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Topics

» ASR and TTS research

« Supervised training
— Paired speech-transcription data

« Batch training

» Lifelong Learning

— Incremental Learning
* No large paired data of speech and transcription

« Semi-supervised learning and unsupervised learning

— Multi-modal Learning

» Machine Speech Chain
— ASR & TTS semi-supervised joint learning
— Code-mixing ASR & TTS

— Multimodal chain
» Learning Speech Representation without Text for ASR-TTS and S2ST

http.//www.naist.jp/
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Machine Speech Chain

* Proposed Method
— Develop a closed-loop speech chain model based on deep learning

Use the closed-loop

for ASRand TTS

“Good
afternoon”

Auditory feedback
“How are you?”

Speaking Il | |

Auditory feedback

Speaking

Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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Machine Speech Chain

oés-..
Closed-loop feedback mechanism

" NAIST &~ =
Common ASR & TTS X =WJ\N —— y = “text”

% = god\ple —g
':1I> Lrrs(x,2) £ =splpll. text”  Lasg(,9)
= mulhal y = “text”

Definition:
* x = original speech, y = original text

* X = predicted speech, y = predicted text
« ASR(x):x = ¥ (seq2seq model transform speech to text)

 TTS(y):y — X (seg2seq model transform text to speech)
Andros Tjandra, Sakriani Sakti, Satoshi Nakamura,

“Listening while Speaking: Speech Chain by Deep Learning”, IEEE ASRU 2017

-

<
I
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» Case #1: Supervised training
— We have a pair speech-text (x,y)

Machine Speech Chain

— Therefore we could directly optimized ASR by minimize Loss,sz(y, V)

— and TTS by minimizing loss between Lossprg(x, X)

y = “texts”

l

— Lossasr(¥, )
T

5} — l(teXH

ASR

Dec. 14. 2019

Lossrrs(x, %)

t
2 =yl

y = “text”

ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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Machine Speech Chain

» Case #2: Unsupervised training with speech only

W e

Given the unlabeled speech features x

AlP

ASR predicts most possible transcription 9 X :JV'J\IA'A” > LossTTS(x, X)

TTS based on y tries to reconstruct speech features x $—'

Calculate Lossyrs(x, X) between original speech features x and
predicted x

Possible to improve TTS with speech only
by the support of ASR

f

FERDATFENE, CCHERIETDE — Outgrow your limits — Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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Machine Speech Chain

» Case #3: Unsupervised training with text only

W e

Given the unlabeled text features y

TTS generates speech features x

ASR given x tries to reconstruct speech features y

Calculate Loss,sr (v, ¥) between original text y and predicted y

%

A
Possible to improve ASR with speech only i
by the support of TTS I
y = “text

AlP

y — utext” - LOSSASR(y; py)

— !
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Y1 Y2 YVt

LSTM

Char
Emb.

Decoder ZVo y1

Encoder

Bi-LSTM

Bi-LSTM

Bi-LSTM

Sequence-to-Sequence ASR

Input & output
* X =[xq,..,Xs] (speech feature)

y y — [}’1; ""yT] (teXt)

Model states
*  hji.5) = encoder states

»  h% = decoder state at time ¢
a, = attention probability at time t
«  a.(s) = Align(hg, h)
exp(Score(hf,h?))
Yoo, exp(Score (hﬁ,h{i))
¢ = Xo_q a.(s) * h¢ (expected context)

* ai(s) =

Loss function
T

1

LASR(yt Py) = T 2 1yt =c¢) * logpyt[c]

t=1 c€[1.C]

ASRU Lifelong learning WS ©Satoshi Nakamura AHC1ab NAIST |apan
Dec. 14. 2019
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X[1,.5]
Input & output
CBHG t . xR = [x1, ..., Xs] (linear spectrogram feature)
t 1 t Endof speech o M — Ty .., xs] (mel spectrogram feature)
xM M xM (b ) prediction .
1 72 Y= [}’1, ---;yT] (teXt)

Model states

*  hji.5) = encoder states

« h% = decoder state at time t

* a, = attention probability at time t

* ¢ = Yo_qas(t) * h¢ (expected context)

LSTM  f—» k==

Fully connected

Decoder

Loss function

1 S
Lrrsi(e®) =5 ) Gl =22 + (ef = 207
S=

~ 1S ~ ~
Lrrsa(b,B) = =5 ) (b log(Be) + (1 = by) log(1 — 5,))
S=
Lrrs(x,2,b,b) = Lr7s1(x, %) + Lr7s2(b, b)

Encoder

CBHG

Fully connected

Char
Emb.

V1 V2 Yt

CBHG: Convolution Bank + Highway + bi-GRU

BIRD AJFENE, CCAHVERSE T —Outgrow your limits—  ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan Dec. 14. 2019 http://www.naist.jp/
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» Combined loss:

Model Optimization in Speech Chain

o, = @ (fI;TS + fﬁSR) + B (s + Lisr)

Loss from unpaired data

Loss from paired data

a and [ are hyper-parameters for scaling the gradient
from paired and unpaired data

http.//www.naist.jp/

ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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e/ ¢ Experiments on Single-speaker AlP

» Dataset:
— BTEC corpus (text), speech generated by Google TTS (using gTTS library)
— Supervised training: 10000 utts (text & speech paired)
— Unsupervised training: 40000 utts (text & speech unpaired)

» Result;

Hyperparameter ASR

gen. CER Acc: End of speech
prediction accuracy

« B mode )

Paired
(10K) - - - 10.06 | 7.07 | 9.38 | 97.7
025 | 1 | greedy | 5.83 | 6.21 | 8.49 | 98.4
+Unpaired | 0.5 | 1 | greedy | 5.75 | 6.25 | 8.42 | 98.4
(40k) 0.25| 1 | beam5 | 5.44 | 6.24 | 8.44 | 98.3
05 | 1| beam5 | 577 | 6.20 | 8.44 | 98.3

FERDATEENE. CCHERSEdDG — Outgrow your limits — Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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Multi-Speaker Speech Chain
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Adding a speaker embedding as conditional input for TTS

_ ” f =~/\NJ\J‘MI\/V - y = ”teXt”
y = "text >

§ = “text” # ¥ =

Z = lEs

text”
* SPKEMB

F

=D

%
<2

I

%

y = “text”

Andros Tjandra, Sakriani Sakti, Satoshi Nakamura,
“Machine Speech Chain with One-shot Speaker Adaptation”, INTERSPEECH 2018
http://www.naist.jp/
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Train with unpaired speech

f =J\[\'\J\V\‘I\N—PLTT5(X, .f)

l_l |
Z=0 - ?=Htextn
“

F 3

-

1. ASR predict best transcription y given x
SPKEMB generate speaker embedding z
3. TTS reconstructs X given [y, z]

g

7// &N Training Unpaired Data Scenario

Train with unpaired text

j/\ = “text” -» L, (2’! ﬁy)

f~ (DPu DY) ¥="text’= - -

13

1. Sample a speaker embedding Z from any speech
2. TTS generates speech feature X given [y, Z]

3. ASR reconstruct text y given X

FERDATFENE, CCHERIETDE — Outgrow your limits — Dec. 14. 2019

ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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m Tacotron + Multi-speaker Adaptation AlP

Input & output
g o xR =[xy, ..,x5], 2aM = [xq, ..., x5] (mel & linear spectrogram)
* ¥ =[y..,yr] (text)
| * Z (speaker embedding vector)
ty (5 Model states

Wl ey ————— -
Xy Xy e \l *  hf.s) = encoder states
hd : « h% = decoder state at time t
Lstm J—>gf----- | * ag = attention probability at time t
FC : *  Cg = X3-1a4(t) * h{ (expected context)
 xl |
Decoder TTS : Loss function .
et B~ g Reconstruction MSE | Lrrs1(x,X) = %ZS 1(X§W — 2% + (2§ — 25)?

Encoder TTS

CBHG

- 1 S ~ ~
EOS cross entropy | Lrrs2(b,b) = _Ez 1(bs log(bs) + (1 — bs) log(1 — bs))
S=

B (z,2)
Izl + (121l

FC

Perceptual loss between Lrrss(z,2) =1
original & generated speech

LTTs(x: X, b, b ) = Lrrs1(x, %) + Lrrsy (b» B) + L17s3(2, 2)

Char
Emb.

1 Y2 yr

R D ATBEME., CCHEREL; — Outgrow your limits — Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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7//&F Experiment Results on WSJ AlP

Table 1: Ch.aracrjer errolr HQUE (CER (%)) COH_IP CIF‘I.S:OH bemieen Table 2: L2-norm squared on log-Mel spectrogram to compare
results of supervised learning and those of a semi-supervised ., supervised learning and those of a semi-supervised learn-

learning method, evaluated on test_eval92 set ing method, evaluated on test_eval92 set. Note: We did not in-
Model CER (%) clude standard Tacotron (without SPKREC) into the table since
Supervised training: it could not output various target speaker.
WS frain si84 (paired) — Baseline Model L2-norm?2
i:t EEE:EZE Eg} };gé Supervised training:
: WS train _si84 (paired) — Baseline
Att Enc-Dec (ours) 17.35 Proposed Tacotron (Sec. 4) (ours) 1.036
Supervised training: Supervised training:
WS] train_si284 (paired) — Upperbound WS train si284 (paired) — Upperbound
Att Enc-Dec [19] 8.17 Proposed Tacotron (Sec. 4) (ours) 0.836
it: Ezg:gz ggis ) ;?g Semi-supervised training:
. WS train_si84 (paired) + train_si200 (unpaired)
Semi-supervised training: Proposed speech chain (Sec. 2 + Sec. 4) 0.886
WSJ train_si84 (paired) + train __si200 (unpaired)
Label propagation (greedy) 17.52
Label propagation (beam=35) 14.58
Proposed speech chain (Sec. 2) 9.86

FERDATEENE. CCHERSEdDG — Outgrow your limits — Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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7N Code-switching Speech AP

FERDATFENE, CCHERIETDE — Outgrow your limits — Dec. 14. 2019

« Typical case where paired speech and transcription are difficult to collect.

» Challenge with Code-switching : Mixed multilingual input
““hlstill waterTE M ?”

BE

Japanese

English Output text

Japanese ~ ASR? >

Given only text Given only speech
text ASR WM \ | speech

ASR | = text| MTM ASR
s d o 18.11% CER
text W MWy Lossy Loss foxt ->5.08% CER

v v

text& TTS Z’W \ i text: M s

S. Nakayama, A. Tjandra, S. Sakti, S. Nakamura,
“Speech chain for semi-supervised learning of Japanese-English code-switching ASR and TTS”, |EEE SLT 2018

ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/



*
% WJ\” $ = "chr"
t
f-

(a) Basic speech chain

Multilingual Speech Chain

= CERE

<
TTS :

(b) Multi-speaker speech chain

with speaker recognition(SPKREC)

y = ["char”, "lng“]

17

SPKREC

Z

y — ["Cha’]"“' "lngll]

(c) Multilingual speech chain

FERDATFENE, CCHERIETDE — Outgrow your limits —

Dec. 14. 2019
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X =Wn Z
SPKREC

T TIS —
y = ["char®, % = MM

[H Char{l,

Monolingual train & test set

Model Training Procedure

=D

(a) Supervised learning monolingual data

E]

TTS

Zh-En

Zero-shot
CS text

CS train & test set

SPKREC Loss
Z
y
 —— v 2 — WJL TTS
y — ["Char“' Hlngll]
t* *
— =
=
text only speech only

CS train & test set

(b) Unsupervised learning code-switching data

Sahoko Nakayama, Andros Tjandra, Sakriani Sakti, Satoshi Nakamura,
“Zero-shot Code-Switching ASR and TTS Multilingual Machine Speech Chain”, ASRU2019 ASR-3.14 Day3

18

AlP

Z

Zero-shot
CS speech

FERDATFENE, CCHERIETDE — Outgrow your limits —
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Multimodal Machine Chain

19

LAS Neural Emb
. _'\A_ ? - ”te)(t" . , )
ASR X = -ﬂ/\r 3§ = (caption) —» L y5-
> ASR i 5 R
A A A
| | |
| | |
| | |
0=\ j = "toxt | | |
A | | [
| | |
| | |
Y \4 Y
(- (_J |
§= ‘\A_ «— TTS V= "toxt" X = _»\/\(. «— TTS «——\ = (Cﬂp“Oﬂ)(_ |C «——7=
Taco SAT
Machine Speech Chain Multimodal Machine Chain
FERDATFENE, CCHERIETDE — Outgrow your limits — Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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Multi-modal Machine Chain

Partition of the Flickr30k dataset

Image # Data

Training mechanism:
Type 1: Paired speech-text-image data exists

(Supervised learning)
e Separately train ASR, TTS, IC, and IR
Type 2: Speech, text, and image data exists, but unpaired Data Speech Text
(Semi-supervised Iearn/ng) (D1) o o o 2000
a.speech data: speech chain ASR - TTS
b.image data: visual chain IC = IR (D2) A A A /7000
c.text data: speech chain TTS = ASR, visual chain IR = IC (D3x) A X X 10000
(D32) X X A 10000

Type 3: Single modality data (either speech, text, or image exist)
O = available paired;

A = available unpaired;

(Semi-supervised learning)
X = not available

a.text data : (TTS - ASR) || (IR = IC)
b.speech data : (ASR - TTS) || (ASR = IR = IC)
c.imagedata: (IC=>IR) || (IC > TTS - ASR)

Improving IC even without image and text data

Johanes Effendi, Andros Tjandra, Sakriani Sakti, Satoshi Nakamura,
“Listening while Speaking and Visualizing: Improving ASR through Multimodal Chain”, ASRU 2019 ASR-2.8 Day?2
http://www.naist.jp/

ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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Unsupervised Speech Discrete Representation

21

AlP

o&SCie”C‘e&
¥ NAIST “'é:.
* Find a discrete representation from continuous speech with VQ-VAE
(van Oord et al., 2017)
Reconstruction e Capture only the context and discard other information.
@ * Disentangle the context with the speaker information
. " L] n
Dec py (x|z, 5) ABX' Rank 4th u MOS. Rank 3I‘d u CER. Rank 1St
# Auth —
Speaker uthors ABX 4 # Authors W# Authors —A
Codebook . CER
Embed ° 14 Cho et al 10.39
t ’ ; 21 Topline 392 120 Tjandraeta. | 021 |
V1 V5l... €1|€4|... €
vz L Z 12 i Feng el al. 10:94 8 Horizon Robotics| 3.55 21 Topline 0.28
13 Cho et al. 12.05 :

655 D2ve 19 Tjandra et al. 3.25 | 8 Horizon Robotics| 0.32
| (20 Tiendraetal | 1398 | o0 riancraeral | 32 1o Tandmerar | 035 |

Enc gg(z|x) & topiine L 4 Horizon Robotics| 2.89 4 Horizon Robotics| 0.36

Input ' o - .
Source Target Synthesize Source Target Synthesize

[Source: https://zerospeech.com/2019/results.html]

“VQVAE Unsupervised Unit Discovery and Multi-scale Code2Spec Inverter for Zerospeech Challenge 2019”, INTERSPEECH 2019

Dec. 14. 2019

Andros Tjandra, Berrak Sisman, Mingyang Zhang, Sakriani Sakti, Haizhou Li, Satoshi Nakamura,

ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan

http://www.naist.jp/
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| - ! M |
| vVaVAE | Xege > Lo |
CoE :
| Code2Spec /': VQ-VAE |
_______ | Dec Linv,
|
| T A
seqz | | Cod o
M eq | ode O R
XST‘ : Ytgt Inv tht:
| I \ l
| |
|
|| VQ-VAE |
: Enc Code :
| T book |
| M |
: thr :

—_——— e ——— e ——— e — ——— =

IeTrain Seq2Seq \| >
I from XX to : tgt
|
7T .
VQ-VAE
Dec
e N
I
M Seq2 \ Code
X S Yo N
I \
| TN
| Lt \
| NLL VQ-VAE \
: Enc Code }
: T book :
M
I |
| Xf.gt |

—_——_— e —— e —— e ——

Replacing the target speech with codebook representation,
Lighten the burden in the sequence-to-sequence

(from continuous -> continuous to continuous -> discrete),
Only need to translate target “context” information.

Speech-to-Speech Translation
g between Unknown Languages

22

T——

N
Inference:

. oM
| Given Xgc, | tht
| directly | A
: genAeSrates : VQ-VAE
I\H_z(t_gi___/j Dec
I____________________________i
M Seq2 Code SR |
Xsr Ytgt Inv tgt:
___________________________ |
VQ-VAE
Enc Code
T book
M
Xege

Continuous speech (harder target)

3

Discrete symbol (easier target)

Andros Tjandra, Sakriani Sakti, Satoshi Nakamura,
”Speech-to-speech Translation between Untranscribed Unknown Languages”, IEEE ASRU 2019 S2S5-4 Day?2

FERDATFENE, CCHERIETDE — Outgrow your limits —
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Challenges

& SCienc@

» Machine Speech Chain
— ASR & TTS semi-supervised joint training

— Code-mixing ASR & TTS

— Multimodal chain
» Unsupervised Learning of Speech Representation

» Lifelong Learning
— Supervised + Semi-supervised + Unsupervised

— Multimodality
— How to do Incremental Learning

http.//www.naist.jp/
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» In human speech production and hearing
- Closed-loop speech chain mechanism with auditory feedback

Speech Chain on Human Speech Communication

nstj
\ tit,, “
\)@
qaaLQ

“Good
—_—<\

afternoon”
Sensory
TS Auditory feedback

¢
‘ Speaking c Listening @ggrnvse%w

[Denes & Pinson, 1993]

Motor
nerves

Vv v___ v_ _ v
Linguistic Physiological Acoustic Physiological Linguistic
Level Level Level Level Level
Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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Straight-through Estimator for Speech Chain

Proposed idea: Allow backpropagation through discrete variables

2 =apl|pls :ﬂ: y = "text”

:W text” Z =M
SPKREC J = “text
no
gradient L

¢ el — I 5= "te

-
-

=23
=2y
1]

(a)
(b)
Feedback loss: L1rs(x,X) where x = TTS(y, z)

a) Multispeaker speech chain with one-shot speaker adaptation

b) Previous: Loss from Ly can’t be backpropagated through y
c) Proposed: Backpropagate gradient throught y (from TTS to ASR parameters) with ST-estimator

Andros Tjandra, Sakriani Sakti, Satoshi Nakamura,
“End-to-End Feedback Loss in Speech Chain Framework via Straight-Through Estimator”, IEEE ICASSP 2019
http://www.naist.jp/

Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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Straight-through Estimator

* Given input x and model parameters
8, we calculate categorical probability

Deterministic + g (y)
differentiable node
Stochastic node l dg(y) P ] 9 d I d
e mass P(x; 6) and apply discrete
Forward | Operation argmax.
propagation y
| eackoropsgatr | * In the backward pass, the gradient
from stochastic node y to P(x; 0),
. dy . i
P(x;0) _9Y 1
0P (x;) \ap o) 3P (c:0) is approximated by
o 9 identity.
X 0

http.//www.naist.jp/

[Jang et al., ICLR 2017], [Madisson et al., ICLR 2017]

FERDATFENE, CCHERIETDE — Outgrow your limits —
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T R, prec a. ST-argmax
D o T L Choose token based on highest probability p,,
exp(hd )

Decoder TTS |[———» (-------= p [C] =
o 8 i1 exp(h{ [c])
S yi = argmax. py,|[c]

b. ST-gumbel softmax
Sample token from p,, [c] by injecting gumbel noise

eXp((hd +90)/7)

Attention TTS

Encoder TTS

28

7// &\ Straight-through Estimator from ASR to TTS AlP

ST-argmax/ 3 ~ ~
Bt V2 Vi [C] —
ST-gumbel m m m th d
+ one-hot '}‘ ? ? 1 eXp((h + gc)/T)
Py Dy, Pyt 4 cn Ve = argmaxc Py, [c] T Ztemperature
MH ------ Sampling gumbel noise: hf =logit ASR
<s> Va2 Vi-1 uC~UTlifOTm(O,1)
Attention ASR gC = - log(_ log(uC))
’ rts Z Olrts ' Oy . Ipy,
Encoder ASR I 89A5‘R — ayt apyt 89ASR
Y R New gradient for ASR params rec 5
R e e T ~ Z Ofrrs g . 9Py
L 1 ol '] 8y]‘ 89ASR
Dec. 14. 2019 ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan

http://www.naist.jp/
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ASR performances (in CER)
Japanese CS English
Model test(JaTTS) test(MIXTTS) test(EnTTS)
ASR ASR ASR
Baseline: paired speech-text = Supervised training
Ja25k + En25k(MixTTS) 1.71% 18.11% 2.99%
Speech chain = Semi-supervised training
[paired Ja25k +En25k(MIXTTS)] 0 0 0
+ [unpaired CS20k(Ja+MixTTS)] 1.82% >-08% 4.05%

v Improved the ASR system in the CS test set, from 18.11% CER to 5.08% and
maintained a good performance in the monolingual setting.

Proposed CS Speech Chain Experimental Results AI?

http.//www.naist.jp/
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Cascede S2S: required text S and text T during training

Direct S2S (Jia et al., 2019): required text S and text T during training

main target

» speech T

speech S

text S N
auxiliary target

text T

Proposed S2S: no text S and T required for training

codebook T

ASRU Lifelong Learning WS ©Satoshi Nakamura, AHC Lab, NAIST, Japan

Dec. 14. 2019

http://www.naist.jp/
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