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T NMF [FIFE L Y 1E & B 514a

ERY K€w F9X

(fF B LR REME B R G LB N . 450001)

W OE. R —AK T3 7 464 5 # (Nonnegative matrix factorization, NMF) j& B 4F 4 45 4L = 14 JE 4
B 3 & af ] #LE (Segmental dynamic time warping, SDTW) # % 49 £ WB &5 Z A6 40 5%k, &%
kG S B IR A& T (Frequency domain linear prediction, FDLP) & = 45 4 £ H X 2 # /R 37 2 13
7% 2 4 (Mel-frequency cepstral coefficients, MFCCs) 9| % 2 #f % 4 # & ( Gaussian mixture model,
GMMD A, 4 & 4% 1 NMF 35k 2t & A7 5 3o #F A2 46 M 3 4T 5 A, W5 49 3 09 SR 48 e 4E b T 50 0] 5 e 46 4
NRIEEBHIERY BYTAREBEFIZS T, FREBELE, B RTHR LM £ 4404 0 7
ST RAE B AT AT, A FRBAFAE SDTW k69 L-best S b 54, B BER AN, R Mm
¥k B WL T %S kAR B MFCCs o FDLP 2469 A X 2 o M e 2T 2 . 8 k4 E 5 5 4
*F3RAT 18.6 %4 18. 1%,
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Posteriorgram Features Optimization for Query-by-Example Spoken Term Detection
Based on NMF

Cao Jiankai, Zhang Lianhai, Li Bohao
(Institute of Information Systems Engineering, Information Engineering University, Zhengzhou, 450001, China)

Abstract: This paper presents the study of posteriorgram features optimization based on nonnegative ma-
trix factorization (NMF) algorithm and modified segmental dynamic time warping (SDTW) detection for
unsupervised query-by-example spoken term detection. First, a Gaussian mixture model (GMM) is
trained with frequency domain linear prediction (FDLP) acoustics feature parameters instead of Mel-fre-
quency cepstral coefficients (MFCCs). Then the NMF algorithm is applied to the generated Gaussian
posteriorgram matrix, and the derived base matrix is used as a subspace transform matrix for projection
of raw feature. The projection can highlight the primary component of features and smooth the distance
matrix. In the detecting phase, the best matching score is modified by using multi adjacent output
scores, instead of the 1-best output score for normal SDTW. Experimental results show that without af-
fecting detection time, the proposed method consistently outperforms the baseline systems with MFCCs
and FDLP features with the detection precision improved by 18. 6% and 18. 1% respectively.

Key words: unsupervised; query-by-example spoken term detection; posterior feature; nonnegative ma-

trix factorization (NMF) optimization; modified segmental dynamic time warping (SDTW)
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51 El

A AR ] 6 (Query-by-example spoken term detection, QbE-STD) £ 4t A M il & U A 3l
SE L M A T T A L . 5 AL GO T R eI B i 221 ¥ U (Large vocabulary continuous
speech recognition, LVCSR) 5| Z& i) 45 Wi B 11 W& ) 2 4t (Spoken term detection, STD) R4 A [A] . 4E
Ry —Fh T W B R G A AR R P AN R B RN D AN T AR A bR R (R B R A
THEHMA (Out of vocabulary, OOV) B[], i . QbE-STD AR & MU IR HE I8 L% 5% I8 U 1 — 4> 0F
GO IF ELTIZ 0 T SR A AR L I SORY A AR DA R T AR S R

HAjJC W QbE-STD &R 48 2 Z A4 Wi Fp 5 i« (1) 3 F AR VC B iy 0y ik, 28t — 4 51k
F&5 (Tokenizer) ¥ 2 TR (] R 218 49 55 46k J 56 R AF 28 J5 SR FH 3 25 i 18] B %% (Dynamic time war-
ping, DTW) R4S I VC I DX I, (2) BE L8 Y J5 v » 32 Rk IR X0 IR Ly 4 A 0 At 7
SR UM AR A 18 A U 9 RS AT T A S G R R A AE R R e AR AE
K W B Ia 5, PR RS R 2G5 J5 3t T P R I B =X 5 32 BT N L U5 R385 i) Bk 2 A M 4
TR MR R R, 5ARE RGN, YETE KB QPE-STD RG M R REIL A ER K2 .

T4 = B TR UL BC 1Y QDE-STD R Ge i FKG 2 /9 5 05 n) A = (1) FRAE 2 1m0, 3 95 00 2 & 5 1
FREAIE 5 (2) K )2 1 BT /8 380KG HE 48 R RE .

G 297 T+ 5 56 K- 25 00 5 2 KO (Gaussian mixture model GMIVD J 4 4% 51 5 (6
Z % (Mel-frequency cepstral coefficients, MFCCs) f Jy i A4FAE 977, B8 35 FF 05 B & B
2=, NP, SCHERC 1035 S 4 38 2k E 7 ] ( Frequency domain linear prediction, FDLP) % 4iF , % 4 fiF GE 9% X
T AR IR L DRI RE A8 AR A Y I sl 2 L AT LR R RS S K (n MFCCs) T T
IR AR, SCERL1T SRR 7 3% T FDLP A5 31 (9 & 07 5 56 R AE 14 e 280 T 5 T MFCC Al i1 1y & 0
JE B ARAE o R S 36 R AR Ok i R R — WUEE B T A BT Y S IR AR T R B AR R L i TR
Z A AR P AR BT RO 1 TG S S X 7 2 B T BT A RS A 2 R DX A R 2 BRI A S AR AR
T I 96 AR R AR AR 2 A AE — B B TUAR AR B AN UETE A 15077 PR B8 s 23 X )5 B0 A 3 R Ak 7 A T4 PR Ut
A W EX 5 B R AR AT O A R 4R R B R . XStk T AR A% B JE 43 43 BT (Principal compo-
nent analysis, PCA) B35 X J5 50 R ARV #F — 20 A 3 K675 30 BT RRIEJH TR ZE R %L 85 R R 5
K R A A3 —E W 2T .

FERS 2R )2 07 S SCHRES 1T 4 1 43 B DTW (Segmental DTW, SDTW) 553 3 3 — /N8 2l % BR i o)
VIS R4 B ARG 28 BF (8], R 24 il 2 A AR VE B B9 QbE-STD RS W) E IR RAE L. RIMIEE E— 1
FE (Bl 82 < B Bl 0 A T B 43 80 I 35 ) v 8 A 328 X B, 3 BOUC LA 3 R RE A B A R Bt . 2T SDTW
A A5 B A0 1-best, X T 3% S5 1 B A H A7 A8 B9 UT C - B, U HORE 48 5 B 5 R
A AR HH 8 S BTG 0 A O LA O3 I 2% BE A 5 i 1 B e T bR R W R B B R A
U ¢ 5~ B 1 AR AR - B A 43 » AT LRk SRR B

BEXSBE T RLAR VL BC 1 QDE-STD R S8  ZOK B2 AT Y 1] 8, AR S I s 45 A 1 s A6z 2R P 4> O g gk
A7 5 Rk e AE 2 {8 IS 6 A8 58 e AR 0 A7 R 91 A 9 2 L S A Al B L A SCHR O P R OB B A
(Nonnegative matrix factorization, NMF) 8 X J5 0 FRAE 6 5 i0F 17 43 ik o A% 20 09 B850 B A O 28 W) A
BRI ARG R R IR S S R AE B A BT R AE R TR R . BT SDTW KRt 45 R 1-
best, 7K 2R 2 A SCHE H 240 40 4 8 198 1IE SDTW 53k 3l o Xof 46 45 i 15 43 47 AL, o o035 55 ol %
3 B B X3 BB
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Fig. 1 QbE-STD system framework based on GMM tokenizer

1.1 FDLP $54E$RE

f£ 45 5 T 4 18] {4 HL 735 46 (Short time Fourier transform, STFT) 45 AF (41 MFCCs) J& X 4 i it Ok
2y 20 ms) FEATAMHT 108 A S B N AE B A T A 200 ms FE R E R R I BRSO Cln i R
KRZ 70~80 ms) . SCHRLT10 82 FE A IS Fr B (1 s S 2 0RO o 2 i & 15 5 1) 20 iU T 73 . 18
B — R AM-FM BB PR AT 8 ) 20 M A5 B 5l e 2% L AR5 R B R 2 AT R S 7 O 0RS T
4 9% A5 (Discrete cosine transform, DCT) , 15 3] FDLP 434F . 3+ H T & FhiE 3 o FH b (s 1 90 i 3%
ANBUNEE) . FDLP RRAE 42 ICHE SR 40 151 2 B s

T4 L orr Ll 7 Lol opr Lo] AR |i.| fEnt | [T | EDLPASE
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Fig. 2 FDLP feature extracting framework
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SA 152, =B i= 1, K BRI SO Ko p FX 53 500 D 55 0 A i 307 40 1 B8 6 1) 2 00
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AT LLA s T A A B0 AR RO B 5 R R S A R T DR U R A AR AT R TR I P S B Y
ARG . NME R R i 56 4 A0 P R AT 20 A+ FT LA AN [ ) 4k P % o — J o AL 4 A O o
AR SR S AR B o R% 8 B3 5 B — € M Gtk OF BB A 2 Jai o 0 AE 20 ik i it vh BEAT 2% 08 3
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X T R M T A 4 o S R P R A s T A 0 R B D R e ) A — A RO T L A e
P 1) T A 900 [ 5 M SR ) U 3R ) 4 2R B0 Sy A0 A B R b ) 5 B T A A R L U

2 =W X (9
A :Z., WBOY R MR M X B E =, RIS 5 AR AE % i 4R B R R A A2 . 5T 2 2% & 3
GMM 5 R i — i 457 43 e B — b A 2 B 00 (I 200 0 T — 1 & WA 5 36 R AIE 2% L 3201 1 )2
EMWUE T 25 A 75 7 BT BB A o R Y — R RS UR T A 4E B I AC SR B R S BT RO R
DR IH i 6 A 2R LA I 9 ) B S BURE R I R AIE R RV A R R R EARAR R AR . R
718 38 2 2 WU T3k > 4 BE B AR 9 7 A BT R R EE o 0 SR A AR AR R AT R 2 s e ) P

TERBE LA x,00 278 20 WA B R 8 — WS 360 R0 AR 2R 4 s e 28 I ARCHT ) H 119 — MR il 2K i e % R B
A N A 25 5t 22 [A) 9 8 00 8 U0 A B 0 s 38 A Ok i 22 TR B S o A

doe = —log(xp YD (1o
T LS W 6 5 B R R RS U 2 () AT A S I PN R AR R R 2 A I EE B ]
Ay = —log((W . x . )Wy, =—log(xpa VoY) (1)

A :an”:an,-WIx,-alg 3 I%%EM; V,,x,;ﬁgzg&ﬁ—\‘%[g aﬁUﬁ'ﬁHE%*ﬁ‘%@ﬁﬁl?ﬁﬁi(Eﬂl@%Tﬁﬁléﬂ%,
HMHEREITTRILTFEAE) . B, X AD LR

d ey = IOg(Evmxin,.l) (12)
i=1

KAV RV PR A ATTER x0Ty N X0 B y,0 HE N IER . A 1<<i<<50, ¥4
VoS TEHE RV PR iR/AMES 298, D BORT KIS 58 o d g <<d.. X — 4598 AT LAY J8 BT B R 1 P o
ALK P BRIE A .

[E]F A& 3 0T DU AR R Vo % M R0 FAN B Z (8] I AR SE . W2RRE Vo X 20T R B AEAL

FEFE TR

0o 10 |

B3 MRV 4R E R
Fig.3 Three-dimensional diagram of Matrix V
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WUAE J5 55 R AIE R St 5 A A JBE AE  FRUBE 0 B 2 e i LG DG R Ll RS R S 56 M R AR AR Y Ay
it FEARIUA 38 BN 5 B0 R AR 2% i L MR AR AR H Y .

DL TIMIT %4 461, % Bt Popular” /8 S 28 1 RE 4], TEST w1 {4 “ MDBB0_SI565. WAV 3244 it 35
B AT #5195 SCA AL % “Popular”) , [ 4 38 T TIMIT 5 6} g o 25 180 8 451 “ Popular” F1 U 3 15 4]
“MDBB0_SI565. WAV "4 5% Hij 5 P 25 5 W 1 7228 A s B & H ] 4 () RORBE T I 4(b) R 5 &
4 v i il 2 R TR TR 5| GV R R AR BT R 51 . AT LA B S W TR Y fe /) B S 1 N
5FERNT — 5. BREFME I IS KAR . JCFR Z 1)1 22 590 Fl K5, 35 ]9 e B[ — 5,350, 1y H A5 il B g
FEME B TR 2 T0 95 KAE M T 3 22 [ i 2 B 8 X0 78 2l 28 FLRIAG: 38 T8 95 R (B B 78 119 IX J5 2% 3R
W7 b, B B kAL K IR R, M T LB 4D I TESE KA R WA T2, BUmi A8 22 i & — 26 (d
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Fig. 4 Distance matrix changing before and after projection
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WEOEAL . (308 Bt T i Y8 AR O ek F) 8 0 A A 1 T Ak L Dok 2 R I o T 95 R G 3R A o BiE , A B
TREART &R EEFILLE 3 A AT $ 2 DL B D R AIE O ik 22 8] A B g 0
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) A5 I ) L Y RS2 4R AN P 81 2 18] 0 de A0 5% L 7R TR 5 O b AT LA RO i 2 8 Y [R)
AL, YT DTW 509k R ORJE TR I QDE-STD REEH F ik R A k.

1.4.1 B DTW #& %
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CLURSAE R 3817 51 3 700 Z 181 (19 24> JR 3R 5% - e R ks il A il ol — AR sh s Rl 70 o — R 907 1 BE. R
TEREAS Fr BOVL ) DTW K3 76 T A R BER AR O d5 D0 B A2 PP B de 8 45 28

SDTW fE 8 55 T AR

CL 3849 2 BR ) R . 38 4 DT JC IR 1 BREOR A I 22 0 45 IR IE R B 51 A R B B 23 31 O e
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WG ) O RLRE BRAR 35 R A AR AR DU 2 PR 2% R 2 SR
|G, —i)— G — i) | <R (13)

(2) 78 LB AN 28 f A bR AR o S [ 22— 2% 0 A 1) R s A B o IS 1 T B A A TR A
FRL] T A0 I A2 ¢ i A (10 9 T o 3 3 18 R 5 R o AN [ 1 R A A R R R AR LA
FERE Ry 2R+ 1 3% S0 X
1.4.2 45 SDTW 4 % 3%

PR SDTW 55325 (1) — B 2 - B 3l B A T B8 20 310 D0 a3 /g v i) i 328 X3 & BOUC B A% 7 A RE
NF e R, MHT SDTW 53k Jy By B 5K o B X — A~ 25 1 A 00 305 A X, U i — > FefE DL Bl A5
4o X T EET SDTW K5 3R A B S2 VT L F B 5 — Rl B (R B2 - HOAH 4B - B A3 & ¥ 43 A 0 4 4] v Y
FEAE BT I HACRE B A 5 dee 1 B B 1 0 g e 2D L X8 1 A 2R LA S UL BROR B . R 2 R A
VT C - B A AH 4B T Be AT 0+ 7T LG %A BB o (A8 1E U5 943 0 A LE 1-best 7570 88 B X3k

TEHC Popular” /2 A ) HE 7], TEST £& v (19 “ MDBB0_SI565. WAV AR AT ¥ . 38 2R 5 2% AR
fE SDTW, K 1R T H & FBM KR ER Hp ZA5E 7 BP9 R 5l A9 & 1 B L B4 43 (15 43 8
N ZRTR T BOEE BE DD

HEIAUFEE,E 61 NFERN F1 ZigHF “Popular” 5 flik iE 41 “MDBB0_SIS65. WAV” & F B

S g LT = TS N S N TR 1 R DTW % E& &

FrER R EES W /N, I HBE Tab.1 Segments distortion scores of DTW between query “popular”

EME R B A, Y and sentence “MDBB0_SI565. WAV”

i SDTW £ 2 i 1 25 5k 1-best, Bl 2L BOK e FLIR S

i o B DR G T B AR ) A0 R BB 59 157. 09

BT B AR AR T B At 4, ] 60 —320. 32

Afd DG e 75 43 97 H X 4 PE L B I R 61 —1415.01

B, AR SOR R — A A ] I KT 62 —397.79

AL i R AR UG B T B A 4 DA R A2 63 —105. 31

HPNS KA B+ BA 0 Rk 64 193. 64

B KR 20 2K+ 1 AR5 ik i MORSCIRCE MAE A 3) MR AR 40 AT IR 31 55 2445 53, B
F=0—wFp. + ol —w)F.+o F (14)

K o AN RAEAE 0 2 0.5 ZJE]) » Foo A e A VE BE 1 BEAF 00 Fro B FLS 2390 9 AHAB I 55 2 A1
55 3 B AEDCIE 1 BUAR 20 o F O i A i) R (51 00 1T R R B B A

2 XWERRSH

2.1 LHRE

ASCRH TIMIT o 2647 QDE-STD 5248 . B 341 6 300 i) . 73y TRAIN HI TEST P44
o AR EFE TRAIN w3 296 AN EAJME N UIZREE b £% TEST 1 344 iy £ O i i 4R (26 R R
&S T ULTE NSEE 19 SAT FI SA2 HEgIE D . 4RI MFCCs FIl FDLPs $#E 2 404k B2 35 2 39 4, fr i)l
Z5i) GMM BRI 405 50 Al i A5 S A0 e I R 58 U W i 50 2w 5 SRR AR e i . A4 v
I 10 AN BRI A Sy A AR N3 2 B s (65 A ECT DA 2 100 R 91 A 00 SR vp 52 Bt B TREO

F2 TEALULE
Tab.2 Query examples list

help(10) shoe(9) contain(9) popular(15) abruptly (7)

diseases(7) breakdown(7) shampooed(7) paramagnetic(1) organization(7)
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2.2 EMERE
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A A R 7 YR58 JE (Average precision, AP) SRR, F- 25 K6 28 I 8] 1€ S 4 10 FF 1) 5¢ iR 28 BT -1
147 70 FE B B ) CI 58 11 30 25 DG C B[] AN B 456 45 U 31 2 FRRR AR R £ 0 A 9 B DD
2.3 ZGMHEEILLER
2.3.1 FDLP #= MFCCs #& | P+ 5 24 bt

ST E G EL B T i B R R SR 4R AE 2 8 FDLP Al MFCCs FrF Il 218 8 1) QbE-STD R Gt fE. & 5
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ARG EFRHXER,

1.0

—— MFCC
0.9 —=—FDLP
0.8}
07}

06 M\B\E—s\
05F f )

% \‘\ <
= 04}

03

02F

0.1

=34 5 6 7 3

R
(a) MAPvs R (b)AT vs R

5 3F FDLPs fil MFCCs ) GMM 4551k #5 46 2% P e X L
Fig.5 Detection performance of GMM tokenizer based on FDLPs and MFCCs respectively
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Tab.3 Performance comparison for different optimization algorithms
Bk 7 MAP I (a] /s
. MFCC+PCA 0. 435 47.12
MECCC0. 397 MFCC+NMF 0.429 45.74
. FDLP+PCA 0.553 46.62
FDLP(0.518) FDLP+NMF 0.574 47,43
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FAMEIE SDTW 5135 9 K 38 BE ARt SDTW 553% 4 Fig. 6 Influence of weight factor of modified SDTW
H—a T He SR 4 N BB WY R F R on various systems
Iy AR TE 9.1%6.,9.8%,2. 7Y Hl 6. 6%, X Lu 5L
IR 45 WIS UE T /548, B Z2 AH 40 45 75 43 #H EE 1-best 18 0 S B X /0 . B T 1IE RS SDTW B3k A L A7 i
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Tab.4 Performance comparison for SDTW and modified SDTW algorithm
SDTW &I SDTW
S
MAP t/s MAP t/s

MFCC 0.397 46.10  0.433(w=0.25) 46.40
MFCC+NMF 0.429 45.74  0.471(w=0.3)  46.23
FDLP 0.518 46.09  0.532(w=0.25) 46.18
FDLP+NMF 0.574 47.43  0.612(w=0.35) 47.64

3 H£RIE

A SC IR A RS 28 79 1 2 TG Xk B TR AR DT TC ) JE B QBE-STD RGEHEAT 1kt Hob i
P “Z 45 AE 2 B (FDLP Al MECCs) BTl 25 ) GMM £§ 54k &5 P4 BE - 48 )5 $2 Hh 6 1 NMF 53038 0 w5 30 J
R AE DE AT AL L B 45 22 A 4B M B8 I SDTW B3k . S22 5% W, FDLP 454 2 50/ b MFCC
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