VC2 EER (%)
AV-HuUBERT audio + face video 2.8
AV-HuBERT audio + lip video 3.7



Learning Lip-Based Audio-Visual Speaker Embeddings with AV-HUBERT

e Results

Table 4: (Top) Comparison with the prior work following the
SUPERSB fine-tuning protocol. Models are fine-tuned on VCI.
(Bottom) Comparison with prior work that does not follow the
SUPERB evaluation protocol.

PT VCI1
Methng Dits Mod. | gc.Acc  SV-EER
FBANK [15] - A 8.5E-4 0.56
wav2vec2-B [15] LS (960 hr) A 75.18 6.02
HuBERT-B [15] LS (960 hr) A 31.42 5.11
WavLM-B [25] Mix (94k hr) A 8042 4.07
wav2vec2-L [15] LL (60k hr) A 36.14 5.65
HuBERT-L [15] LL (60k hr) A 00.33 5.08
WavLM-L [25] Mix (94k hr) A 0549 5 BT
AV-HuBERT-B A 80.99 5.85
AV-HuBERT-B VC2+LRS3 AV 0390 4 85
AV-HuBERT-L (2.8k hr) A 01.56 4.42
AV-HuBERT-L AV 08.06 2.05
PT FT el VCl1 V2
Mcthod Data Data Mo | gC.Acc SV.EER  SV-EER
Nagrani et al. [18] 20%VC2 VClI AV . 943
WavLM-L [25]  Mix (94khr) VC2 A - 038 5
Shon et al. [32] i VC2 AV 2 5 5.29
Unimodal [33] - VC2 A . 22 3.5
Multi-view [33] - VC2 AV . 1.8 24
Feature Fusion [33] - V(2 AV - 14 2.0
Ensemble [33] 2 VC2 AV - 0.7 1.6
AV-HuBERT-B VC2 A . 1.92 3.43
AV-HuBERT-B VC2+4LRS3 VC2 AV o 1.00 2.41
AV-HuBERT-L (28khr)  vC2 A - 1.71 3.11
AV-HuBERT-L VC2 AV - 0.84 2.29




AVATAR: Unconstrained Audiovisual Speech Recognition

* Motivation

* Unlike works that simply focus on the lip motion, we investigate the contribution of entire
visual frames (visual actions, objects, background etc.)

* Methods
e AudioVisual ASR TrAnsformeR (AVATAR)

* Audiovisual Encoder: MBT architecture,a
transformer based multimodal encoder. | this 1| [Facg | IEEE
. A
* Decoder:. auto-regressive transformer decoder : : : : ; : '
Multi-modal

consisting of 8 layers and 4 attention heads. B o cncodel > Decoder

> ) 1 X * B

Visual Audio

Figure 1: AVATAR: We propose a Seq2Seq architecture for
audio-visual speech recognition. Our model is trained end-to-end
from RGB pixels and spectrograms.



AVATAR: Unconstrained Audiovisual Speech Recognition

* VisSpeech Dataset

* a subset of the publicly released HowTo100M dataset, and is curated using a combination
of automatic filtering stages and manual verification.

* VisSpeech consists of 508 segments from 495 unique videos.

* with the audio containing background chatter, laughter, music and other environmental
sounds.

* many examples contain speech spoken with challenging English accents from various
regions all over the world.

e Results

Table 1: Audiovisual ASR vs Audio only models under various evaluation noise conditions (Clean, Burst, Environment and Mixed) and
with different training masking strategies (Random and Content). Percentage Word Error Rate (%WER) is reported on the How?2 test set. A:
Audio-only. A+V: Audiovisual. Rel. A: Relative improvement of A+V over A.

Eval Noise Clean Burst Loss Environment Noise Mixed Noise
Training A A+V Rel A A A+V Rel A A A+YV Rel A A A+V Rel A

No Pretraining 1572 1562 064% 2959 2869 305% 50.79 4770 608% |60.51 5749 5.0%

Vanilla 973 979 0.33% 21.97 21.71 PLASSe N 25.97 2555 it 39.13 3896 042%
Random Word Masking 919 911 093% 1560 1528 205% 23.39 2235 445%  32.43 30.64 B5:50%
Content Word Masking 9058 925 | 348% 1726 1692 198% 23.77 22.67 B465% " 33.83 32.26 2 4.53%




AVATAR: Unconstrained Audiovisual Speech Recognition

e Results

Table 2: Comparison to the state-of-the-art on How2. Our model
outperforms all previous works when trained from scratch, and
pretraining provides a significant boost. We report the best
audio-visual numbers for all works.

Model %WER
BAS [10] 18.0
VAT [11] 18.0
MultiRes [17] 20.5
LLD[13] 16.7
AVATAR (scratch) 15.6

AVATAR (pretrained) 9.1

GT: this dassan definitely deserves a happy dance GT: the thumb reaches for the coin
A; this s definitely deserves a happy dance A; the thumb reaches for the ﬁﬁ
AV this dessert defi initely deserves a happy dance AV the thumb reaches for the coin

Table 3: WERs of AVATAR on our newly introduced test set
VisSpeech consisting of real-world noise. The models are trained
on automatic ASR from HowTol00M, and finetuned on How2. Note
here we do not add any artificial audio degradation at all.

Training Strategy A A+V  Rel. A
No pretraining 4457 4341 261%
Vanilla 1262 1191 6.11%

Random Word Masking 1235 11.86 393%
Content Word Masking 1272 11.28 [ 1130%

GT: thisisa globa a-ggpfant it's a small one GT: and repeat the same fold for the opposite side
A this is a glow Big plant it's a small ane A: and repeat the simple for the opposite side
AV this is a globe eggplant it's a small one AV: and repeat the same fold for the opposite side

Figure 2: Qualitative results on the VisSpeech dataset. We show the ground truth (GT), and predictions from our audio only (A) and audio-visual

model (A+V). Note how the visual context helps with objects (‘desert’,

‘coin’, ‘eggplant’), as well as actions ( ‘fold’ ) which may be ambiguous

from the audio stream alone. Errors in the predictions compared to the GT are highlighted in red.



End-to-End Audio-Visual Neural Speaker Diarization

* Motivation
* Unlike most existing audio-visual methods, our audio-visual model takes audio features
(e.g., FBANKS), multi-speaker lip regions of interest (ROIs), and multi-speaker i-vector

embbedings as multimodal inputs
* Methods
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Figure 1: The illustration of network structure



End-to-End Audio-Visual Neural Speaker Diarization

e Results
Table 1: Diarization results on MISP
Set Y ryak diarization error rate (DER)
Referpnce ¥aD) wth w0 with wo  which is calculated as: the summed
Modality System FA MISS SpkErr DER DER FA MISS SpkErr DER DER oo cop ool dighe s oreoie of
_— VBx 000 2579 756 3335 4021 000 2625 744  33.69 4082 _ }
TS-VAD 430 1194 1167 2791 - 427 1277 1192 2895 - false alarm (FA), missed detection
Visual VSD 491 674 294 1459 2063 420 660 228 1307 1964 (MISS) and speaker errors (SpkErr)
LAVSD w/o i-vector 360 506 238 1104 - 235 590 18 1005 - divided by the total duration time.
Audio-Visual ~2AVSD with i-vector 341  5.05 210 1057 - 307 539 156  10.01 s
3 4 Joint training 332 467 214 1012 11.68 296 497 156 949 1099
Fusion DOVER-Lapof 1,2,3 298  4.68 2.05 971 - 238 509 138 885 x
100
R0 i V5 D)
\\";‘ sl AV SD wio i-vector
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Figure 2: DER comparison of different lip ROI missing rates
without reference VAD on MISP EVAL set.

Figure 3: An example including lip wiggling and lip missing

problems in audio-visual recording.
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