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Why?

e create better recognition system for Russian speech using modern technologies (Deep
Learning, End-to-End speech recognition)







How to measure recognition precision?

Word Error Rate (WER)

Word error rate can be computed as:

S+D+1
WER =

+

(1 substitution + 1 deletion) / 6 = 0.333

where

e Sisthe number of substitutions,

e Disthe number of deletions,
e [isthe number of insertions, (1 substitution + 1 deletion) / 5 = 0.4

e N isthe number of words in transcript



Where to start?

Adapt Open Source implementation with trained English
model from Mozilla...

Pull requests Issues Marketplace Explore

mozilla / DeepSpeech @ Watch~ 510 | WStar | 7785 | YFork 1334
¢» Code lzsues 119 Pull requests 6 Projects 4 Wiki Insights

A TensorFlow implementation of Baidu's DeepSpeech architecture

deep-learning machine-leaming neural-networks tenscrflow speech-recognition speech-to-text

o 1,116 commits ¥ 20 branches > 12 releases AL 46 contributors gfs MPL-2.0
]

Branch: master ~ New pull request Create new file | Upload files | Find file Clone or download ~

Latest commit 4aebbaé a day ago

tilmankamp Merge pull request #1517 from tilmankamp/prep-new-cluster

| bin Address review comments a month ago
| data Quick #1485 fix. For now added @samgd 4-gram LM built from LibriSpeec... a month age
| doc Switch docs theme from alabaster to classic a year ago



Where to start?

... With promising results:

A Journey to <10% Word Error Rate

By Reuben Morais
Posted on November 29, 2017 in Featured Article and Research % Share This

At Mozilla, we believe speech interfaces will be a big part of how people interact
with their devices in the future. Today we are excited to announce the initial
release of our open source speech recognition model so that anyone can
develop compelling speech experiences.

The Machine Learning team at Mozilla Research has been working on an open
source Automatic Speech Recognition engine modeled after the Deep Speech
papers (1, 2) published by Baidu. One of the major goals from the beginning
was to achieve a Word Error Rate in the transcriptions of under 10%. We have
made great progress: Our word error rate on LibriSpeech's test-clean set is

6.5%, which not only achieves our initial goal, but gets us close to human level
perf By rance.
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How it works?

Connectionist Temporal Classification (CTC) approach

Sound - Letter alignment

LTl o T ] independent aEEroach to
s training Recurrent Neura

: Network
. P(THE—CAT—)
_H__ - C__AA__T___-)
- :
. 4!' ;!l“‘ﬂ![ v 'l!b e Graves, Alex, et al. "Connectionist temporal
E 1 '!h l classification: labelling unsegmented sequence data
al 3 with recurrent neural networks." Proceedings of the
23rd international conference on Machine learning.

ACM, 2006.



Turning audio into text pipeline

Neural Network with output CTC
audio wave Bidirectional Recurrent matrix Language Model
layer and LSTM .
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Acoustic model’s Neural Network structure
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e 5 hidden layers (pretty deep) ® ® ®
7 7 7

q?«—qh—q?

e 4th layer: BiIRNN with LSTM cells — _’\T
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How to train acoustic model’s neural network?

pairs (audio, transcript)

4

certain neural network structure

3

loss function for optimization
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What do we get from acoustic model?

o

CTC output matrix
(last NN layer)

alphabet
CTrFEcexB<wqoma0zEaxsswEmalh -

each column -
probability distribution over alphabet
symbols for time t nposen

ndwor

1 2 3 4 5 6 7 8 9 10
time steps
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What do we get from acoustic model?

Everyone speaks with -+ OO
different speed ks

All possible paths corresponding to . F

one labelling "
“BaHHA”

For example: "l
--B-a-H-Ha _
-B--aaH-Ha .
B-ddadH-Ha- ) |
-B-aHH-Ha- 1 2 3 4 5 6 71
-BBAH--Ha- time steps

12

. I

9

10

0.5

0.4

0.3

0.2

0.1

0.0




What do we get from acoustic model?

npoben
nnnnn
11111111111

00
P(__TH____E_-_C__AAA__TT__-) /

P(THE—CAT—)

Telling neural network what is good
and what is bad

Loss function: -

CTC

= -log(P(THE-CAT-))

*+ “THE-CAT-” ground truth

PCT__H__EE__—-_C__AA__T___-)

! !'.!uuw !f""w: 'i labelling
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many paths are corresponding to
“THE-CAT-”,
because symbols from alphabet
can repeat



Optimizing CTC Loss calculation
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CTC Loss Calculation Algorithms Comparison

TensorFlow CTC Loss

Baidu CTC Loss

16% speed iImprovement

when using Baidu’s CTC loss

calculation implementation

Amodei, Dario, et al. "Deep speech 2: End-to-end
speech recognition in english and mandarin."
International Conference on Machine Learning.
2016.



How to decode trained network output?

 greedy (max) decoding

e prefix search

e prefix search with LM



How to decode trained network output?

Greedy (max) decoding

---B-00--XXX-__--BBUUNN-NI---

l

-B-O-X-_-BUN-NI->

|

BOX_BUNNI>

- not taking into account CTC function property:

many paths correspond to one labelling
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How to decode trained network output?

=
CTC Beam (Prefix) search
T=1 T=2 T=3 T=4
rrrrrr t proposed current proposed current proposed current
hypotheses  extensions hypotheses  extensions hypotheses extensions hypotheses

to the same prefix

o exploring different paths and selecting at each time step N (N = beam_width) best (max probability)
e when reaching space symbol score sequence of words using Language Model

17



Language model

Neural Network with output CTC
audio wave Bidirectional Recurrent matrix Language Model
layer and LSTM .
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Language model estimation using KenLM

=
hdatay
ngram 1=45752
ngram 2=284526
ngram 3=2763081
ngram 4=254665
. o \1l-grams:
* language model is estimated from ssess  wne o
<5 gl -1.1593988 ofbRENEH B MEROYHIPOOHLIA -9.817275982
. . . . -1.0091884 < 5> 2] -0.9171848 by TEONUCTE NPOBOOMTCH MEKOYHAQOMHLR -0.0817275982
books and Wikipedia texts using 412 reeonr - -os1616163 TR ek el 08T
- o -3. TAK U MeHCKuin -0,
1.804727 B 0.43273103 -1.461442 PEArMpYIT Ha MEeHCKUA -0.0817275982
. -3.58209756 kopnyc -8,32987426 -3.4357328 uTO 310 Wewckuit -0.817275982
K LM t Ik t -4.122425 BHICTYNaET -0.21588245 -1.2652726 B MEXyWapORHsI KeWCKui -0.017275982
e n OO I -2.08297626 name -0.27214578 -0.99389899 <E5= HOCOK WEHCKHH -0.0817275982
.5.8543957 IaMECTUTENk -B.B79595566 -2.308173 <5> NOCKONBKY OUEHMBaKT -B.017275982
-1.1604284 PHCKA Kak Henpwemnemsie -0.017275982
-4.4398475 MMHHCTpa -0.26097438 -1.4380921 noKa BOAA PAcTeOpAET 0.817275982
-4.576069 PHHEHCOB -8.679595566 -1.091364 <s> paboTana MaCcCUpOBAHO -9.017275982
-4,08951505 cepred  -8,1420494 -2.280585 CPABHEHWD € MOJENAMA -0.017275982
-5.1945915 watanoe -0.B879595566 -1.8502711 CPAEHMBATE C MOOENAMM -0.817275982
. ) -0.96647924 BCEMWU COBDEMEHHBMM MOLENAMMA -8.817275982
) t f 1 2 3 4 m -1.6386111 L] -0.3257205 -1.1823485 GoNee NOCTYNHLIMA MOOENAMA -9.817275982
CO n S I S S O ) ) ) _g ra S -3.8509946 CDEI]?NHIH -8.13813558 -1.8221285 <5> HOBLIMH MOLEnaMl -@.017275982
=5.1945915 MOTHE -0.879595566 -0.8326845 MENOY DIOQKE THEIMM MOOENAMM -0.0172758982
-2.35p5407 Kak -0.41405472 -1.7620627 HWKaKOW He npHayManHbid -0.017275982
-0.64793694 HE NPUOYMEHHLIH KDEMNEBCKUMK -0.817275982
-3.2637522 Bkl -0.18714389 i,
-0.64793694 < -0.817275982
-4.775645 kpoBaTh -0.079595566 40215535 <o wa Codpanmon - -0.017275982
-3.2637522 coenate -0.25918472 -1.4228556 M 3HAYNTENLHO CokpawaeT -0.017275982
-4,336306 nonyu4we -8.25343436 -1.1824195 GLCTpan CTUPKa COKpauaet -8.817275982
e M -1.114462 corpawaetr obbem nonyuaemoro -0.817275982
° d t 10 _ -2.614018 ouews  -B.35119596 £ -MlTer
prunead to minimum n-gram -2.9444592  rowe  -0.2585964 605312 caomm < pyecxman o oo1rarsgez
-4.576069 ynofHas -0.22002326 -1.9169104 <5> HANWCAHO pycckaMW  -0.017275082
Sa e -3.7B66316 Bellb -0.30276018 -0.6479288 <G> MeyaTaw PYCCKUMA -0.817275982
i . -2.08575116 OyME0 Bbl HUMOYEM -B.817275982
u g 2.60836654 HH 0.30130637 -1.1682981 BLICOLKOMY BCE HMMDYEM  -0.817275082
-4.576069 npefHasHaveH -0.21715578 -1.1218724 YXE pemMoHT bankn -0.917275982
-2.3278315 nna -8.34708676 -1.1688133 NMDCAX M MUHYCAX -0.817275982
-1.90870399 Ha -8.3659052 -1.1824267 <5= Newepa BbiMbITas -0.817275982
= -1.1687751 BLMHTAA B CKane -0.017275982
-3.8134248 koTopod -0.16508213 -1.8221285 AOCTATOMHO XONOMHBA MOPCKOW -0.817275982
-2.3524578 o -8.4461375 -0.6479141 & ckane mopckoi -0.017275982
-5.1945915 BEICAKMBANG -0.0879595566 -1.3430243 <53 MECTHOW MOPCKOR -6.0817275982
-4.336306 paccany -0.20094381 -0.6479141 pyGewy BGatanboHna MOPCKOR -0.0817275982
-4,775645 KOMNNEKCE -B.B795095566 -0.64793694 <5> onToBas GupmseBan -B.817275982
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How language model is used?

=
-1.15939B8 00LABNEH B MEXLYHAPOOHLIA -08.817275982
T=1 T=2 T=3 T=4 -0.9171848 byThonMCTE NPOBONMTCH MEXOYHADOQHLIA -0.08172759682
current roposed current proposed current sroposed cur;nt -1.1667316 31HOC¢ED}’ 2 EEH(KHH -8.017275982
ll;::;‘."eﬁes zx'.;‘ns-u—s hypotheses  extensions i‘]yp{)f;'eses ;xt:'swons hypotheses .3'1798243 TaK M ReHCKuW -9.91?2?5932
-1.461442 PEArMDYIOT HA MEHCKURA -8.817275982
t’ —-a -3.4357328 4TO 3TO MEHCKWH -0.817275982
S S o __T== 7' -1.2652726 B MEXAYHAPOAHLIA WEHCKWA -0.017275982
.7 ~ -0.9989899 =5> HOCOK MEHCKHA -8.817275982
é . (b) - - S -2.3608173 <5> NOCKONBKY OUeHMBawT -0.817275982
~ o LT . -1.1604284 PHCKM Kak HenpWemnemsie -0.017275982
. R -7 o S -1.4380921 noKa BOJa PacTBOPAET -0.817275982
N R s “\\ -1.891364 =5= paboTana MaccMpoBaHo -6.017275982
. - ~ és . - (a—@ -2.280585 CpaBHeWM ¢ Mopenamu  -0.017275982
string . - -1.8582711 CPaBHMBATE C MOOEMAMH -8.817275982
cL . @ -0.96647924 BCEMM COBDEMEHHBMA MOLEMAMA -8.017275982
L -1.1823485 Bonee QOCTYNHEIMA MOLENAMMA -8.017275082
N o - -1.8221285 <5> HOBBLIMH MOOENAMA -8.817275982
. Tt -a -0.8326845 MEXDY DIOOME THBIMI MOOENAMU -8.017275982
””””””””” H -1.7620627 HWKaKOW He npWOyMaHHsiA -8.817275982
() | -0.64793694 HE MpULYMaHHBIA KPEMNEBCHKUMH -0,817275982
Multiple extensicns merge -0.64793694 NPHUOYMAHHBA KPEMNEECKHMA TPONNAMM -0.0172759682
to the same prefix -4.8215535 <5> Ha cofpaHHOR -8.817275982
. k) r} (j (j. tf (j (j (j t) | . -1.4228556 W 3HAYMTEeneHo CoxkpawaeT -0.017275982
-1.1824195 BRCTpans CTUPKa COKpawWaeT -8.017275982
Durlng eam Searc eco Ingl I neXt eco e Sym O IS space -1.114462 cokpawaer obbeM nonyuvaesoro -0.817275982
-1.1608133 nony4yaeMoro W NepenasasMoro -0,817275982
-1.1605312 CLEHb C Py CCKMMK -8.817275982
-1.91691064 5> HAMNWCEHO PYCCKAMA -8.017275982
. . . ope -0.6479288 <S> MeqyaTtan pPyccraMd -0.017275982
e LM is queried for getting probability of currently decoded word 20575116 ywan su manosen “0.017275082
-1.1682981 BRICOUKOMY BCE HHMNOUYEM -8.817275982
Sequence -1.1218724 YHE PEMOHT BGankm -9.917275982
-1.1688133 MAPCax M MAHYCax -8.817275982
-1.1824267 =53 MEWepa BhiMBITAR -0.017275982
-1.16687751 BLMHTAA B CKane -0.817275982
-1.8221285 AOCTATOMHO XOMOQHBA MOpCKOR -0.0172750982
. . o . -0.6479141 B Cxane Mopckon -0.817275982
e sequence with bigger probability gets more score during 13430243 <s> ecthoi MopcxoR  -0.017275982

-0.6479141 pybexy BaTansoHa MOPCKOA -9,.017275982
64793694 <5> ONTOBEA Dmpmeasasn -8.817275982

decoding V LA e gmosed Tapkmar S HIE 02
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Owwnbka CTC

100

80

60

40

20

Training

yt-vad-1k (1000h) + yt-vad-650-clean

O6yueHue Ha yt-vad-1k + yt-vad-650-clean O6yueHune Ha yt-vad-1k + yt-vad-650-clean 60 Tectuposarue
—— Owwubka Ha noaHabope yt-vad-650-clean-dev 0.55 Bl yt-vad-650-clean-test
—— Owwubka Ha noaHa6ope yt-vad-650-clean-train 50 N voxforge-ru-clean-test
0.50
40
0.45 35.3%
< 31% ° 33.2%
o
Ij 0.40 @ 30
g LLl
0.35 B
20
0.30
10
0.25
0
0 2 4 6 8 10 12 14 16 18 8 10 12 14 16 18 C s3bIKOBOI MOAENbIO Be3 A3bIKOBOI MOAenu
KonnyecTtBo 3Mnox KonnyecTtBo anox

- Min WER 21% on the voxforge-ru-clean-test

Pa3paboTka cMcTeMbl pacno3HaBaHMA peyn ANA MHAEKCMPOBAHUA U NOUCKa B 6oNbLLONK Konnekumn meguadaiinos. epocees leopruii AnekcaHaposuy




Search example

deepspeech search




Next researches

Training on small dataset VoxForge ru ~ 26 hours

Voxforge rus n_hidden=1024 Voxforge rus n_hidden=1024
0.9
60
0.8 I
i 0.7
@ & o6
S =
40 0.5
0.4
30
0.3
0.2
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

Training time: ~ 4 min per epoch (on 2 x Tesla P100) + current beam search implementation runs
on CPU due to querying of KenLM

Testing time (CPU beam search): ~ 15 min . and lacks multithreading

23



Thank you for attention!
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