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N-best Rescoring Algorithm Based on Recurrent Neural Network Language Model

Zhang Jian, Qu Dan, Li Zhen
(Institute of Information Systems Engineering, PLA Information Engineering University, Zhengzhou, 450002, China)

Abstract: Recurrent neural network language model (RNNLM) is an important method in statistical lan-
guage models because it can tackle the data sparseness problem and contain a longer distance constraints.
However, it lacks practicability because the lattice has to expand too many times and explode the search
space. Therefore, a N-best rescoring algorithm is proposed which uses the RNNLM to rerank the recog-
nition results and optimize the decoding process. Experimental results show that the proposed method
can effectively reduce the word error rate of the speech recognition system.

Key words: speech recognition; language model; recurrent neural network; N-best rescoring; cache lan-

guage model
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Fig. 2 Structure of continuous speech recognition system
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3.3 XBWERKIDH
3.3.1 JEIAYZ M % 3EF AR MG

FE A 228 W A5 BT o 5 2 A 220 N RO R R M S PERE I e B2 N 5 i oo e b U R
2% N BB 70 73 i 3k A 1 5 A R 2 TR OG AR s AR A R A B 2 T 5 B 45 10 2 o) I )R K
FUZ B 00 B ) PRI O LR I R R/ R R B B 0 L B S [ B M 2 T B I R 2
21 RNN RS, 3 0 28 19 2% o 3 J2 i 22 0 B0l 30~ 600, AR S8 RH R RN AN (8] Jr 3 28 16 i 22
T B s A AT

AR S S 8 9 I R 800 SR TR AT A 126 o 8 I R 46 1 35 A T SO I 800 D 00 3 4 18 35 o T SO
AR AN [ A A 2 400 U 5 RNN RERL 8 I B0t b i S pe Bl i IR R, 0 5 N e SCIE B R IEAT X 1

LW TARE RS2 KN T A RNN 5 5 88K 5 5% ] Kneser-Ney F #f () 4-gram 5 5
(KN X EE o A SCE B 28 501 80k 50~500, RNN-N EoR B R M 20 MO N

® 1 RNNEES 4-gram B 91 BE LL 3

Tab.1 Performance comparison between RNNLM and 4-gram model

i ALl
RNN RNN-+KN4

KN-4-gram 99.3

RNN-50 136.0 97.5
RNN-100 129.1 94.5
RNN-150 123.0 93.9
RNN-200 121.6 93.9
RNN-250 122.1 94.0
RNN-300 122.4 93.9
RNN-350 123.8 94.1
RNN-400 123.2 94. 3
RNN-450 123.2 94. 3
RNN-500 125.6 95.1

M1 R E R B 2 RN IR B ) RNIN SRS, 35 58 A 88 AR n-gram B RL 1Y) [ 2K B2 L TR
WII 7 B RE R S v 1R S BB R PR RE . B G B 2 DT By 3G, RNIN AR B 1) 1 B8 28 42 i, 2 M & oo
ol 200 I, 35 B I S O RE R VE BE A2 TT A BORE U i L BB R AR 2% SR g i B A AR .

T3 —J7 T » #2225 15 5 A R 1 U A0 1 T BT R R SR B B )L AR KRR R BRI T AR AL A . B
N 2 Xk i L R 5 R AT S S R A B 2 RO L 2 TR R SR A A K ok s I e ] 5
B B0 o B s A S 56 2 BOAS /) /N B 28800 )22 5 A A TR 2 8025 14 F DI 45 RNIN B RS, b 35 455 78 1) 1 2 B i)
FAE DBt b TR R, SE IR 25 R sk 2 iR . o B B 5T B0 300, 3R 3@ sk B[] 19 S 1]
f& 4% (Back-propagation through time, BPTT) 2353540 5 K, FULL /R AR L MZER RNN A,
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R 2 EFEAHI RNN E B BE 5200 5 B 3 Il 25 6 ()

Tab.2 Performance of RNNLM with class layer and training time

K2 RNN RNN+KN4  JIZH{ A A /s
40 122.5 94. 4 33 min 5 s 1.264
80 123.3 94. 8 28 min 19 s 1. 404
120 123.1 93.8 35 min 21 s 1. 756
160 121.3 93.9 27 min 21 s 1.513
200 122.5 93.8 47 min 27 s 1.591
240 120.5 93.4 44 min 26 s 1.638
280 120. 4 93.3 44 min 11 s 1.778
320 121.7 93.8 34 min 46 s 1. 888
800 119.0 91.9 64 min 6 s 3.182

FULL 116.0 91.4 172 min 12 s 4.415

ST 2 B L R AR 2 S L B AT RININ B i I 45 7 32 B A R AD L 33558 3 h AR i
B 2A S PR N 1 AR KRR . i XF Eb CRNNLM A4 I Zkbist (8] 7T UL 32 L 53 28 02 B 51, 4R
B4 I 2 T K e i 2 S A TS B 20 00 22 A o A6 TR 4 1 Y 0 31 s i) [R) R o A T o (H PR AR B R
B KRR A AR S M AR K, [R) ERE EA R AE AE E  TREKRE B A S )2 A AR IR K Y
6 %6 /NI JE f T L O R R OB R MR R B KR R R . DL 28 5 % B8 A AR R I SR AT LA gk 0 2 0 25
J2 R R 2 1 B
3.3.2 #H4EFRMNALERANLER

T L8 5 B LR R G0 b, i) A A 8 M\ — UK 1 11 45 S P 2B ) Lattice, 1] Fi] Lattice-to-nbest
T EERH N-best 51 3%, -2k FIGE A #4845 R A A-gram LAY X} N-best 51 47 H 143 . 15 Bl e &
PRI 25 L o HL PP i B A 8 I 2 0 SRR R )2 B & T A Bk 200, 2800 2 Sk 100, 3R I BPTT 553k
AR5 WL LA RN 3 PR

N 3 AT LB S AE R AE RS R 51 A-gram B U0 A R AL R R A R AR O AS B B 0 RGP RE G 1R
TFHARR . i RNN S50 5551 A RNNLM, R4 19 i) 4 8 N 16. 31 0 BEARE] 15, 5100, PR
W . X R LT 4-gram R AL 08 200028 9 405 T B R GHIE T B0 4 00 6 34 BE ) T O, B T 4
RIRSRLPERE 0 RGEMERE MR THL B K, Bl AZRAAB R AR 4 J5 1 A R A i — 2B 1 T R R A
SR AT AR AT DA 3RE G R0 3 K0 0N 2 B0 A VG s B ASE TR 1 A 4 W o DA 2 5 AR 0 A TR IE A R

% 3 RNN #&E N-best BT 5 3 R S M fE 2200

Tab.3 N-best rescoring performance using RNNLM %
PR T R AR P AR
LR R G ( 3-gram) 16. 45
4-gram H T4 16. 31 0. 85
RNNLM F1 4-gram & §T 43 15.51 5.71
RNNLM, 4-gram F1 25 {745 %1 8 4T 43 15. 49 5.84

4 HRIE

AR SCHRE Y — ol 00 B A 2 ) 4% 0 BB N-best T 0835, 85 & 1 5 By nogram BERL 046 3R
M 45T BT 0 S I 51 A AR X 00k BEAT DAL 6 08 A T B A R AR A T RO R L A
B e e PR A5 2R o AR BGRB9S 9 2 W AR SCT5 1 RE A6 AR Y 0 IR RRURE L O A R v i
FOH RS IER R . R by TR S AR P AEAE N-best ST 20 (9 542915 AR T AR S 1 2L
RGN B TRk . 78T — 28 AR HoRE I 58 e 4 e Sk 280 L LA AR S I P R A Y AR
GLH i B
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