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Abstract Facial information and voice cues are the most natural and flexible ways in human-computer
interaction, and some recent researchers are now paying more attention to the intelligent cross-modal
perception between the face and voice modalities. Nevertheless, most existing methods often fail to
perform well on some challenge cross-modal face-voice matching tasks, mainly due to the complex
integration of semantic gap and modality heterogeneity. In this paper, we address an efficient cross-
modal face-voice matching network by using double-stream networks and bi-quintuple loss, and the
derived feature representations can be well utilized to adapt four challenging cross-modal matching
tasks between faces and voices. First, we introduce a novel modality-shared multi-modal weighted
residual network to model the face-voice association, by embedding it on the top layer of our double-
stream network. Then, a bi-quintuple loss is newly proposed to significantly improve the data
utilization, while enhancing the generalization ability of network model. Further, we learn to predict
identity (ID) of each person during the training process, which can supervise the discriminative
feature learning process. As a result, discriminative cross-modal representations can be well learned
for different matching tasks. Within four different cross-modal matching tasks, extensive experiments
have shown that the proposed approach performs better than the state-of-the-art methods, by a large

margin reaching up to 5%.
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The overall framework of the proposed cross face-voice matching method
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2.4 ID#i%k

SR AR AR FIE S R AR TR i A B A SRR
23 (6] 2 J5 AL 9 0 ) 1 A DA B B R R A1
AL PE A SCIRIN T 2T ID MR A R 5 — 11
B By 1D ] LB AE— AR5 i 2o 72 RRAE 2 5 T
B b — A2 2 $e Co oSBT I SCRFAF T I8 1Y
B 053 2500 0 TR L AR H, TD 83 2% 19 5 Sk

BXK

1 .
£m=7;§7€2;“¢df§%yﬂ‘%

BXK
1

BXK;Z((ﬁC(U')’y’)’ (18)

Hordr, 0 Coy ) TR MR eREL, £ Ao 4351 R

5 DNKFEARFITE S Ay, R HH N 8y B 0y 2K

bl L e i i <0 = TSRS VTR e el -

SR FH R[] TG 4451 2 1) 2 Tsf A AR L A e A AL 8, 45

A7 1D 4% J5 B R I 25 AR Bl IF 4 die 80 # T

FasE L RITT &5 A 1D 51 2 F0 01 T o0 48 461 2 n] LA i

BRI SL L 17 AL RE 1 355

2.5 =B

AR SCHRE 5 vk I R R O 2R

L=Lyo+ L. 19)

AR A mini-batch 1 Il 4% 75 3, mini-batch
A DATE YNGRt B b 5] ABEHLE , [F] I a] DL A 2
YR B, 44> batch 2xFEHLPkIE 16 4> 1D, $2 55 &
A ID BEALPEE 4 5K AR B A0 4 4508 3 Kol A
IRF s A SR FH 45 6 A 30 U gy i R 10 B AL A8 2
T B (stochastic gradient descent, SGD) J5 % 3
FeABE A, Hodp, — J5 1, A 5 0l (weight _decay =
0.000 5) I 2k 18] =75 45 28 52 A B %o 45 2 R 50 1) 52 Wi 5 LA
B 1k LG s 55— 7, sh & Gnomentum =0.9) JH 3
I A AN SO A SCR T T — M B ) R
T RE SR, 2 2] AR 2 B I 2 0 B0 1S o g s, Il
SRILTE 50 R IRl B b 2E o] B W) IR 2 ) R
107 sl F 10°.

3 LWEER

R TSR VAR A SO 4 H O 2 B A RO A
P, AR SCE A FFBY Voxcelebl 8 PSR HCHE 4 I 647
SN, R RAR A R S TR
3.1 HE&ENA

Voxcelebl" S/ FF 11 B AR & W0 450 45 8 45
i A% 3] YouTube 4% U5 40 55 Hh $2 B 1251 4>
2 N LA A 2H 2R R R B 10 T 2
SREI2 T 2 SR UL SCERC12 R T SyneNet™™ J7
P MBI A v P B B 10 U7 SR R A NI B
R R B AEAR SO v S50 i 8 HBCAY HOHE 4 2 i
SCHRAE 5 A 3R AF IF A2 B WA TF & A 1Y Voxcelebl
Bedn g AR A R 4y 07 Kl SR fE SCk (12 ]
R Fi IR AH [
3.2 LHET

AT MR Pytorch ¥R FE 27 ] HE SR 347 Iid &
AN B, e B T s 4 45 2k v i R) BRI m =
0.6, AT M 4% % A Inception-ResNet-v1 #HY, Jf:
FARHER VGGFace2 %038 4 - 1Y Wi I 254X & 3
iwba . W AR N B R T 5 PINs™ J7 i
1 SSNet ™ A [A] () T b B A 1 F W 4%k 5
DIMNet-Voice™ 77 140 8] (4 45 ¥4 . 34 FH 4E Voxcelebl
bRy I GRAT AT ) B A N R AE T R AR
it 4E B 256.
3.3 LB =RIFMHIER

Ry T A TSR A S5 s A RO AR SO T
A4 FhAS [6] 1 5 N 1 DR AT 55 4 ) o8 5 R A 0
UE1:2 DERC 12 N PRFC LUK B B S K R AT 55
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D) EERAS IR

S R Rl ok =R 2 VM N A 3 Wan | 7 oy
BHE  F W2 B X A 8 TR — A PR AR v
K HI AUC fEAE Ry AL F8 5.

2) 1:2 PLfg

PRI 12 SRR RAR 4 0 1 sk N R i 2 2%
EERE. 2 FIEEBEET RA 1 K58 EMAR
B R @ F i — A A B AT 45 2 T 5 45 8 I
i P1 e DG TC P 08 4% 18 8 B0 0 7 B 5 AR SCRR 2
A B 1E % (face to voice, F-V) F 1:2 DGR ;&
UHh, 7T L E i B AR (voice to face, V-F) F
1:2JEELF-V R 1:2 BRI VCELA V-F F 1:2 B4
A5 VC L 359 5% FH B 4 w1 D T 9 6 2R AR Sk B4 48 b, DT
[RGRTE S e NIAL IR

3) 1: N PChg

PSRN DU 212 DEFRCAT 55 099 B A
EHALRFEAREY N E N D HE N Y
TR AT 55 10 X L 4 A O 1 R W] A L 12 N DR FC A
A 245256 5 349 R FH DG e e B SR A R DA F6 .

4) ERSK R

PSSR RATL S LA — 2 M REAR S 4
JE 1A 1R AR DG JC DR T DG AT 55 3 B B KL AR SCR
FHBEALES 2R (Chance) 1E i 2 UK S I F) 1] 5 i 19
0 B HE R B (m APV A ZAT 55 (9P 5 5.
34 ZHNHER

ST R AR SOk AR R B RS A R OR 1 A AL
P A SCOB HON T 3.3 AR R B 4 BT 55

D) RS IUE

TEE RS IEAT 55 b AR SO 53U 5 ik iy
SEEREE RN g 1 pros. L U A R ERA
G =R ORI FNE A O S I AR B WO L RN N

e P AN R ok F PRSI AR R B 2 S L SN
2 v A IR AR X R A I PR R B R
FEFE AR B 2 S A7 3 b B A 0 o g A
G 1 A o ok B AR ARG 2 S 0L GNAY
3 R A T 0F T A NI PR R B R B
o R AR R AR A 2 A

Table 1 Comparison with Other Methods on Verification

Task
®1 EREAEEBRSKIEES EHIRERITIEE %
ik U G N A GNA
PINst12] 78.5 61.1 77.2 74.9 58.8
SSNet21] 78.8 62.4 53.1 73.5 51.4
DIMNet-1C5] 82.5 71.0 81.1 77.7 62.8
DIMNet-IGL 83.2 71.2 81.9 78.0 62.8
ATk 85.1 69.5 84.9 80.3 63.5

T SRR B SRR b 1 SE R A R

IS 56 25 B AT LA 3] A SCH IR AE S A A b
fR 45 IO 36 bR LT 4 T R R T BRI BUS T R
R 55 LS 0 TR 45 2R 91 dn, A SR VA AR U N
AT BB TR T BA O ik Y B S I IR 45 2R TR
1 7 T S A B At A L AR SO v R A kA
“GTardl ) R IR AN 55 5 3 U BH A A5 B AR A
PAT BB AR 55 A B .

2) 1:2 ILHEAT 55

TE 12 DEFCAE 55 b A SO ik 5 8UA J7 1 1 52
25 X e 2 . SEge g5 R 1: 2 DR ICAT: 55
HEF-VHI“V-F"2 N ILEL g &, 0F B YU~
“GTENTHIGNAR R A & S5 %7 5 15 25 0 0IE 8 43
HR—B AT R 2 MR R T
WA T3 R WA SOy vk B B0 1 6 i

Table 2 Comparisons on 1:2 Cross-Modal Matching Task

K2 BESINEEEZSEMNTEXNHER %
F-V V-F
ik

U G N GN U G N GN

SVHF! 79.50 63.40 81.00 63.90

Horiguchi’st??] 77.80 60.80 78.10 61.70

Kim’st? 78.60 61.60 78.20 62.90

PINs[12] 83.80

DIMNet-10%] 83.52 71.78 82.41 70.90 83.45 70.91 81.97 69.89
DIMNet-1G5] 84.03 71.65 82.96 70.78 84.12 71.32 82.65 70.39
ARSIy 85.18 72.17 84.77 70.82 86.85 76.05 85.70 73.10

T BRBOE SRR b i SC R 25 R
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3) 1: N PCHhg SCHBETER SR RAT % LAY R BT i 48 5 B HL K

Kl 4 s T AR SO i 5 TTIEAE 1+ N L
55 L1 S0 45 R 0F o I S 25 R RT LR B, AR S
TIE TR AL F-V7 L BT 55 13 J& A2 V-F 7 IL fig
155 LR BB 7648 N BUR(E R, A
SRR BATIIR e H AL T7 ¥k 47 R AR SOOI A T
A T7 3% 7T LA G e e — 2 L A IR R )T 55
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80
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504 _

407 o Chandé ~~ .

30 -=— SVHF

20 |-A- PINS

- Kk | )

3 4 5
BB AR N

(a) F-VI{1:N LRSS F

F-VHER /%

-#- Chance
—# SVHF

V-FHERG R /%
3

60 -A- PINS
551 —e— ArUyik
50 1 1
2 3 4 5

NIEHEA S N
(b) V-FI¥1:NUCFCSE 5

Fig. 4 Comparisons with other methods on 1: N

matching task

B4 AREJFEAE 1N VERCAE S5 [0 S 06 45 SR X L

4) BERRESA R
IR TAXHEGIA T EAEBBEES/RER
1T 55 b Y 52 30 5 SR 0 b N SE B 235 SR rh i) DUE HY AR
Table 3 Comparison with Other Methods on

Cross-modal Retrieval Task

R3 BUEFREBERSRRES LHIEXEE X%

mAP
VRS

Chance F-v V-F
Horiguchi’s™?%) 0.46 2.18 1.96
DIMNet-1% 1.07 4,17 4.25
DIMNet-1GL5! 1.07 4.23 4.42
VFMR3[13] 2.15 5.00
ENS @RS 0.73 6.14 6.96

TE R BUE R Bl i SE R 2R

S IR TR B X LG Oy kL TR, S5 45 R 4y R
B AR SCHE H B BB A A5 R0 20 NG — o 3 B 14 3 X
Sk Rl AR SO AR “F-V7 HI“ V-F7 1 R 3% 5
(R B OL T A Tk R WY T A SCT7 Tk i A Bk

PSR BRAT 55 2 1+ N VSECAT S5 0 R, B 18
Bk BRI N AR N<<5)H P
S A AR A, [] of fo 3 A A rp DT AR AR B i N,
W N —A B A~ Q<N <N, K i AF %5 4
J3E o 8 i TR P, A R T 1 R R 2 2 R
E[ N RN Y Y 0k i S NG| $ 5 R & £
T RAE AT 55 b0 3 B0 3 AN A A7) S — Tk A
1%

FEMNR A LTI 4 A 36T A 18 5 1) B B
ABUCEAT S5 AR Ok L S B B ik, %
BA SO A RGP iz AL e BE. o T i — 22 10
R AR SO A9 B B RS R A ke, 1 5E AR
SCTR S R ALk E T 8 AN BBk 40 A
BB s B T I ) R R R AT Y R
)i R A -SNE™Y H AR X 42 BCAY H5 AF 28 47 0T 41
b, AT AL S S an & 5 s, a] LB F] [ — A A
T REAR NG IO ()38 5 AR AE R B T —R L R RN i
TR AR X IS A O 5 R AE R B A L 3 A R A AR
T3 vk B BB Y 15 A S 26 TR B A B o ) 531 v R T
oy .

E
0.8 '
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Fig. 5 Visualization of the deep voice embeddings
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4 HELS

T IRFEA SO Y A AN A AR 22 R 45
Ti) TG 2 451 2R A B L i 4 2 O A 7 iy X R B
SR AR SCEE T S R AR B0 AIE 1+ 2 DR L 12 SUE T A K
PRSI AT A5 BT T — R Rl 7 5L 58
4.1 ZHETMTEE M % #20T

N RTE 2 RS I Bk 22 M 2% (MW RN X 4 7
FBLAY R ARSI B LR 42 i 45 (SFO) (RUZ 4
EAE (DFC) DL R 51 A B 22 1 5 19 U 42 3% 42 9 45
(DFC-R)E#t MWRN #4752 85, 76 4 A AL 55
RS A R AN 4 PR, A LU BE . S A B iR )R
Boh 12 E] 2 R BRI BT BT T R R
TR B4 I 2% S I R R DC 7 5 51 A Bk 22 i 4 IR R
Y0 R BUA IR B T 3 W B 22 3 45 mT LAAR B 3t fige
R b AR T s e 3 A 5% 22 3 4 7P 5T 2 o] B A
e o AR e B AT — B Y 2 T L R A AT 27 )
{19 206 T3 PR 1 T L3k — 25 M DRl B ) 2% )1 e 2
N7 A B3R B A A SRR L TG A8 8 9 285 Wi S T AR
A {EL.

% 4 Cross-modal Matching Performance Performance

Under Different Network Settings
Table 4 FEAMSGRE THBNBERSTRERE %

o 4 i Y5 iE 1:2 P 1:3PLfL R
SFC 79.89 84.95 74.24 5.80
DFC 77.17 82.99 68.89 4.06

DFC-R 85.22 86.32 76.06 6.43

MWRN 85.11 86.85 76.97 6.96

T BAR B SRR e b 1 SC R 25 R

4.2 BIIRKRFHZME
AR R AR SCHR H A R ) s 4 B K (Bi-Q
55 FID i 2 % LAY SR B S L [ 6 JE R TR
SCAR LR RS [ 461 2% R 50U i 7R B0 TE 4 1Y 122
DC e AT 55 o i SR AE | 15 %8 A 1k i 2.
AL 2, 0k 1D 5 2 i Bt 35 1 25 58 %5k
o1 T, AT e B AR BR R AR LT H R
FIIEA R AT 5 BBl R FH WL ] 5T 20 458 2k ) AL
B JFANYSCSL; S4E 1D #5125 0] Fooc i ik 45 &
O i st o AR AR M M 8 1, IR B T R4S R B
FWIAERB T Grad B bk A B 0y 1D {5 B AT DLGRUE
BRI S il B2 00 B T o £ R S RSB

90
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5t
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70 |

651  —a DI
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ss L BB
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Fig. 6 Performance of our method with different loss
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Fig. 7 Performance of our method with different m
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e MU [] AL A 20 36 B 30 sl 91 L AR /D o 2 B AR ST
J7 3% m WUERIR WA R, BA B AR .

Bt X i N ST DG IE Bk A R, AR SCHR T
— TP &5 XU 0 4% R 0L 1) 1 6 2 48 2K 1) B N K i
TR S HE S (0 P 2HE Z 25 2] 9 25 458 285 5 ik ]
IER:INA IR REA LN e e il A N R B g (/N
T4 N80 4R RSB a5 SRR A SO
F4 0 245 A5 70 BE A% X6 AN ) 3 53 40 NS AR MUl R A7
RS HRTE SR 3 IO 1 6 1 780 28 2572 A AR A
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