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Technology: keys to touch — touch to voice

ASR- translation of spoken utterances

Challenges

* low resource languages
e accent, dialect differences
« domain mismatch

* noisy surrounding

This work focuses on noise-robust ASR for the German language in Search and

Rescue Domain.
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Motivation tigont omot

Dedicated to "A-DRZ: Setting up the German Rescue Robotics Center” project

Objective: Efficient disaster response with situational-aware robots.

Need: High-risk scenarios exceed human capacity, require robot aid.

Solution: Power robots with spoken language understanding (SLU).

Meta-data
caller, callee, timestamp

A-DRZ: speech processing component [1]
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1. Lack of SAR speech data

2. Robustness to SAR noises

» Multi-condition training approach & Speech enhancement module integration

» Release of RescueSpeech dataset

* First publicly released audio dataset in the SAR domain
« ~2 hours of annotated speech material
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Literature Survey
&
SpeechBrain toolkit




Literature Survey (ASR)

1952 ’ . 1980s 1990s ‘ ‘ 2000s

"Audrey” l \‘Stat'St('f'ﬂhﬂlr;‘;de“”g/ _ ASRWithANNs | | HMM-GMM |

2012+
,,,,,,,,,,,,,,,,,,,,,, _ HMM-DNN

2015- CRDNN . B l

2020- Wav2vec, Wav2vec2.0 |

¢ ] 2020+

- WavLM ‘
2021- Wav ¢ ‘ . End2End DNN

' 2022- OpenAI/Whisper

(6] OpenAI/Whisper
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) 2012- RNN-Trandsucer

|

2015- Attn. based Encoder-Decoder

|

2016- Connectionist Temporal
Classification (CTC)
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Literature Survey (Speech Enhc.)

2000s
1975 1985 S 1987 5
. ! . _— Bayesian
Wiener filtering Spectral Subtraction Kalman filtering approaches
2012+
DNN
2015+
2018- MimicLoss
GANs ¢
l 2019- MetricGAN
2020- SepFormer
2020+
Transformers
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* Open-source conversational Al toolkit based on PyTorch
 Flexible, replicable, and easy-to-use with well-documented features.
« Offers unique and flexible data-loading techniques- JSON & CSV

» Ease of convenience: python train.py hparams.yaml

» All models trained and results evaluated are contributed to SpeechBrain.
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Technical Background (ASR)
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Technical Background (ASR)
End2end Architectures
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Technical Background (Speech Enhc.)

&
mi T
» SepFormer: Transformer-based neural network , .
x —| Encoder —— h —| Masking Net Decoder .
S
« Encoder [ma ’
» Masking network ®
* Decoder
i —| Norm+Linear Chunking U SepFormer Lt PReLU+Linear h” OverlapAdd n FFW+ReLU : "
maz
Masking network
h IntraTransformer —| Permute —{ InterTransformer ~ h"

Repeat N times

SepFormer block diagram that combines IntraTransformer and InterTransformer
to model short-term and long-term dependencies.
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* Speech recognition « Speech enhancement

e WER = I+‘19V+D * Intrusive

 SI-SNRI (scale-invariant signal-to-noise ratio)
* where, .
* SI-SDRI (scale-invariant signal to distortion ratio)

* PESQ (Perceptual Evaluation of Speech Quality) [-0.5 to 4.5]
 STOI (Short-time objective intelligibility) [0-1]

 Non-intrusive

e | : # insertion
» S: # substitution
e D: # deletions

* N: # words in ref. text
* DNSMOQOS (Deep noise suppression- Mean Opinion Score)

* SIG (speech quality)
* BAK (background noise quality) 1-5
* OVRL (overall quality)
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Dataset Description
Pre-training

* Purpose

* Pre-train ASR and enhancement models CommonVoicel0.0 DNS4
HRS #Utts. HRS  #Utts.

e CRDNN, Wav2vec2.0, WavLM
Train 739.17 466189 1317 1186019

« CommonVoice (DE) Valid  26.97 16067 6.67 5965
Test  27.15 16067 5.17 921

* SepFormer

* DNS4
* 150 noise types (-5, 15 dB)
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Dataset Description i) e
The RescueSpeech Dataset

* Purpose

* Fine-tune ASR and enhancement models Clean Noisy
HRS #Utts. | HRS #Utts.

Train 1.02 1543 | 4.84 3000

, Valid 0.26 387 | 1.43 900
* Noise types: Test 032 484 | 1.40 900

» emergency vehicle siren
* breathing

* engine

* chopper

» static radio noise

 Simulated SAR exercises
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1. ASR training

CRDNN seg2seq with beam-search + LM
Wav2vec2.0 CTC with greedy decoder
WavLM CTC with greedy decoder
Whisper (no pre-training needed)

o N0 T o

2. Speech enhancement training

a. SepFormer
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3 . Tra | N | Ng strate ies RescueSpeech clean SAR noise mixing
g g data (-5 dB, 15 dB)
a) Multi-condition training l
RescueSpeech noisy
data
Mix of clean-noisy |
———»  RescueSpeech data

(50-50)

!

Multi-cond. training
using pre-trained
ASR model

!

clean/noisy WER
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Experimental Setup

3. Training strategies

RescueSpeech
. . clean-noisy data
(b) Model-combination I: Independent
training l

Pre-trained
enhancement model
(SepFormer)
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RescueSpeech noisy
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data
Fine-tuned Metrics like SI-SNRi,
» enhancement Model (—> SDRi,
(frozen) PESQ & STOI

!

Enhanced wavs

!

Fine-tuned ASR
models

!

WER




Experimental Setup

3. Training strategies

(c) Model-combination I: Joint training
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RescueSpeech noisy

data
Fine-tuned Metrics like SI-SNRi,
enhancement Model (—> SDRi,
(un-frozen) PESQ & STOI

T

Loss is shared and

gradients are updated

l

Fine-tuned ASR
models

!

WER
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* Pre-training Performance

* ASR dataset used- German CommonVoice (1200h)
» Speech Enhancement dataset used- DNS4 (1300h)

Comparison of WER on CommonVoice

test set Evaluation on DNS4 2022 baseline dev set using
DNSMOS

ASR Model WER

Model SIG BAK OVRL
CRDNN 7.92 | Noisy 2.984 2.560  2.205
Wav2vec2  9.54 Baseline _I'NSNet2 [77] 3.014 3.042  2.712

) model
WavLM 8.98 SepFormer 2999 3.076  2.437
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WER comparison on RescueSpeech dataset

ASR Performance

ASR Model clean | noisy

« 15t attempt to noise robust speech N CRDNN 5705 | 86.48
& Wav2vec2 50.03 | 86.45
recognition WavLM 4981 | 83.82

Whisper 28.41 | 61.86

 Dataset used- RescueSpeech CRDNN 9447 | 59.59

Clean training Wav2vec2 22.16 | 65.65
WavLM 21.67|| 61.13
Whisper 28.39 | 56.60

CRDNN 27.45 | 57.95
Multi-cond. training Wav2vec?2 23.91 | 60.61
WavLM 22.48 | 55.53
Whisper 29.75 | 62.53
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Speech enhancement performance on the RescueSpeech

Combining ASR and Speech noisy test set

Model Model Comb. II
Enhancement Comb. T ‘
CRDNN | wav2vec2 WavLM |Whisper

SI-SNRi 5.624 6.145 5.913 5.959 | 6.137

« 2nd & 3rd attempt to noise robust speech SDRi 5278|5668 | 5465 5475 | 5.686

PESQ 2.249 2.304 2.259 2.270 2.296

. . STOI 0.816 0.823 0.822 0.820 0.822
recognition

WER achieved with independent training (Model Comb. |)

 Dataset used- RescueSpeech /It P
and joint training (Model Comb. Il)

ASR Model | Model Comb. I | Model Comb. 11
CRDNN 56.62 56.02
Wav2vec2 50.39 51.58
WavLM 48.25 50.04
Whisper 29.97 33.19
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« Addressed challenges: lack of speech data, robustness to SAR noises, and conversational

speech

* Introduced RescueSpeech: a new German speech dataset for robust speech recognition in noisy

environments

* Proposed multiple training strategies involving fine-tuning pretrained models on in-domain

data

« Tested cutting-edge self-supervised models (Wav2Vec2, WavLM, and Whisper) but best model-
Whisper only achieved WER of 29.97%, highlighting the need for further research in this domain.
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Future work

» Consider channel characteristics in speech recognition model design and training.
« Extend dataset to include other languages (English, French, Italian, Spanish).

» Use data augmentation techniques to generate more SAR data.

« Test and compare with other Speech Enhancement models.

« Address issues with highly emotional speech.

« Address additional noise types (foot stomping, structural, interference noises).
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Appendix- Whisper ASR

* Trained on 680K hrs of multilingual data.

* Directly learns mapping between
utterances and transcriptions

e Model: encoder-decoder transformer
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Appendix- WavLM :

Mask Prediction Loss

 Trained on 94K hrs of English data. P N
Target labels Z, | |z, | |z Lz’._[ Ze | | zg
* Model: Transformer based | f I | T |
* CNN as feature encoder / \

Transformer Encoder with
Gated Relative Position Bias

1 ﬁ t ﬁ t .t
Xy - Xg Xg
I I 1

\ T CNN Encoders : 1 /

Utterance
Mixing audio
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