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a-feature map scaling for raw waveform speaker verification
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ABSTRACT: In this paper, we propose the a-Feature Map Scaling (a-FMS) method which extends the FMS
method that was designed to enhance the discriminative power of feature maps of deep neural networks in Speaker
Verification (SV) systems. The FMS derives a scale vector from a feature map and then adds or multiplies them
to the features, or sequentially apply both operations. However, the FMS method not only uses an identical scale
vector for both addition and multiplication, but also has a limitation that it can only add a value between zero and
one in case of addition. In this study, to overcome these limitations, we propose a-FMS to add a trainable parameter
o to the feature map element-wise, and then multiply a scale vector. We compare the performance of the two
methods: the one where o is a scalar, and the other where it is a vector. Both a-FMS methods are applied after each
residual block of the deep neural network. The proposed system using the a-FMS methods are trained using the
RawNet2 and tested using the VoxCeleb1 evaluation set. The result demonstrates an equal error rate of 2.47 % and
2.31 % for the two a-FMS methods respectively.
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Table 1, DNN architecture of RawNet2.'®! Strided conv
refers to a convolution layer which has a stride size
identical to the length of filters. The residual block
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proposed in this paper can be obtained by replacing M= M®S. (1)
FMS to o-FMS,
Layer Input: x samples Output shape M=MS. )
Conv (3, 3, 128)
Strided BN (2/3,128) :
rided conv Leaky ReLU s M=(MPS)®S. )
MaxPool (3)
BN ,
Leaky ReLU M =(M»S)®S. @
Conv
BN ]
Resblocks <6 | 1 eaky ReLLU (x/3,256) Egs. (1)~ (@)°llA & 9F @ = 22 L sl 5
Conv HE ofu]shu], 52 X745 TO| Zo|uhe 2yl
MaxPool (3) - - = _
FMS AHERITE 2 Aol = =5 A EAE o &
GRU GRU (1024) (1024,) sto] BpA; Q1SS T uf, HE o] B77|E A
Speaker embedding FC (1024) (1024,) Sl= T Al = HIE| 7FY] QA= S 245 =Hio s

FMS (Eqgs.(1) ~ (4)) \
mp = ms+sy, —_—
mp=my - sy,
‘m} = (mys +57) - Sf"
me =my - 5¢ +sy,
global ™My ERT,spER
avg pool fy]ly-connected+sigmoid

CNN feature map (#filter, #filter) scaled feature map
M (#time  #filter) [DD D [ M’ (#time, #filter)
N ’,_. 1 ...
(#filter,) Scale vector
S (#filter,)

Fig. 1. (Color available online) lllustration of the FMS
method (lllustration is modified from that of Re—
ference [6]).

: g B7kol 4 0] & gt
W7} Bl elo] 2 ek v W rhs Zhangeral”'2)
Qlof) Zebatod, FMS 7] AA19) HlE 2 o
Apole] gk Elsi7Lt B3]

6H = 1 =
U, B F S SR 0 gkl B A

Fig. 12 FMS 712 Ve, 741291 Sah2
Ch 2k WA FMS 7S 13k A 54 A

%= M MER™ ol AA Ht ES5T} 17§ FC 2
Y3 olgat] 2A U e §.5e RS A3
A7) X Fe} T= 217 54 A =9 I 74=eF A7k
& Z| U9 755 UEhdth o] FMS 7] o] &
2E EY A% M, ,MeR™TL ol Egs. (1) ~ (4)

ARG AR 7S gk
Nl -3 XE AH U

Reference [6]°] A= A2 5
FHo]Aeel thu] YU L /S-S ANH O A
AlFE BarskRiT) o] S Eq. (4] 5 F B =7t
7P S5 E}15kaL, RawNet2o]| Eq. (45 285191
t}. A e 2 Ato A= Eq. (4)7} ol Eq. (5)<} 2
o] AA| 2= EA A wof = 15 B3t 7| 24 Y W)

rE
T 1
B8 Fohs 0 SUsihn BAg

<.
I
S
D
Z
&
N
G

Eq. ()7} Eq. (5)2 ¥l %9, 2742 e S gt
AR AR 12 E5He Ho] A 3 Eol 6
28 3113 4= Ik 00914 1 Afo] ] WSS Bshe
AR AR 1242 B4 A|20] 2 B of Hahs A
o 1% 9t A5 eItk B4 Ao tiat
= GhS 0014 14ko] o] w422 FHAsHE 7] %o ]
3 DNNe] T} shebu] e 3t o] s}o] 7Fsdt
A4 shebu] B2 o] g-5ho] thaket ghe B 5Hs o]
4 A|wo] Bue o] oS BnHY 4 9
Aol

9 HAG Mo R B mBo A WEe) 5

The Journal of the Acoustical Society of Korea Vol.39, No.5 (2020)



444 A, A8z, 3

filter
scalar ou: (1,)

vector o (#filter,)

a-FMS (Eq.(6))
mp = (my+0) * 5y,
global My ERT, s ERY
avg pool fully- d id
(#filter, #fllter)

O0-O—{=62+6

(#filter,) Scale vector
S (#filter,)

time

scaled feature map
M’ (#time, #filter)

CNN feature map
M (#time, #filter)

Fig. 2. (Color available online) lllustration of the
proposed a—FMS technique, o can be either a scalar
or a vector, In the former case, identical o is
broadcasted and added to all filters of a feature
map. In the latter case, independent o is added to
each filter of a feature map.
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Table 2. Equal Error Rate (EER) of the baseline and
various FMS—based systems. Method column depicts
the methods that were applied where Egs. (1) ~ (4)
refer to various FMS techniques proposed in Reference
[4] and Eq. (6) refers to the a—FMS method. scalar
a—FMS and vector a—FMS both refer to Eq. (6) but
the dimensionality of a is different,

Model Method EER (%)
baseline!” - 3.00
baseline + add FMS™ Eq. (1) 2.82
baseline + mul FMS™¥ Eq.(2) 2.66
baseline + add-mul FMS!! Eq.(3) 2.60
baseline + mul-add FMS™!
(RawNet2) Eq. (4) 2.56
baseline + scalar a-FMS
(proposed) Eq. (6) 247
baseline + vector o-FMS
(proposed) Eq. (6) 2.31
8,000
Convolution filter Frequency (Hz)
L MWW Il
400 0 8,000
Convolution filter Frequency (Hz)

Fig. 3. (Color available online) lllustration of two
filters (left) and their frequency responses (right) of
the model, which was trained using the proposed o—
FMS technique. The upper filter focuses on 500 Hz
~ 1000 Hz approximately and the lower filter focuses
on 2000 Hz ~ 2700 Hz approximately. It demon—
strates that the first convolutional filter extracts
aggregated frequency responses.
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