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Russian phonetic transcription system based on TensorFlow

FENG Wei, YI Mianzhu ', MA Yanzhou

( The PLA Strategic Support Force Information Engineering University ( Luoyang), , Luoyang Henan 471003, China)

Abstract: Focusing on the limited pronunciation dictionary in Russian spegch synthesis and speech recognition system, a
Russian grapheme-to-phoneme algorithm based on Long Short-Term Memgory “( LSTM) sequence-to-sequence model was
proposed, as well as a phonetic transcription system. Firstly, a wéw(Rbssian phoneme set based on Speech Assessment
Methods Phonetic Alphabet ( SAMPA) was designed, makingstranscription results can reflect the stress position and vowel
reduction of Russian words, and a 20 000-word Russjan \prenunciation dictionary was constructed according to the new
phoneme set. Then, the proposed algorithm was implemented by using the TensorFlow framework, in which the Russian word
was converted into a fixed-length vector by enecdding LSTM, and then the vector was converted into the target pronunciation
sequence by decoding LSTM. Finally, the Russian phonetic transcription system was designed and implemented. The
experimental results on out-of-vocabulary test set show that the word correct rate reaches 74. 8%, and the phoneme correct rate
reaches 94.5% , which are higher than those of Phonetisaurus method. The system can effectively support the construction of
the Russian pronunciation dictionary.

Key words: Russian; phonetic transcription; Long Short-Term Memory ( LSTM) ; sequence-to-sequence; TensorFlow

HUI A5 B R MUSARE 5 ) S T 25 90 g LUK [R] 7 4] i

0 3%

R RE R B A BB ST B B R AR IR, 7R
HERRAEETHNRE P RE T BIEN, BiBfE AN —FPf
BT R F R R AER B MR A& R E L
RXELLADAE B BRI B9 2 o 75 #% %t ( Grapheme-to-
Phoneme conversion, G2P) £ AT LIXHMRIE B J HARETE K
BEAT A B F A R P4 1A ( Out-Of-Vocabulary , OOV ) 1)
TEE L, W RE A& T S AR S R

FEEGA 3 RWE.

1) FE TR i 7 , BIVE sk o %0 1E 5 A0 R AL 1Y)
BN L2 HRIE R 7 & Fe B, SR AR MU 5 B
BT & B T o AR B B 45 B K2 1 Karpoy %1 72
TERIETE &R R RIT ST AR X T AL RIE 75 5%
WRELHAT T, REEM ARG T AL E R %

WS H HE :2017-09-04 ; {& B H 7 :2017-11-18,,

238 T ABB2 WAIRIASE M. Karpov &1 7RI B ILH
BT HREEE R ARG T E MR H i, (HIF 8T B kA
REMEAT AR, B FRIBR EREE R ZE, EFHEN
LY RALLE TR WIS , H I v o G 2 ) 0 T0 1 2 = 3 9 1) A4
0, TSR L X T e e A SR LR
2)BABIRE R, B B R RN FEF R, JLA
BRI T AT T B e GE P WFEEMT
FREVNFARR A ARG AR TR SR, 55
W AR EMRR KT SR, Hla, Jiampojamarn
SDIRE T 2% 2 RSk, W R DR AT R A
( Hidden Markov Model, HMM ) i/ F§ T & 75 1% &4 #2 4% ; Bisani
SUR M TR PR @ BT I, R AR SEE AR R W
A EIAT T MR Novak 54 i AUA BROIR 4 4% 1L 2%
( Weighted Finaite-State Transducer, WFST) iz B F & ¥ 1) %

ESWA AT B H (2016B285) .

EEE N D5 (1993—) , B, BRI IEEA B LB A, FE R M BRES LM, BH(1964—) 5, W& LA #8, iL, =
BRSO EE S RS EAAE; DI (1977—), B AR A, B, B, FERR I RE S B S A A,
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FEE RELE R TETHEINENEETER
( Recurrent Neural Network Language Model, RNNLM) [¥}) N-best
A B, DL K /N DU XU: ( Lattice Minimum Bayes-Risk ,
LMBR) 1) B a5 5, 3046 =N S0E MR EafAT T %4 bl
o

P R4 ST AR R A T2 I T IR BE 2 X B AR DG T A,
Graves' IR T H F K ErHig1z ( Long Short-Term Memory,
LSTM) [ 4% f4) 7 71) 2| FF 31) ( sequence-to-sequence ) F6 &Y | 2 #5
RUT] LUK — A B AT AR (95 A5 50 B B Ardan b e 51, %
T T A0 W T B i A T R A R T, S o o ok 22 R 4% 52
BT 8E%5 . BT A BB AL T8
PSR G LRI TN, RS T & @R
U3 Yao SN NG 207 vk B Pl TR R 1R 7 3 4 1) A
FAEF N B A B K 2% (Camegie Mellon University, CMU)
NetTalk | Pronlex ##5 £ E#EAT 7K, F R IEF LR T
92% VL T IERFIBEN T 70% L L

L5 B RTIR BB 2R B G R TR B R B AR
FEEEAT T —SeB oY, (0B T 4 O X0 5 2 IR SR
BOE , DL B85 FZE P i BE SRR, SE L kA — & W R X o
BRI s i 2 HET B RE S A B F /o, HE
AR LABE N £ 8 B AR, A & = A PR
T, AFEMIEMERANGN R PR FEEZR, HER
X HE RS A BT E A0 TR R W B, ZE Rl BT J5 AR X [
Z A DEUMRIEE S B, 58 B RIEER R, XS
BB BB RS S MRS — 2R . A ORI
WE KR IBEFICARFFELETHER, 2l AT
TensorFlow ) LSTM J731] 3| )7 51| 4% B 1k , | FH s 1% Cend-
to-end ) ) B SCHL AR B & & B e, AR FAREE TR EE X
BEATEIRAE TR T ENNF LR, TUEEMNER
KB WP FHEATAL I8, i b6 T R Sl 2 H IR 1R A W]
Lo R T

EEEREERNES. HTHRERHEZ 4 Hlik
MR EMBEELBASE S, FEKEITEIATEY
SAMPA( Speech Assessment Methods Phonetic Alphabet) 7515
RIS RE , ATTHEMIE K & RS A BRIES 2R,
MEERETNATREHRMELRHNER, B RERE
TER, BRI B 4 R AN S PR 2 RGN, R v A
HRBRRITEERE A ERERD, W SRR R & VS5
B EmEE ARG MR O T RIS E S AT
FHABER, A0 F iR SAMPA #IEE REIFT T 82, %
HTHMRIES RS,

HATE b ERIET RENRITA L7 R, IPA
(International Phonetic Alphabet) fEiES REIL@ T 55 M ER
MIAEEFS(ERHN 3B MHEM T ALE  uEEHaE
1L ANEFETEM 6 MEEBILE) " . SAMPA RIBH L4
HEEFRANEFE, SR DEHEM6 AN TLE, HTETRE
AERGHMZS, AR F T E [e] M o] A A1)
Fla] Fom M RNFAGHE K2 (CMU) B3 RE S R 43
fE SO MERA AT ERFS (FRTH 36 NMEM 14 4
JUE L FHICE A 6 AN EEICE A 8 MEERICE) Y,

B E=ARIBERENAR, EEREFTENE
LR T X T 2 M — Ak 0 S B £ JEE AT
K3t A SR AT MR SAMPA 5 AR b 3 T 4
NG T M— A EE/S #7546 5
EMRIBERE, TELIE 36 MHEM 10 5T, 6E X
4R 6 MEFLILE M 4 MERBILE . FHN4 SLF N
#1 R,

*®1 HEBULTER

Tab. 1 Table of Russian unsiressed vowels

SAMPA 5 TPARFS  BiERf] BX HiRlE R
6 ® aBTO HEhAY 6ft! o
@ 2 apmatop KfTR 6vilat@r
1 1 ucrmEHO  ELITHE list'Iné6
) ® CTHMYT R st imil

N T RAEH & R R A B, A SO K T S p AL
BT 200 Bt A, 25 AR i SAMPA HFREMPr & RE
BTG, h BIEE & 2 R AT N LU Bk

RAESE SRR, A SCBETT HHT 5 3 R RS 15 I e A T4
RN EEAE, AR X L E — R s
AR DX, AHX IR B SAMPA & 32445 S8 By , vl
PR RR . K2 LIRS B i, X i RS R E
REWIREGHHAT T o

®2 BWHNHBEREHEETH

Tab. 2 Examples of transcription by improved phoneme set

Hiih] b:3'8 FihERE B ERE
aBrycr NA avgust lavgl st
Ganana HHE banana b6n! an@
Bewep - vetS' Ir viletSIr
IeBOYKa i d'evatSka dlev@tSké6

2 KERLIZ M E R %

2.1 fRAIRHERILE

HARIE T AT i KR 43 M A B R P FIEH .
an, B vE R i) A B R A, ) R AR A L R A,
PLERBHEE AL 6 BB BRI S0 b, AL iy 4 A N i
RSP HNEAE . UM, BRI A & w el IRER B FRM
BFEMBRIFD, TEHMEME LT AT 5 SR
BIREE A, JEHR 2 4% ( Recurrent Neural Network ,
RNN) 3L 20 42 80 44X, B o4 LB A, e & e 3 3
BARIEGERNN A BILJLE, BT HEMKLEH L
M GPU _EIR % S RACR I S, RNN A28 Bk B AT,
TEALE R 2R PR RN o

RNN 7 e A AR Fmh

a, =b+Wh_, +Ux, (1)
h, = tanh(a,) (2)
o, =d + Vh, (3)
y, = softmax(o,) (4)

Ho AR SRR 2 RN S B U AR
BURUZ Z [l LS BOERE WEH; RUBZ S L2 2 B US
FREVER b d N RE I B s x, I RARA s 0, HPRE ¢
ZIRHZ RS SE BIE A B AR K018 85 ;
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h, BARBEBUERA 0, TR ¢ BEZIMVHI L5 v, AEF PG
MIHHER
2.2 KERHEIZER

PRI 48 BAR VT LR AZ AR P i fE B, 1B
2R KRR E AN —&FS, MKENES
RN HORERSS , BN @ MG IR 22 ) 25 4 Hh AR B BS A
MfE 5, X # 3 B 7 RNN fi9 K B 4K i ( Long-term
Dependencies ) [A]#5 ,

KA ICAZ AR 502 T2 1] Ay AR R AR [ 8 7 X 4R 3
M RIZR B HE . LK RNN o 53558 k22 ST 4 9 AT LA
FARICAZ 9 LSTM 5T ( Cell) , AT LA 20 F £t Hh i 1 BE
BKME B, h Hochreiter %% 75 1997 4E 4R, A FHH
RNN B — ¥ tanh fEF AL, LSTM #AITE R BICIZ BT A,
MEAY b, 18 TR oT C, FRREKAHEZ, PIE=EA
[IEERI A, 2 B2 J A T] (input gate) Vi ] (output gate)
g (forget gate) o FRIEIGERI L R4S 55 LSTM #EH 945
% LbanE 1 B R

B h,

Cr1—m—(X o)

b Y Z

tanh h & €3
olaree
h, k,
X, X,
(a) RNNELE (b) LSTMELR

BEl1 RNN 5 LSTM #ERIGEHT Hom BB
Fig. 1 Structure comparison of RNN and LSTM

V554832 B iy F 4R 1 B RR AR Sigmoid 1 g 3 18 B4R
fillo Sigmoid REHYIMETEE A [0,1], #8715 LRI L
B, BUER O BFRARA ARV IIA(F BAZES, BMERZ BT
12 BB 1 B RR AR BT LU, 58 2R B X —4r 31
o

HER— AL BB 2 RE AT A «, b —B 25
hoy F_E—BF ZVRES e, M E—BF 2K BEIZ 08 0R B AR
B,

fi=0(Tyx, + Ty hy +Tye,, +b) (5)

BATI2RYE x, ooy TR, FERIFCIZE AKIICIZH
R, P YRR ¢,

i, =0(T,x, +Tyh,_, + Ty, +5) (6)

¢, = fie,y +itanh(T x, + T, .h, , +b,) (7)

B T SARBE R FOIRA ¢, LUK b, BT x, , BT EHE
LN B e I 2R 4 b, -

o, =o(T,x +Tyh_ +T,c +b,) (8)

h, = o,tanh(c,) (9)
Hp .o R Sigmoid ¥, fro Ml e FHIRREATT RS
1B s T TR AZ B 0 , ) B RS BRORUR 1) B8R T o
AR T TARRER T HE X, Bl T, 9 R A T TRUE
SEBE, T, ot A~ I BUERE R

LSTM 583 I'] 5 #a 447 Fn 42 i o 2 ) 2% v 4 B 220 ) 4R
BE B SEEXTIRAE B TE R AME S, AT T R
HIXERR, #TF LI B2 EALH, LSTM Xt 51 [ A B 7 4t
SIATREFTAEAT T RNN 482) T R ia#e s , B AT LI 0% T
BRI BR824 B TR 6 R

3 HEF LSTM &y 57| 2| 53| A

3.1 ZEFINBFTEFT

LSTM iz 45 Bl L i 5 i K W 35 I 5 4k 5 B AL B R
2, W LA A R F R BT R AR & i,
LSTM R HI B P FI BRI A R B LB E F R & R X 5%
AU EESHEE KNP IS TAC TS , 85 T X 57 o 72
BREER T AT BE

FTF LST™ ()55 4 i 72 AT AR 1 st 8 18 0 2% 048K
Bp(yis ¥aswts ¥a | 8%, 0x,) BKHEBIGHELRE, (x,
Xy, %,) FANAFRITI, (51, ¥2000 s va) FRXTRLH
B P, TR E o Fm A —2 % LSTM 15
SR, R AR KT (% ,2,, 0 ,5,,) HATHE R
PG — 1 BRBUZ BPIRZS K P8 R A e e By ) & s,
SRITHARIE LSTM i SR W46 e 2 RS R E I E s,
MR SR BRI 2. 2 iR ) LSTM A=K (5) ~ (9) &
oI (yis 325000, 3,) BIBRRHARETR R

PLyis yasrrry vl 2,2, ,m,) =

| ] SN TS (10)
£=1

oA R pCy, |5, 31, 200, Yir) SEIE
R sollm LB B 2 P 0 5 2,
FERCSS St softmax 48— Fi I — JLAE R AL, B0 —
A EE R 2 AT RSO (0,1) MK, AR A
)
8(z); = == (11)

k

2 °
K=1

Bliei > oo X AR 7 R A 5 R 0 B A5 PE AR e
BARIEA softmax BRECH T L2, TR EE—K
Vg < 1l R
3.2 LSTM 40— figaisal

ZEAY 7 3 B F 5 LAY i 4 8 4% — % 5 4% ( Encoder-
Decoder) Z5 MY Z2H J% , XS5 M 4 s J2: T PP B 25 i 0 45 )
RAFRN I BRI ST, MRS P B T3 A 1) B 2R R PR
LSTM & #— @R B RIPT A~ LSTM I 4% , 7351 52 b 3 A 9 2
TR W28 R AR R A L) O AP RS 5 O 4%, SRS — AR R FR AN /A 2
Bt

Decoder

Encoder
K2 g s e
Fig. 2 Schematic diagram of encode-decode process
3.2.1 %##AH
Zifithan W 45 4 B LSTM BT E5 Wy s AT 32 880 451 il
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W SR B — T R (LS BIRSEES D,
WA DL — N F ) , BRI L RAT <s > BIAGER, 4
TR 5 — A~ BRBUZ BPIRES , W2 8R]3R A [ e
KB W] & v, MO8 T LSTM XK BEES (5 SAL TRV AR ST, Mk
v REAT A BT B M F R AR B AR TR ¢, BRAR)Z 1
R b, ATHARER R

h, = f(%, b, ;) (12)
Hor: fRINARER BT sRg, 2T LSTM BATTE5H) 5 b, R
b —BF 2 BB RS s 0, R H RN R B A B v RS
— IR E BRI 2 BN, RS o R

v = o(hy,hy, k) (13)
3.2.2 MAE

TR AR, 1) B v KA S BRI B0 AR DR 25 A i A
LSTM W& il it ¢ B 21 2 IRAS b, BT — &R
Yoo URIEIE v, BETTHE MR 25 R v, RS, 438
BNLALRF < Jos > BFEESRITIN , 75 20N T F] o % — 1 7
RAARFRRWT

b, = flhi s Yoo sV) (14)

Ply, L v, v, %,y ¥ ) = &lhyy 300 ,¥) (15)
Hor: f RIS LSTM BATTE5M 5 ¢ —f&A softmax pR#, i#
R, L TS & 1R (beam search) 351 7E
Fra i BAS RO BRI, 2 e B 30 e vy MM 1 7 371
B AT S A A R P51 . LSTM SR i — it
T 19 YN 2 8 1 B B 8] 2 1) #% #% ( Backpropagation Through
Time, BPTT) 58 , ) FH AR A5 0o 72 v 7= A A 152 22 B8 35T R 4% 1Y
S .

3.2.3 ERPR S-SR

B LR 37 7 5 i 4 B A & TP ) I B A EAECK : S B
LSTM 3 A BRI B B B 7 R 1 5 0 B o — 1 [
ERBERMNE, D LSTM 45 B A ETFH AR
¥ LSTM & S AL, 454 m & a2 REM -~ ZM &
RBENBER AL EETI .

PABRIE BT “ pair” (K &) MEE AR B “pas” [r | aj
6194, LSTM i ts 2 iy s Bl N /&l 3 i 1 3
2 4% 1 P )2 2E R, KB AR A0 I A 4 B LSTM, 75 ) 4 A 14
LSTM, #fth LSTM & B [B] 38 5 32 U A 511 <5 > sap”,
R4 B 5 — 1B BZ BUIRES , W 7 971 “ pas” R 7R O ] 5 4 %
W & v, RS LSTM YEB B IGAT < os > JE BRI , K m &
v (EN R R RS, BT E T N F R AR,
BHEREREEBISABENERTIr 1 ajo
</os> 7, <s>FRMATFIREIBR, <os>F </0s >4
HFR G E R E R LAY, B 54 AT A
AT LA AL B K B B 5 91 BEAT 6 7% 70 A T, f% 7% LSTM #£
</os > JGZIETM . F3 4t , GRAGAR H BT I R, T LA
FERHEH 5 AFHRBIE R, ik T ™

r ta 6 </os>

<s> s a P ' <os> 1 la ] 6

B3 LSTM ZRis—fes 4w 2l
Fig. 3 Schematic diagram of LSTM Encode-Decode network

4 AT TensorFlow W& EH ILAFT 24
4.1 TensorFlow

Google e KHAMIBH 5 , ZE TR A T 58 — oA UL
W2E S HESR DistBelief 2 f5, F 2015 48 11 A4 T B ATHL
FRIIE 2 M HEZR 7 — TensorFlow, 3 #¢ GitHub F JF &,
TensorFlow f'E 75 € X 4 : TensorFlow & — & T ¥ iE K &
(data flow graph) BIEEIHE AR AR , 2R 1S 35T
AR P UL o3 A S 7 SR BB 7 A L IR
FAEZEETH L, Tensorflow |92 ZHFAIEHBENAR IF
FHIRH APLTZER A RIE ST BIRE .

TensorFlow FHEETT 5 33 18 7T LA 3R o 8048 ot B, R
7155 &l ( Computational Graph) , THHEERE NG E, K&
— BB HRAE (operation ) £ —1~5 & (node) , 5 5 537 &
ZIAEIERR A (edge) , 7231 T 3N (flow ) 1) 2 4L EAH 3L
EFR AR E (tensor) . THE B PAT AT LIEMETK B3R R ET
IMERT , AT B AR A R R BUR B
TR,
4.2 REFERE

BRGMIFKET Ubuntu FERSE, ] Python #/P1E
F £ TensorFlow VRS S HELR I S Re F 347, BRI L
WEWT

#4E #2450 Ubuntu 14. 04-amd64-LTS,

FR % 5 :Python 2.7,

GRS S HEZR ; TensorFlow 1. 0.0,

Python JT % F&:0t 4. 8.4 + PyQt 4. 12 + SIP 4, 19 +
QScintilla 2. 8 + Eric 6. 1. 11,
4.3 RFIEREN

T TensorFlow HE 4 (MR B W L AR R G B ARHE 4L 40
&l 4 Fios
CEr Il @

PIGRR 5%

Training
Testing
H T TensorFlowfEZE )|
HI\ ) T 5] LSTM#H 15251528

B4 REHEHR
Fig. 4 Framework diagram of the system
4.4 RENHEEXRH

ROt ET PyQt TR QtDesigner FHI BT, LA
¥ Eric PR, 371 F QSS(Qt Style Sheets) i& 5 917 GUI
AmEh, FHEEEQFEBEANGR ARSI, L0
FEAT

1) R EEAIZT6E,

R AD I 25 Ty B8 LA A & i) 8 O I R OE R, 8 oL
TensorFlow A% tf. contrib. rnn 32 T SE 3 LSTM W48 1 € S, P8 FH
tf. contrib. legacy_seq2seq £ [ A model_with_buckets 5 347
BRI ASEER sed Bk, B VAR WL train HOHY
GradientDescentOptimizer J5 ¥ 52 B, 35 i 53 f. nn. sampled _
softmax_loss 73k P AR BE TR S A OB R 4T

RERIYI ZRpt ) EEE S

source_vocab_size ; 5 A JFH AT I/,
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target_vocab_size ; H 5 FEFIHEIFE K/,

buckets : Ab B[R] BE 16 F7P 50 1 1, H—XF(1,0) %
/R,1.0 53 BRI bucket 4035 A4 AR T F K
B, —fH(2,4).(4,8) .(8,16),

size : BB 5 — 2 I BATTHL

num_layers . BRI {9 48 285

max_gradient_norm : B BE B A& BT LTE o

batch_size : Y| BT HEALBE AT R/,

learning_rate : ¥ #f )22 2 3R,

learning_rate_decay_factor: 22 X REWIHNF, —EMHE
ZJR 22 B R R T AT R

use_lstm = True; J& 75 {81 F§ LSTM 2450, True 378 FH
LSTM, False F&75f#FH GRU BT,

num_samples =512 ;. J1 1T R HE softmax R EXEY G LE, fH
i softmax pR¥AL PG B JF F I, 4% R RBR & A
B, HI, L R R KT 512 B8 SR A softmax pR 4L
Lt i RIR /T 512 I softmax BR¥,

optimizer = "sgd" ; F 3@ BB BE VAT 4% , (L FH sed Bk,

dtype = tf. float32 . 7EE N T A B M EHE 2B N float32

2) BiEARE HIRE

REMPR & IRE N R B3, RIEEA W & & BRI fa A
A BT HEA T SR T AR RS ERAE K B AN N KB A . X
— IR R G54 8 F of. contrib. legacy_seq2seq 2 [ #Y basic_
mn_seq2seq Ji¥k. B FGE TS LSTM R A 55 40 1)
BERIN AW S a RS — M RRZ KRS A B
RS LSTM,, J7 i) EESHULHE

encoder_inputs ; [ batch_size x input_size ]| 7~ MCMETK 2
PR, BTGk BRI — 2% A, baleh Jsize Bk
TS — B2 A 897 R input_size FE AR

decoder_inputs ; [ batch_size x output_size | &7~ ) — 4k 7K
B,

cell; 25 tf. contrib. mn. LSTMCell f{)SE4, F2 7~ {8 F] LSTM
BT,

dtype = tf. float32 ; LSTM BAJG Y BHESS B R float32,

basic_mn_seq2seq ¥k FYR BME A 4Tk B R AR 0
#H (outputs,state) , outputs XK £~ [B] 2 HH f g 75 0 7
F2 A [ batch_size x output_size | ; states ez~ &6 18] 25 H
AN ERRAS , B R 5 [ batch_size x cell. state_size] ,

RS SE RS, VA of. nn HE OV AY softmax J7 ¥ 3K B e 4
FMNRER RS R,

5 SEEIR

5.1 ZWgEE

RENELBES TR TN BEARERES.
SEEGI RIS DL AT RS R o
5.1.1 ggEdteg

TSI B AN SCE Sese B T RIE K R A B T AE
FARIER R EERIB AR R S R CMU BF 5 B LUK — 28T
R ARE RN . B R BGE T 4R B R R IF LI, I A
T8 MR AR, I B R B A R A

1) i AR . SRR E R e AL A e

BRAE AR BB, BT 4 /) 1 BN A B B TR O AR L

D) FRER—BME, HIEHER P IPA f1 CMU H &
TR XTI BB SAMPA F EERR, LM A FRIMFE
£EWMGF—,

NFEESEEIE, MAEEEHPHENMFTEHITIN
AR R s S R T

4) RERE, BRIE MRS EHEIMEZRES, A8
A AR R & S AN R AR,

5) HEFFH#RIE . TR B IR B B0 2 X & & 1A) Bk AT HE
Fo

Zad Pl RN, B AT L T L B SAMPA F
FEREFCTESTFIENRB LT RN, WAL S
20 0007H] 2RAEH
5.1.2 ELRIRE

SEIS AR SR I R TR IR 45 4 L AT, IR G5 45 10
T AR R B W760-G20 Rk 45 2% 16 % 17 &
7% CPU,128 GB P97F,4 x 600 GB B At
5.1.3 4R

TR TEFRE LTSRS B B R AR
ERRPY, FREHR e =2, 20 0 RH A S 15 R
IR, IR RER, TEERRMNITEARIT .

o < _ IEHR G & R .
SHREWR = = x 100% (16)
R SR =

B R BE - (A RS+ BB R + B iRE0

(17)

T IR R R AR T
sta e oo IEBRBRET HTRDIE R .
TJE IETH R = A % 100% (18)

5.2 EWHER

230K 20 000 1) & & 17 #2.45 R B R 43, 90% 1 I 25 %K
5, 10% Ve IHALE . ERETIIZRH B, @l Xt LSTM 4%
H) 28T (layers ) F1 B ST HT (units ) P17 7%, WLER BRI 2%
REMERERIRE N, MEHEL, ASCEH A T X hEIER B, ¥
NEBAW 4 MEFEAS X6 FEEH W
Phonetisaurus T H#F 47 T X%F LR, Bb4F, A THE25IER
EX RGP R R, 4 B T N2 5k (£ i) Al
IREETER (MR 1B AR .

MR MR FTRIE H, LSTM AR 2 HOM BT
BeXMRGERER B ER W, YEHh 3, Bonh 512
MAGSHEREE EENANEM TR ERHRERTT
99.2% ,IWJE EFFRIEF T 95. 8% ; AL ST F £ IE
BRI T 94. 5% , W EHRIEB T 74.8% , M FH T
Phonetisaurus 75,

%3 Phonetisaurus 5 T.STM #2859 E &%t L

Tab. 3 Comparison of accuracy of Phonetisaurus and LSTM

i /% 15 /%
e RNAERE % B ALHT
HE AR EE AR
Phonetisaurus 8-gram 96.8 81.5 92.2 65.3

LSTM ZE¥ =2, 808 =64 97.2 89.5 92.5 67.6
LSTM 2% =2, %08 =512 98.8 94.7 94.1 74.2
LSTM 2% =3, 8t =64 97.4 89.5 92.2 67.4
LSTM 2% =3, Bt =512 99.2 95.8 94.5 74.8
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F4BR T 4 MARBRE BB TRHCRN . BB R
FOBA TR LN Y ZRIT [] ERY IR/IN AP B S B 5 iR il /R
Y LSTM LRI =00 3, B0l 512 i R RERAL,
BN KR A B R AR B S BARRMERRE TR
E NN

F4 TESHE LSIM SR

Tab. 4 Comparison of efficiency of the model of LSTM with
different parameters

” Il %k it IRl

BRI Eﬂl;‘iﬂl/{fnin 3%/]\ ??} I%ﬁfms
ISTM % =2, A8 =64 28 528.6 KB 35
LSTM E# =2, 8808 =512 155 42.2 MB 242
LSTM 2%k =3, B e =64 37 738.1 KB 41

LSTM 2%t =3, T8 =512 169 42.4 MB 260

N7 TN LB R 2R GE M R A B2 i, AR SO ad B
TR SRR RORLEE, (T 3 )2 512 BAon Y LSTM R4 X 4 & #
RUEATIN SR, 3F 20 BIAE SR R AR SMA P4 L 30 iR T
W, GRS B, BEE WAL AB B HE R, 177
TEF R BER R ; A R U AR B 0L T, RN T ROAR
TR TRINA AR & E# R,

100

o0 |—O— ENIRNRESE
€ gol o~ HATW REHE
g 70}
4 6ot )
?m% 501 /
40} o
30y 5 : ' 5 18

9 12
MR 10°
BS5 YIGMEERELRRLE
Fig. 5 Relationship between training data and system performance

5.3 RIS

SCHEE R U, 3 LSTM A5 3 1% J= HoRn S T A e g
THRGNERE, LML 28 h 2 RIEINE 3 2 mh R BLR 55 i
B MESCH i 64 3 INZE 512 B, BEALK R/ I ZRi 1A
REMREHS KBRS, BAESSBREMRKRBET K,
% LSTM BIRIRYZHCN 3, Bl 512 I R PE R i tE, 5
Phonetisaurus Jy YA L, & RIEFRET T 2.3 MH A,
FEIEMRETT 9.5 ME SR WA, VZRER B At 2
Xof BRGTPE BEAE U L, BEE VI R B I K, R RE B W
It (BRI LZ B, RN GRERA BRAIBLL T, BSMA
PRE R R IR A A I AETE 10% N 43 R 2 8E, E Ik,
N T RIRE RER SRR, B F i — 2 ARIBREH
O REEAER R, Y RENITE R R

6 REMAME

KRGET TensorFlow HEZE, TP T BT LSTM J7 51 |
FPPIBERI ) AR B RE TN A st i, ARGEMITE R
G kB LR A SR R, VI 7R £ L BRI R A5
RiFA

1) TRE S5 57 % A X TR 038 S0k 5 Sk ¥ v
BARERH BB, ARG DA AEREHERERES
.

2) AR RG] LA B RS 2 2 F PF e ], A W R M E
HOE, R TR TR AR, EREEI
E BB SRR TER

3) ARG L AMGEE T HAFE S & AL, @
PR R S I R e, B R e SRR, B
TR PFFES TE] 9 5 R

AN, AR RGEEA TR

1) R4 2T TensorFlow $EZ2 0 Python 155 4, B A #
YER G A AE M, 7] AZE Linux , Windows , Android . I0S % %5 [H]
LI

2) RERET AR P AIE S, v R I SRR AT
BRI RS AH , SEI BRI AR & TR

3) RE AT RAE I 280 () BT B fb & & AL, AR & T
WERMBFHRAETTREM: 3 R AR IE S REN LS, WE R
BB,

7 ®iE

AR S AR M RIEIES S AANE T N R L
BRMCE TR, AUy AT T ETF SAMPA MRIEE &
£ EFERENER BN TESFS X4 N8 E, 3
BT S EEME T /S 20000 FHRIE LS E M, 7R
b b A SCEI IS BT 2 T TensorFlow [ RIB L AFH &
4, RGN BT LSTM F51 3 F AR E g, R
TR G TR FIEE SMA 1 B R IE TR AT BAE] T 99.2% 71
94.5% L IEH R BRI T 95.8% f 74.8% , ¥R/ T
Phonetisaurus 77k, L4 REUA ,ZT LSTM 17513 751
MR EBIEFH IR L BS TGN ER, R RS
H R A RE R A B R A S R . BN GRERE
R T , REXWEIMAMR T ER RS ENNFEE —E
Z2 e —4EE, BWEUBERIEY, FEiE—%

P RRIBE E M, 5 RINGRBB AL, AR R A 4R
BRI RRE.
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