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Introduction

In noisy conditions, large-vocabulary end-to-end speech recogni-
tion remains difficult. In this paper, we address the question of
how to optimally inform the end-to-end transformer/CTC model of
any time-variant reliability of the acoustic and visual information
streams.  Our proposed decision fusion net (DFN) yields signifi-
cant improvements compared to a state-of-the-art baseline model.

System Overview

Model structure: sequence-to-sequence transformer model with con-

nectionist temporal classification—TM-CTC
Training:

L =« -log pac(s|o) + (1 — a) - log pss(s|o)
Decoding:

log p*(s|o) = a - log pae(s|o) + (1 — ) - log psas(s|o) + 0 - log pra(s)

Fusion Strategie
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FIGURE 1: Audio encoder (left), video encoder (middle) and reliability measures
encoder (right) for both modalities ¢ € a,v. h®, h" and £’ are in the same length

Np/4, where Ny is the number of frames

Reliability Measures:
» acoustic (R"): MFCCs, SNR, fy, Afy, Probability of voicing

- visual (R"): Confidence from OpenFace [1] and Action Units (AU12,

AU15, AU17, AU23, AU25, AU26)

 Re-alignment in decoder
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FIGURE 2:  Transformer decoder (left) and CTC decoder (right) for both

modalities 7 € a, v

 Multi-head attention:

(wia) (wiK)

T; = softmax

Vdy,

o; = attention;(Q,K,V) =T, (W}/VT)T
+ Problem: Reliability measures £’ have length Ny/4, the token-by-
token log-posteriors p.o,(s|o’) have length N7

e Solution: re-use the attention transform matrix of each head

& =T (wie))

» Proposed fusion architecture
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FIGURE 3: Topology of the Decision Fusion Networks (DFN)

Training Setup

ESPnet [2] is the ASR toolkit. All models are pretrained on LRS2 and
LRS3 pre-train data [3, 4], then fine-tuned with the LRS2 training set.
Acoustic model uses 80 log Mel features together with f;, Afy, and
the probability of voicing. Training set augmented with ambient noise,
SNRs from —9 dB to 9 dB. Visual model uses 96 x 96 pixel grayscale
mouth region of interest (ROI) at 25 fps fed into a pre-trained 3D /2D
ResNet [5].

Results and Conclusion

The proposed DFN fusion shows best performance in all condi-
tions. On average, the new system achieves a relative word
error rate reduction of 43% compared to the audio-only setup
and 31% compared to the audio-visual end-to-end baseline [3].

Je -12 -9 -6 -3 0 3 6 9 12 clean | avg.

models

AO(m) | 189 137 112 84 63 68 45 41 43 42 | 824
AO(a) | 257 234 185 116 82 90 59 38 44 42 | 1147
VO(vc) | 587 610 617 69.6 69.6 635 646 63.6 66.6 61.9 64.08
VO(gh) | 66.6 69.2 710 685 685 71.1 627 694 676 669 @ 68.15
VO(sp) | 685 725 737 701 70.1 706 683 69.1 731 67.9  70.39

AV(mvc) | 146 118 64 79 79 63 52 44 34 40 | 7.19
DFN(m.vc) | 11.1 8.7 55 48 4.8 45 36 33 22 24 5.09

AV(a.vc) 191 190 143 73 63 60 57 45 49 4.0 9.11
DFN(avc) | 14.3 119 8.1 48 40 54 37 28 36 24 | 6.10

AV(agb) | 206 189 150 7.7 68 75 59 39 48 40 951
DFN(a.gb) 149 128 94 52 42 55 38 3.0 41 26  6.55

AV(a.sp) 195 199 163 77 72 63 56 44 46 4.3 9.48
DFN(asp) | 15.4 128 99 52 47 55 34 26 40 25 | 6.60

FIGURE 4: Performance of audio-visual and uni-modal speech recognition (WER
[%]). AO: audio only. VO: video only. AV: AV baseline [3]. DFN: proposed
DFEN fusion. m: music noise. a: ambient noise. vc: clean visual data. gb:
visual Gaussian blur. sp: visual salt-and-pepper noise.
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