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Nonnegative Matrix Factorization Based Deep Low-Dimensional Feature Extraction Ap-
proach for Speech Recognition

Qin Chuxiong, Zhang Lianhai
(Institute of Information System Engineering, PLLA Information Engineering University, Zhengzhou, 450001, China)

Abstract: As a type of deep neural network (DNN) based low-dimensional feature, bottleneck feature
(BNF) has achieved great success in continuous speech recognition. However, the existing of bottleneck
layer reduces the frame accuracy of output layer when training a bottleneck deep neural network (BN-
DNN), which in return has a bad impact on the performance of bottleneck feature. To solve this prob-
lem, a nonnegative matrix factorization based low-dimensional feature extraction approach using DNN
without bottleneck layer is proposed in this paper. Specifically, semi-nonnegative matrix factorization and
convex-nonnegative matrix factorization algorithms are applied to hidden-layer weights matrix to obtain a
basis matrix as the new feature-layer weights matrix, and a new type of feature is extracted by forward
passing input data without setting a bias vector in the new feature-layer. Experiments show that the fea-
ture has a relatively stable pattern around different tasks and network structures. For corpus with enough
training data, the proposed features have almost the same recognition performance with conventional bot-
tleneck feature. Under low-resource environment, the recognition accuracy of the new feature-tandem
system outperforms both DNN hybrid system and bottleneck-tandem system obviously.

Key words: continuous speech recognition; deep neural network; semi-nonnegative matrix factorization;

convex-nonnegative matrix factorization; low-dimensional features
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TEAE 58 1 % 2215 35 3R 9] (Continuous speech recognition, CSR) 1, F] ] i Wi 1R & 4% I ( Gaussian mix-
ture models, GMM) il j& & /R B} Fe L B ( Hidden Markov models, HMM) #f 17 75 2% g A 2 Y fi 18 5% 2 91
U IR R 2 MO o Ok U AR B B R R R BN DL SR R R AP A B IR
) HORK CHUR R IR B & M 2% (Deep neural network, DNN) 52 3| 7 )32 1y & 14, HF HAE1E & K 51
U IAT T E KRR,

DNN FE 5 & P iy g I R Bar w26 . — 82 AT DNN #4735 & 19 75 2% g 40, B4 1] DNN
B A GMM i3 HMM AR 2 & S0 3 b U3 R 08 T2 58 GMM-HMM £ 4 ) DNN-HMM R & &
Gi s Oy — 2R I 2 DNN SR 42 U5 3 o 58 O il 42 9 5 )2 R AE S 40 URE AE (Bottleneck features,
BNF) ' 3 J R AE AL AL HL AT 40 A1 P B 5 F A 45 R a0 i T 3 B8 4R AF TiE 45 1% 48 1) GMM-HMM. 2 45
A RAECAS A 35 DNN-HMM ({850 5 5 2 A — Se 5 3l R s =2 .

TR 4R FR AR B ) 75 2 A5, DR O 3 - DININ B2 BUREAIE 1) 56 B 2 R 78 F % B 2 )2 B Hh AR AIE 1Y) B
Y. L GE Dy 2 58 i 13 8 3T (Bottleneck , BN 22 52 B4 1) 45 ] B 4k . Yu S0 82 8 i /E DNN
TS E A BRI B R R SR I BNF, I H & B Y 4 1 =& 7 48 RS VE I 25 B bn i 1% 05 1
B4 By BNF /] DUAT 242 T B 8 i & 300 (Automatic speech recognition, ASR) B R 2 . {H 2 A 4
SCHRC4 513 5 Wk B K I ) E T DNN H BN 2 9 77 76 23 38 KAt )2 i o 85 i % . &1 X i ) 7L
Gehring % 42 i F DNN I 2 5% 25 45 1 J7 2058 BB 2k 57 42 B BNF; Yan 557 42 i H 32 53 40 Hr
(Principal component analysis, PCA) %} DNN ) & J5 — 1~ B2 & 2 0 5 B 55 1E 5 17 B 48 45 )58 Fr 1iE
Zhang 25§ b {8 BTG Bk 26 [ 43 % ( Low-rank matrix factorization) [ 75 35 %7 DNN 43 i A5 {8 %5 98 42 B
BNF #EA7 @5 . 52 30 ik W 5k 26 7 5 #1453 31 1 [5]) DNN-HMM F 48 A T (1935 51 5%

A SR — 3 T AE 04 [ 43 f# (Non-negative matrix factorization, NMF) iy [ 4k 777, NMF 2
1 Lee Fl Seung 7£ 1999 4F"" $1 H 1y — Fh i 142 40 fff Jy 125, (08 FH 920 00 12 0 R Ak 3L T DA 2 2] ) — AR 4
MR FAE . Ding 2 5T AN 3E T NMF Ji 3 H 36 F 40 & 1F 70 R BRI o i 5 ik — Kk
750 [ 43 f#t (Semi-nonnegative matrix factorization, SNMF) Fl1 /Y JE 1 46 B4 43 f# ( Convex-nonnegative ma-
trix factorization, CNMF) , JtF NMF [ 5 %0 B0 H oA AR G5 1) i B v o A8 R R &R (5 940 2 55 O 1
BAWBI R . 7218 & 15 5 40 B2 77 1 . NMF 7615 & 3 5 Rk & LW 7 A & 88 Z N,
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AR S5 AR LA ) 108 R 030 1 BB 5 10 e A1 5% 90 11 R 5 0k AT S 6 I S A I R A AR i AR N 1 1
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text-dependent deep neural network hidden Markov model, CD-DNN-HMMD) " HZE ¥ n & 1(a) i 7~ o
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(a) Structural sketch of CD-DNN-HMM (b) BNF extraction based on DNN
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Fig.1 Two main applications of DNN in speech recognition

£ 1T 30 5E (Context-dependent, CD)Z5#4 1) DNN . B e @7 2 HUE I 25 =& 7 GMM F 8, 4%
Jei R U5 i X5 5 1 7 35 2 DNN IR 808k 10 888 1 b 2 o 66 75 B A1) 45 WA =7 o ik 5 3 52 19 28 0 s 45
fr S B R o X T Softmax i th )2 VRZS s FG MR P (slo) N

oW Fb)

2; ei,w; +b)

SF DNN B 2 i FH 15 2% 52 1 15 3% 2 1 (Back propagation., BP)™ Il 4k 5 i DNN 2 83 A J5 %8 &% 1
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R B o S AL il o — > 2 EB R AR TOC R AL RE F R G LR

X ~ FG" (1D

KX Ry nXom WHFEF R0 Xk (EHE .G R kX om 1Y BB .

T AR EX R 7 2 A BB min || X—FG || Hp [|A—B |7 =>)(A, —B)"  1IF
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AR F ATERNESESBOETREREFIERIRG & 925

CNME §591f 48 B 7 i, — R HEF K-means %573k, R4 F C A NMF fit 8 SNMF ff
FH0) e W AR D7 125 AR SCE T K-means J5 ik o B 50 155 20 i AL B XA — 0 K-means 28 754 1) 55 g B2 4R
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9 DNN B35 J2 AU R M BAT WSSO AS 58 70 09 45 1o R I 12 1 I 00 5 i 4 ) 2k 1P 72 48 RUOR AR A FR
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Fig. 2 SNMF/CNMF based low-dimensional feature extraction approach

KUK E—RRE& 23S o B A SR 2 W & AR i i,

SNMF FI CNMF B35 % & 4 1E 5T R B AR BE BEAT 43 g A8 48 o] DLAS 21 50 07 i 800 g e vk . e
TEBVEVERE & TR 1 58 48 Bl SNMF Fe i J] CNMF f4 J7 v: 45 21 i 608G 13 8 i — 26 Lk CNMF
Al LLAS 3 b SNME 8 i 14 % 5 i J5 » CNMEF [ Fb SNMF ()1 BG B I IEsS i, gE— 2B b TS,
f£ CNMF o1, 3% H O B 5 BE (R PR R AE 2. 1 P W SRR X T 5 BUE R I X 43 L H 328D )
HW=WH.Htx (185N

F =H'W'U 19

A BEF CNME 1 J5 35 A0 Y F X AU R MR T — 90 I 28 1 A8 4 . ek SNME [ 7 ik 77 &
AL R o 4k 1 S5 B 25K U R B 90 B b 02 3 F K-means J ST AR 2 B ML BT 46 16 . X it CNMEF %
YR AR BN B AR E R .

3 LIGES

3.1 XIiEH

S I ZRB50H0 78 A2 1 18 RE A I 2R B0 AN A2 A AR % 535t 79 b o ) A S8 3, 43 O3t DN AR SC T 4
HRFAETE IR RS T B R I PERE R B . — & RM 35 B, RM iR 2t 56 [ [ B & R F 5 9 H s
(Defense advanced research projects agency, DARPA) 22 sk W & 72 il i %5 o BB 80 10 215 18 BHE 18 B & it
BOF RAEFN OB T LTI T B AP AL & 2205 & 10 R 48 . RM 5 BHEE I 25 0 RH 8y 78 2 1Y 1
., —J& Vystadial 2013 Czech data(Vystadial cz) , B 42 I W HE 7815 15 BHE , &3 15 ho SR T 3
KB PE . Call Friend H135 IR 55 0915 3% B0 48 . Repeat After Me B 15 3 5045 fil Public Transport Info i M 1E
X ZR S8 0 RO . SEIR B ALE B Vystadial _cz 35 8FE 2 1 h(1. 06 b B Il 2518 5 SO0 2 801 25
£, DLBE DL 9% 9 19 45 5 T BB B Th 2 30 min 4 I 3 38 o B VR Sy 0 4R L U 4R D 666 1)
WL 3L 3 910 ANFEPUNRE 5 6 Vystadial_cz 158 4 38 I 2R 18R A5 TE SCAS U 2R 08 & IR0 R G2 —
JCIE H AR,
3.2 XWIREIFEMNER

5290 T Kaldi T FL ™ ST BB e G272 0 6 2 75 B 5 B0 9 7
I 255 45 5 4 JH PDNN T 243" 3 F GPU(Quadro 600) #EA7 41 3¢ ) DNN 35 £ 5 Y1l 25 s {1 )
PYMF T H 45" 528 SNMF Fil CNMF 2573 fif 5 1

ST BT 5 b 2R FH 3% SE1E 5 R ) P Y TRl AR R (Word error rate, WER) L B8 N BBl A T AR i 3¢
A i) (A AR AR 3R] B B W A B 3 2 S ON TR AR XS FOSE T A0 4 ACTA) I IR R A AR
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3.3 E&%R4%g

HHEX T RM 5, 3T 13 4 MEFCC $:1F . I 25 — 4> 3% T 244 ) 51 23 #r ( Linear discriminant a-
nalysis, LDA) (9 i1, LDA &3] 40 48) | 5% KL SR £k P 28 6 (Maximum likelihood linear transform,
MLLT) fid & A B & )l 2k (Speaker adaption training, SAT) H & iR e 9 000 () =& F GMM &=
SEAERY AR PRI AR R 40 4E 1Y KR E 25 18] i KRR £8P 8] ) (feature-space Maximum likelihood linear
regression, IMLLR) F¢4iE » P38 2F AT 5 5 WA DF 4215 2] DNN A % A FRAE , 53X FE — 2k DNN 1 i A JZE 15 55
Bl 440 A ZIEME AL 1 senones 51 i X 55 1% 2 DNN Y 88 ¥ A5 7 5250 o DNN [ Softmax
BRI 1487 AR, T RMOGE R CE P AR L L R G . 5 — 2k T CD-DNN-HMM
B IR B 2 S5 DNN 2589355 8 “440-1 024-1 024-1 024-1 024-1 024-1 024-1 4877 ;45 — A~ J& % F BNF
Y25 14 F- 25 1] &5 Wi IR 4 #5578 (Subspace Gaussian mixture models, SGMM) (iR 3 & % . 4 £ KLk 3%
B, BN-DNN 4 & H“440-1 024-1 024-1 024-1 024-40-1 024-1 4877} BNF [ PERE 1 . % R G5 5 A f Y
AT LDACO Wi Pf 825 B 2 40 48 MLLT H Bk o8 9 000 1 = & F GMM, 2 i i il XF 5% )5
Y %k = WeiR oo B0k 400 1Y 1 5 #55 8 (Universal background model, UBMD , 8X J& Il 2k T 4R S BN
9 500/ SGMM,

Xf T Vystadial_cz BTG PR RE, IR B 26 LT RM U R G, 1565 T 13 48 MEFCC $31E
W2k —A 2 F LDAO WiPFz . B % 40 48) ,MLLT Ml SAT H @ ¥R o 8h 22 000 §) =& F GMM., [d]
FEBL T ISR I 40 4E 1Y IMLLR FRAE O AT 11 WPk 4 . 44 DNN #9%i A . Vystadial _cz () 52k
Z Y [F K CD-DNN-HMM F1 BNF-SGMM, %t F CD-DNN-HMM. DNN 4 4% ¥4 % & Jy “440-1 024-
1 024-1 024-1 024-1 024-915”;%F F BNF-SGMM ZR 4t , [A] £ £ 52 56 56 i DNN % 8 fy“440-1 024-1 024~
1 024-40-1 024-915” i B4 . 2R 5 $2 U BNF Yl 2k 2 F LDA 9 WigFE )5 % £ 40 48) ,MLLT H &R oc
ok 22 000 B =¥ F GMM. 285 58 36l xF 5% )5 . U 25 3 0T TR T 80 400 (9 UBM, IR Il 25 7 AR S 80k
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Jii DNN Il 25 2 80 a8 AR TR] . 1508 2 > 800 B (B R 0. 08, 4 >4 AH <08 15 48 Il 25 1) 300 JiE 12 22
ANTF 0.2 V0 I oK 2 > ol 8 U — 2 24 R U TS AR A0 T 1 56 E 1R 22 TR /N T 0.2 Y0 I 2R Ak Chn
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FET AL R G DNN AR, X DNN B AUE AR B fik CNMEF FI SNMF, AR 655 2 95 b g 5503l ad
50 %& K-means Iy % CNMF R 4790 464k« 38 ik Bl AL (R 19 77 vk % SNMEF #4700 s Ak . P A 7 ik
FBAVE 500 Yk AR ZR T SE B 43 o BRI AR AR R AE 77 10 38 4R S LDF (Low-dimensional feature) ,
D)2 55 e i) W RREAE 43352 2 CNMEF-LDF #1 SNMF-LDF,

it B AR AE I 2% SGMM. 7 22 BRI fige i, Holl S 72 . S 80 8 S REL R G M . X T4 g
FEARUL B0 DNN B — 2 347 43 fif 40 il 4E 5 22 /0 L 3 A 8 5 DR3240 2 52 ) Jile 12 BURE AIE 1) 1 6
W LAREZE S8 2 A RS2 Z R BB HE FE T A8 R85 12 %0 T RM 5k DNN i 5 . 45
6 A~ Be & 2 5 R () 1 BC(E 6 I B TE 6 B R 26 6 )2 3% 6 AR 0 i A s X T Vystadial _ez i BHEY
DNN ifif & . 35 5 AN FRe o0 i i 608 o 1 T80 J2 00 % AR AR B 2 00 T 80K 2 IR AIE o PR AR 52 30 5 X )5 3
AT AL B AT B 5 BE AT AR IR 4 06, S50 T AR X A SR 4R SR 30,35,40,45,50 M BLiEAT AT .
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