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Abstract Neurocognitive science research shows that human brain often combines face information on cross-modal
interaction analysis during the speech perception process. Nevertheless, existing cross-modal face-voice association
methods still face the various challenges such as sensitivity to complex samples, lack of supervised information and
insufficient semantic correlation, which mainly due to the lack of mining common semantic embeddings. To tackle
these problems, we present an efficient cross-modal face-voice matching method from bi-pseudo label based self-
supervised learning. First of all, we introduce a cross-modal weighted residual network to learn face-voice common
embeddings, and then propose a novel self-supervised learning method for bi-pseudo label association, which learns
the latent semantic supervision of one modality to supervise the feature learning of another modality. Accordingly,
based on this interactive cross-modal self-supervised learning, the highly correlated face-voice associations can be
well learned. Besides, in order to increase the discrimination of mining supervised information, we further construct
two auxiliary losses to make the face-voice features of the same samples closer, while pushing the features of different
samples to be far away. After a large number of experiments, the innovative method proposed in this paper has
achieved a comprehensive improvement in the cross-modal face-voice matching task compared with the existing
work.
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Fig. 1 The overall framework of the proposed cross-modal face-voice learning method
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Fig.2 Pseudo-label assignment based on feature prototype
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2) bR A4 o T #E— 0 BLE 2 ML S
ok A A ) By D bR 2 22 18] B — B, 2 I HE 2R A
Y25 b BASREAS (8 DA AR 25 43 A I — > B 1A, il i )
— b PR softmax 3 HURE A Dh b5 25 4B 0 A . FR AT
BRS040 R L B DA A 25 AR 8 00 A
o3 9l 27 g p(HAN pv), IF % T KL HE (Kullback
Leibler divergence) 2E BUES AR AR T 1Y DA AR 25 43 A 48 2%«

L = a(Fr(p(Hllp0m) + F (pMlIp(H), (10D
Hra=0.5, Fe () KL B 5 s 8 il Fe(p(HIl
POV Fre (pOIIPUINARZE 5 02 D 1 PR 40 2K 8 X
P A BHALY BB 2] B AR -1 DA AR B R
I3 A AR RIS, L =0. e/ D AR 48 73 A 5 2% J2 DA B
AR 5 A2 OG0Bk AR 52, 3 A ) B 03 S A i A IR -3
FRAE S H3T, 9 e B 2 A BESTT 1 P AR 2 20 Al — 3
P, A5 7 A I B R T A [ B 00 -1
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FRAE B H k. FE AL A 35 s 5 K E R 10 s. 35 5 Ab FRAE F i 25

2.5 REIZ

AR SRR ) R A R IR N

L= Lona +y1Lair +y2Lia + Liw (1

BN LT, »ifl v A R 55 1 &R 10
0.1, BB AR 28 SR 2R Loma TN AR 28 53 A1 451
& L BUE RECRRICE R 1, — HARUE T EAT7E
{2 LA RV FE R SRR IR A2 48 Th g B R AE L 05—
5 THI A0 YR A R oR BSCE DI v B R 2k A5
SR A SORE L I 2 R A R B O 128, IRk R
2t & T 8h & 4 R . RMSprop(root mean square prop) &
1E ) Adam"™”(adaptive moment estimation) J5 ¥ /E 4
PR FE I GRIA 0], 27 2] 2 25 Bl 5 I 2558 B0 14 n
MU, WA 2 20 R BB 107, 0 B 1Y fe /N2
2N 10" HAREE RS, RSB, ARG i E
NG CE TN E DN TR R L i N R M
i 3k 22 Rl O bR 2 2 G R A HE R -1 5 TA) B T TR 1
KHR, TR R R Z R B ERS ANR -5 TR,

3 XWHER

R T S5 VAR AR ST R B A RO, AR S
TE 2N FFIR Voxceleb1®! Fil VGGFace™ iE % Pl 45 5% 4
S b EAT S, I R USRS M B T4 o 0] AT R AR T
i BARRSCER AT S E W,

31 HIE&E

Voxcelebl H1 BT & 10 T 25 EWAM2 T £
ZPH, 11 VGGFace A 1% 2622 > B 35 B £ 5L
B rb, XX 2 AN BOE 4R 1 B 32 4R 0k 1225 A By ik
TR A0 4, o IR | S iE AR Rl il 4R P L
(1 5 A 8000 50 R 924, 112, 189. 4 T AR 3IE S 56
PR B 0 A 2801 R e, AR SO 2 56 vk A Il
SR A RN UE 4 DA R I 4R 22 A 1R B (0[5 B8 8
HZ.

32 EImHT

1) AR B30 Ak L o o %o i s A T ) G P AR
AT AT, R J 38 2ok BEATL R B9 ok R A TR Y, Jf e — &
1R IINNy 224x224%3. TE YN B Bt R FHE R N 50% 11
it BIL 7K - B 2% A B RS 7 99 4% fifi ] ResNet-34™" 41
PSR, e 2% Hh B NG R AR 4R 500K 256.

2) 15 B R A L AR O O A
ORISR VR S bR S R IR M i S R B R
AR 18 & Be i BEAT 38 . an SR A Beif R
F10s, WIBEHLEE B 10 s; 45 F BN T 1005, T 2

ms. Wi[a]FF 10 ms (945 /R 45535 3= £, Jf kb 3L )
TR B HEAT VT — R b B 5 5 T R 4% 2% i DIMNet-
voice'™ BURYSTHL, fie 2 i Hh 14 1 RRAE 4E BN 256.
33 EIEMIERR

R T BREAR S A B, SRS TE 4 B R -
W B B VT FUAT 55 b kA7l

1) BB RUEAT 55

P S A5 6 P A 4 B 40 7 9 N 500 R
Pt J2 A5 J& T R B 0y, % AT 55 F i 26 °F 1 A (area
under curve, AUC) 1N ME— B9 PF-H 45 4.

2) RS RRAT S5

T B B S G BRAT 55 TPk 28 7 — AR 25 A0 1 T AR
A, i N B A v A R R I AR AR DS C A I A
JIT LAIZAT: 55 Pk i M B T G AR AT 45 SR T 1 349 o 1
X (mean average precision, mAP ) {E ¥4 F5 5.

3) 1:2 PUfdfT 45

1: 2 DEECAE 55 i ARG B R R R i i BE (F-V)
FNES R B R A B A (V-F) X 2 B ol 41 A% . Xt
FFE-VHL:20CH, HE—k ARE R, 722 B
T R B T R R A ARG R B 0y AR TR [ B
AT V-F (1 2 DERE, 248 — BORE & B, F7 2 2
sk NG PR o T A R B 0 A R AR AT 45
HR SR B 20 A9 HETA R (accuracy, ACC) /E A TEMN T8 A5,

4) 1: NICE TS

12 NVUBAT 5502 1 : 2 DEECAT &5 9 e, Hos 1
D T2 F B A R 008 i 2] NV, L 7 5 DA LU o — 1
IEAG). IR, 12 N VTR A AE F-V Fil V-F 1 2 R i
0, LR A R AS BN I RGN, AT 55 e 5 A, 30 7 34 o
ZAE 550 R FH R 2 ACC 1E NPT 46 i
34 TLIXTLLER

R T R UEA SC T B O A O, R 3.3
e TS K 4 B s K 8 A DU ECAT 45 pE AT
T (B R AR, AR SO B Y B A 2 o A,
F T PR A 2 A IR 7 Bl g A O, TS [) 1) PR A 2 2 X6
2 2] B (1 N385 DI R ™ AR R, T DAAE SE G

SR T ORI Oh AR 2 A AR SCSE g v (il T R

By nih 8, 32, 64 KA U AR %, HOE Ak bR id 43
XFh Bi-Pem-F(first), Bi-Pcm-S(second), Bi-Pcm-
T(third) Jy . BRI Z A0, A SCE 23R 508 T AN 6 1D
PREE A AR B R T 25 NI 15 3 LS T e K
BRARSCIRE T 4P IR A: D8 324 45;2)8
644 533)32 F1 64 2H45;54)8,32, 64 HA. X 4 Fh
2H 4 4 B R Bi-Pem-FS, Bi-Pem-FT, Bi-Pem-ST, Bi-
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Pem-FST J5 k. SE5 o, 24 W] P 45 2 850 7 1 0 A7
AT, DNBREE I o e L S 2 B 3 B ORAT AT, B
Ji A B R A R A R AT S

1) ERASRIE

S 30k [5], AR SCH A 7 B SE g e n gk 1
JiR, LR AEA R o3 8 FiE AT, o U R oR A
-1 R XTI AT 4328, “ G7 (gender) Ko A K-
W B i 24 Wk A, N
(nationality ) & 7~ A -1 & E0 38 X 5 a8 2 A~ 22 19
E FE A A, “A” (age) R7m A 18 & B0 % rp i 2 4>
DU 35 A % A R). 1 X 1 GNA” X R oL, )2 2 4
3 B P ) R RAR 4 R A ). DA 1 RS, AR
SC T 46 Y Bi-Pem-FST J5 #5 #H L6 3 T PINs, SSNet
Tk, LR M RETE S AN BAEAT &5 LRI s AN E
G305 S FR B AR SO AE R R AT 45 R B A
RAE.

2) BESKER

5 RS R AT 55 19 290 45 RN AR 2 s . AR 3
TEF-V M V-F [ 2 &5 BT TRREK. M T
5 R UEAT 2 20 W RRAE SE AT % b, AR SCHE S50 v 3 m
T KWEMLYE BT (Chance) Y 5% 56 45 2, Chance J7 ¥5
TE RS R LA 12 NV BCAT 55 0 4 1] 7 % Bi-
Pem-FST 371 mAP 4 6.20, = T H B /67 DIMNet-
IG J7 0% 35 2 4> F 43 a5, 3X 10 B B T AR SO R AIE 3%
7N TE T R 2 00 A 2R AT 55 I o Ltk

Table 1 AUC Values of Cross-Modal Verification Task
F1 BESEIEESEH AUCE

ik U G N A GNA
PINs"” 78.5 61.1 77.2 74.9 58.8
SSNet"! 78.8 62.4 53.1 73.5 51.4
DIMNet-1"" 82.5 71.0 81.9 77.7 62.8
DIMNet-IG®! 83.2 71.2 81.9 78.0 62.8

A (Bi-Pem-FST) 85.0 71.2 84.3 79.6 64.7

I UNARSIZE, G UM, N LIEESZE, A DAERRZE, GNA
VAPVES , EEERAEIR LR 7328, SIRBUE R R B AR R

Table 2 Performance mAP of Cross-Modal Retrieval

x2 BERSERT mAP HIIERE

Jrik Chance F-v V-F S
FV-CME"" 0.46 2.18 1.96 2.07
VEMR3™ 2.15 5.00
DIMNet-1*" 1.07 4.17 425 421

DIMNet-IG®! 1.07 423 4.42 433
AL (Bi-Pem-FST) 1.01 6.04 6.36 6.20

T F-VHARE R KRES B, V-FREE FBRRARE R, 7
YFIR F-V HI V-F (8. BB IR 4R

3) 1:2 VUi

12 2 VERCTEAS [R] 73 28 H0 i b il il 4 R n 5k 3
i, oA B 43 41 U™ “ G N Y O X R AR Y 8 A
B R TR — B0 AR 55 45 2 F g 5, 4351
N F-V il V-F. A SCHE T [ D 45 4 20 & 19 Bi-Pem J7
B TE 2 S SR AT T 2 H R IR R Z M br

Table3 ACC on Cross-Modal 1 : 2 Matching Task

*3 BES 2 CEESHERE %
F-V V-F
WiReS
u G N GN U G N GN
SVHF"! 79.50 63.40 81.00 63.90
FV-CME"" 77.80 60.80 78.10 61.70
LAFV™ 78.60 61.60 78.20 62.90
PINs"” 83.80
DIMNet-1"" 83.52 71.78 82.41 70.90 83.45 70.91 81.87 69.89
DIMNet-IG"! 84.03 71.65 82.96 70.78 84.12 71.32 82.65 70.39
LDJE"™ 85.42 73.52 84.48 71.11 85.18 74.29 83.97 70.70
Bi-Pecm-F (A3C) 84.81 71.93 83.81 70.89 84.77 72.08 83.56 70.53
Bi-Pem-S (A43C) 84.65 72.05 83.96 71.07 84.80 72.11 83.72 70.77
Bi-Pem-T (A3) 85.13 7222 84.07 71.12 84.82 72.37 83.86 70.69
Bi-Pem-FS (A3() 85.27 72.28 84.25 71.08 85.11 72.55 84.02 70.78
Bi-Pem-FT ( A3C) 85.34 72.46 84.44 71.14 85.23 72.94 84.17 70.84
Bi-Pem-FST (A30) 85.83 73.01 85.00 71.45 85.69 73.33 84.26 71.10

TE: F-V AR R VCRGHESE R B, V-F iE& B AR R, U FORARDE, G IoRBERI2E, NFORLUIEEDE, OGN FoRIEGI M EEE

K. BB MR 55 B AEES A
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B8 T SUGE N -1 DRI A B2 ). DA S G 25 SR T, AR
SCHET Bi-Pem-FST (1 2 PhhR 2 240 6 A Lo B H Al P bn
B AFEZFP 1 2 VAT 55 LR RE R BT AE, T LU
AR S H At 5 % B SE 5 ¥ DL Bi-Pem-FST 1E L3 .
fE1: 20 B AT 45 o, Bi-Pem-FST 5 H #i & i /)
LDJE A Lk B8R H k4% T A i i $¢ 7, {H /& LDIE 7
AR GRrb T R 1 N A W s 48 Ok ) 1 0L )
TG A, I FH 0 2 R LA B B 0y £ o, AR S5 I
i BEAR A W B 2 2T, LB AR A ) SR BUSL AR B
Bt H A 43 #EIF. T Bi-Pem-FST B v 8 [ W B2 ) 4=
AT I BR s 28 R AR ik 26 G ) A B AR 4, HLL
197 TEAF A P e R B, 3 AR AT B AR A Y O i
Shy 5 Ny - RS I AF R E A T — B ) S
He PSR 1 : 2 DUREC A SE B 25 AR I, AR SCHE T L

!

D bR 25 S R 2
TR UE S

4) 1: NJLE

1 : NUCECZE SN Al 3 Bros . 34T 45 bifi 75 DG il
FEAEL N (360, S50 Mk BE o i — 2P R FT DL R B
A5 T0 T AR B U B S A B NV 4 B8 0 T R T R I H
Bi-Pem-FST J7 ¥ 76 V-F #l -V W #h il 5t T, 5 HiAth
F TR L, MR B T A R B b o R il
A LA B, Bi-Pem-FST J7 12 Bifi 13 DG BC A A< K N 114 3
T, DG PC 7 A S5 A L 5 L A 3 3 0 A5 B NS 2%, B
fH7E V-F 1Y 1 2 NVCEAT 55 HodE A R “ G7 v e I,
4 N=6 B}, UG JC E 6 6 A0 58 Fb 32 3 19 DIMNet J5 15 £
B2 AN ST 1 N VT AR 55 B S 4 g ik —
AUk B AR SO B B A R R A2 R RE )

~ REW N -18 T R R
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Fig.3 Comparison of cross-modal 1 : N matching performance

B3 BB 1 : N ITECAOEEREX

4 HEKBSSH

4.1 AREZFESEREH EL LI
AR SCRT R A HE SR 2 2 A REB L I, BB A
ATk 2 1) 26 A5 1 A0 8 1 00 1w O s 28 G T B 1
B2 o BB A [ R 14 9 il S 06 A0 3% 4 TR,
Horh CMWR /i 5 15 25 A3 22 W 45, id o Al ]
Table 4 Ablation Studies of Cross-Modal Verification
R4 BESHIEFHHEMIE

Ik U G N A GNA
id 81.2 67.4 80.6 77.5 61.1
id+self-learn 82.7 68.8 82.0 78.6 62.1
CMWR+id 82.9 69.5 82.7 78.4 63.3

CMWR-+id+self-learn 85.0 71.2 84.3 79.6 64.7

T UNARSIZE, G UGS, N RIESESS, A DUAERRTZE, GNA
DATES) AN IL R 7326, SBIARBUEFRAS AT 55 Th ) R A 2R

W5 SUAE BB A, self-learn 7~ H Wi B 24 ) B b A
e 4 & AR Y 3 Rl S AT DR B, 4 B
A A 3% 25 T 8% 3 Bl fiff P Y 0 o ) A B
BF, AR AR I 2% 1 ME B AR Be A T B2 T, (H2 $R TR
FEAR/IN, 40 A B5 A 25 B AE AT 55 1 “ U7 4 b H g4
T L7 A E G A AR 2 P AT S A S, R AR
RETE “U”4r 2 4T 4 D 40 e, BRI 2 AR 22 1]
A4 A E DI X A1 2 R A ) 4% 1 P B e IR AT BN Y
M. AR IK R, B A5 A I Bk 25 I 245 i % 1265 1B A 285 1]
TSP, DT AT 5 27 ) N -1 1B A I R 5
77 25 T R e) O s 28 DGR Y 13 W 2 > B ] LA B
o AR s 5 SR AR A R A ) 24 7 BB 1 £ T
42 BIURKRHEH IR

TEARSCH, 451 0% pREUR: F R 20 0 A -1 R 1R
FORMOCH R R, SER ik — AR T R R
B BB VL BCPERE RS2, 14 4 s 1A [A] 46 2R
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RO F-V S B AS 12 2 DEECAT 5 (0 a4 21 5 28
TR, A Ph bR 2 SC R A 2 Lo P Dh bR 25 43 A 5 2%
Lo 119 K8 15 #0758 5 B O 8 28 D R A 2R Lowma 11 T
Bl BT LA TC T BEA T4 Loma BRI RS IR 10 9250 DT i 285
FEAT LUK B, 20 SR 0 2% f5f /b LoiphF, S50 HERR R T
RoAS fc ok B S, B BE R RE 1.4 4 4 A, UL
Tia] DR 48 G B 249 BROXTH{IE 2 O 2% P i 412 T A o o AR
FH.TH bS50 b, B BR B RS A Bk Lel e, AR
KRB R RET 0.4 41 50 . M Loma 18 13 15 53 %
JAlAIL T, (A5 [ B 2 2T A e A G 1 O 45
HEIMT 2 5 LewFl Lo oK 20 JEE B FRAE 2% ) AL,
TEFE IR Loma 545 TC A5 BN HAR2E . BR UL Z S0, NIA 4
P E T Loma 1 B0V R S50 AT 2R, Y 8 ) Loma BT 3R 1
W28 PERE A N AR R LR R R Low )™ A
(O AR 2 I AT R T R W4T 55 v, T Loma 4 BLPR
B2 T Loivsl Le B, R M2 P REA g A5 1
FETt, VW Loma T 22 B AR FH 2 5l B 35 B0 R0RR A2 19 5
RS IARZE T R URAT 55 (2% .
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Fig. 4 Ablation studies of loss function on 1 : 2 matching task
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Fig. 5 Cross-modal retrieval results
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Fig. 6 Visualization of embedding characteristics on t-SNE
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Fig. 7 Face-voice pseudo-label similarity based on cma-loss
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Fig. 8 Generalization ability assessment on 1 : 2 matching
task
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