AT % M5 9 W it = Bl 2 # Vol. 47 No. 9
2024 4F 9 A CHINESE JOURNAL OF COMPUTERS Sep. 2024

/.

ETZES-ARAXZTEFEINSIES
MR- S iR TSt AR B

wkED BEA4Y EREY O BT O OB

VO TR R LR S AR B 310018)
D OpEB AR KA BB AR A 230026)

T OE ORSCE R PR A 2 0 T SR B A S A B ) AT AT O . A B AR I AR A 2R A A 5
B B — 8 5 BEAT B0 L AN D B S R R R TR I SO A AR AN RE R R R S gk
H AR & 09 U1 258008 I 35507 I 25 b 2l 57 (R A0 T8, 3o {off 7550 0 AR s bl s A s b i T B S A RS, iR
R E M ZIEF BT RBHRA XN Z BT ERESKRROLHATT T RIFWIEA. A THILZETERS
R 2R A1, A SCHEE T — i B A 2000 3 T 2208 & -0 08 A 28 A] 2% 3 1 218 5 SCAS -0 000 5 AN A R A AL R
)1 5 5 005 A5 WS B JR] — 2 s i) %8s U] AU AR 30 0 S B 40 3 5 R TR) I 0 5 1A AT R 57, DAL S 2
BEEESHF] HLET TR W ETFIER HH MR T 2EF WRRTRIFHRR T A 1T
WERVE SEATIERE AT R E =AM gt 5t T R ME AR, W, 76 238 F R B 2Ub A A TARE S 2
[F1) F) 0 368 PR T B M RN TSR T SOACRRAE 33K 1 R L 5 I AR SO i 5 A 51N T 3k TR B ST b
Ptk ke i — 4R T R R BSFRAE 9 R R A8 S1. 78 VATEX . MSR-VTT Z1i5 5 54 4 1 5258 09 505 uF
AR SCASE RS A BE 5 ] 0 PRt 38 T 2R SRR AT 55 AL RE BB 28 1 L FE 8 W DL I B AT 3 5 R
BRI T AR L, S0 VATEX il MSR-VTT 76373 [l 3 b4y Ml T+ 1729 5. 97 % fl 1. 37%.

XBHR ZETEESKER ERSRERR X E
hEESES TP391.3 DOI S 10.11897/SP. ].1016. 2024. 02195

Multilingual Text-Video Cross-Modal Retrieval Model via
Multilingual-Visual Common Space Learning

LIN Jun-An"” BAO Cui-Zhu” DONG Jian-Feng” YANG Xun” WANG Xun"
Y (Department of Com puter Science and Technology s Zhejiang Gongshang University » Hangzhou 310018)
2 (Department of Information Science and Technology s University of Science and Technology of China . Hefei 230026)

Abstract  This paper focuses on the challenging multilingual cross-modal text-video retrieval.
Traditional cross-modal text-video retrieval models are usually designed for a single language,
such as English, and only support text queries in a specific language. If different language re-
trieval requirements are encountered, training data for the target language needs to be collected,
and a new model needs to be built and retrained, which makes it difficult to apply the model to
multilingual retrieval tasks quickly and effectively. In recent years, research on multilingual

problems has gradually deepened, laying a solid foundation for the implementation of multilingual

Wk B3 :2023-07-04 s FELR K AT H - 2024-06-12. A PRAAS 31 i VLA “ 4 57 GURE ™ BIF & G131 51 H (No. 2023C01212)  #riL 48 ZE Al 2
7 H AR B I 4 (No. LGF21F020010) 28 /\ i o B BH & 45 A A F648 T2 30 H (No. 2022QNRC001) ¢ . #h#8 e , 2 1, 3 SR 5 40 35
HEERE KR RS A7, E-mail:jalinux@163. com. € 247 LS — &) 84, YR, o TR 2 2 (CCF) 43 51, 35 % F 58 43
NS S RS . R GEAEIEE) A5 B P AL & (CCP) & Bt £ B RF 5T 40800 22 B R B 3+ B ML 52
B R RGO R R L2 S (CCP & B, RS Ie 4o IS R BT S 4 . Z A N A4k B, £ B i g b
FEHEHLAE 2 (CCP) 23 A, R BEWF T A B 3h B 1155 S 3.



2196

L
£

it B il

cross-modal retrieval. In order to solve the problem of multilingual cross-modal retrieval, this
paper proposes a simple and effective multilingual text-video cross-modal retrieval model via mul-
tilingual-visual common space learning, which maps different languages and visual feature to the
same common space, this space uses video vectors as anchors and aligns them with different lan-
guage vectors to achieve cross-modal learning in multi-languages. Thus, a unified multilingual
learning framework was established. This method uses only one model solves the multilingual re-
trieval problem, and explores the performance of the model in the three training scenarios of non-
parallel corpus, parallel corpus and pseudo-parallel corpus. At the same time, the interoperabili-
ty and complementarity between different languages in multilingual modeling are effectively used
to make up for the lack of monolingual text feature representation; and a robust learning method
based on contrastive learning is introduced in the text and video ends, which further improves the
representation ability of different modal features. The experimental results on the VATEX and
MSR-VTT multilingual datasets demonstrate that the proposed model can not only be applied to
multilingual retrieval tasks simply and quickly, but also the model performance is outstanding,

compared with state-of-the-art methods in pseudo parallel scenes, Chinese VATEX and MSR-
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VTT have improved sum recall by approximately 5. 97% and 1. 37% , respectively.
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TEREE LS4 T 15 RE E A S AT 08 R R = Fhidg .

OVATEX"" . VATEX Jy XUi# 3¢ 7 W59 % Hig
AL 41250 PSR AN 825000 /> Hi 1A H 45 () 4]
T BB BEXS I 10 AN IE AT A 10 A sc
M. 5 SCERC12 48 R A EoHE AE AL, A 25991 A
AT R Bl 25, 1500 S A8 7 B3 ik, 1500 > 4043
Jr B, 56 uE A K 4R 2 58 i 3000 AR R B
5 UF R BE ML 43 AR A5
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AR L4 BT 200 - 2~ S s (8] 2 o 1 2230 75 SOAS- LI BE 25 A R A 2

2201

@MSR-VTT" , MSR-VTT N B iF 37 W i
B 5256 43 Ry rp S A i) 0 A SC A o K
o N 5 SCERCO AR ), fdE 4T 9000 A 1000
(ORI R B FH 1 5 R0 3, 56 F 4 A 3 4 A ).
YINZR AR v 1 v SRR J2 Pl B8 42 5 0 9 SCb 1 3 3k
A WRE AR i I A b Y v SR R0 IO R
N ThREERAF. T SC A i) R 5 SClk (33 140 A, fiff
FH 7010 A1 1000 ASREA B TN fn . 76 BR
YIS A A ) i 1 25 4 BEAILAE B T 1000 A~
PR R B T A e 06 R 4. 56 UE 4. v 4 v SC ) 4k
A1 2 PR B AR R IR S SR Y 3 A TR R I Ok

(O VF bR, BT HEF P MM 46 45 R@
K (K=1,5,10) . {7 (i 8 (Med r) FI°F- 34 58 (mAP)
KA TERE. R@K &R K 7 1E #f K6 R /Y 2 i)
8. B R@QK . mAP FEAE Y Med » AL
PERE. AT O E RREL A, 4 T 3 R R
(SumR).

(3BT, SCAS vy 81 Ak 35 N iy A B i) e
W /NG MBS VATEX R T8R4 R A
P E Y 1024-d 13DV AR S I 2 A0 A0 4 AE
MSR-VTT I ffi F§ ResNeXt-ResNet™* 1§ Jy Fil Il 4
PUATRFAE. AR 48 SCHKL 10 109 2 B0 R etk 1) = o8
AHEF RS E m B8 0. 2. Y% BatchSize
K/NH 64, epoch BB E N 50, PEREILALE 20 ep-
och PNk F| 5 , i i) i~ Tesla V100-32G, fifi
F Adam B BEBLES BT [, 9 1R 2% > %y 0. 0001,
Jf2R I SCHRL 131 2% > S a8 J5 1k, B, & epoch
Je B2 2 e 0. 99 19 IR AT R, A0 SR AR 1
TE 3 4~ epoch WA LT NP 222 R F L 0. 5. [F]
ISR I AE 10 4> epoch PNPERE AT 42 T, 45 2 fik
% early stopping, 25 Bl Z5.

4.2 Mgtk ES S
4.2.1 ZWHF AT AT IR B SR M e R
S P 220 T AR Oy Hh SO S R
H.OSE AR SO 5 MMP-Y il NRCCRY i
17 A MMP €3 T 215 5 MU SCA R & T A, i
NRCCR % F AT 218 7 0 SCA R R TAE.
[ Bt 6 BT NRCCR SCH T 48 21 114 B35 000 S A
BRI, wdE Wa2vvs  VSE+ +1 Wavv +
+M | MultiHowTol00M™ | CE"" | Dual Enco-
ding"”’ \HGR" .GPO""™ #1 RIVRL"" ,SEA"" . %
YEF T R R — R AN AR SR A T TKVTR™
TCE™ \MEE™" {75 . 76 B B¢ fE % b, MLVC-
SL % R flfi T A7 W v 52 9 A N T35 5 pr v
AL, MLVCSL £ A 7 A AR T FAL 2
PRAT BB P T-A 7 18R R I 5 fe ¢ A A
(DVATEX 580, % 1 5% 2 X T R R A
1024-d 13D A R TN SRR AR REAE 19 7 3. S T
5 AR A R AT B A, X B MLVCSL 1 Sl
SRBCHE B R 5 IR & SO ZRBOHE A 58 o A TR R AR
5. 7€ VATEX il {4 b i 5256 an € 1 i,
SEES X H T L NRCCR 2y 8 9P AT 18 BHE I 251
FERL, 526 25 LR B 5 NRCCR M H . MLVCSL J7
2 SumR PEREFEARHETE T 21. 8. i A 4l R 4R A
TARIEBGE IR A BT, MLVCSL * AH3 % i
B MLVCSL MEREFEFR SumR #£7F 7 20. 1. X 30
i Y 200 IR A B TR A 218 5 RS
R AR AL A P RE. X T A Y PR OE B 2 R R, AR
SCHERIE H A . 3£ 2 JBR TH#E VATEX #3Ci
WA b0 S 25 3L ML VCSL #5578 4K 1H BE J2 B 4%
GF R MERE UEIT T AR SO YA AE 218 T M SCAR KR
A AL

Rz 1 7 VATEX ERyXRIERM

. Text-to-Video Retrieval Video-to-Text Retrieval
[ - - - - - SumR

R@1 R@5 R@®10 Med r mAP R@1 R@5 R@10 Med r mAP
MMP w/o preftrain[ﬂ 23.9 55.1 67.8 — — — — — — — —
MMP!®! 29.7 63.2 75.5
wayvt 5.46 12.3 15. 4 298 9. 20
VSE+ 4110 21.1 48.1 59. 6 6.0 33.72 34.9 67.2 77.5 3.0 21.76 307. 7
W2vV+ 20.5 18.3 59.5 6.0  33.40 — — — — — —
MultiHowTol00M H* 13.7 37.1 50. 4 10.0  25.32 23.2  53.1 67.3 5.0 14. 62 244. 8
CERH 20. 2 18.5  60.8 6.0  33.48 31 63.5  76.7 3.0 20. 2 300. 7
Dual Encoding"*"” 23.1 52.1 62. 6 5.0 36.32 35.6  67.9  79.3 3.0 23.98  320.5
HGRM? 14.3 37.0  47.5 12.0  25.10 27.8  61.0  72.9 4.0 15.5 261.0
GPOM?! 19.5 46.9  57.8 6.0 32.20 33.8 659  77.3 3.0 20.21 301. 3
RIVRLM™ 26.8 56. 5 67.3 4.0 40. 35 38.3 71.1 80. 9 2.0 26. 62 340. 9
NRCCRM! 30. 4 65.0 75. 1 3.0 45. 64 10. 6 72.7 0. 9 2.0 32. 40 364. 7
MLVCSL 33.1 67. 1 77.1 3.0 48.18 46.7  76.6  85.9 2.0 35.40  386.5
MLVCSL” 36.3 71.3  81.2 2.0 51.69 49.9 79.8  88.2 2.0 39.26  406.6
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R2 7 VATEX EREXLBR RN
Text-to-Video Retrieval Video-to-Text Retrieval
5 7Y SumR
R@]1 R@5 R@10 R@1 R@5 R@10

wavvytt 14. 6 36. 3 46. 1 39.6 69.5 79. 4 285.5
VSE+ 110 31.3 65. 8 76. 4 42.9 73.9 83.6 373.9
CERH 31. 1 68. 7 80. 2 41.3 71.0 82.3 374.6
WovV+ 41 32.0 68. 2 78.8 41.8 75. 1 84. 3 380. 2
HGRM? 35. 1 73.5 83.5

Dual Encoding"?"’ 36.8 73.6 83.7 46. 8 75.7 85. 1 401.7
TKVTRM? 37.8 74.1 83.8 49.3 78.5 86. 5 410. 0
RIVRL! 39.3 76.0 85. 1 — — — —
MLVCSL 38.3 74. 0 82.9 50. 2 78.5 86.7 410.7
MLVCSL” 38.2 74.8 83.9 50.3 78.0 86. 3 411. 4

(2)MSR-VTT 5. # T MSR-VTT J3if
FUBEE S, AR R T P P AT R I 2R
MLVCSL PERE. 2% 3 w45 9 v 3ol ik 5 55 25
KWz Tt 215 F B8 NRCCR, MLVCSL

T MMP U 7E VATEX b k47 5256 H A 8, A
IR 5 HAE MSR-VTT 47 i SCI K A9 B4 L 42
FEFR A LA T S SE IR A5 L. A R IR AR G
F) 7 1 ER-Ad T AH [A] B ResNeXt-ResNet Tl 5. 40

AT RETE L RE b A0 7 43 Bk 6, O B T A A5 . 4 s, MLVCSL B9 SO M 68 o s e L.
%3 FEMSRVIT L PRI
Text-to-Video Retrieval Video-to-Text Retrieval
AL - — SumR
R@1 R@5 R@10 Med r mAP R@1 R@5 R@10 Med r mAP

w2yt 10. 4 18.7 22.9 153 1. 50 — — — — — —
VSE+ L1 17.1 43.9 54.0 9.0 29. 57 17.5 43.3 55.0 7.0 29. 86 230. 8
W2VV+ 23.8 50. 3 61.0 5.0 36.40

MultiHowTol00M 4] 13.2 38.3 52.9 9.0 25. 95 13.5 36. 2 48.9 11.0  25.31 203. 0
Dual Encoding™"” 19.5 45.9 56. 6 7.0 31.75 20.7  44.3  57.1 7.0 32.25  244.1
cEPY 21.0 49.7 63.4 7.0 — 19.6  49.0  62.7 6.0 — 265. 4
SEA[® 21.0 48.3 61.1 6.0  33.80 1.8 3l.2 42,4  17.0 21.90  215.8
HGRM? 14.4 41.4 53.3 9.0  27.18 16.2  40.9  53.3 9.0  27.79 219.5
GPOH 18.2 42.3 53.2 8.0  29.86 16.8  43.1  52.9 9.0  29.15  226.5
RIVRL! 24.3 51.4 63.0 5.0  37.03 21.8  49.7  63.5 6.0  35.46  273.7
NRCCR! 29.6 55.8 67.4 4.0  41.93 3.3 56.0  67.2 4.0  43.00  307.3
MLVCSL 28.9 55.5 69.2 4.0  41.54 30.4  57.8  69.7 4.0  43.07 3115

£4 EMSRVIT LHZEXLHRN
Text-to-Video Retrieval Video-to-Text Retrieval
155 7Y SumR
R@1 R@5 R@10 Medr mAP R@1 R@5 R@10 Medr mAP

w2yt 1.9 9.9 15. 2 79.0 6.8 17.3  39.3  50.2 10.0  27.8 133.8
VSE+ 41197 16.0 38.5 50. 9 0.0 27.4 6.2 39.3  51.2  10.0  27.4 212.1
MEE* 14. 6 38.4 52.4 9.0 26.1 15.2  40.9  53.8 9.0 27.9 215.3
W2VV+ 4 19.0 45.0 58. 7 7.0 31.8 16.9 42.7 54. 6 8.0 29. 0 236. 9
CE"Y 17.2 16. 2 58.5 7.0 30.3 15.8  44.9  59.2 7.0 30. 4 241. 8
TCE 17. 8 16.0 58. 3 7.0 31.1 18.9  43.5  58.8 7.0 31.4 243.3
HGRM? 21.7 47.4 61.1 6.0 34.0 20.4  47.9  60.6 6.0 33.4 259. 1
Dual Encoding"?"] 21. 1 18.7 60. 2 6.0 33.6 21.7  49.4  61.6 6.0 34.7 262.7
MLVCSL 26.9 55.3 67.7 4.0 40.20 29.8  55.7  67.7 5.0 42.16  303.1

4.2.2 ZIBFAFAERS SRR I

R T HEAT 20 T REAT I RIS 1 5L 56 %
. ffi ] VATEX # 3% 7 A P47 158 E. % VA-
TEX (il 2k 4 5 50 UF 5 (1 40450 F1 4 38 A 1 56 43 il
PR B 3 1T — #0843 FH A FH 9 SCHE R L J5 — & 43 A fiff

F b SCH IR A AN AR FE SE I R S il R R
Ll &5 b LA B 3 I 2 ) A5 TR 4 SRy e S0 SR 4k (EN
baseline) 5 41 3 3 2k (ZH baseline) ; ¥ A J XF Lk
g5k HAE TR 5 i A 17 206 5 15 BRI 2R
BT AE B 218 5 4k (Mutilingual baseline) ; T
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ARSCHE T IE T X e S r ke I 2R E A
ez i) G 5 20 E AL F 81T 20

WRHEA TSR, R 5 LEEERITLMUE T A X
BERITE A AT TE R I 253 50 R 89 A 2ok, a2

o

=]

L2 B R 7 N W £ o N T B = O 11
A Dy A SO B 5 B R T IR 55 T 4% Rl S Y
K AT 55, Xt 58 40 Gk W] 1A Y A S PR N T 3 R
e X

£S5 EVATEX ERFITSIEEHERATHIHRRN

Text-to-Video Retrieval

Video-to-Text Retrieval

B RV XS — o R@5  R@10 R@1 R@s  Ra@io Uk
EN bascline 25.2 54. 6 65. 4 30. 2 58. 9 69. 4 303. 6
Mutilingual baseline v 30. 3 63.0 73.7 40.5 68. 9 79.3 355. 7
MLVCSL v v 32.8 66.7 77. 4 44.5 74. 4 84.3 380. 1
ZH baseline 24.0 54.3 65.9 33.1 60. 5 70.5 308. 4
Mutilingual baseline v 28.0 60. 8 71.9 39.5 68. 6 79.0 347.8
MLVCSL v v 31.6 64.7 76.0 44.9 75.5 84.5 377.1
40203 FETRATRUMLBE Gt D 4 1) S 56 ResNet o, CNN ) #8457 Il 25 4 75 2%, B A1 76

A Y 0 i A R A AE 2 R I R B T K
e, BT iE— 2B IE AT B, A5 A
TR B oI R R &AL 4 5 CLIP, BLIP,
BLIP2 9 #1430 10 Il 25 4 B 2% 85 AQ R 5 ) &8 F

MSRVTT L4y 7 AT S5, 45 R a0 3k 6
7~ o R TR T 0TI 2 e RS 2% O A M RE L R B
TR K B At UE BT A B R RE A R
e AR B,

F*6 TEMSRVIT EHMXEERMEHRBI[HLIERT

" [ T2V V2T .

B WS @1 R@s  R@10 mAP R@1  R@5 R@o  map R
MLVCSL+ ResNet EN 26.9 55.3 67.7 40. 20 29.8 55.7 67.7 42.16 303.1
MLVCSL+CLIP EN 37.1 68. 4 78.3 50. 98 38.2 69. 1 79.3 51.83 370. 4
MLVCSL-+BLIP EN 34.2 66.7 77.0 48. 95 36. 0 66. 2 76.3 49.77 356. 4
MLVCSL+ BLIP2 EN 40.3 70.2 80.6 53.60 39.8 70. 6 80. 4 53.90 381.9
MLVCSL+ ResNet ZH 28.9 55.5 69. 2 41. 54 30. 4 57.8 69.7 43. 07 311.5
MLVCSL+CLIP ZH 36. 4 68.0 79.3 51.52 39.1 69. 4 79.8 52. 80 372.0
MLVCSL+BLIP ZH 35.9 66. 6 77.5 50. 06 36. 7 66. 4 76.9 50. 28 360.0
MLVCSL+BLIP2 ZH 40.9 70.9 80.3 54.28 40.5 72.0 79.8 54.12 384.4

4.2.4 LB Rl

AT MLVCSL BB sT k. S TR
TR 22 R L 43 Tk e S RN A S 1 M R R AT
TIHENIK , 7E VATEX | Y7 S 56 25 e an 36 7 fr
AR R F R SCIR B PR BE (1~4 17) . 55 2B R b2 )
B A PE REAH L (B 1 A7) o 3 SCAIHE 35 1 3 0043

T BEAIAE SumR &40 ¢ & T 5.7 RN 4. 2, fE i
(GR,5~8 ) M3 54 F T 8. 4 F113. 8, Z5 A ffi X
PSR ) 7] DLk — 25 P BE 46 A% SumR M 373.8
PTFE 386. 5,815 M 384. 5 HETF & 405. 0, X F W
P BITEA [FE 7 22 [ 2 BAMT R Horb 18k
B8 4 e ik e TR B 28 L A RS 3.

FR7 7 VATEX FREBERLIERT
T2V V2T
IR ABE MBI — o @5 R@10 mAP R@1  R@5 R@lo  map K
EN-+ZH 31.7 66. 0 75.7 46. 66 44.9 73.9 81.9 34.42 373.8
EN+ZH v 31.7 66. 1 76. 6 47.07 44.7 75. 4 84.9 34.68 379.5
EN+ZH v 32.4 66. 7 76.8 47. 36 44.5 74.0 83.5 34. 94 378.0
EN+ZH v v 33.1 67.1 77.1 48.18 46.7 76. 6 85.9 35.40 386.5
EN-+GR 35.6 71.5 80. 6 51.32 44.4 71.6 80. 9 40. 66 384.5
EN-+GR v 36.2 71.3 80. 7 51. 66 45.7 75.3 83.7 38.78 392.9
EN-+GR v 36.8 73.6 82.2 52. 80 46. 9 75.5, 83.4 40. 44 398. 3
EN-+GR v v 38.2 73.4 82.2 53. 65 48.3 76. 8 86. 2 40. 66 405.0
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4.2.5 FEAL -SNE n #L4k 43

R T E 2 B AR SO R 25 L 0 A B0 DA 5B
T RS P S b AR Y L B2 B SCA Sty A A0 it 1) %
L2 2] HEZE I A LA Ol LR X 42, I #E VATEX
AT T F +-SNE B9 mT LAk 2 A HL A |, BE AL
PEFE T 20 ASHIAT LA B X B A 0 SCAR I 4647 7T Ak
SrAr. WE 4 Frs, v LUE L MLVCSL #5881 SCAR
PRATT 27 AH B2 B 45830 il J P A 760 i 5 02, DA 78
1) & AL A5 5R B 4, D st ik B i 4 1 9 MILVCSL 45 14
A R

* YiLs
e 13 %
® HiE
» e
a‘%r
¥ -3
.
¥
o@};’*
(a) HEREBIA
* Y5
e L
x HiE
&
t %
L 4
- ™ *
(b) MLVCSLAELRY

4 FLEBEIAFT MLVCSL ##1 5 SNE 7] #
Ak CHL R B 9 AR R B AT IR T IR — 29

4.2.6 AR MR R A BT

7S S 4 5 A TR K R O MR A R . FRATT
& NRCCR™ B8 DU K J i # 0 (BASTCO) A 2}y % L
AL, NRCCR Ml 188 1) 8510 5 5 A S R R AR
U BB IF B LA 5 1 0 R 2 e RE ) 5 SR A AT A
R FRATTHE Hh AR A 2 B SCAR i A A i 4 6 L A
M EA B, RA1E VATEX L7 TR
Il 2 85 A1) I e 7 S 8, 4 900 ek A O 2 A ) g
R AN TR A I 2 BB - A AL 2 B R (i —h
3O FRAG B I AT« ff FV Uk BIL 4 B R (i —
HSC> i 30O AR R BRI R R, Sy T

TR B 107 R A OB E B S A RR R A R
+ 4. R HE M 2 R AL B, I DL S # 1S
FN YNGR R R, WA 5 iR, A SCHT R
1) MLVCSL A5 R 7 T Ff 5 T #4036 00 S 5047 g 1
. 76 M3 T R A A%+ + 1 8 [, NRCCR
B AR BE 75 W0 IR 400 1 S Al s R R EAR I
PRFE RAFRUPERE , DU TR T 8R4 5 s, {H AL
Tl 55 78 2 1) o 135 M 0 5 1) 2 W) )5 M B AR Ak 3l B
X BN TR SCHRE H MLVCSL #58 % F 8% =
A MR B T A R

NRCCR == BASIC == MLVCSL(# 3 F7H:)
y | 3647
Eeie S 3738
| 386.5
. i 3636
1 i B 362.2

| 384.7

340 350 360 370 380 390 400

SumR

P 5 YN ZRI1 I AS [] 72 IR 7 A P i H A

4.2.7 BERIKS RECE BT

Xof H Y ) Ry R AOR AT 40 . NRCCR &2 F
PERE SR FLACHS T I8 ) B R 210 5 A
BB, R IR ATTAE S 56 5 NRCCR #4717 %F bb. 45
E — ™ B SCAR A R A AR 1 S R AR
S i 3K P A SCAS R A HUGE IS AR AR 15 8 T 1.
o T PSR AR felE A (] 1% 0 A8 R A T B T
FT DA AR 120 BRI T R A SR AE RN 1T
BARSHCR A LN 8 B , MLVCSL 75 5
RE4 T Y [ i), 48580 Y 3 55 & A2 80 Al NRCCR
ST A 25 A8 K.

®8 HWEMERERNMTEFHOLR

N B R e
T
FLOPs/G Parameters/M
NRCCR 3. 10 187. 57
MLVCSL 3. 27 197. 40
4.2.8 BIAIKG R AE Sy 1

H T SE MM R B R AG R BE )L 6 B T
VATEX H BEHLIE £ 89 P A th 2 SCAR XS, JF R T
LB 2R I T =00 AR SCRERIAE vh e S0 R AR L T
A N ARG ZSCR L R TE B A 45 2R A L i = A A6
RGP FEA TN SCATE 1 L B ISCHE. it aT
UL A SCRE R A — 5 i HE bl T 1R 2 ) Y 38
WU ST — R B AR Y 2 1 T SO - B
SRR,
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HERE 1

(b) #Eifi: alittle girl is pushing a stuffed animal in a toy shopping cart

i — P HEiEsh RS
HEf 2

HEfL 2 Hefr 3

: a person skiing down a mountain in a ski competition

K 6 MLVCSL Zi5 5 B 2SR s 6

5 S4hiE

ARSCHR T — R — 1 BT 2R F - Ak
25 [H] 1) 22 18 5 SCA-JL A0 5 A58 25 24 2] fE 48 MILVC-
SL. fig fa B A &5 i BT 2 Fh N TR 18 & sl a
BPRIE F Ti JEOR W 3 5 i 208 5 A BE. B E
T TE SCAR 3ty 5 A i 5 | A E 2 2T BILD B AR R AR
W 1SR RN AR T 5 (A R A LA A AR AT Dy i 5L
NSRS (A 22 Bl T AR UE AT X 5F L AT LUA R s
2T Z I SO TE M S b k. 72 VATEX
M MSR-VTT WA 218 5 M SCAS 8088 5 1 i 58
B4 PR W A SO 35 TC R S TE (B A7 18 B 5
A RAEAEATIE B 55, ¥ R B T B4y 1) PE R T g
M 2R T R AR S . EARCRI T
PR 4k 22 5 AT 2 1918 75 55 56 K 50 IF 58 35 A% C
B,

2 % x #t
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Background

In recent years, related research in the field of video-text
cross-modal retrieval has developed rapidly. However, exist-
ing models are often limited to a single language, i. e. Eng-
lish, which has abundant annotation data. Faced with the re-
trieval tasks of another language, these models are often re-
trieved through model retraining or machine translation of
the language into English, but the former will greatly in-
crease the time cost, while the latter will introduce transla-

tion noise and reduce the performance. Facing the develop-
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ment trend of Internet diversity and convergence, the de-
mand for video-text retrieval models that can handle multiple
languages has been increasing.

With the deepening study, many multilingual video-text
cross-modal retrieval models are coming forth at present.
For example, MMP builds a multilingual visual text conver-
sion model based on Transformer, NRCCR solves the prob-
lem caused by machine translation noise through distillation,

and MKTVR realizes multilingual knowledge transfer based
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on CLIP. Different from the above models, the MLVCSL
proposed in this paper is a unified multilingual text-video
cross-modal retrieval model, covering different multilingual
application scenarios, non-parallel corpus, parallel corpus
and pseudo-parallel corpus. Solve multilingual retrieval prob-
lems using one model. MLVCSL constitutes its main model
structure based on mBERT pre-training on the text side and
three feature extraction on the video side. and establishes a
comparative anti-noise robustness learning method on both
side. Based on the above methods. this paper builds a simple

and unified multilingual text-video cross-modal retrieval

model via multilingual-visual common space learning.

We have also conducted extensive experiments on VA-
TEX and MSR-VTT, which demonstrate that the perform-
ance of MLVCSL is also at a relatively advanced level at
present.
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