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Abstract: In view of the problems that the classification loss function of existing models in the field of
voiceprint recognition cannot effectively distinguish the separability between categories and lack of attention
to the quality of voiceprint data, a new classification loss function DV-Softmax is proposed in this paper.
Firstly, the working principle of the existing boundary loss function in voiceprint field is introduced.
Secondly, the mining loss function in the field of object detection is introduced, and the concept of fuzzy
sample is proposed based on it. Then, the MV-Softmax loss function is introduced in the field of face
recognition, and fuzzy samples are added to make it adaptive to emphasize the difference between different
samples and guide the feature learning. Finally, the voicing recognition was studied on Voxcelebl and
SITW data respectively. The experimental results show that compared with the existing boundary loss

function, the equal error rate of DV-Softmax is reduced by 8% and 5.4% , respectively, which verifies
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that the DV-Softmax loss function effectively solves the separability between categories and concerns the

quality of sample voice print data, and has a good performance in the field of voice print recognition,
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Fig. 1 Schematic diagram of weight indicator function
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Table 1 Pseudocode table of DV—-Softmax

Algorithm : DV -Softmax

Input: Training set x with its annotated label y.

Epochs, Adam, The hyper-parameter t.

Initialization: Randomly initialize the parameter ® in convolution layers and W in the last fully connected layer.

function GO ( ):
for epoch in Epochs to do
Training model use Adam
Forward: According to the indication of
Backward: Update the parameters W and ® by Adam
end for
return W and ©
end function

Output: Parameters ® and W.

different examples Eq. (11), we compute the DV-Softmax loss by Eq. (12);
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Table 2 Performance comparison of different loss functions on Voxceleb1 test sets

K R EER/% minDCF (P=0.1) minDCF (P=0.01) minDCF (P=0.001)
Softmax 3.89 0.267 0.436 0.483
A-Softmax 3.02 0.193 0.352 0.405
AM-Softmax 2.72 0.150 0.308 0.350
AAM-Softmax 2.49 0.132 0.269 0.312
F-Softmax 3.93 0.243 0.418 0.463
MV-AAM-Softmax—f 2.38 0.126 0.258 0.298
MV-AAM-Softmax-a 2.34 0.121 0.254 0.288
D-AAM-Softmax 2.44 0.123 0.256 0.295
D-F-Softmax 3.71 0.218 0.410 0.443
DV-AAM-Softmax-f 2.32 0.118 0.242 0.278
DV-AAM-Softmax-a 2.29 0.113 0.238 0.272




+ 3324 - EHOKFFH (L F M) % 54 %
i 2 A Softmax 5% B BCAE T 55 o 0L AT B B -

(1) D-F-Softmax it J< B A3 T F-Softmax
P PR, EER TR 5. 6%, minDCF 7E P{E A 0. 1,
0.01.0.001 43 51 B A% 10.3% .1.9% .4.3%, D-
AAM-Softmax i J¢ 8 0 % T AAM-Softmax,
EER FF¢ 2%, minDCF 7£ P 7 0. 1.0. 01.0. 001
IR 6.8% ,4.8%,5. 4% , i — LI E T ALE
TR kB d (p,) WA LT

(2) DV-AAM-Softmax # %k b8 50 HH % T i1
S0 O bR A7 A 0 O bR BURT MV =Softmax fit 28
PREY, HRERAR T B AEYERE . DV-AAM-Softmax
P pR FIOAH BT 3 A48 R R B AAM-Softmax,
EER /%8 % ,minDCF 7 P{E /0. 1,0. 01,0. 00143
B REAR 14.4%.11.5%.12. 8%, DV-AAM-Soft-
max 51K PRBURH R T2 483K PR %L F-Softmax, EER
B 41.7% , minDCF £ P{H 4 0.1.0.01.,0. 001
Iy 9 B AR 53.5% .43.1% . 41.3% . DV-AAM-
Softmax it 2k bR £ AH 8 T MV-AAM-Softmax i
Je 80, EER FF%2.1% ,minDCF fE P 4 0.1,
0.01.0.001 4> HIFEAK 6.6% .6.3%.5. 6%, ik —
R WE T DV-AAM-Softmax i 25 b6 50 B A B4
i o3 g

(3) DV-AAM-Softmax 5 2% & % H & W B
A THEEER,EER F#1.3% , minDCF 7£
P4 0.1.0.01,0.001 2 5 BEAL 4. 2% . 1. 7% .
2.2% , LAdk M [ 3E N = (14) p F e 2 (13) .
X A PR Oy 7 Xt B R M (14 B AR A3 I DX 0 R AE 2
SN,

i & 4 7] 41, DV-AAM-Softmax i 25 oK 5 AH
BT A R R B A2 Rk R MV -

3.3.2 SITW 44 T 19S5 X Lk

AR B A T I S50 5 SR AR A 2K bR
e s — R YRR, O i — 2P B R K bR
BAEAS R BHE 45 F i bERE 28 A R B LZ fh kg
fsnwi&%%?%ﬁﬁ%lﬁm% BT T 8L

BN ST, >R AR [F) 0 48 Fm 47 S 56, 5 g 235 2R
3.

(1) D-F-Softmax fit 2 ok $4 #H 4¢ F F-Soft-
max $i1 2k B0, EER F % 1. 7% , minDCF 7E P {&
27 0.1,0.01,0.001 4+ 3 F& ik 6.1% . 1.8% .
4.7% ,D-AAM-Softmax # 2 B XA 5 T AAM~
Softmax, EER F & 1%, minDCF 7 P{H 5 0. 1.
0.01.0.001 43 S BEAR 2. 7% . 1.4% .2.9% , i —
B T AL TR N R d (p, ) B M .

(2) DV-AAM-Softmax i 2< R E A & T i
S oR B A2 A 0 % bR BURN MV -Softmax it 2%

50 Softmax
A-Softmax
[y —— AM-Softmax
5~ AAMSoftmax
§ - - F-softmax
- - MV-AAM-Softmax-f
— MV-AAM-Softmax-a

------- DV-AAM-Softmax-f
—= DV-AAM-Softmax-a

FAR

Bl 4 Voxcelebl ##E 5% kRE#HKFEH DET # £ X7tk
Fig. 4 Comparison of DET curves of different loss

functions on Voxceleb1 data set

R 3 SITW it & kR [E 5 5k R # P RE EL 3

Table 3 Performance comparison of different loss functions on SITW test sets
EIE R EER/Y% minDCF(P=0.1) minDCF (P=0.01) minDCF (P=0.001)
Softmax 6.29 0.296 0.546 0.752
A-Softmax 5.21 0.256 0.510 0.706
AM-Softmax 4.73 0.226 0.433 0.644
AAM-Softmax 3.91 0.179 0.348 0.551
F-Softmax 6.35 0.312 0.553 0.763
MV-AAM-Softmax—f 3.78 0.168 0.334 0.542
MV-AAM-Softmax-a 3.75 0.165 0.323 0.538
D-AAM-Softmax 3.87 0.174 0.343 0.535
D-F-Softmax 6.24 0.293 0.543 0.727
DV-AAM-Softmax-{ 3.73 0.165 0.320 0.521
DV-AAM-Softmax-a 3.70 0.162 0.316 0.515
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