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Discriminative model 3
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Conditional Generative Model 5
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Generative Adversarial Networks (GANs) 7
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GANs Training Steps 8
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Training Objective 9
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Training Algorithm 10
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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used k = 1, the least expensive option, in our
experiments.

for number of training iterations do

for £ steps do
o Sample minibatch of m noise samples {z(!), ..., z(™)} from noise prior py(z).
Discriminator e Sample minibatch of m examples {®!),... (™} from data generating distribution
updates Paata(2)- . L. . .
¢ Update the discriminator by ascending its stochastic gradient:
Tk 3 e (5) e (10 (e ()]
m
_end for _
¢ Sample minibatch of m noise samples {z'", ..., 2'"™/} from noise prior py(z).
Generator » Update the generator by descending its stochastic gradient:
updates T .
v log (1- D (G (=))).
% m ‘z_; o8 .
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.
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Vanishing Gradient Problem 12

NINDAIT 079D X'XIN Generator -N MW GAN -0 77N I'N N7'NNA 'D 27 D'W)
Ao ,Discriminator - T 7V NI7{P2 0 17X NINDAT AT 72T NIV NONT
"TYX NND INX7 N2 2D Discriminator - ,0IWD NN "721" NOXT TX1D 'I'NN XONT
N"XPAD ,09N7 TIND 2ANP D(G(2)) RN N7'NNAL|D71 .DNMIR?NN 7Y NINTPNN
DIX'TIAN ,ON NNXIND .6 I'N2 NLN ININNY 9D NNIDYW XN NT Y 1Y NN
JWIN MoNIoDA [IDTY 'RIBYND ,0D"IVTAR DN NNIPYN 7Y NINTPNNN " TUX , 09X NIN
S2UD 77NN 12T TR N7 Generator -0, NINNN D'7'D2

NIPINY DA NINWA IR 10 FT"7 NNA XN L Vanishing Gradient NX1pa IT 'y
MNMN?N NIYXNNI NYIN M0NID [IDTY 01911 D'0IX'TIX NIDDIAN NID'Y T 7Y
.Orn Ty 7'yo 1pnn Dinh NN Vanishing Gradient Ny .backpropagation

-4 — log(1 —D(G(2))

0.0 0.2 0.4 0.6 08 10
D(G(2))

Generator Loss Function :6 'K

N7'NN2 D1 .NMIY loss NMYPAID WTN'? Generator -N NN [RN'7 XIN NRINNO9N TNX
,Generator -N NWIMONO |IDTY NY2,INIPD .D"721TX DITNIA DY D'72PNN [INRD
JITRI7 NWANEWNTD DD TUNN DN0NI9N ,loss -N DINTXIX NN IVTR? NN0N]

] —— log(1 - D(G(2))
s ~log(D(G(2)))

0.0 0.2 0.4 0.6 08 10
D(G(2))

(IM'XN N'’NNA Vanishing Gradient N"wa Nyan Lloss -N NINIPY :7 WX

14



Mel Spectrogram 13
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Layer Act. Output shape
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Conv1x1/,, LReLU 32 x 64 x 64
Conv 3 X 3/51 LReLU 64 x 32 x 32
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Conv 3 x 3/9, LReLU 512 x4 x4
Convd x4/, 4 LReLU 64 x1x1
FC 64 x 1 Sigmoid 1
Classifier
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Algorithm 1 The training algorithm of the proposed framework

Input: A set of voice recordings with identity label (V, Y"). A set of labeled face images with identity label
(F,¥%). A voice embedding network F. (v; #.) trained on V with speaker recognition task. 8, is fixed
during the training. Randomly initialized #,, 4, and £,

Output: The parameters 6.

1: while not converge do

2: Randomly sample a minibatch of n voice recordings {v], Vay ey v,.} from V

3:  Randomly sample a minibatch of m face images {f1, f2, ..., fm } from F

4:  Update the discriminator Fj( f;#4) by ascending the gradient
Voo (2 log(l — Fa(fi)) + > log Fa(fi))

5 Update the classifier F.( f;6.) by ascending the gradient (a[] indicates the i-th element of vector a)
Vo. (27, log Fo(f:)[y]])

6:  Update the generator Fy(f;0.) by ascending the gradient
Vo, (S0, log Fo(Fy(Fe(v)ly!] + S0, log Fa(Fy (Fe(v:))))

7: end while
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