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What Is Speech Interpreter?
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Professional Speéechidnterpreter

Speaker W =t i H’* %W

Nice to meet you. | am interested in doing business together.

Interpreter g4 fpdbe *—H Sttt s *W‘

PagOQlo"  d1TTPSKI B6BUGpTO YKUOPB®
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SpeecHo-Speech Eranslation

Speeckto-Speech Transiation #

Enghsh Japanese

Gl 380002 8OKE 2 ~_ -
Speech | 4o to Machine Speech
‘/VW\/ Recognition sghool Transtation # Synthesis W
(ASR) (M) (TTS)

Focus on speech language technologies for S2ST
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AutomaticcSpeech:Recogmtion (ASR)

A Early Technologies for ASR
-  Template Matching, Dynamic Prograakaeef al., 1971]

- Hidden Markov Modeling [Baum et al., 1966] ~ “MY SPEECH"
- Neural Network, TDMMipeét al. 1989], LSTiNbEhreiteat al., 1997] T
- Weighted Finite State TransdJoérgt al., 2002]
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AutomaticcSpeech:Recogmtion (ASR)

A Recent Technologies for ASR YR
- Hybrid HVHANN Borlarekt al., 1993] “MY SPEECH”
Estimate State Posterior Probability X
by DNN
- Connectionist Temporal Classification Imy speech/ . »
[Graves et al., 2006] / \
Predict Phoneme Label every frame / \
- Listen, Attend, and Spell [Chan et al., 2 “
Sequenc—&}sequenpce r&odeling / %ﬁ] ISPEECW\
. / \\\
Almportant Factors of m o Wl el A sh
Deep Learning T T Sy W N T W
- Simplify many complicated XK - X T f
handengineered models SO AR T f:_l R S
- Let the networks find the way S B i U P R RS
[LAS, Chan et al. 2015;
that map from speech to text Figure courtesy of A. Tjandra]
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ASRProgress

—]
Loud and clear

Speech-recognition word-error rate, selected benchmarks, % N-gram LM | Neural net LM
P & ' ’ Log scale Model CH | SWB | CH | SWB
100 Povey et al. [54] LSTM | 15.3 [ 8.5
Saonetal. [SIJLSTM | 151 | 90 |- |-
Switchboard _ . Saonetal. [51] system | 13.7 | 7.6 12.2 | 6.6
Switchboard cellular 2016 Microsoft system | 133 | 7.4 | 11.0 | 5.8

{J—-._._{:l Meeting speech | Human transcription | | [ 11359 |

Broadcast O. . Xiaonget al., 2017
= |BM, Switchboard [ e '
speech ~—
~ | WER (%]
) SWB  CH
e e n-gram 6.7 12.1
. . . .2 n-gram + model-M 6.1 11.2
The Switchboard corpus is a collection of recorded n-gram + model-M + Word LST™ 36 0.4
telephone conversations widely used to train and n-gram + model-M + Char-LSTM 5.7 10.6
. re n-gram + model-M + Word-LSTM-MTL 5.6 10.3
test speech-recognition systems n-gram + model-M + Char-LSTM-MTL 5.6 10.4
n-gram + model-M + Word-DCC 5.8 10.8
1 n-gram + model-M + 4 LSTMs + DCC 55 10.3
| I I ] I I I | ] I ] I I || | 1 I Il ] 1 I I || I I
1993 96 98 2000 02 04 06 08 10 12 14 16 [Saonet al., 2017]

Sources: Microsoft; research papers [https://www.economist.com/technology-quarterly/2017-05-01/language]

| BM v s. Mi crosoft: OHuman paritybo
Makes the same / fewer errors than professional transcriptionists

Y.\
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Textto-SpeecloSynthesIS(FTS)

A From hidden Markov I\/IodReI (HMM) to Deep Learning
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Synthesis part [ Exctation Fiter] ~ SPEECH | [Wavenet; Oord et al., 2016]
___________________________________________________________________ Emb.

[Zen et al., 2009]
Y1 Y2 yr

[Tacotron; Wang et al., 2017;
Figure courtesy of A. Tjandra]
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TTSFRerformance

AFrom robot voice to humike voice

[Source: https://www.economist.com/technology-quarterly/2017-05-01/language]

AGoogle Duplex

Duplex scheduling a hair salon appointment:

Duplex calling a restaurant:

[Source: https://ai.googleblog.com/2018/05/
duplexai-systemfor-naturalconversation.htmil]
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