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Voiceprint recognition based on knowledge distillation and ResNet
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Abstract: Aiming at the problem of channel mismatch in the field of voiceprint recognition and incomplete
acquisition of voiceprint features under short speech or noise conditions,a method that combines traditional
methods with deep learning is proposed, and the ResNet model is used as the student model to perform
knowledge distillation on the I-Vector model as the teacher model. We construct a ResNet network based
on metric learning, introduce an attentive statistics pooling layer, capture and emphasize the important
information of voiceprint features, and improve the distinguishability of voiceprint features. The mean
square error (MSE) is combined with the loss based on metric learning to reduce computational complexity
and enhance model learning capabilities. Finally, the trained model is used for voiceprint recognition test,
and compared with the voiceprint recognition model under a variety of deep learning methods. It’s found
that the equal error rate (EER) is reduced by at least 8%, and the equal error rate has reached 3.229%,
indicating that the model can perform speaker verification more effectively.
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Fig. 1 Frame diagram of voiceprint recognition model based on knowledge distillation and ResNet
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Table 1 The specific structure of ResNet
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Table 2 The statistics of the data set of the model
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Table 3 The experiment results of baseline model
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ResNet JEfE + B 2o 6.24 0.516 6 0.642 6 5.110 0.450 1 0.567 5

ResNet J iR ALY 1L BE B A BAF AR E M L 78 A 3% 4T 43 J5 i Al PLDA 4743 J5 3 T 1 45 R A0 22 R KL 78
R T LRSS R A X-Vector Al I-Vector BERIAT R K AGHE T, ResNet FLfE B AR HI £ & o 5
PLDA 143 T WS 45 AL T ResNet JEUERIAL, MR 5% 4T 53 T B9 S50 45 AR K. ResNet K& A R
FHES LR 5 76 2 4T 50 R T A PEREFE AR AR AR T ResNet FEEREAIERAG TR KA F- . IF B FFEDL T
R TE LG 52 )7 Y ResNet FEMERIAY PR T [ A i) 54 Ak 2 0 A L 2 S 3 ik )y =000 Ry 52 2% (H BB 3R A5
TR 45 2R AR oy oS R AR B A 2

KR ZZ B BRAY ResNet AL ] T MSE 41 2% bR, B T B2 5% 2] (19 ResNet 284 5 2% pfi %5 ffi 1]
AM-Softmax, A3 4 ] DL HY L B0 B2 18 BOR e Ak i 461 25 77 5 ResNet BRI Z5 3R B B A T I-Vector %&
HERLAY Ol ResNet f& M I-Vector H4& ORI % 2] B840 M OC S B HAS B 7 47 B9 45 R . iX WEW] T ResNet J7 i
MZERIVRITES A A . SRR T I 5827 2 I B 2K s 8 AM-Softmax 15 3| BB AL Z5 R T I-Vector
FEMERIAL AR AR ZE M BORAG B By B AL ZE IR . Rt , 25 JECR FH IR G I 2R 1 O 2Ok $8 A 52 0 38R

®4 ZHREMSIEL L

Table 4 Comparative experiment of the three models

» ) Cosine PLDA
LA 2 B 4 eR %L
EER(%) DCF(0.01) DCF(0.001) EER(%) DCF(0.01) DCF(0.001)
I-Vector & /i A5 A 13.88 0.675 6 0.789 9 5.525 0.480 2 0.673 2
ResNet iR 7% 1% MSE 10.44 0.683 9 0.776 6 4,788 0.452 4 0.609 5
ResNet iR 2818 -+ F 4 18 o MSE 10.26 0.688 9 0.791 1 4.716 0.452 2 0.583 4
ResNet & & 2% > AM-Softmax  5.410 0.476 8 0.689 0 4.512 0.480 3 0.633 4

ResNet 2% ) H 548 9% AM-Softmax  5.086 0.470 6 0.699 8 4.055 0.438 6 0.598 9
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TEI AU rie o 0 T A B0 80 9 2 ResNet #0805 1 7 2 19 36 26 47 BCH B3, N L 6 7T 78 44, 43 B
0.2,0.1,0.05. Bl 2 A4 2 22 W 19 H 01 S /b R SRIH AR 2 . 254 4 MR 5 W LU L AE X
115k BB B P MISE $5 96 1 AM-Sof tmax 454 1 25 11 25 0 77 15 B 05 8 S T8 F2 0 41 T 0780 1 265 5 , 52 %
R U], AM-Softmax 1% 4 B) T4 5 BB LE Cosine $T40 F 09 FE A 1 MSE 26 77 B) T4 55 M8 78 PLDA
45 F bR,

RS BAINGELEER

Table 5 The experiment results of different loss function combination

BHE Cosine PLDA
Pt K PR

Sk EER(%) DCF(0.01) DCF(0.001) EER(%) DCF(0.01) DCF(0.001)
AM-Softmax+ MSE(0.2) 5.138 0.484 0 0.646 4 4.369 0.420 3 0.587 5
AM-Softmax+MSE(0.2) & 5.419 0.504 4 0.648 2 3.884 0.414 2 0.486 2
AM-Softmax+MSE(0.1) 4,767 0.445 8 0.678 1 3.723 0.403 5 0.540 9
AM-Softmax+MSE(0.1) & 1.629 0.445 6 0.553 2 3.635 0.392 5 0.530 0
AM-Softmax+ MSE(0.05) 4,786 0.469 1 0.616 2 3.521 0.349 9 0.439 8
AM-Softmax+MSE(0.05) & 4,467 0.388 8 0.515 8 3.229 0.337 3 0.438 2

24 BHINGESEERHITLL
Y A 2 A 18 o BRSO 2 4R R T MSE 452k R R AM-Softmax 2% pR B 2 FBEAL, 2
TR 2R AT T R ik AT AR B 9T 20 5 SR EAT IR 17, SR )5 #9158 EER 5P RETE 45
MK 6 PRl LUE L TER XTI 20 5 i 15 PLDA 123 J5 i & o 4508 4 i 9 1 RE 249 s I T 36 45 DIl 2507 5, 2
il 2575 352 B0 45 RAH 22 A8 K (A L T 458 20 4 B 221 % 22 A B R kAT 4 80, TR 5 I ) U 2 — A8
BT TR N R AL
xo6 HEAEHHIEER

Table 6 The experimental results of model integration

153 I i Ak LT 42 1l
RIEAT 4 4.396 4.533
PLDA 3.229 3.426

25 S5EHEMAEMNIFLE
gEE UL I nT LS PR B A i B 2 R B PR B SR AN R A R R R M 25, 26 7 R T AL H A S S
[RIEEMH FH VoxCelebl ¥ 4 1 UL 1E AR 7 i I SE B0 45 SR 09 L 8%
*7 EHEFEWIENZRER

Table 7 The experimental results compared with other methods

WiRvS VeSS EER(%)
VGGH! VoxCelebl 7.8
1D-CNNE# VoxCelebl 5.9
SincNet+ LIM! VoxCelebl 5.8

Deep length normalization” VoxCelebl 5.01




%14 REE,E. A TmiABE5 ResNet 89 F LR 3 123
gxr7
Iy VIl 254 EER(%)
RawNet!?! VoxCelebl 4.0
TDNN++ Attention! VoxCelebl 3.83
Res2Net-50-sim"?* VoxCelebl 3.484
ResNet+ A4 & (AR 30) VoxCelebl 3.229

NFE 7 AT LA WL A O vk S A D 55 X B EER SRR FRR T 8% . A E T 3.229% L MEREXIE TR
12 HALT % .

3 4 iF

P T — AL TR AR S ResNet 7 80HRMN Jr . W18 58 00 W& 75 SO vk 556 FIRE 2= 2 1)
75 SR T RS A 2Rk MSE 293 ResNet 7 SURFE FIl I-Vector B 25 5, #8551 75 S0 1 14 o 1
R, WA B HE— 2D R AT 2 RO RIS 1 5 O O SO A AT S B TR R X R R R R A 3 N
P T RENEEEMERIET 2 Fhg R Oy A SOR A S5 T A S . HIY ResNet BRI T & )
Gt Ak, &5 A IR R 5 B 2 2 R BT T I BRI R A L R A T AR A A A O L TR 2 R AT
Sy Ja v B L BRG AT 0 EER ¥R AL R AE ) 7 . A T o 3] o 1 7 SO AR R, 5 R 2 R0 TR
S T AR L L BEE S EER #E— BRI 3.229 %,
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