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Introduction

Machine learning is often done with only one kind of
feedback: direct comparison of prediction and label
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Introduction

By contrast, human educators
provide more than just solutions.

Some examples:

e [Explanations
e Comparisons

e |llustrations

(Vapnik and Vashist 2009)



Introduction

Turns out teacher models can
help machines to learn too!

A teacher model adds “privileged
information” to each sample (x*):

(CEl,CC*{,yl), (mzam;ayz)a- “ e (CEn,ZE;';,yn)

Our work does this in new ways!

(Vapnik and Vashist 2009)
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Knowledge Transfer

There are two main approaches to knowledge transfer

Provide better labels

Instead of “hard” binary
labels, target “soft” labels
with information such as
confidence and relative
likelihood between classes

Cat? Dog? Bird? Horse?

“hard” binary label
[0.0, 1.0, ©0.0, 0.9]

“soft” label provided by teacher
[0.1, 0.8, ©0.03, 0.07]




Knowledge Transfer

Examples of providing better labels:

_a soft labels
predictions

e J[eacher-student learning

(Bucilua, Caruana, and Alexandru 2006) distilled| knowledge

e Knowledge distillation
(Hinton, Vinyals, and Dean 2015)

AN e % A
E hard labels
i predictions € true label

Training data to be trained
Student (Ganesh, 2019)

First used for model compression



Knowledge Transfer

There are two main approaches to knowledge transfer

Patch O Reference Patch 1

Provide better objectives

Map predictions and/or
targets to alternate space
for better comparison.

J Pixel-by-pixel mapping
Mapped by ConvNet J

(Zhang et al. 2018)



Knowledge Transfer

Examples of providing better objectives:
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e Perceptual Loss (Gatysetal 2016)

ompson 2019

e (Generative adversarial networks Goodfellow et al. 2014)
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Enhancement for Intelligibility

Video conference calls

(among other technologies)
can benefit from speech K" einch:
enhancement for improving
signal intelligibility. an 7] = ®

make sure that documentation is ready for

: Sounds good. I'll take that Al.

-

e Usually improves human recognition (Heaty etal 2017)

e Sometimes improves machine recognition (Narayanan and Wang 2015)



Speech Recognizability

Enhancement and recognition
objectives sometimes conflict

e [Energy-based metrics
don’t use phonetic labels.

e ASR needs phonetic cues,
but some phones are
low-energy




Speech Recognizability

Noisy Clean ‘ Energy metric
Low-energy phonemes
(like v/ or /0/) are 4
sometimes ignored by  £| ™ Tl
enhancement models E')
trained with an ':
energy-based metric. e
(Plantinga et al. 2020) o ".-:| _

1.1 1.2 1.3 1.4 1.1 1.2 1.3
Time (s)



Speech Recognizability

Popular idea — train modules at the same time
l.e. “joint training” or “end-to-end training”

\
|

(Narayanan and Wang 2015)

Prediction:

LossI
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Speech Recognizability

Joint training issue: “distortion problem”
(Wang, Tan, and Wang 2019)

. . . . Prediction:
Training data Minimal distortions oy
enhancement recognition
module module
Inference data Some distortions Prediction:

/kaed/



Speech Recognizability

A solution to the “distortion problem”
(Wang, Tan, and Wang 2019)

Additional Noise Freeze Module
|

;i E ) Prediction:

== enhancement e recognition //kaed/

——S——

= - module i module LossI
? \_/ Label:
ot /kaet/

But we lose the benefits of joint training!



Speech Recognizability

Our proposal is to use a perceptual loss
(Bagchi, Plantinga, Stiff, and Fosler-Lussier 2018)

Pretrain on clean
+ freeze module

|

Noisy data Denoised

- Prediction
enhancement recognition
module module Loss
Soft Label

Clean data



Frequency

Clean Energy metric

Perceptual metric




Samples w/ Perceptual Loss

D) D) D)
Babble noise: Noisy Enhanced Clean
2D D 0

Restaurant: Noisy Enhanced Clean



Experiments

We run experiments on three datasets. CHng

e CHIME-2 (ASR) CHALLENGE

o Recordings of reading WSJ articles with living room noise and reverb
o Our enhancement and perceptual models were similar to Wide ResNet

o We used an off-the-shelf Kaldi recipe to evaluate recognition rates



Experiments

We run experiments on three datasets. CHng

CHALLENGE
e CHIME-4 (enhancement)

o Includes both real and simulated noisy recordings
o Enhancement model was state-of-the-art for time-domain (AECNN)

o We tested in difficult scenario where no simulated data available



Experiments

- O
We run experiments on three datasets. OOOo OO
Edinburgh

oS
%8 DataShare

e Voicebank + DEMAND (both ASR and enhancement)

o Diverse set of voices with wide variety of environmental noises
o Direct comparison against joint training (possible with SpeechBrain)

o Recipe made public with this public toolkit and public dataset



CHIME-2 (Ours vs SotA)

Joint Training Extra Features

Enhancement model

Noisy (no enhancement)
CNN (Chen et al. 2015)

DNN (Narayanan and Wang 2015)
LSTM (Weninger et al. 2015)

Joint Training (wang and Wang 2016)
Wide ResNet (plantinga et al. 2018)

Wide ResNet + Perceptual Loss

Yes

Yes

Yes

Yes
Yes

Yes

WER

error rate

17.4
16.0
15.4
13.8
10.6
10.8
8.7



No Parallel Clean & Noisy Data!

Perceptual loss works without access to parallel speech data
(Plantinga, Bagchi, and Fosler-Lussier 2020)

Pretrain on clean
+ freeze module

|

s Predicti
recognition / redicton
module Loss I

Noisy data Denoised

enhancement
module

Hard label



CHIME-4 (Perceptual vs Joint)

Model

Noisy
AECNN
AECNN
AECNN
AECNN
AECNN

Parallel?

No
No
No
Yes
Yes

Yes

Perceptual model Joint?

Wide ResNet
Wide ResNet
Wide ResNet
Wide ResNet

No

Yes

No

Yes

SI-SDR

speech quality

7.5

1.6

0.6
11.7
11.9
11.7

eSTOl

intelligibility
68.3
72.6
47.0
/8.9
79.8
79.5



State-of-the-art recipes for:

Aside: SpeechBrain

End-to-end ASR
Speaker embeddings
Speaker diarization
Speech separation
Spoken language
understanding

etc.

V

/"'/

SpeechBrai

|

C



Aside: SpeechBrain

Easy to combine recipes, e.qg.

e Attentional model, trained on
LibriSpeech, gets 3.0 WER

e Recipe for enhancement on
Voicebank + DEMAND

1

it \
SpeechBrai&

We use these recipes so we can
compare against joint training



Sequential Perceptual Model

Use part of seq2seqg model for perceptual model

Use this part as
erceptual model
et P P

Clean data ConvNet P Attentional

é embedding RNN decoder '

|
v

B
E 3 RNN + DNN
i

Encoded Audio

% encoder




Voicebank (Perceptual vs Joint)

Enhancement Perceptual Joint? PESQ eSTOI Dev @ Test

model model " | speech quality  intelligibility WER ' WER
Clean - - 4.50 100. 1.44 | 2.29
Noisy - - 1.97 78.7 433 | 3.60
Wide ResNet - - 2.94 86.5 295 | 3.24

Wide ResNet ConvNet 3.05 86.8 2.58 @ 3.06

Wide ResNet ConvNet YES 3.08 86.6 291 3.08



Voicebank (Ours vs SotA)

System

Noisy
MetricGAN (Fu et al. 2019)
PHASEN (vin et al. 2020)
DEMUCS (Defossez et al. 2020)

Wide ResNet + Perceptual loss

PESQ

speech
quality

1.97
2.86
2.99
3.07
3.05

CSIG

signal
distortion

3.35
3.99
421
431
4.36

CBAK

background
distortion

2.44
3.18
3.55
3.40
3.b1

COVL

overall
distortion

2.63
3.42
3.62
3.63
3.73
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Reading Verification

Learning to read is an important task!
Can we design a model that helps?

Considerations:

1. Evaluation (correct WPM)

2. Prompting (real-time)

3. Problem words



CTC Loss

We focus on real-time aspect. ‘ | l (__ L \ “"r J_ ’
For this, we chose CTC loss:

e — — — —s — — — —

CTC loss adds blank label € [ ]
and combines identical terms, h h
summing over equivalent paths. ¢ B
|
O O
€ €

Can be decoded in real time!

(Hannun, 2017)



Teacher-Student Loss

llnput frame

|

|

BiGRU [ BiGRU [ BiGRU [ BiGRU State
(t-1)  —> (t) —_—p  (t+]1) —p (t+2) —p
iSoft Label i i i
Loss Loss Loss Loss
Phoneme
prediction
UniGRU ; UniGRU ; UniGRU UniGRU State
Ni ni ni ; ni ;
(t-1) (t) (t+ 1) (t+2)

l

Tlnput frame

T

T

T



Alignment Problem

(Plantinga and Fosler-Lussier 2019)

are not aligned with = LZSS‘ECTC
. H vgnergy\'"”, o

the evidence £ | e

0 i
BiGRU outputs can N 0.0
occur before evidence 5 | Modek UniGRU

e Loss: CTC
. 4?; ISR 1111\ R |

UniGRU outputs & | mY

O 4

occur after evidence




Alignment Loss

Solution #1: Alignment loss
ke
Lalign@ - log 4?,;
o)
a
loss at frame t
sum over the phoneme
vocabulary (size: N)
ke
indicator function selects ]
blank or non-blank symbols g
a

depending on relative energy

n-th phoneme’s
predicted probability

1_

(Plantinga and Fosler-Lussier 2019)

Loss: CTC

...........................................................................................

-----------

0.0

Model: BiGRU
Loss: CTC + Lalign

.......
——————————

0.0




Reversed T/S learning

(Plantinga and Fosler-Lussier 2019)

. 14
Solution #2: . | Model: UniGRU
: i Loss: CTC
UniGRU as teacher I et —
I I——
0- 1 T
, 0.0 0.5
BiGRU learns to put i
. . Model: BiGRU
outputs in the most S | Loss:CTC+ /s
hetpful ptace g ---‘-““-/s“-’\’ .............................................. TN
0..




OGI kids' speech dataset

Recordings of kids in grades K-10 N

~10 mins from ~100 kids in each grade FGS‘E*

TRANSFORMING LEARNING

Fluency labels (binary) are based on Forest Grove School District

recording quality (missing word, etc.)

Simple metric for error detection: OG] ey
more than one prediction error



Model

BiGRU
UniGRU
UniGRU
UniGRU
UniGRU

Recognition Results

Student Loss

CTC
CTC
CTC+T/S
CTC+T/S
CTC+T/S

Teacher Loss

CTC
CTC + T/S
CTC + T/S + Align

PER

error rate

12.6
19.5
21.3
18.4
19.0



Model
BiGRU
UniGRU
UniGRU
UniGRU
UniGRU

Verification Results

Student Loss
CTC + Align
CTC
CTC+T/S
CTC+T/S
CTC+T/S

Teacher Loss

CTC + Align
CTC+T/S
CTC +T/S + Align

F1
60.4
4.7
49.1
56.7
56.2

Delay
O ms
159 ms
24 ms
237 ms
162 ms



Word Detection

Follow-up: can we detect if a word has been said?

Cut up audio and label whether each word is inside segment

S t Py
egmen . \ Attentional

" RNN decoder

ConvNet

z 7 embeldding Pn/

E 3
1 AN 5 DNIN Encoded Audio

NNY

— Exist?

encoder




Word Detection Results

Encoder Model
None
CRDNN
CRDNN
CRDNN

Pretrained? Frozen?

Yes
No

Yes

Yes
No
No

Detection Model
Attentional RNN
Attentional RNN
Attentional RNN
Attentional RNN

F1
90.9
92.4
95.1
95.5
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Future work

GAN loss + perceptual loss for
non-parallel enhancement

Use Reading RACES data

Add disfluency detection:
stutters, prompts, etc.

Add enhancement due to noisy
classroom environment



Conclusions

Knowledge transfer is useful for speech tasks

Perceptual loss can improve both enhancement
and noise-robust ASR at the same time

Alignment loss and reversed T/S trained teacher
model can trade-off accuracy and latency

SpeechBrain is a great toolkit for knowledge
transfer for speech tasks!



slido

Audience Q&A Session

(D Start presenting to display the audience questions on this slide.
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CHIME-2 Results

Enhancement Perceptual—> None | ©6-layer | Wide* | WRBN

! DNN | ResNet

Noisy (no enhancement) 17.4 - - -
2-layer DNN (Bagchi et al. 2018) 16.0 14.4 14.2 14.0
Wide ResNet (Plantinga et al. 2018) 10.8 10.5 8.7 9.3

* Wide ResNet perceptual model unpublished



CHIME-2 Layer-wise

Layer of Perceptual Model Used WER

Noisy 16.0
Layer 1 15.0
Layer 3 14.7
Layer © 14.4

Layers 4+5+6 14.3



CHIME-2 Analysis

e Our model improves more on
lower energy phonemes

e [essimprovement on
vowels, since they are long
and have higher energy

e (orrelation coefficient of the
consonants is around -0.5

2.5 A

2.0 1

Precision Improvement (%)

1.5

1.0 -

® @ labials
HH coronals
dorsals
e laryngeals
TH NG ® vowels
eM
Vo
G ‘ ow
@ ®
F He EY
Yo Uw  e® o
e
N ERe o AO Ext
DK ® IYe -~ AH i
DHw cu> R
L SH AYe
Z @
® AW
ZzH - UH
IH OYe
12 13 14 15 16

Average Energy (dB)




Voicebank w/ Transformer

Enh. model
Noisy

Transformer
Transformer
Transformer

Transformer

Mask training Joint? PESQ eSTOlI dWER tWER

- - 1.97 /8.7 4.33

MSE loss Yes 2.45 83.3 3.40
MSE + Mimic loss | Yes 2.58 83.5 3.50
MSE loss No 2.72 84.8 3.48
MSE + Mimic loss No 2.92 85.3 3.20

Wide Resnet MSE + Mimic loss No 3.05 86.8 2.58

Transformer system is mixed with noisy, 0.7 mask + 0.3 noisy

3.60
3.12
3.32
3.12
2.96
3.06



Transformer Example

Dataset: Voicebank + DEMAND

Noisy: 4 ﬁ

Enhanced:

Clean:



Reading Verification

Model Student Loss Teacher Loss PER
BiGRU CTC - 12.6
BiGRU CTC+T/S CTC 12.5
BiGRU CTC +T/S + Align CTC 13.1
BiGRU CTC + Align - 13.3
Model Student Loss Teacher Loss F1 Delay
BiGRU CTC - 61.2 | 153 ms

BiGRU CTC + Align - 00.4 O ms



Posterior
Graph

Outlined are Prediction: “Disaster trade...”

prediCted Denoised w/ mimic loss
phones cr o "

Phones

Phones

Proposed
model makes
the correct

IH

Prediction: “The average rate...”

predictions 0.8 0.9 1.0 1.1 1.2 13 1.4 1.5 1.6

Time (s)



Likelihood
Graph

Outlined are
predicted
phones

Proposed
model makes
the correct
predictions

Phones

Phones
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Denoised w/ MSE loss
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Denoising Example

Denoised w/ MSE loss
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Denoised w/ Mimic loss
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