Multilingual and low-resource ASR

Lecture 18




Recall Hybrid DNN-HMM Systems

Triphone state labels
(DNN posteriors)

Instead of GMMSs, use scaled
DNN posteriors as the HMM
observation probabilities 29 features

DNN trained using triphone onetame
labels derived from a forced
alignment “Viterbi” step.

Fixed window of
5 speech frames
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Multilingual Training
(Hybrid DNN/HMM System)

Stacked RBMs | | DNNfinetined | | DNNfinetuned | | DNNfinetuned | | DNN finetune

trainedon PL : on CZ : : on DE : : on PT i : on PL
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Image/Table from Ghoshal et al., “Multilingual training of deep neural networks”, ICASSP, 2013.

-_—eee e er er e ee e e e e s e e e e e S -



Multilingual Training

(Hybrid DNN/HMM System)

Stacked RBMs
trained on PL

____________________

on CZ
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ﬁ‘ferent training language schedules

DNN finetuned

on DE
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Languages Dev | Eval
RU 2'7.5 | 24.3
CZ —RU 27.5 | 24.6
CZ —DE —FR —SP —RU 20.6 | 23.8
CZ —DE —FR —SP —PT —RU | 26.3 | 23.6

Image/Table from Ghoshal et al., “Multilingual training of deep neural networks”, ICASSP, 2013.
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\Mono- and multilingual results

Language | Vocab | PPL | ML-GMM DNN Multilingual DNN
WER(%) | WER(%) | Languages WER(%)
CZ 20K | 823 18.5 15.8 — -
DE 36K 115 13.9 11.2 CZ —DE 9.4
FR 16K | 341 25.8 22.6 CZ —DE —FR 22.6
SP 17K 134 26.3 22.3 CZ —DE —FR —SP 21.2
PT 52K 184 24.1 19.1 CZ —DE —FR —SP —PT 18.9
RU 24K | 634 32.5 27.5 CZ —DE —FR —SP —PT —RU 26.3
PL 29K 705 20.0 17.4 CZ —DE —FR —SP —PT —RU —PL 15.9




Shared hidden layers +
Language-specific softmax layers

Language 1 senones Language 2 senones Language 3 senones Language 4 senones

QO0«e.00] (00 +e.00) [OO0«.e.00] OO ...00

Shared
Feature Transformation

Many Hidden Layers+

Input Layer:

Huang et al., “Cross-language knowledge transfer using multilingual DNNs with shared hidden layers”, ICASSP 2013.



Language 1 senones Language 2 senones

Language 3 senones

Shared hidden layers +
Language-specific softmax layers

Language 4 senones
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Input Layer: E [O O oo OO]

t 4+ + %
Training or Testing Samples

Shared
i Feature Transformation

Hidden layers are shared across
languages; treated as a universal feature
transformation

Each language has its own softmax layer
to estimate posterior probabilities of tied
triphone states specific to each language

Huang et al., “Cross-language knowledge transfer using multilingual DNNs with shared hidden layers”, ICASSP 2013.



Shared hidden layers + Language-specific softmax layers

\Hidden layers are transferable

WER (%)
Baseline (9-hr ENU) 30.9
FRA HLs + Train All Layers 30.6
FRA HLs + Train Softmax Layer 27.3
Language 1 senones Language 2 senones Language 3 senones Language 4 senones .
[OQ---QO] [OQ---OQ] [OO---QQ] [OO---QQ] SHL-MDNN + Train Softmax Layer 25.3

ﬁTraining strategy based on target language data

i OO e OO| ENU training data (#. Hours) 3 9 36
i § Baseline DNN (no Transfer) 389 309 23.0
Many Hidden Layersd | (O O «ee OO Shared SHL-MDNN + Train Softmax Layer 28.0 253 224
i . Feature Transformation SHL-MDNN + Train All Layers 334 289 21.6
(OO0 ... OO ! Best Case Relative WER Reduction (%) 28.0 18.1 6.1

\Cross-lingual transfer

I ©0 ... OO

- eeas as e e e e e e e o e e e e

Input Layer: i O O °eoo OO

A window of acoustic feature frames ~~~ """ """ TTTTTTTTC CHN Training Set (HTS) 3 9 3 6 1 39
A A A 4 Baseline - CHN only 45.1 403 31.7 29.0
Training or Testing Samples SHL-MDNN Model Transfer 35.6 33.9 28.4 26.6

Relative CER Reduction 21.1 159 104 8.3

Huang et al., “Cross-language knowledge transfer using multilingual DNNs with shared hidden layers”, ICASSP 2013.



Recall Tandem DNN-HMM Systems

Qutput Layer

Neural network outputs are
used as “features” to train
HMM-GMM models

Use a low-dimensional
bottleneck layer representation
to extract features from the
bottleneck layer

Input Layer



Multilingual Training
(Tandem System)

softmax layer for language 1

bottleneck
layer
softmax layer for language 2

softmax layer for language N

Language-independent
hidden layers

Vesely et al., “The language-independent bottleneck features”, SLT, 2012.



Multilingual Training
(Tandem System)

1\
N

LanguageJndependeﬁF\\
hidden layers o

/ softmax layer for language 1

softmax layer for language 2

softmax layer for language N

ﬂ Monolingual/multilingual BN feature-based results

Language Czech English German Portugese Spanish Russian Turkish  Vietnamese

HMM 22.0 10.8 26.0 27.0 23.0 33.9 32.0 27.3
1-Softmax 20.3 16.1 29.9 27.2 24.2 33.4 31.3 26.9
mono-BN 19.7 15.9 29.0 27.2 23.2 32.5 30.4 23.4

1-Softmax(IPA) 19.4 19.9 24.3 20.0 23.2 32.5 30.3 29.9
8-Softmax 19.3 14.7 24.0 25.2 22.6 31.5 29.4 24.3

Vesely et al., “The language-independent bottleneck features”, SLT, 2012.



\Cross-lingual WERs

Multilingual Training
(Tandem System)

/ ottleneck
Iaye/

/ softmax layer for language 1

softmax layer for language 2

N2

baselines Aggo(;tur;i‘:' | anguage-independ enN softmax layer for language N
Language | by b HIDA | Mono-BN || (lang-pooled) hidden layers o
(1I.) (I11.) (d)

Czech 22.6 19.7 19.2
English 16.8 15.9 14.77
German 26.6 25.5 24.5
Portuguese 2'7.0 277.2 26.0
Spanish 23.0 23.2 23.0
Russian 33.5 32.5 32.3
Turkish 32.0 30.4 30.7
Vietnamese 27.3 23.4 26.8

Vesely et al., “The language-independent bottleneck features”, SLT, 2012.



DE

FR

Cross- and Multilingual Bottleneck features

- MFCC

GER

ENU

Tuske et al., “Investigation on cross- and multilingual MLP features”, ICASSP, 2013



Cross- and Multilingual Bottleneck features

GER

- MFCC |

- - 9 x
-—|_ AA -

ENU

"@—— FRA

Features from three languages are merged and presented as input to the model
Language-specific softmax layers

Bottleneck layer which is shared across languages



Cross- and Multilingual Bottleneck features

GER

- MFCC |
Ox|4+ A
+ AA |

ENU

"@—— FRA

&Multilingual BN features using mismatched data

ﬁ‘get and cross-lingual BN features

MFCC+BN WER MFCC+BN
WER [%] | MFCC | Bottleneck trained on [7] | BN traied on |
GER ENU FRA ENU+FRA | GER+FRA GER+ENU | GER+ENU+FRA
GER 28.37 - 27.06 26.89 | 26.90
% GER | 29.97 2(;;;) 2(??)3 ?(BS 2 53 ' 9.7 (103) ' (10.2)
= : : : 5 GER+FRA , ENU+FRA ENU+GER , GER+ENU+FRA
= 2131 1885 22.63 o0 ' '
E ENU | 2169 | 0 a1y (43 § ENU| 2029 1 182l 1799 1 17.89
: (4.8) {d3.1) (4.3 7 65 ' (16.0) (17.1) ' (17.5)
= ERA | 3778 | 3776 3872 33.95 = GER+ENU | FRA+GER FRA+ENU . GER+ENU+FRA
| 0.1 2.5)  (10.1 ' '
0D (25 d0.D FRA| 3588 1 33.52 3345 1 33.61
(5.00 ' (11.3) (11.5) (11.0)




e2e multilingual models




Multilingual ASR with an e2e Model

Speller

Y2 Y3 Ya (eos)

Use attention-based encoder-decoder models

Decoder outputs one character per time-step

For multilingual models, use union over character sets

Bengali SRS GIRED

Gujarati d AENS1] [Ect &

Hindi I8 U d1ac] dl fod ©
Kannada QT T FIT O
Malayalam DM HOMSOO E1QIVLAIENTY
Marathi dar eme fag 3me

Tamil Q)& @ G&epL_L_LOmET [Ber
Telugu Q6 DHAPNYBIS Bes
Urdu é“,u;”“/.“:

Image from: Chan et al., Listen, Attend and Spell: A NN for LVCSR, ICASSP 2016



Speller

Yo Y3

1 1

C1

C2

Multilingual ASR with an e2e Model

aguage-specific vs. Multilingual models

LiStener /\

Language Language-specific  Joint  Joint + MTL
Bengali 19.1 16.8 16.5
Gujarati 26.0 18.0 18.2
Hindi 16.5 14.4 14.4
Kannada 354 34.5 34.6
Malayalam 44.0 36.9 36.7
Marathi 28.8 277.6 27.2
Tamil 13.3 10.7 10.6
Telugu 37.4 22.5 22.7
Urdu 29.5 26.8 26.7
Weighted Avg. 29.05 22.93 2291

T

ﬂs models conditioned on language ID

Language Joint Dec Enc  Enc + Dec
Bengali 16.8 16.9 16.5 16.5
Gujarati 18.0 17.7 17.2 17.3
Hindi 14.4 14.6 14.5 14.4
Kannada 34.5 30.1 294 29.2
Malayalam 36.9 35.5 34.8 34.3
Marathi 277.6 24.0 22.8 23.1
Tamil 10.7 10.4 10.3 10.4
Telugu 22.5 22.5 21.9 21.5
Urdu 26.8 25.7 24.2 24.5
Weighted Avg. 2293 22.03 21.37 21.32

Image from: Chan et al., Listen, Attend and Spell: A NN for LVCSR, ICASSP 2016



Hybrid End-to-end Multilingual ASR

Augmented character set:
Language |ID Hiragana Cyrillic

G G G

[EN] [JP] ... eos ABCDEFGHIJKLMNOPQRSTUVWXYZ®HLVDZ .. L..&H .. O

7“‘ / N

[EN] H E L L 0 eos [JP] % L % L eos

sl

Hybrid Attention/CTC
X1 ={xg, ..., x}} X2 ={x%, ..., x%}
(English utterance) Japanese utterance

Watanabe et al., “e2e architecture for joint language identification and ASR”, ASRU, 2017



Augmented character set:

Language ID

.

[EN] [JP]

Hybrid attention+CTC model: Use the CTC objective function as an auxiliary task

to train the encoder
Minimize a linear combination of log-losses of the CTC and attention objectives

Model also predicts a language ID along with the text outputs



Augmented character set:
Language ID Latin

.

Hiragana

Cyrillic

[EN][JP] ... eos ABCDEFGHIJKLMNOPQRSTUVWXYZ®HLVDZ .. L. & ..

AAB..A ... ...

€o0s

X' ={xi, ..., x}}
(English utterance)

2 _ (2 2
X ={x1, ..., x7}
Japanese utterance

Language-dependent and language-independent CERs

Language-dependent 7lang 7lang 7lang 10lang
4BLSTM 4BLSTM | CNN-7BLSTM | CNN-7BLSTM | CNN-7BLSTM
RNN-LM RNN-LM

train_dev 40.1 43.9 40.5 40.2 32.0
HKUST -\ CH dev 104 13.6 105 0.0 31.0
dev93 9.4 9.6 7.7 7.0 9.7

wsl EN eval92 7.4 7.3 5.6 5.1 7.4
evall 13.5 14.3 12.4 11.9 10.2

CSJ JP eval2 10.8 10.8 9.0 8.5 7.2
eval3 23.2 24 .9 22.0 214 8.7

DE dev 6.6 7.4 5.7 5.4 7.3

eval 5.2 7.4 5.8 5.5 7.3

ES dev 50.9 28.1 31.9 31.5 25.8

eval 50.8 29.6 34.7 34.4 26.7

FR dev 27.7 25.0 22.0 21.0 24.1

eval 26.5 23.5 21.2 20.3 23.2

dev 14.3 14.3 11.8 11.1 13.8

Voxforge It eval 143 144 12.0 1.2 4.1




Massively multilingual adversarial ASR

Y1, Y2, - - -, Yn

Pretrain multilingual ASR models using
Y1, Y2, - - -y YUn T

speech from as many as 100 languages!

CTC T ®1, P2, ...,0,, *+ Toencourage learning language-

Attention 0 independent representations:

Phoneme CTC -+ Context-independent phoneme sequence
prediction

Encoder Last Layer

Domain-adversarial language classification
objective to encourage language

Encoder . .
T invariance

X

Image from: Adams et al.,Massively multingual adversarial ASR, 2019



Massively multilingual adversarial ASR

\Comparion of pretrained models + auxiliary objectives

YL, Y2y - - - s Un MONO QUE+CYR PHONOLOGY GEO 100-LANG

Y1, Y2, - - -y Yn T - +phn+adv - +phn+adv - +phn+adv - +phn+adv
c{“c * ayr | 406 |34.6 342 (-12%) | 339  345(+1.8%) | 354 349 (-1.4%) | 342  34.5(+0.9%)
py—— P1, P2, - - -, Pm quh | 14.8 | 149 139 (-6.7%) | 144  145(+0.7%) | 155  14.8 (-4.5%) | 15.1  14.7 (-2.6%)

A T kek | 239 |24.8 237 (-4.4%) | 248 245 (-12%) | 23.0 229 (-0.4%) | 249  24.4 (-2.0%)

ixl | 207 |21.2 201 (-52%)| - - 19.7  20.1 (+2.0%) | 20.8  20.6 (-1.0%)

N\ mlg | 452 |43.5 414 (-4.8%) | 432 417 (-3.5%) | 43.3 422 (-2.5%) | 444 422 (-5.0%)

Encoder Last Layer ind | 149 | 158 147 (-7.0%) | 137 143 (+44%) | 140  13.7 (-2.1%) | 147  14.2 (-3.4%)

0 kia | 14.6 | 146 132 (-9.6%) | - - 121 121 (-0.0%) | 144  13.0 (-9.7%)
Encoder swe | 20.5 | 227  21.6 (-49%) | 264 242 (-83%) | 22.0  21.2 (-3.6%) | 23.9 = 24.6 (+2.9%)
1 spn | 145 | 197  144(-269%) | 13.9  13.8 (-0.7%) | 13.1  12.1 (-7.6%) | 15.8  14.8 (-6.3%)
X Avg. rel. A: (-7.8%) | Avg. rel. A: (-1.0%) | Avg. rel. A: (-2.3%) | Avg. rel. A: (-2.9%)

Image from: Adams et al.,Massively multingual adversarial ASR, 2019



