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Abstract With the development of speech recognition technology, the research on low-resource speech recognition has
gained extensive attention. Taking the Mongolian as the target language, we studied how to use the multilingual infor-
mation to improve the performance of speech recognition in the low-resource condition, for example, only 10 hours of
transcribed speech data are used for acoustic modeling. More discriminative acoustic model can be gotten by using cross-
lingual transfer of multilingual deep neural network and multilingual deep bottleneck features. Large amount of web pa-
ges can be gotten by using the web search engine and Web crawler, which can help to get large amount of text data for
improving the performance of language model. It can further improve the recognition results by fusing different number

of recognition results from different recognizers. Comparing the fusion recognition result with the recognition result of
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baseline system, there are nearly 12% absolute word error rate (WER) reductions.

Keywords Low-resource, Multilingual deep neural network, Web based language model
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S FRGE. Thomas FH Vesely B33 T A F FH £1E =
BRI IR BUE S MARHIE. Vu ST EERE 15 (In-
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FRiE S SR 10 /Nt ) BARE S BB B 1% BB N TR
AT

FIH%£1E 5 Bottleneck 454E 2 B #% (Multilingual Bot-
tleneck Feature Extractor) i BU Bottleneck $F1E , 3 B i SR 1iE
5 FHBUZ Bottleneck FAE 89 B AR R AE A B 32 , 2H BUHT Y
FEIE IV SR Hybrid MIRBEMZ M4, iz kmiE e Hy-
brid JREEPH & M4 LAY XS Hybrid 2245 5 UR B 42 W) 248 3E 4T
T2 PR BRE LM EEA L,

3 Web XAHIEIRINE Web i F1EE

SARBCHF AR TE ) B AR 5 78 5 SO AR L, 38 5 LI AT
LIRT7 B3RS HARE 5 MK SRR . B, AR
RIVEMU+ 00 E A TRRAFHFEXAWTm. H
UK, T LA P 46 1€ He ST L8 F ARiE 5 0l 4 B0 E 1) 4
PRE, @ X P AR 5 B T LUR IS KRB E & BARES 0
BUE

PR | 5 5 P00 4% 1€ Hht f) 52 1) UHBU AR A5 33K 26 T ] 2
J&i » T LA 3 S T ik OSCAS it o T BB B SCA
B rp S TR S RE HE » TR 7E A X 26 2045 I 2% Web
R AR AT, T B X A T AL B

B W STB I TR, BB LI ST N B T 53

HU RIS AR ST B SCA I 7 B — >4
T =T 17

S5 R T H S BTHLA RO 5 BT 530, IR R
— SRR T SO TR

ETFIXEBIERYNG Web iBFHAR, 7EYIFE S HA
i s A LE R AR th BRI S AL P . T Web iR SR
55 H R SR T BEAR —B, 1% Web B FBEAL 55 G
AFRAT TR 5 B AT A0 (6, DUIRAS SEAF AR S AL, X4
B A BUEAR FE - D0 K508 1) SCA HE 47 98 11t LA 3R A5 58 47 10 U1
R

4 %%

4.1 XIEE
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o XHERINAE K HWERE, R Y B EA A,

= 1, @nPng o B R EAOE AR R R RTEE HE
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#1 FEIEFETESE

E3) EE AAN/h| EA EE A/N/h
AL g E
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FEREE FHE
(Creole) 83 (Igho) 56
HHIE P GE
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B
b PE R IE 54 B e d ik E 115
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I 53 A+ | iE
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T 98 v 5L 3% 56 B A% R 10
(Ambharic) #% | (Mongolian)

R E T AT R, 5 8 T X EIE T Wb 4
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) Hamming % , H & #8 10ms, 38 X J# (Cross— entropy) #E
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(Sequence Training) , YIZRZE1E 75 VR BE 2 0 45 O 4] B 2
HERBEE N 0. 08, FH4%H8 HofE W .

SE8H, F A Bing 1 Google S48 240 & R <€ 1A (¥ T 1 »
FHEE 2016 4E 4 H 3 2016 47 5 H BE R A Scrapy X A B X
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PRI IA SR AL L) 3RS 5T i Web B SRR, %5 S A
B 23989 AN , VI B A 1) BRI R R 127, 7, R R IR
# (Word Error Rate, WER) S PEI R S5 HEBE
4.2 RGER
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R 2R AFER Dl FA 10h I 2508 8 13 H) 2Rk
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fEEEN T, WER & 73. 1%. 2) I Web %387 LIIE &
W RGHMERE ., ERT Web B SBAMITMBHBELT,
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