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Neural Incremental Speech Recognition

Neural Incremental Speech Recognition
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ML Neural Incremental Speech Recognition

Wxr

Automatic Speech Recognition System

B ASR systerntranscribes speech into text
B Task examples:

0 Spoken dialog system
0 Speech translation

o Closedcaption generation, etc.

{ 2¢

Wi/
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Automatic Speech Recognition System (2)
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Neural Incremental Speech Recognition

State-of-the-art

Sequenceo-sequence neural ASR (end-end)
o Standard encodedecoder with a global attention mechanism
o Output prediction starts after the input speech finish

A

0 Unsuitable for reatime tasks

High accuracy but high delay

e.g. a 5 minutes speech requires more than 5 minutes to be

recognized

High delay speech recognition
(Standard seg2seq ASR)

e

Low delay speech recognition

b Realtime speech translation L e 1=R) d ..
L Live video closedaption generation :«.'thllh #Il_p“'__“#n
b Reaitime meeting transcription generation, etc. i ! LA R
: Today | am going to
Incremental ASR (ISRYr low-delay speech recognition '=I|_>
Delay Time

v
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Neural Incremental Speech Recognition

Incremental Speech Recognition

0 ISRbegins the speech recognition without waiting the speech to finish (low delay)
Recognize the speech pdiy-part in several incremental steps

o
o

Input: a short part of the speech

0 ChallengeHow to do an incremental step?

1)

Input boundary decision
When the transcription of a short speech part

can be produced? |ve
Speech |.| “.“Hll_bl’l'_.l +]
Give
output?

Needto learn short inputshort output alignments

2) Output boundary decision
When to stop the output prediction of the current

speech part and and move to the next?

AB C X When to

stop?
. e =
stop’?

KLMI\K
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Neural Incremental Speech Recognition

Incremental Speech Recognition

Related Works

A. Statistical approacl{Pipeline)
Hidden Markov model (HMM) A$Rabiner 1989;Juangand Rabiney 1991]
am

X
x 3 parts: Acoustic model, lexicon, language model
oo Il||-|||.|+. Feature Acoustic Lexicon Language {1 |1 obd ay |h
Y T extraction T model - today: /i Evﬂf{é? model — talk about speech \
32)\y1lfz|l=\ﬁ=|q<;¢| recognitiono
Q—»é—»éoé» Pronunciation Output text
labels N-gram model

Input speech
HMM

Low delay speech recognition by performingefright input processing (unidirectional)

X
x  Not endto-end
: 9
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How to achieve an ISR system that can:
1. reduce delay,
2. keep the system complexity, and

3. maintain a close performance
of the standard neural ASR system?

Proposal
Neural ISR construction by employing sources (architecture, knowledge)

from standard neural ASR.
10
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Neural Incremental Speech Recognition

Attention -Transfer Incremental Speech Recognition

Sashi Novitasari, Andros Tjandra, Sakriani Sakti, Satoshi Nakamura,
0 S e g u earse@uence Learning via Attention Transfer for Incremental
|l nt er speech

Speech Recognitiono,
10.21437/Interspeech.2019 -2985, 3835-3839, Sep. 2019

Nov. 19. 2020 AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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s, Attention-Transfer Incremental Speech Recognition
Attention -Transfer Incremental Speech Recognition (AT -ISR)
[Novitasari et al., 2019]
Airn AT-ISR Training _
ISR (student) learns to mimic the attentibased alignment generated
by a standard seq2seq ASR (teacher)
_ ABCDEFG ABCD EFG
o ISR architecture : Same as the teacher (seg2seq) ' v
: Learn through attention transfer from the )
ASR Att .............

o Incremental step
teacher ASR

I
n|||t--||||||'-||||-|+-

his is
boundary!

Attention transfer : Attention knowledge transfer from teacher to

student model
0 Prev. worksA image recognition tasks
A Teach another modefraguruykaandKomodakis2017]
Standard ASR ISR
(TEACHER) (STUDENT)

A Domain transfer (imag® video)]Li et al., 2017]

0 Has not been utilized for ISR construction yet
http://www.naist.jp/
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Overview
Seg2seq ASR: Encodeecoder with Attention

Output: Character (basic model)
Components

B Encoder (recurrent network)
Encode input features sequence)(into hidden states || )

B Decoder (recurrent network)
Predict token sequencé based on input context
information @) andprev. text {& ) for eacht-th token

B Attention (linear network)
For eacht-th token prediction,compute w based on

alignment scores of] FQ

Oy = Z (1;(5} * hg

s=1

exp(Score(ht, hf))

ai(s) = 5
Zl exp(Score(he, hi))

i = Encodingimestep, 0= Decodindimestep
Nov. 19. 2020

M Neural Incremental Speech Recognition
Attention-Transfer Incremental Speech Recognition

13

Attention Matrix

Yo Y. X Yr

Decoder
Yo Y1 Y2
<s>
Attention
Encoder | [l >4
Standard Seqg2seq ASR
....... [Bahdanauet al, 2015],
courtesy of [Tjandraet al.,

2017]

AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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wist, Attention-Transfer Incremental Speech Recognition
Stepn=1 Stepn=2
AT-ISR Recognition Method - <> <im>
Yi1 Yi2 Yiz Vi, Ya1 Y22 Yo,
B Given: Full speecky, length"Y
B Recognize the speeclegmentby-segment sequentially based Decoder B I U g
on a fixsized input window
B For each incremental recognition step YoYii Y12 Yik-i
_ <s> v
1. EncodeL , aw speech frames frork (0 Y Attention e |
2. Decodeford that aligns with= , until anend-of-block
</m>token is predicted or max. length isreached @  # ———— [ T T
o Attend the inputL
3. Shiftthe input windoww frames by keeping the modal Encoder | " Y T
staae 0l
(Total step numbery  —) n
B Incremental step: —
B Input boundary . last speech frame in the input
window
B Output boundary : </m>token in the output text
W frames W frames
AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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Attention Transfer
2) Train the ISR by usiflg +</m>as the target of:

Train ISR (student) to learn the attentiebased alignment from
a standard seq2segASR (teacher)

. - <m> L <m>
Y VY Y \ 4 v
AL

1) Extract speecitext alignment from attention matrix generated by
the teacher ASR during teachfercing text generation R RN CI AT
(alignment pair = high attention score): |

Teacher ASR attention matrix

. Alignment
Seg. ID Speech seg. Text seg.
10 (n) *) ) w
Char —
Token 5 1 X, 0%, y10Ys;
D 2 Xur1 O Xz Y4 OYs ——ﬁ -------------- » >
” tc.) L | f (I A
Xy Xy X+ Xws2

n=1 n=2

25

ISR delay can be managed by changingand-L size during

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
training

S h F Block ID . . .
peech Frams 210¢ e.g.higher delay : combine several segments into one

30

(1 block =W frames) 15
AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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Neural Incremental Speech Recognition
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AT-1SR Performance

Nov. 19. 2020 AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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m Neural Incremental Speech Recognition
AT-ISR Performance

Experiment Dataset

B Wall Street Journal (WS{Baul, 1992]

o 284 speakers, English
o Training set Si284set (81 hours of speech)

o Test seteval92set

TEDLIUM release JRosseatet al., 2012]
o 118 hours of speech (English)
o 600 speakers
Speech features: 80 dim. lddel spectrogram (5swindow, 12.5msshift)

Text token unit
o0 Character. Basic Latin alphabet (WSJ, TTHOM)
0o Subword : 16,000subwords(TEBLIUM)

Nov. 19. 2020 AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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Model Configuration

A ATISR/Teacher ASR structure: Seg2seq (identical)

Y1 Y2 VY3 Yr
Decoder
LSTM B>~
Emhb
T
Yo Yi Y2 Y11 _
Attention
Hierarchical En;o_ingM
sub-sampling !
8 speech BiLSTM
frames into 1
encoder state BILSTM
 FNN

AT-ISR basic incremental unit X X X X% X X Xg X1 Xs

8 speech frames = 1 block (0.14 seg)

A AT-ISR with input overlap :

o Main frames : Aligns with output texeg
0 Lookahead frames : Next to the main input
(contextual input)

time

»

Step 1
input

(overlap}

Bl

[main] [ahead]

Step 2
input

wx T TaayQ « Outgrow your lImits « Nov. 19. 2020

AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan

http://www.naist.jp/



19

m Neural Incremental Speech Recognition
AT-ISR Performance
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Evaluation Setting

ISR performance evaluation was made by comparing various model:

Nonrincremental ASR Topline
o Standard seBseq ASR (Outt EncDec; teacher)

o Other existing neural ASR

Incremental ASR:

o Baseline neural ISR:

b Sedseq ISR without attention transfer

b Incremental steps were taught by using alignments from forakghment by HMM ASR
0 Proposed ISR: ABR (attention transfer; student)
o Other existing neural ISR: Unidirectional LSTM Hi@4&nhg and Sun@014

Evaluation metric:

o CER,WER
o Delay (speech input size)
19
« Outgrow your limits « Nov. 19. 2020 AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan http://www.naist.jp/
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%7/ NAIST *ﬁl AT'ISR Performance
Speech recognition performance of
characterlevel models trained on WSJ dataset Result
. Delay (sec) CER (%) 0 Avg. utterance length: 7.88 sec
Input Computation . : :
: : 0 Machine:Intel®CoreTMi7-9700K CPU @ 3.60GHz

Non-incremental ASR (Topline) (NVIDIA GeForce RTX 2080Ti GPU)

Att Enc-Dec (ours 7.88(av 0.32 @v 6.26 . T

B”_STM_CT((: [1] ) (&vg avg 897 0 ISR performance limitation: shesegment
JointCTC+Att [1] 7.36 CER based recognition (incomplete information)
Baseline neural ISR figc:y 0 Contextual inputl@) improves performance

. 0

Input/step: In+ 1la 0.24 0.02 20.15

Inputistepl m+ 412 0.54 0.05 11.95 AT-ISR performs well with a short delay by
Proposed AFISR learning norincremental AS& knowledge
Input/step: In+ 1la 0.24 0.02 18.37

. Input/step1im+.4la 7 054 | 0.05 7 7.52 7
.. *Note

Other existing neural ISR m = main input block

LSTM-CTC beam search } } 10.96 la = lookahead block (contextual input)

2] 1 block = 8 frames = 0.14 sec

[1] SuyourKim, TakaakHori, andShinjiWatanabeJoint CT@ttention based endo-end speech recognition using multitask learning. In ProceedingsA8SP, pages 488539, NewOrleans USA, 2017.
[2] Kyuyeadwang andNonvongSung, Charactdevel incremental speech recognition with re ent neural networks In Proceedings g ASSP_pagBl3®RShanghai Ching 2016

20
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m; Neural Incremental Speech Recognition
natsT® AT-ISR Performance
ISR Delay WER (%) of ATSR trained on TEDIUM dataset

How did the ISR delay affected
the ISR performance?

-¢-Character-level model =e=Subword-level model

50

0 Tradeoff: Higher delay, lower WER 46.14
0 Subwordlevel ISR 45 39
o Lower WER than charactlvel ISR 20
o Keep word context longer than ©
characters x
m
0 Characterlevel ISR >
. R |0
o alAyulFAya UKS uSlFFOKSNXa Se—
performance better than the
subwordlevel ISR T T oo oo oo - - =2-
o ISR with delay 2.04 starts to have a 20
close performance to the teacher 0.44 0.64 0.84 2.04 3.94 7.58
ASR (25%9 (50%9 (100%S
Topling
Delay (sec)
*S = average full-utterance length (7.58 sec)
21
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/A% AT-ISR Demo Video 8 NAIST Lecture
Machine: Intel ®CoréMi7-5500U CPU @ 2.40GHz x 4

Input segment size/step : 0.84 sec.

I'M HERE TO TEACH YOU

Journals Articles
Individu
Conferences Presentat|on .
- al
\Regeamh
=== ATIC) _ el
icles <\>

b >
= \ ;

Presentation
s P

I[INFO] ISR ready. Press e to stop the sys’cemD

-

http://www.naist.jp/

« Qutgrow your limits «

wxr "aayQ



Neural Incremental Speech Synthesis

Neural Incremental Speech Synthesis

AIST 2020 ©Satoshi Nakamura, AHC Lab, NAIST, Japan
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Text-to speech and Incremental Text-to-speech

Text-To-Speech(TTS)
The speech is synthesized Sentence-by-sentence.

1. Input is text or phoneme sequence.
2. Acoustic features are predicted by acoustic model

3. Speech waveforms are reconstructed by vocoder.

Incremental TextTo-SpeechiTTS

Speech is synthesizes a speechharter delay.
It can synthesize a speech before finishing text input.

Suitable for reatime task
Realtime speech translation

AP

24
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