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%% (Hidden Markov model and deep neural network, HMM-DNN) # %435 F 25 2 %; R e fﬂ’ﬂ'&ﬂﬁ
ﬂ"»"\ RAES-Z 8 69 FBME, R A %4445 5 I (Multi-task learning DNN, MTL-DNN) % 48, 52 . DNN K
BN EREASEMEET, FRIREASINARSERLEE, &5 . %M ROVER(Recognizer output vot-
ing error reduction) 7 ik s HE A LG B E B R TRAS, THER AW, AL F 2444 %35 DNN
(Single-task learning DNN, STL-DNN) & #£ % X, , MTL-DNN T A3k 1F 45 a9 R R ab; H mA R 46
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Hybrid Language Model Speech Recognition Method Based on MTL-DNN System Combination

Fan Zhengguang, Qu Dan, Li Hua, Zhang Wenlin
(Institute of Information System Engineering, PLLA Information Engineering University, Zhengzhou, 450002, China)

Abstract: Speech recognition system based on the hybrid language model has the advantage of recognizing
the out-of-vocabulary (OOV) words, but the recognition accuracy of the OOVs is far below that of the
in-vocabulary (IV) words. To further improve the performance of hybrid speech recognition, a system
combination method based on complementary acoustic models is proposed in this paper. Firstly, two hy-
brid speech recognition systems based on hidden Markov model and deep neural network (HMM-DNN)
are set up by using different acoustic modeling unites. Aiming at the relevance of these two recognition
tasks, the thought of multi-task learning (MTL) is then used to share the input and hidden layers of
DNN and improve the modeling accuracy by joint training. Finally, the outputs of two systems are com-
bined with recognizer output voting error reduction (ROVER). Experimental results show that the
MTL-DNN modeling method can obtain better recognition performance than the single-task learning
DNN(STL-DNN) and the combining of the two systems can further reduce the final word error rates
(WER).

Key words: out-of-vocabulary words; hybrid model; multi-task learning deep neural netwrok ( MTL-

DNN) ; system combination
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Fig. 1 Hybrid speech recognition system based on deep neural network
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Fig. 2 An example of OOV recognition based on hybrid model
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Fig.3 System combination architecture based on STL-DNN  Fig.4 System combination architecture based on MTL-DNN
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Tab.2 OOV detection precision and recall rate for different hybrid systems %
) Trigrapheme R4t Triphone &4t ROVER &%
RYGHTR
GMM STL-DNN MTL-DNN GMM STL-DNN MTL-DNN GMM STL-DNN MTL-DNN
Recall  11.56 12.61 14.13 12.08 12.73 14.51 13.59 14. 88 15.21
DEV
Precision 44. 83 57.14 58.59 48. 25 56. 38 56.78 57.37 60. 29 59. 07
Recall 11.41 11. 25 12.32 10. 19 11.16 13.07 12.01 12.77 13.19
TEST
Precision 39. 07 45.10 52.51 41. 21 49. 58 51.49 49.62 53.33 55.50

i A F-1 R AT LS BOUL 0 X BG4 R 8 A 4 AP 0 P BE L B 5 D MR 4 A S0 ) ARG I A A (1] 25 D I
RIGEIN F-1 (. dilE5 fRUA M ROVER B RE0H F-1EAM TR RGEHA Prid . R4 R4%E
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Fig.5 OOV recognition based on hybrid system
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T £y /0 i 2 R A R . SR LT MTL-DNN f##7 s tb T STL-DNN ) ik, &4 SU Eh
R RE 4R T, W] MTL-DNN # R B A 0 5 (9 JE ARG [ . Trigrapheme & 48 il Triphone % 45 M 4
PEREAH I X AP ARG A R0 T 4. Wit RE M4, WER #F — 2B, /T LA . 3£ F MTL-
DNN [ @il 5 % BoA 5k WER, O 47,36 %, A% GMM R 45 fie Pk g (51. 89 Y0) B AIk T £48. 7% . M
%} STL-DNN F 4t e ML BE (50. 44 YO BER T 29 6. 1%,

*3 ARARAZRKIRMNERMOABEELL

Tab.3 Comparison of WER for different hybrid systems %
Trigrapheme R4 Triphone & 4t ROVER &%
RGATR

DEV TEST DEV TEST DEV TEST
GMM 53.99 53. 26 53.34 52.96 52.96 52.12
Non-hybrid STL-DNN 51.78 51.06 51. 44 50.72 51.33 50. 76
MTL-DNN 49,42 48.90 49.04 48. 11 48.97 48. 23
GMM 53. 20 52. 88 52. 84 52.10 52.70 51. 89
Hybrid STL-DNN 51. 24 50. 87 50. 75 50. 48 50. 68 50. 44
MTL-DNN 48.70 48. 27 48. 32 47. 86 48.10 47. 36

it — TSRS BT LA R G R O I PR RE AR T IR IR A 4 AR AR R Bk, R4 B
T B R GE v I AR A AR S A A Y IR SRR R OOV R S 5] 9 IR 3 B 1R R L TV 7 46 P 17
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AR TR 58 R 23 TV oy 718 i 3 56 A1 1) 1) 2 DY ) P53 8 % R (ot R ) 2-gram 3 55 450 Y, 5 4> 4 411 3] il
Ja — A A 0 i 3 3D TV o oov 2718 AR I 1T 4R S0 1) 19 46 9 1) U0 B iR 3 . i) DU H 4R APl Y
A 23 05 408 52 A ) A9 AR 00 77 A AR R B W, A BG T Sl I 30 A/ 9 1 B PN L B TR R 6000 ~T0 N A2
A CESCHERL6 Jrb o 15 4 S 1A 408 14 £ 1A 1) i 0% 238 2 L A i a0 56 A0 1) i 26 N 3R] i — A e ) o INVEE ROk
B 2 R GRS SR P B R AT AR L GX A B AR e R R U B B0 5 I L R Gt R U RE A
AR 1 4R AR P RE L 23 8 . TERIR B RGBT MTL-DNN R & 2 48 1 4 41 1) F1 4 4 1 1 1)
ROR S i T R 48 0 R PR U BE AR X 8 . il i ROVER it 5 a] LA 3E— 25 B AICAR A1 i) R4k N
) B P A A R L AT AR PR RE AR AR 4R T
x4 MNAERESREEMDSERNRIRANBRE
Tab.4 Misrecognition rates of test set for OOV words and IV words for different hybrid systems

RG24 TR R o10)Y v IVoov IV on 00v
GMM 90. 36 46. 08 73.67 44,16
Trigrapheme STL-DNN 89. 39 45,77 71. 24 43,74
MTL-DNN 88.92 43.92 69. 64 41.32
GMM 90. 62 46. 97 72,55 44,34
Triphone STL-DNN 88.18 45.15 70. 94 43.72
MTL-DNN 86.73 42. 89 69. 44 40. 21
GMM 89.03 45. 87 71. 14 44.16
ROVER STL-DNN 87.23 44,39 70. 98 43.22
MTL-DNN 86.76 42. 62 69. 44 39.89

4 HRIE

ASSCR T — R T R AR GE R S Ok B2 R A R U RGN PR RE R T 5 . % i i
SR JH A [) 1) 5 2 AR BA G L M T B T HMM-DNN [ I8 A 45 5058 35 1 500 2R 45 I 41 1 9 Fh 31 51
155 Z a9 SR R I 24 55 o > JEAR S B A~ IR I AE 55 DNN R 45 1) g A JZ R B  J= 3L 52 AT
R EBREL. B RGN AIR R ROVER A7 & . 2 — 2R T T R IR BIPERE. LR 4s
RFED] T MTL-DNN @i 75 30, o] DLR & $2 T R G a0 M dE . 22T MTL-DNN [ R Gt & 07
AR T AR WERLAH LT STL-DNN [l & 77 B8 T 25 6. 1%,
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