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Abstract The paper proposes an efficient generalized linear
discriminant sequence based SVM (GLDS-SVM) based mispro-
nunciation detection method. Firstly, in order to enhance the
ability of describing pronunciation characteristics, we introduce
an improved SVM feature normalization scheme based on state-
concatenated operation. Then, we propose a novel multi-model
strategy for model training to make full use of samples and solve
the problem of data unbalance caused by lack of the actual mis-
pronunciation corpus. Finally, we combine GLDS-SVM with
universal background models based GMM (GMM-UBM) to fur-
ther improve the performance. The fused system by these two
methods achieves 9.92 % and 16.35% in equal error rate (EER)
for simulation set and real set, respectively. Meanwhile, GLDS-
SVM processes a higher computation speed and smaller model
size than traditional radial basic function (RBF) kernel.
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assisted language learning, CALL) 4l EHE N %, HH
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% (Radial basic function, RBF) #%[1 3§ 1 AL (Support
vector machine, SVM) Zr KI8 AT RE WA, WH, SVM
HURE AL H ] 5 A RS B BN I 2, DR R S A e b, 2
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PIFHER X SVM By NP AR 48 (1 077 6. ek, SVM ]
DUH T3 23 8l i 3 S T00, 40 SCHR (3] #5349 20 T &4 0
SVM HHNRHE, X5 2 1R [ b 303 3T oS i i, IRAS
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HEAE V0TS AFHTE R YR R A e D R 1R ) S 1R X 23
%] (Generalized linear discriminant sequence, GLDS) #%75|
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Fig.1 Architecture of the whole detection system
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€; — S;

> logp(phnilz:) (1)
t=s;

(my _ _ P(xe|gmmi)P(phni)
vohe) = S sadgmm Pohny

b,y SHEREM R 5 55 B e 230 & R IR Uit A £ 11
Wi, gmmi A ER phng XV GMM #E8Y vV ARZETCE S
WS AE, plod|gmmy) AUEFIEMT 2, ST gmm,; 1% H AR
K P(phng) AR, ANA K BT & F 11 MR A
[F].

AT RINGE—A GMM B Sy T $2 St 591 2R
JE RV RURS 1 1 56 40 N 25 e 33 5 R0l 2 4R 56 Y 1) 18
FH3 5B (Universal background models, UBM), 4R J57£
UBM Al bR A DU 37 15 38 W A0 1 2049 30 45 5 25 Y
f) GMM B A UBM 28 ARG A TR 50 5 )
ek, 923 2% W1 LRI 2R R T A DR A SO GMM-
UBM {E 4 K SR TRk R 4.
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5 HMM 7] DLAL I AR AN R), SVM R g Ak 22 [4] &
KM i, SRR SVM B-T R 512 Wi o 200 K
(M%) ANERE & BN S — RE. B/ 2(a) 4
HE TSGR (2] HPA et SR AT IR R A A A T o) D R (B
“stress” T NHI), A SE R IR T MBS iR .

N T 7 FAIE S B IEAS B, ARSCET SVM X i
NFFAE I R S 8 B85 5 R AL SIN T AR AR Ab 2
T % R E I T WP 1 7% (Frame-averaged), B E $2
FEEE— WU REAEAE S SVM I I 5, 2R )50 & il SVM
g5 BT, Wil 2 (b) R B ROTE R IE TR
PEEEIN T & (State-concatenated), HIFIH HMM it — P
TEVE T BRSP4 5 AR AR L 1) S S8 R A 1) = dE AT
PHE, A5 2 B A RAE &, WK 2 (c) Fios.

TEEr I PP P R T R B AT 7 2 A I B ik o0 20
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SEIL T RFAE PR B AR, (RN 35 B 0 B R A T AR A A
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WL AR T HMM S5 85, JHR AR5 SVM 1
T BRI .
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Fig.2 SVM feature normalization scheme
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(R R (A2 F WAy ) 36 A< 1 FE o, Tt — A
SVM. Fin BT B S MR T T £ ). ASCER e it S0
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1

p(d) = T ey xd) (3)

Horpr, vy Sigmoid HHZEHIBENS 24k, thARER —0.5, Wi 3
FioR.
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Wk, HFT LR 5P 5 SVM J5 ik fE UG A
PRI Pl IR AT 25 3 )z T, GLDS K 7R 8 5%
JE AR (5 2 (A 7 B A B AR, AR SO R T
GLDS ¥k &4l g7k, B 4 fa 24y 7 GLDS-SVM
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Fig.4 Block diagram of GLD-SVM detection system
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Hoh, w* A ERXN N IR, 21,22, 2N,0, LRI
GRIIEREAR, ¥y, yo, - Yn,,, [CRIFEAR, IESFEAN
AR A0 <1 <07, BER X, TR /N R R vE
(Mean-squared error, MSE) " #Ji& GLDS # &%k, B

karps (@, y,) = p(z:) R 'p(y,) (6)
Hrh, R i (5) (9 w* M43 5], BLIF, GLDS % ik i nf
LAZIR l
9(@) =Y aitikaros (p;,p) +d (M
i=1
Horb ot S SCFE )OO E (1 Bk —1), Hi 2
S it =0, a; > 0. KRk (6) fAAR (7),

!

9) = O citiR 'p, +d)"p (8)

i=1

U, d = [d,0,---,0]". Hitk, B GLDS B A LIS

l
W=> ait;R 'p,+d )
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AT, GLDS 0] LUK T S8 [ S 46 0o — M i)
T, AR I A TR A R AR, [) Bt A 75 TR i kst R () ds
S AR AR ] .
2.4 GLDS-SVM W% &8 ah &) 4R R B8

SVM BRI 575 B 1E SR AR, ARG T R 5 B A4S T R
Yi, 7E SR AR A 3R A5 B R R A S ok e 2 e A, A
BEVNZRRE AR T I SVM N H R S Al i) = E 2 —.

A, AR SO 1 R R A R ST R EREA,
A FBR T 24702 2% LAAMA TG B 3 R IR AN i &
FIM TR, AL ) A R 553k, bl
VEAT 1925 25 B (10 SRR A B0 3 KT IEREASL, BARAF T
SVM Yk (AL RBF-SVM #ER ]  J7 vE I 2R354 ).

Pt A AN GLDS-SVM, #8355 25 5% N (1) 4 ke
KREEBHLEN > 2 A T4, FIHZAREAR TS RE 2
AL RIS T AX N 2 AR T GLDS-SVM
B4 HE A 0 T P AR A B, DR R A 0 5
2RI (14550 1R ST 35AE T AR R MAARE A 5 2 AN 11
PRI 1348, RTS8 0] LLR IR A

N
1 i
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Fig.5 Multi-model based training strategy

Al L, A RBF AL I 25, GLDS A%l i £ 4 7Y
RAr 1 S s mT LUK U R B AL 2 B T T4, T A TR
YIS P A5 28 5 1 0 3 87 B 1) S 38 Rl g X R ¢ (R AR Y
(GLDS-SVM B A TLTE R GLDS A% A 1T LA
BAG RRl G, X — e RBE B GIEIARI). ik, 21
Rl A 6 11 225 SR T L SE N 78 43 R U R B, 3 HLn b A
BN GEE (T GLDS Nk, 2447 /Nl 42 1) 5 1
AR T A K E A I ).

TiAh, TR SR — R A A, AT
RS T R BRI Bl ke o BB, DR _RIRAE SVML BRI 2Rt F2
o HEBR T M S E DA I A 2R A A e R SR A 1 ik
R Z % (ZIRT H LR R).

2.5 REmME

REMAIRE RN T Z2EREZ R AT
HAMEE RIS RGEPEREM 2, RN LR BT 2 ER
PE. BT ASCH GMM F1 SVM 5 VE7E R @b AU &
P EAMEFI 22 520 (GMM A= 2E RS T SVM. 2 SR )
RO HERE AR, [R]I JE TARAS PHERA L RUE ) SVM 1Y 5 T %
THE P AR R RE 1), [RIBE T 3 RS A2 1R B AR Y.

T ARG Rl & vk R B RS BN TT R SR EL
P, BT IR GEEAEA B, ASC HEATH W N gtk mG Ty
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score = wamm X scoreamm + wsvm X scoresym - (11)

Hp, scoreamm Ml scoresvm 4098 GMM-UBM F1 GLDS-
SVM K5 54355 (i) 58— 11133180, 1T wanm Ml wsvu
S N AR, ALY 0.5.
3 WO
3.1 BiEAESE

N T RIS e, LR I b [ 2 AR R TE T R
HEAT SRS, VER AR 1. IIGRAERI G SR A h (R AN 22 25 0y
FBAEE 100 ANEVEAD 100 ANEEA), 15 SaAR BN 22 4R
BT 290 A2 5 #1R R E IR R 1 5 R A AR, Xt
T EMAREE, BT SR SR B IR TR, HF %
e A AR AR T A ZR BT, R I A S I AR AR 1 O 5K
BEAT BRI L, LLAG B35 35 R A AS VS C 16 % 35 Bt (k3%
AR I ST T R IAS (R AT ). A 2 4o 2 308 3 S s i
R 0o I I 2R B L 48 g 5 2 VR T HL At 3R SR

Table 1 Speech corpus in the experiment

Hdn e EELEE LA A

&4 (Train-set) 100 200 300
Hi2ER4E (Simu-set) 28 50 78
FLIRE (Real-set) 10 10 20
PSSR 138 260 398

S0 TR I RAE AT N 16 KHz, K12k 16 bit, Wi Al
Wi 53324 25 ms 1 10 ms. AT 39 4ESE /R AR (5135 R
4 (Mel-frequency cepstrum coefficient, MFCC) Z4%. HT
SR S HMM B AT 120 /NP ECH 2. GMM. A
R R R AHC 16, %+ GLDS-SVM, 32 1 2 48 #e i
3 By, BEBLYIZRI IE SAOFEA LU I 7E 1:1 7245, SVM B
TUYNZ5AE ] Libsvm!®. #5452 % (False acceptance rate,
FAR) FIERIE4i3% (False rejection rate, FRR) # H ki
RGN VR I P R, R, A AR BRI R i 2 (Detect
error tradeoff, DET) FIZ45 1R % (Equal error rate, EER)
W JF Rt
3.2 AEHEIRMNERE L

Kl 6 734 th T 5 FJTVATE Simu-set Fl Real-set Wl
£ %) DET 4k, iz 2 71t TAHM ) EER. °] UL, A L
GMM 75k, SVM JiEAEAR R & Ef TR v gg. X T
RBF-SVM, J& AR RAAE AL 2177 5 W) AL T- 2tk
FEHZE, Mk T GLDS-SVM, = TRASHER T Fth i B4
TP 7%, [N, GMM 1 SVM [l £ o] L5 BT
EER.

*2 BRWITEK EER e (%)
Table 2 EER comparison for different methods (%)

Ji ik Simu-set Real-set
GMM-UBM (baseline) 14.32 23.40
RBF-SVM (linear-sampled, 7frames) 12.65 22.23
RBF-SVM (state-concatenated) 11.09 20.68
GLDS-SVM (frame-averaged) 13.05 22.31
GLDS-SVM (state-concatenated) 10.50 18.18
Fusion (1 + 5) 9.92 16.35

%

25

—©—GMM-UBM (baseline)
—+—RBF-SVM (linear-sampled,7 frames)
——RBF-SVM (state-concatenated)
—a—GLDS-SVM (frtame-averaged)
——GLDS-SVM (state-concatenated)
—p—Fusion (1+5)

20 Ry

HpR A

10F

5 " M $ Y
5 10 15 20 25
HRESZ R

(a) Simu-set
%
40 T T T T

—©—GMM-UBM (baseline)
—+—RBF-SVM (lincar-sampled, 7 frames)
-1 —6—RBF-SVM (state-concatenated)
GLDS-SVM (fra Vi d)
—*—GLDS-SVM (state-concatenated)
—p—Fusion (1+5)

PSR

—
wn

25 40
SRR %

(b) Real-set

6 FEMITVER DET A
Fig.6 DET for different methods

AR I3 RS TR DB R AE A 2 5 R
3%, {HJELE Real-set £ _LIRHE P BE ) AR BAK, FEARAR R A
16Tz KB T2 g N 2R 10 57 A 1 B S R R 5 3
P, A SCHE H AR RS 1 2R S AN O — B AR o IE SRR AR AN
P ) 2R, Pk RE SRS AT R AR K
e i
3.3 ZBWMNAEMITESE L

BOTEREE R LR 3. h1R 3 AL, A% T RBF #,
GLDS #Z {5 78 % $12& w31 (1 [R) I Kl P 48 o 7 A A 25 ), HL %
FRMBI KNG —, Hk GLDS-SVM # 9z, it T
GMM Jjik, BT ASCRAN GMM JBA T4 D, 115 UBM
)3 S AR FAE A T AR EIL R

3 RIS SR

Table 3 Computation efficiencies of different methods

ik S (X)) BN (MB)
GMM-noUBM 0.018 1.44
GMM-UBM 0.012 1.44
RBF-SVM (state-concatenated) 0.022 138
GLDS-SVM (state-concatenated) 0.010 4.14
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X T GLDS-SVM, 7 SCHE H ) 22 B 70 il B 1) 70 )1 25
SENg 2 B kAR . mIE 7 v W, BER fRirbEE
SORE A S I IR B T B, M AR SO 10 (%,
EER #migsE, Kb AL E A 10.

%
15.5 T T T T T T T T T T

0o 2 4 6

;3 10 1I2 14 16
AR
B 7 RGNS b AR AR EO EER (5200

Fig.7 EER curve with different numbers of negative sets
4 HRMRE

FEFAREPHER SVM i N FRAE 22 77 248 F i T 3%
FLE M RFE I S . 6T GLDS-SVM, 42 H 1) 2 B g4 11
BRI 3R ms 70 o0 R T NGB, A —ERE LT
SVM AN Rt FE b, /1 = B s k3 3 B it il i
TESREA AN AT 1) . GLDS-SVM £ 33 5 AR Y 45 ) Jy
[H#S A X RBF-SVM B AT B0 - F5Lba v H. R,
BAARFEHALE R GMM 1 SVM J7 g i g & v] LAk
— DR R RGERE. T A0 AR 1) A B SR ) Y
BRI, AN RSTE G2 LAEF W .
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