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Introduction
e Two approaches for robust adaptation of end-to-end (E2E) ASR systems:
(i) Front-end Speech Enhancement followed by back-end E2E ASR
(ii) End-to-End ML-based adaptation for E2ZE ASR
e Objective: Compare these approaches when limited noise samples are available
e Setup — E2E ASR: Deep Speech 2! pre-trained on clean speech (WER: 10.3)
e Datasets: Clean Speech: LibriSpeech dataset (100 hours)
Noise: Custom dataset with 2 hours in train and test set
Noise types: ‘Babble’, ‘Airport/Station’, ‘Car’, ‘Metro’, ‘Cafe’, “Traffic’, ‘AC/Vacuum’

Speech Enhancement (SE) systems w/ back-end ASR
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Implementation of MTL and AvT

Noise Labels __J | G \ Nosetabels ]\ Noise classifier: 8 labels (7 noise

A

kOOOOOOOOOOOJ:ReCOgnition kOOOOOOOOOOO);kOOOOOOOOOOOJ itypes_l_label fOrC|ean SpeeCh)

- [ooooooo0o0o0o00 || Model 00000000000 | 0000000000 O
-\ 1 \ 45\ J

' Gradient Reversal Layer E

v:...........:2:...........1 MTL: Trained on a hybrid loss

( D e | Issues:
——> | Fine-tuned SE —> m ———>| Fine-tuning . .
module ‘ , 1. Scarce noise data requires

Enhanced Speech .

T ) ’ l pretrained SE models

Fine-tuning
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iAvT: Training objective of the
feature extractor is:
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Performance Comparison
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WER under SNR (in dB)
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ML-based adaptation of E2E ASR
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e Data Augmentation-based Training (DAT):
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e e Multi-Task Learning (MTL): Disentangle
Robust DS2 noise information in the representations
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Noise type and level of stationarity determines the degree of degradation

DEMUCS performs the best across SNRs for Metro, followed by MLT and AvIl

AvT performs the best across SNRs for degrading noises like Babble and Airport/Station
Our approaches (MTL and AvT) perform better than all SE methods other than DEMUCS

Takeaways

Among speech enhancement, DEMUCS outperforms others on all measures

AvT is largely the best ML-based technique; however, noise invariance in
representations causes degradation in clean speech and high SNR performance
The best technigque for robust adaptation depends on the type of underlying noise
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