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Cross Modal Learning Method of Speech Face via Single Stream Network

ZHONG Fang-hao, BU Fan-liang” , QIN Hao-ming
(' School of Information Network Security, Peoples Public Security University of China, Beijing 100038, China)

[ Abstract |

still face challenges in reducing computational complexity, model light weighting, and efficient feature fusion. To improve model per-

Existing methods for audio-visual cross-modal association learning often adopt a dual-stream network structure, but they

formance and enhance the efficiency of cross-modal learning, a single-stream network-based approach for audio-visual cross-modal
learning was proposed. Firstly, preprocessed data from both modalities were fed into a single-stream feature extraction network, where
a class-information-based loss function was employed to learn and extract feature vectors from both modalities. Subsequently, attention-
based feature fusion was performed on the extracted feature vectors from both modalities. Finally, a combination of cosine similarity al-
gorithm and cross-entropy loss was used to learn the association between the two modalities, thus completing the cross-modal association
learning task. Experimental results demonstrate that the proposed method achieves promising performance in audio-visual cross-modal
verification, matching, and retrieval tasks, ensuring excellent performance while considering the lightness and flexibility of the network
structure.
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EAE55 2.4.2 HREMHRERIE

2.3.2 HBRSIEAR

TR - N I 5 A2 DE e A 45 18 - A R (voice-
face, V-F) F1 A} -15 ¥ (face-voice, F-V) W Fl i 5,
V-F ST 1: N JERC 248 25 2 — Beifi & Al v
IR EUR W B 8 A0 b WE— sk A RS
J& T F—80, F-VIEL TR 12N ICEORFE A E —
SR R A N B, W I sk K R A
AR — B iE 5 8 T — By, PIAPIGE DL 2 N NV
ANFEA T By 5 R DT A A 8 T [ — B Y o —
IE, PR TP bR 1 34 R B MERf M (accuracy, ACC)
{H R AR bR , ACC {H 7R IE B VE L I AR A £ 5 6
FEAECZ L BOHAE B s BERLAE DL AT 55 1Y
PEREBLLT
2.3.3 HHAhE

PSSR RAT 55 R AR 40 8 — B B — A
A, T — MRS AR PR R 52 )8 T e — &
Dy R TEAT , AR A A A 2R 485 SR 0E 38 1 A AL B i
FPHERF o PR A 0 2R P 9 E 0 2R X {E ( meanaver
age precision, mAP) N ALFEAR, mAP ZESH BT
HERR AR BT i, B B s R B AR RAT 55
R RE LS
2.4 XFLESEIE

AR L g R 5 T A B AR
T5 1 5 AR SR H 0 25 T BRI 2% 100 1 - N T A
B ITEHATRE
2.4.1 RHyMEHAESIEIE

X voxcelcebl s 4E (1) R 4 2 A 4E | o ik
SEARHAAR AT N DGt SRS LT, A
SCHE M YT BRI X 48 I - NI IS S 2] T
TEFIIAT B BAT AR (4 J5 B AT 08 L 92, L4
AR 2 s, N 2 vl i A SCHE T EETE R
SrHEEASRUEAT 55 T BRAR T AR, A
TS5, RIEHRIE T R AR PERE, 5 A SR
A PR ARIPERR AR Y

R2 ROBABESHIETRER
Table 2 Results of ungrouped cross-modal

validation experiments

Jrik EER/% AUC/%
DIM Net 1] 24.9 82.5
Learnable Pins['!! 29.6 78.5
MAV-Celeb[ 29.0 78.9
Deep Latent Space: 14] 29.5 78.8
Multi-view Approach!2°] 28.0 —
Adversarial-Metric Learningizﬂ — 80.6
ATk 25.6 82.5

T " AR LT R B AR S LR A AR R LB AR A 2 AT
IR AT IR

XTI AR A 0 7 2 B e B, AR SCHR Y
LT B R0 2 1 T8 - N B A2 2 ] O i R BLA
AT SRR Y 05 1 R AT X e 2, L R N6 3
s AR A F AT AR (G) | FEFE (N) FI4F
I (A) LRI AL (GNA) o SRS R R, A
SCHEHR I TT IR AE A A AR A F T I MR R LR BE
T RIFRITERE,

3 AREHEESWIELKRER
Table 3 Results of cross-modal validation under

constraint conditions experiments

AUC/%
VRS — -

4531 55 AW GNA
DIMNet-1110] 71.0 81.1 77.7  62.8
DIMNet-IG! 0 71.2 81.9 78.0  62.8
Learnable Pins!!") 61.1 77.2 74.9  58.8
Deep Latent Space!'*! 62.4 53.1 73.5  51.4
AR5 68.8 70.8 76.9  58.2

2.4.3 BHESEER

XEFIRE - 12 N BSRCSIERCRAE R N3 4
K 6 Pz, Zead X SEB 5 R A, ol LAOWEE B Bl %
FEA I PR REAS SRS T, RS AE AS 22 8] Y T i
SEREALAR R I, DCBCRT ERPSE B I, SEER sl R
TW] ASCIHR T IEAEA R N A TR LT
BA MR R AR B L O TERE

F4 BEELNLESIEER

Table 4 Results of cross-modal 1: N matching experiments

V-F/%
FEA%K Learnable Single Stream VNG
SVHF®T X Dim net!10] -
Pins' ! Net! 4] ik
2 82 84 78 84 83
4 61 54 56 65 64
6 49 42 42 52 51
8 43 36 36 44 42
10 36 30 30 38 37
90
= RTi ik
b ~e—SVHF
80 —A—Learnable PINs

—v—Single Stream Net
—o— DIMNet

| &

7 4 3 8
PNGALEE S eTE S

El6 BEEES 10 N CEISERXT L

Fig. 6 Comparison of cross-modal 1: N matching results
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2.4.4 BHEEKER

PERA R R ARG 45 0 BRI AL 0] LAy R R
BT BRRARE A (V-F) 4 @ G R K
RIEH R B (F-V) , PR E PR R TR
FEA ) S 2% 22 6 (o A5 B B A R 2R A 45 %) X A
B HAB S ST 55 B

nzz s mE 7 gron, B 7 HEEEES KRR
Akt AR

Zad NS EE 0 B, AR ST R A R Y
S mAP Ry 7. 24 TEARAC I L8 S5 40 BRAGT 3 2 2%
JE ) [ B BT B 7 s A B L, FRIH T AR SR
() 30 TSRS AT 55 oA ek

K5 BESHRIBER

Table 5 Results of cross-modal retrieval experiment

ik mAP/%
V-F F-V
VFMR 2 4.70 5.47
DIMNet! 1] 6.22 6.65
Bi-Pem-FST!? 6.36 6.04
Deep Latent Space'*! 6.87 7.57
AR5 6.92 7.55

2.5 HRRSEIE

T UE 3 T B ML AG R Rl AR B A
FOP $5t 2 B He X6 55 784 4 B 19 52 Wi, K] - Voxcelebl
B ARSI B A ST SEA T I Al S 58, AR
A CHVE S - NGB S IR 1) S B0 25 SN S ik AT
ST, SRR AR ANER 6 PR,

R6 HBMXEER

Table 6 Results of ablation experiment

B AT P AR YO UE S
THRALSLE 4 H
EER/%  AUC/%
PG4 + FOP 5 e #i 28.5 79.8
PR L% + FRAE A + CE 2% 27.5 81.6
A + FRAE AL A B + ASZARRUERIL 30.5 77.5
SE LAY 25.6 82.5

R B &
[ s [ Es

M6 Rl LA E5E 4 MW B AR Ay — A
R SR A 2 G ol BT, 55 o8 B RUAR 1L,
R RS Y ) T R P A — E R JEE 9
SRR EE R S M , B A i 4 R 45 A5
KA, R GE, £ AR R A A
FOP $ 2% R BRI e 2 45 RARA — 2 Ak

3 #Fig

FIR b R Ok 2 1 2738 8O Tl - N B
RS ) BURI T, L5 SO & - NI AR SR 1Y
SRAE LR RE A B2 71 | R0 2% 45 4 B9 D0 Ak A e 22 Fif
B 9, EIRTRH R A R
PHIBA Y LUK AR 2 ) P BAAE T A e A AL g L
ZIE R TR AR T S AR TAT  9F HAETC
Beg ) EITRN TR A B T LA 2 S5 A
R 22 Tl 7 JH 7 57 4R (A TR S 4% 2T 5 T I 7R 1
PIEZ L E e R R FAY

ARSCHR T — T B R 285 (4 - A S
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RIS S 3BT T 285 e AR B IRSZ IR
TR ] BEX AR AL S 7 A TS e, B
W28 SR — A R A DT 58, PHAR SCRYRFAIE S
Q2 A 17 BRI 19 245 A5 AR R K PR AN o 0t
PIREA TRAESE I, A 1 R B2 1 M 28 R S BURF Al
[ i, Ty Al 1T 25 2 TR Nk P 0 25 T T T T MLl
ARSI R SR, HUAR e Y 1) f R ol
1] BTG 21 f) Fp 18] 28 AT AR 21 500 = 5 1945
AP ARE 22 1] 4 DI s foeJr T 1 AR s MEHBURE it
RS ZE SRR AR R R pREL, A ZAR A 15 K
Sk GA R K 3 ) 110) S MBS T |2 & S e G Re
RN =IO ) 2 4 SR SN 2, A SO ik
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Fig. 7 Visualized results of cross-modal retrieval
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