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Lombard Effect

» Lombard Effect (Lombard, 1911)
— Lombard Effect % (Mokbell992, Junqual998, Garnier2014)
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Delayed Auditory Feedback::
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Machine Speech Chain

m 2&6\‘ AN
— ANDUFED X575 Closed-loop speech chain model {5
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» Machine Speech Chain
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» Machine Speech Chain
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» Machine Speech Chain:
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AT X Encoder-decoder®s ), Transformer®s )V
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Andros Tjandra, Sakriani Sakti, Satoshi Nakamura, “Listening while
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Speaking: Speech Chain by Deep Learning”, IEEE ASRU 2017
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X :J\NJ\M\N y = “text”
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Machine Speech Chain
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> ASR by minimize L,sr(y,9)
> TTS by minimizing loss between L;rs(x, %)
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w Machine Speech Chain

Case #3: TX AMDAZ AW - HEhfI=2R
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» Combined loss:
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HEMfTET—28% HEMELT—28%

a,f XN 18— IS5 A—4

FERDAJEENME, = 3R 5E0H; —Qutgrow your limits — http://www.naist.jp/



16

7N % GFE%E Machine Speech Chain

Speaker Embedding(SPKEMB) #&E A4 3.

N7 =i 23 200 = N s e S
RWDET IV TTSEHZE SPKEMBMN SR ML A USR5 7 % AR

— ADFEDEFE AR EF S
e 2 =JWJW\~<—“<—— y = “text”
y = "text :

text” z=mEEE

1 SPKEMB

=)
[l
<2
"

J\[VJ\,‘“J\IV y = “text”

y = “text”

=
Il

Andros Tjandra, Sakriani Sakti, Satoshi Nakamura, “Machine Speech Chain with One-shot
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Table 1: Character error rate (CER (%)) comparison between

, _ . _ _ Table 2: L2-norm squared on log-Mel spectrogram to compare
results of supervised learning and those of a semi-supervised

the 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 train si84 (paired) — Baseline Model L2-norm?2
Att Enc-Dec [19] 17.01 Supervised training:
Att Enc-Dec [20] 17.68 WS train _si84 (paired) — Baseline
Att Enc-Dec (ours) 17.35 Proposed Tacotron (Sec. 4) (ours) 1.036
Supervised training: Supervised training:
WSJ frain si284 (paired) — Upperbound WS train _si284 (paired) — Upperbound
Att Enc-Dec [19] 8.17 Proposed Tacotron (Sec. 4) (ours) 0.836
itt EEE:EZE ggis) ;?3 Semi-supervised training:
. WS train_si84 (paired) + frain 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=5) 14.58
Proposed speech chain (Sec.2) [ 9.86
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Speech Chainizkd714—RKN\w2

TTSORRIZERZF 2L CTTSORE2E8WIZFHEE TS — Lombard Speech
ASRYSNREIE Z{T>TCTTSOHELZLTILXIES

TTS bt +

—_——————— = — o = = = I Variance
adaptor

noise

noisy speech

: !
: I
' T RPY
: teXt : H': uc' H: E“'
|
| Auditory ie_ed_bé&i %ljn%)_ 0/
ASR

Sashi Novitasari, Sakriani Sakti, and Satoshi Nakamura, “Dynamically Adaptive Machine Speech
Chain Inference for TTS in Noisy Environment: Listen and Speak Louder”, INTERSPEECH2021
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. BEDTTS XNOEFEZ &K
. BEZEODOTTS :
Stepl: 3?73)\‘9 = A= A )
R T WEDTA4— RN\ I e FHWVTEE 2B A

Step2: SNRHIFEL B =387

©)

j{: “It is a pleasure to meet you
notse It is a pleasure to meet noise
TIS o wi+ you'” — TIS - ofiobffensh-+
‘ Variance ‘
adaptor
noisy speech

It is a pleasure to meet

you L
Variance
adaptor
noisy speech
I“F""“‘} l‘. l-n‘
‘“‘\ ol || 1] Y18 l. an a ap '.'
t'u “Vggo W u"
Feedback Speech intelligibility improved!
module
ASR, SNR
Mar.9th 2022 All Rights Reserved ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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2 74—RNy2%EF T STransformerX—ANDTTS

Stop token

Mel Linear Stop Linear

o FHATTSHIAL: Transformer TTS [Liet el., 2018] v
o AN XFF|

o WA 1 BEOARI MV -
(80 dims. Mel-spectrogram) N |
]
- Multi-speaker &% .
O Multi-speaker TTS Transformer [Chen et al., " : Decoder
2020] attention
O Speaker embedding: Deep Speaker [Li et al.,
2017] (similar to TTS in the basic machine speech Encoder
chain) Multi-head [hasked
Attention Attention
. REETTSORE (STEEE B TAL) A
a) TTS + SNR embedding D& Positonal ——- " L e D
. Pre-net ositiona
b) TTS + ASRESNR embedding Targetlpeaker Decoder Enoodng
c) TTS + ASRE&SNR embedding, r "spare"  SPeechsampe
X 5|2 Variance adaptor Encoder input mm |

Decoder input

Multi-speaker Transformer TTS with Deep Speaker embedding
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* SNR embedding(Zgy): MFEREFRTERINAZERE (YY) DSNR

Zsnr = SNR Emb (y™oisy)
o SNREREIETIIZFOHZEZE L TBL Zsnn

SNR Label

Linear

o T1—RNAVIDFIE
= Encoder DHIIITIMAS (h) [ Lineer |

he — grm + ZSPK + ZSNR — — 5

noised
m y
A

Noisy

u DeCOdero)%—E/\@)\jj (}/;_1) speech
f

J’ti—1 = prenet(y,_1) + Zspx + Zsyg + PE e

Zspk - speaker embedding
PE : positional encoding

SNR emb. module

2

7/; SNR embedding% U7 4—RN\y 7

Stop token

Encoder output i
he Mel Linear Stop Linear

Add & Norm '
FNN I
Add & Norm | |

Add & Norm

Nx |
| Decoder

Multi-head
Attention

Add & Norm

Encoder

Add & Norm

- Masked
N;Lutlttl_htead Multi-head
ention Attention

\ /0 || Speaker | /
S~ Emb. S

2

® o SNR Ve

Positional O Emb.
Encoding Encoder 'g?‘ 4@ )
Pre-net 4 Positional
Decoder Encoding
‘ Pre-net

T "s pare " Feedback input

Encoder input

Decoder input

Transformer TTS with SNR emb.
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TA4—RKN\w7:
* SNR embedding:

* ASR-loss embedding (Z,¢z):
ASRMEEY #Embedding 75

Zssg = ASR Loss Emb (Losssg(x,py))
px = p(x|y™®*Y)

x :TTSinput text (correct text)
Px :ASR hypothesis

®  Encoder®Hf7&Decoderd A SINZHIA D

h® = hiym + Zspg + Zsyr + Zasr

Vi1 = prenet(Ve_1) + Zspx + Zsng + Zasg + PE

Z sk

Linear

{ [ ResBlock | |

iNx

Conv + RelLU

Lossgsn

A
TTS input text
”Space"'h“ "spare"

t

| AsR |

Noise

ASR-loss emb. module

) SNR £ASR-loss embeddingizd 3 71—F/\y 2

Stop token
Yt 'l
Encoder output G kil
€ Mel Linear Stop Linear
h

De N Add & Norm '
Nx Add & Norm

Add & Norm

Multi-head Decoder

Attention

Add & Norm

Encoder
Add & Norm

Multi-head
Attention

Masked
Multi-head
Attention

| Speaker

— Emb . - :
;E ¥ SNR l Vit

A

A
Positional Emb N4k ( ] 3
Encoding Encoder "
Pre-net ASR loss Positiopa\
L Decoder Encoding
Emb
Pre-net

r "spare” T

Encoder input | Y1
Feedback input

Decoder input

Transformer TTS with SNR and ASR-
loss emb.
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Variance Adaptor % F\NTEEE% &4

* Fast Speech [Ren et al., 2020 CERE XN/ FHIE,
ZZTIFAREIDTransformeriZfE1E U T#E

* Intensity, Pitch, Duration® 32 % i :
* WELNIVDEEEZFIFETES

UX = Predl’CtOT'X(hgrm + ZSPK + ZSNR + ZASR)
o Intensity predictor (x =06

o Pitch predictor (x =pP)
o Duration predictor (x =D)

* Encodert HICEEEEREIMZ S

he = v + v? + vP + (hé.,, + Zspx + Zsnr + Zasr)

(P« Intensity Predictor

694— Pitch Predictor

€P<— Duration Predictor

he.. + Zask * Zsnr + Zspx

Variance adaptor

Intensity, Pitch, Duration

24

TTS with SNR, ASR-loss embedding, Variance adaptor

Encoder output

Stop token
ht "
4 Stop Linear
Variance | 8

Adaptor

| Add&Nom l

m— Add & Norm
Add & Norm
[ ndganom | Mulinesa | || Decoder
Aitention
Encoder Add & Norm Add & Norm
- Masked
lettlfhtead Multi-head
ention Aitention
| | Speaker --
N~ Emb. .
1
@ SNR i
Positional [ Emb. 1y
Enceding Encoder
Pre-net || ASRLoss Positional
Emb. Decoder Encoding
Pre-net
r "spare" I

Encoder input Feedback input

Decoder input

Transformer TTS with SNR, ASR-loss
embedding, and variance adaptor
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TTSERICF AU =T —4&

5 "%,
S
"
1992]

A. Wall Street Journal (WSJ) speech [Paul et al.,

SEEEEER SliNHE

FEvvh: S[—284 set, BIFEY b dev9Z set, | h(A)
Clean speec

+

Aty evalds set
B. #ZFMWSJ speech
* FVIFIDWS] speech IZHEZ &0 }
=, NTIVME

o Noise type : B}
o SNR&E#H :SNR O & SNR -10
Lombard speech

C. E%& Lombard &&=
SEEIZICELBE )=, BID, MERETDE
* FZALIFTFFAM: WSJ speech transcrlptlon (dev92 + eval9.3)

D. WSJ speechz {8 RiETE B U8 L Lombard & = (noise)
* Intensity, Pitch, Duration 274—RN\wZI{Z&Y
k!J 0=

BIELEE/KE
(Natural Lombard — Natural) + WSJ

noise

noisy speech (B)

\n O\Se‘
http://www.naist.jp/

FERD ATGENE, = =356 — Outgrow your limits —



o P HAFIMIEEASR T
)% (CER) CaFill. TTSH %

o BEETTST74—RN\wr: 4[A]
o BEE: TTS + SNR-ASR

loss emb. + variance
adaptor NAR

o SNR, ASRZA4—RN\vIHE

- Variance adaptor »XZElV
ROVODEER % i

o IAGIZRODORHDH S

\ BB RS (CER) EEAE R

26

Speech intelligibility measure (CER %) at different SNR levels using ASR

trained on clean and noisy conditions.

System Clean SNR O SNR -10
Baseline TTS
Standard TTS 1832 | . |70.54 77.07 | )
+ modification into Lombard speech 18.32 44.68 57.86
+ Fine-tuning with Lombard speech 13.40 28.12 46.13 E‘
Proposed TTS |
TTS + SNR emb. 11.58 22.82 42.00 )
TTS + SNR-ASR loss emb. 12.55 16.11 2561
TTS + SNR-ASR loss emb. + var. adaptor 11.99 14.70 24.96 [: )
Topline (human natural speech)
Natural speech 7.43 22.17 58.81
+ modification into Lombard speech 7.43 13.24 15.15
Natural Lombard speech 7.43 11.46 20.56 E: i“\?‘/

FERD FTGENME, = Z3R5E8H — Outgrow your limits —
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e ASR embedding & SNR embeddinglZEAZ ANTHREZTFE

The effect of auditory feedback on speech intelligibility

45
S best! = (Clean
-J0ry I 1 I = SNR 0
- == SNR -10
R il liTlii&
ASR coeff. 1 1 1 05 O

SNR coeff. () 0.5 1 1 1

® V)—UFHTIX, ASRIA—R/ NI DHH KLY (ASR coeff 1, SNR coeff 0)
0 HMEFEMHTIX, ASRHSNRIL—K /vy H KL V(ASR coeff 1, SNR coeff 1)

SNR, ASR T4—F/\y DA INNE

Mar.9th 2022 All Rights Reserved ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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>

> #rtERIncremental Speech Chain Inference
— Bjfy72Machine Speech Chain Inference
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w e T2 ch DR EE

RERDELDREBIIHBTARETEDHERELTLGD )
A D KSR : 90-176 ms [Foery, 2008]

Noisv speech intensitv

== SPEECH == NOISE

Intensity 90
dB
( )80 CIFan Nf)isy
r I | HER, BIRIZT—F
70 INYILTTITSEELSED
HLENHDB
60
i ) (R
N [T 1 n
2 4 6 8
Time (sec)
http://www.naist.jp/
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Machine Speech Chain Inference% & 4 3 N TTS

v NAIST *"éz
—EDNBIRBTATYITAXIZT4—RN\YINEEITS
Full sentence: “It is a pleasure to meet you” TiePFITIXRTYITZEIZ2EEENIE
noise noisy speech noise noisy speech
__________ o ceeeeeeceeas althy e
M ] I“ can speech - BEEHNS
clean speech Clean speec —_— ~
oML
-0||‘ l '!lli l REE..
T Feedback T Feedback
ITTS Module ITTS Module T
A T

!

Itis a pleasure

Step 2 Step 3

Step 1
“Incremental Machine Speech Chain Towards Enabling Listening while

Sashi Novitasari, Andros Tjandra, Tomoya Yanagita, Sakriani Sakti and Satoshi Nakamura,

Speaking in Real-time”, INTERSPEECH 2020
Tomoya Yanagita, Sakriani Sakti and Satoshi Nakamura, “Neural iTTS: Toward Synthesizing Speech in Real-time with End-to-end Neural Text-to-Speech Framework”,
http.//www.naist.jp/

10th Speech Synthesis Workshop (SSW10) , Sep. 2019
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— Machine Speech Chain
. FEERCEIDTA—RNyZIN—F
BOXEEHY (BERATE +HERL)EE

- ZEEHRLESDR
— FEERIZBIF3Machine Speech Chain Inference

Machine Speech ChainizkdLombard®mE 4%

= Panl=
— W€ Incremental Speech Chain Inference
- BEjfY7sMachine Speech Chain Inference

> SEROME, BLUBEME
— YPNERALT4— R N\w 2 EFKDOMachine Speech Chain 2L ATTS,ASRDEIREY, #ik

— SIFE—X I Machine Speech Chain

— Zero-speech Challenge
HE ERRUE S DOMIEEIDFHIL IEH

— B Emm
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