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Visual-language Multimodal Pre-training Based on Multi-entity Alignment

LI Deng', WU A-Ming’, HAN Ya-Hong'
!(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)
*(School of Electronic Engineering, Xidian University, Xi’an 710401, China)

Abstract: Visual-language pre-training (VLP) aims to obtain a powerful multimodal representation by learning on a large-scale image-text
multimodal dataset. Multimodal feature fusion and alignment is a key challenge in multimodal model training. In most of the existing
visual-language pre-training models, for the multimodal feature fusion and alignment problem, the main approach is that the extracted
visual features and text features are directly input into the Transformer model. Since the attention mechanism in the Transformer calculates
the similarity between pairs, it is difficult to achieve the alignment among multiple entities. Considering that the hyperedges of hypergraph
neural networks possess the characteristics of connecting multiple entities and encoding high-order entity correlations, thus enabling the
establishment of relationships among multiple entities. In this study, a visual-language multimodal model pre-training method based on

multi-entity alignment of hypergraph neural networks is proposed. In this method, the hypergraph neural network learning module is
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introduced into the Transformer multi-modal fusion encoder to learn the alignment relationship of multi-modal entities, thereby enhancing
the entity alignment ability of the multi-modal fusion encoder in the pre-training model. The proposed visual-language pre-training model
is pre-trained on the large-scale image-text datasets and fine-tuned on multiple visual-language downstream tasks such as visual question
answering, image-text retrieval, visual grounding, and natural language visual reasoning. The experimental results indicate that compared
with the baseline method, the proposed method has performance improvements in multiple downstream tasks, among which the accuracy is
improved by 1.8% on the NLVR® task.

Key words: visual-language pre-training (VLP); hypergraph neural network; multi-entity alignment; attention mechanism; multi-modal

understanding

BH# 3T Transformer W48 25K 1) AR 15 & AL BTN S8 WA [ AR1E 5 AL BAT 25 DL S SN LA AT 45 P K
J8 TR B, 35 Transformer 9RL3E-18 55 2 B82S B ZR0X —WF SO AR ET 51 L T 732 B 70 2 2 2o, MLBE- 18 5
TRYIZE & TE MR I BB - SO B 4 b 7 2145 B B A S K Iz A RE T -8 5 B A RFIE R R, SRRzt
P B SR ARFAE RV A T 0 00 2 B AT 45 EAT O 5 7T B 8 3T RO 45 M RE .

P18 T A R E R R 5 S AN FF EER 8 PN R0 SCAE SCHEAT BRLAR, (BB 2 B RHAE (A A A& . X 55
S RIHPRR . i 25 LA, V2 BT RS 5 50 5 B K UL 15 5 22 S TN R B HE 2 4 3 1 O, L)1
75 2CR] 43yt B o I ZRF0 B BON R A7 20, B B 2 RS T SR AR AL T SR H A A T X AR )
H AR AT SR IR J5 5 SCASRAAE — R\ 2 MRS Rl o i 88 20 AT R -G 06T 55 T 3 81 3 )1 2 P 2 RS T | s 284 D)
F2 BB N UG AN SR AT U 25, 3% 26 )5 V2 o (1 2 A2 il 5 G #48K 2 55 Transformer' 45 ). Transformer 5%
W) 2 Sk E R A R AR SR A PR B AR I ARRAE, S ELAT A B G D A N B AT TRAL B, 12OV EA KT
FEHIISE G R R, AR B AR 8 JFAT TR, R, Hoph iz 08 F T TSRS b b b, A 70 73 i %t b~ 2
(7 15T 22 B RFAE IR A6 5. Li 28 N IR Yang 25 N PO SR P St 953 2 ) 2 25560 55 A B S 5 S0 AR 2 TR Y
FHIE, AR TG B 2 SRR R B S, JETTAC Y 2 BEASRHIE < 7] PR B9 R 1 .

LHT ERZ S TNLR L HET Transformer BYIEATHE, SR Transformer B 22 kit & b
1) attention map & I8 I T 5 P PRARFAE 2 [ AEABLRE 75 3, LA 3R 1) A2 20 AL 50408 o 199 79 S Ak 2 ) FRO R 55 96 R, T
DA IR 2 A S Z [ 0 5520 R AR 2SI 5eAE 55, SHE R RAMEEF XN R R, IBAETEH 2%
PREIR R AR (bhn, — & MR & L. BoRa. BB RAR S 2 A9, A SO IX MR R E £ TG
SRR TR R IR T0 AR IR 520 R R T 5 S IR B 0% R, R T 5T 5 I SE AR 5 06 BT 1Y 5 2 A
TRV R RYRFIE R AL R

B0 b A A, A S ARt T A 2% 1) 22 TO X S5 K 2 A TN 2R 070, A EE T — AR 1K B A 2 W 2% rhod
Tk 30 DA K 33 7 AT LR R R T A1 L, AT ) 2 1 VP S A 2 T [ 9 2R et ) v g e i P AR 24710 s, NIRRT 22 0
SR RN 5520 R EAT G B DR AR SO R P 28 X 5 5 N B2 2 AR A REIE Bl S s A R, DUSEI 2 S EUR 2
TG SEARRS 596 R I 22, AT 4R TR AL % 2 S B IR AE A e 7). [ | B 9 RO AR 1), 3 i e Rl 4 22
2853 S AL B A S AR SCARAREAS v 1445 JEL AT 7 ] A ) 3 T - 30 %o P A S ST L e o SR P 30 5 96 R EAT B,
SR i S I R AL A A A o SRR RO LB B S OSCABEAS REA TR . BN, 5, 40 B ER LAY viT?)
Xt R RFAEBEAT $REX LA K bH SC AR BERT S A ot SCAR T SURFAE AT R EX, $REUAF 2 (FIRFE 0T 0 A A4S 1 S AR
fE I B AT R e 2 W 2 1R g, e, i SRS DA K KNI U 40 Sy b 2 3R VR =1 s RN I 2 (7] 9K 2R 1R R IR B,
T TG R A8 42 0 . %o o 0 ) % e 1) AR B AR R DA R RURFAIE I R s AT 22 20 J5 , it B AR A 22 I 4 o i
RIS BT R A M Sl 2 B EE b 2 oo SR X 559 R 78, 1 J5 81t Transformer A1 self-attention %
i tH P 2 B RHE AT R & IR B TSR S5 head HEAT VISR, A SCRGE TSR 454 masked language modeling
(MLM) BA % image-text matching (ITM) M SZELAL 515 5 B M TRYISE. 75 T AT 55 200 rh, A SCERE T A5 7]
ZAT4 (visual question answering, VQA). S AT 45 (image-text retrieval). L% € 74T 4% (visual grounding) LA
K BARE S ALEHEFEAE 5% (natural language for visual reasoning, NLVR) #E47 745 &1 i SEE6 36 1L

A EZ TR T.
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B AT, 9 TR -1E 5 I ZR A 70 0T 20 N 99 B B T S5 oR ity 380 iy FU11 25 v S AL PO B AR AE 4, V96 9 B TN
TR R: 25 1 B EL, 185 B A T SR 1T (¥ B brds A ALK G b (9 B bs KSR B O 36 2 BB, 4 B 2 AR I g
SRR S SCAR — i N\ BT Transformer B TRYIZRAR Y EAT TYIZE. i 21 o T 25 000 48 2 B 24 BB S SO
N TR GRS AT TN SR, RIS 5 P ZRASE B v 1) A0 0 AR H D) 2 BEAT A0 A0 LA R S T 3T
1.1 FMEME-EE ZESTIN%

H #T K 2 30 B 3818 5 2 BTN T 1530 2 R H B4 M 4% (convolutional neural network, CNN)
H AR S L SR Y MG HARSRAE, SR 5 I 2 T B R B A B T8 2Y BERT ¥ E M8 & U7 ST I 45,
Lu % A U2 H ¥ VILBERT. Tan % AP Su % A PRI K Chen %5 A\ il i I 25 M) Faster R-CNNUPYBE AL ]
14 e E R0 X Sk TR AR, SR J5 #4026 AR 418 Embedding 1530 A Embedding — #2441 A 24 T Transformer
MRS b AT 22 B SRR O A8 EL R A F 15 BV BRI ALBE-AE 5 R A R AE. Yu S5 N "R HUk 7 5 R 2SI N Tl
Y GRARE R 2 rf AR AR AT 137 5 B Wt 7 3% 5% B TN TR GRAT 55, A 15 A% 7R R 9% B 4 St o) PR 45 R S A v ) s Ak sk
A0S, Gan 25 N PSR HUE XTI R 51N BRI -18 & 238 2 ST 2k b T SR THRFE 28 092 1 RE . Li 25 N V1R
SR B IAR R (10 H ARFRE T UG SCATE XAt 5522 3] Li AN PRI T — Mg — (O TI Zepi RUAR 22, i[RIt
HEAT BRASEZS R 22 A 1 P 25 SRR R0 AR AT 55, AT R FH R 2 T T80 S A 15 A A P B R  vo MRL B RT SCAS ) BE A e
1. TP B 2 A T 2R DA R dl i B9 4y AR, R AR T 258 DA B T AT 55 S0 o 2 v, A0 R A 4
UM 28 I A A3 BIRACFI S Z00 T8 [RIE, Sdd B2 ) H AAs AR AL S B H AR DX 45, ] i b2 H A IX ek
SIS BB RHIE  [A]7= AR TR VA,
1.2 iHEEHM B S ZESTIN

B3 W5 Transformer 7Y () J&, 22 BEAS TN G TS v (AR 3 A 2 FRAIE S BUE Bt W] 5@ 3. Transformer 174
AT R4 8 AT S B o 8o AT )1 5. Huang %5 U FUER HH 7 o 3800 O A - 18 5 TR SR B 2R HE 2, R4 T 35 T4
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it 7 4 (1) masked visual modeling Tl 24T 4. Huang 25 A U4 H M B 4% 32 0 501 45 SCARAE SCHEAT X 5%, I8 T
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FUTT LLSEHIAG 2 00 (ks FE L 78 5 28 HAT S5, PTPP M T — RS S5 4R 2% 2] (prompt learning) () 5 MEZS
TRIIZRIE 2, R B AL AR BAE AR, LI SIGaR P SR Y b 14050 € LR 77, BT, 2 BAS G X 5577 20
FH LT Transformer AN EG 52 ] 15 2%, 11 Transformer %544 77 self-attention DA A Xt Bk 2 =5 vp IE G REAS 11 3] 531 3%
O T T P REAE ELREAR AL A5 B, T vk o T I TR TR ST T (1 et 5 T A LA R 3R 2 S s o 2 on Sk
[T S50 B, DRIk, 2 3 T P o 0 ) 2 Y B8 a0 PR R A, 4 S 5 T ] ) 8% 1Y) 22 A il /5 %o SRR B SE IR 22 T St
AT 559 R A 3, MATIT IS 5 P S A -1 5 BR SRR R R T2 AL RE ).
1.3 BEMEZ ML

[ Scholkopf 25 A PO H i — 1AL 45 ) i, 68 TR AR SR F 0 15 31 1 DR g o B BT, 2 B B 2 I 4% I
%, Feng %5 NP 7 — Fboka AL R 2% (hypergraph neural network), 7£1% /7%, Wit 1 #8340 5 A5 Sk db 1
KR AR S (102 7R 2 37 DA BAHE B0 B M St AT A i 25 N O ot i ) o 7 9 R AR AN R DA % B A
FePE AR A ) 8, B2 T — X B P [F) 3 € (dual channel hypergraph collaborative filtering) HEZ42. 4
W ¢ 2 2 At oot B o e s 72 2 5200, 3 HE T Hyper GOND ) 8 1] 55 A7 W & 4 Y 58 3o o) — o S by 8 g d ot
AT O, BT X I 7 055 IR R AT S, AR T2 7 VA T RE 2 B BUH MUE BIE K. Jiang S N PR H T — R & 1
BB M 2%, i85d K-means 58 818 75 10 G B R 2%, FELE ISR A% s B 588 O AT T 3 08 17 3 745 E 440 e ]
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FHATIREL, 1% VIT #8N 12 |2 Transformer 4544158 31 FH7E ImageNet-1K _E I 2k AR AL 36 A5 80 S H053k 4T
B, AN — KR, VIT BEADR I (&1)7) b8 — 7 AR [CLS] FIFLSE Embedding LA &, X T304
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G IR 2 101E 8. SR A Embedding FF4Ei# i Transformer H1H£ 3k self-attention 31T 2%
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it b2 ST 7 B BLAE IR AT 4% 1 OO, 3 3 3 FE AR o T 44 1 1 A — 2 01 R4, 3 i PR {5 489 58 05 20 55k
1774515 2128 5 R 0 53 — WL, BT AR AR T A 28 31 ) MG 350 S i 28 ol MR ) SR AR A b R 40 P
(K128 59 L AZE J8 - [Fl— 2 1, DRtk 5 TERE AR G2 — BRI 25 [ o (D B8 B8 R 200, T -5 A 288 o B 8 R i iz
Sof B 2 = TN 2 e ek ) s 6 L 453 2 bR B304 AR R AR v 2 Py 2 ) R S UL R S0, T S ) P U R S, AT 44 5 ) 2% 1)
REAESRILAE 7). MITELIE-1E 5 Z A RN % 20 20, S USRI SCAR AR, T LA A X P A 525 A2 6 7]
—EAI A AN IR P Rt R e B 2 20 1 7 3 SR A B A 2 DA S SCAR YR G 2% IR IE SR AR 7). X — i
FE AT LA I F5 KA UG AN SCAS 2 18] 0 LA R AT, T 78 L Ak 2 B0 b U T 3 5 /MK InfoNCE 7153 2% o oxt B A
ORI EAS BT kT o, BRI T R A
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Hotht, s(a,b) S a 5 b Z BTV, B RAERRT Ho % STROREA B4, Frh @ | A IEREA LU N-1 A i
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3 - EHR-SCAR IR AR L, 7T AR A
XPOUDID Ly XD/

D e T Y exp(s(T, L)/
o, 1 FRH RIS Embedding RHEFIRE, T R34\ 16304 Embedding BFAERT i, MU B 8- SCAR HIXS L
524 B T DA 5 A 2 5 o A, /15 0 PR S A0 B 185 0, 70 DR 99 - S A B
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LB, AT T 2 B B R & 2R 22 2.
2.2 ETiBE Transformer FI S IR7SHHER &

T BT 2SS W SR OC R AT 2, FRATIXS T Transformer 1) 2 BSR4 4 38 51 O\ B4
L2 2%, eI L 22 0 45 1) v R S M AR I X B 115 B TR S 2 T SR T 5%, AT $ 5 22 RS Rl 5 U
2R LAR S RMEIRE J1. B 3 Fi ol B 2 P 4% 51 N2 Transformer BEH P 1) 2 B RRAE b6 6] 55 A
AEHEZE .
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n, g
n, |— : —
3}
O O
HLBERAE L
Tz 1 RRURHE
3 4 2 R £ I
Concat ()— : i % - E
P 5
— ] & E ek
al = Rt R AE
Query B
{ E
2l > i) >
. 9
L
CARYFAE Key | Attention map = —
N w—
Value R IHLI R )

B3 RS RhE X 55 gl A HE S

VAR AL D 28 (VIT) X% N EHRIREUS B, SCRRHIE B SCAR 4 tS 28 (BERT) X T-Hi A\ SCAE Btk
RIS 2. B B A R AR R SCA R E ST B2 /5 20 5 A\ & Transformer [ 22 Sk i S HIASTEL DL K2 8 P ) 23 A e,
AT 2 BEAS SEARTRMICRT 5 e B A D P A

N Z R JIHUHI R P RFAE B Je 480 JE 26 A 46 7 B B> Query. Key DL Value 1% 3 #1H, B Query
i Key {ATHEALUE S 2] attention map, )55 Value T H 15 217E B IRHIE, & 2 B AN (multilayer
perceptron, MLP) # B (1 AT [A14£ 38 /2 (feed forward J2) 15 Z5 B ARHIE F . 12055 HRi o 7 PR Se Ak 2 ) R AR ABLBE 3R 4T
ez, TR Z AR A I e e SRR IOR. R IS B R R R O T BEAR, APl Lk
HLVRHE 2 R 47):

0=F,(1.T) 3)
K =F((I,T) )
V=F,(LT) )
F, = MLP(LN (MSA(Q.K,V))) ©)

Horh, 1 FoRH NI Embedding FFAE A&, T R7-H A HISCA Embedding $FE A&, [, -] FRFHAEHHERAE, F,
RoRX AR LT AL JZ . MSA 8% Sk B E 77 %40 (multi-head self-attention), LN AJZ A —{3%4E (layer
normalization), MLP SN2 JZ BAIHLEAEL (multilayer perceptron).

A\ 7 R TP 8 R TR R AIE 1 2 )t e R, i R SIS ) 2 s S A R ) 2 R I e, L 5 SR 52
PR Z A OC FR A2 I B e Al v, WS SR R — 2l b [FIRy B, MR Cig s, T — 4B R &2
NS4RS, R AZ AR RS0 v B S AR OG R BEAT S, RSN 22 0 SR IR EE TR . N AR A0 51 R0 AR R R R Bk
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FERE H DLKAH R SURHIER R V,, SR 58 AR A M 2% (graph convolution network, GCN) i {5 Sk
AP, FERB I e A5 H e, i3 2 22 TR 1) 9% 2R 1) AR S B T 01 A
Aypergrapn = D> HWD,'H' D! )
Hor, W RARINMALE, H K~ B ORBARE, D, Ron15 B ERRE UL R D, 37~ R8I I P A R . fe 2768 R X 4%
B R E F, TR
Fig = MLP (LN (Apypergen [1,T10)) = MLP (LN (D> HWD;'H'D}* [1,T10)) 8)
Hh, @ NA[2E3 4. DV HWD, ' H™DY? [1,T10 FaaMie 5 3XAT 5 EREGEBUT A L, D2 EW FRKIC
TG AT fAs B E EAT 5 B LN R IR— 0, MLP 2 2 AL S H A R LB 1 i Py
DA% R ] D0 45 AR Bt g SRS ATV R ML A 5 B N S AT 17045328 /2 (feed forward J2), Ff H &5 L0 2 2
I 20 AL RPAE Rl 45 0 5 4 T 28 R AT BB Z AL Fryagen, JHEN T — 5 2RSS Rl X0 5 G B 245 114 2 AL N
Fhiagen = Fusion (F/h th) )
2.3 ME-BSMINGES

ASCTNGRAT 55 B 5 FEROCCA TN (MLM) LK BUE-SCA S 55 (ITM) FRAN TR ZRAT %5

(1) FRHOCA TR SS (MLM)

AR MLM T ZRAT 45 5 B AR1E 5 AL P I 248 BERT ) MM B 20T 45 2600, AR R 2 Ak e
T BERT HEZY HFZAT 55 FH 145 BN A SCAAE B, A S [ R T R A 25 DA B SRR SUAR IR R I ) B 1]
HEA . S B HLSEA AL\ T 93 token FHBEHLIGHE —/ token 8ty [MASK] token f ARy i
VIR i 3o J5 /I A8 SRR R AT DA, 535 R BT o

L = =E)-pH ("%, p™* (1.T)) (10)
o, H(-, ) A R, pmss (1, 1) TR SRAR, ymesk Ry B

(2) BUE-SCARX AL S (ITM)

PR - SCAR X F5 A 55 B ot 45 5 1A PR - AR K Tt 00 1) BT 2 75 SR DU T 7E T R R vy, 0k 4 2 BEAS A 5 00 5%
Hmlid 254 H (4 [CLS] token 1A BUE-SCART IS RHIERAE, TGN 2 — B AN % ZHAT = 0281453 21 70
MEZ g pim. TIZR ITM AT 55 1453 2K BR AT R R

Liw = =Eqzy-pH (5", p" (1, T)) (an
o, por, T) TR ZAE, yim A ESHE.

25 b, BTN ZRd R R S 3 ARk, 20 EUESCARNT L ST 4R 2R Ly« FERCSCA TR K Lo LA

EUR-SCARK FFAR L. HFIE AT RN
Ly = Lixe + Liyim + Ligm (12)

3 SIorAh

3.1 SEIHUEE

S0 HHE S B0 HE AR T TN SR 5 DA R S A T AT S5 B 4. 78 2 AR SR TN 2B BRI B0 52
Conceptual Captions™. SBU Caption™'. COCO Captions"*” L & Visual Genome!*" % HiZHdi 4E. A5 400 75
KBS LL R 510 T3 2% B30

WATIESE %« BT 5 B 245 VQA-v2.0™), Flickr30k™, NLVR*™, RefCOCO+™. H 4 i
FEHAEAE VQA-v2.0 LA 204721 SKEMR . 1105904 %f i 25, EHE K H 558 5t LK COCO Hfi4E, i) 2 7Y
AFETFFREL . JERL DA 2 AN IETIAY. Flickr30k & H B G R £dli 48, o 31783 R LAk EIE S 5
F MR SCA. NLVR? S 256 T [ 4R35 5 ARG B A HEEE 00— N AR 4R, S8R 48 107292 &9 30H) 73X
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A 55 X 2% R G t, L e A 2 ST A IR St IS 5K 43 1 A UG I 5 R DL TS 6 P15 RefCOC O+ — AN 52 17 BB 48, 1%
IR AE 141564 R A), MR ALE A 49856 N HARLLK 19992 Tk A, % 1 45 T Tl ZREid 48 DL Tl
55 B R ot LR PE4E(E B

1 TINGR B NURAT 55 SEIHR 4

o4 i oE i ke PGS A B R
Conceptual Captions 3.0M 3.0M
. SBU Caption 1.0M 1.0M
Iz COCO Captions 110k 555k

Visual Genome 103k M

VQA-v2.0 204k 1.1IM
. Flickr30k 32k 160k
FiHES NLVR? 214k 107k
RefCOCO+ 20k 142k

32 SLEIRE

AR SCHTAT LB AE 8 & NVIDIA V100 k47, i i 2 ST HESE Py Torch gt 47 0 A s 25 AR S0
ALBEF HERAEA baseline J7 5, JE:TZ T VEM @A IR T 2 70 ST 55 (10 2 RS PRI R AL, Tl 2R AL v iy
PRI AR R 12 2 S H0E N 85.8M [ ViT-Base t A, U A YR 0 2% DL K £ B 25 il & 5 55 2 0 2% 1)
Transformer 25 ¥ W358 6 JZM 454544, 43732k A BERT [#1 6 EFG 6 ESHATHILAL. Tkt 2+ batch
size B 4 256, FLiI1%5 30 /4~ epoch. KA E %N 0.02 19 AdamWUIRAL 23 HEAT R AL, WG 2 ) R E N
1E-4 FFHRE cosine BRHHEATIZE L REIRE 1E-5. TN ZRI SN BMGONBENLET 22 K/ 256x256 T L, Tt
AT AT ORI AR YE VAT i fE 7 VA K 4 384x384.

ASCH PN ZRBETITE 4 NME-TE T FIES LT T RORSEE. /A a2 BISCkR R BARES M
SEAERE . MLGE B AL visual grounding. T HIXT 25 AT 55 5256 186 @ HEAT A 4.

UL A (visual question answering, VQA) 1155 B 155X 145 72 1t BRI SCAR 1) 8, 3 b %o A0 0 PN 25 F0 S AR T
SCPBRARTIOM H TR 2. SRUS KR R VQA-v2.0 HESE. AP, % NIFT 55 SE 0 ¥ € 5 ALBEF JivE—31 4%
PR D 15 25 TR AT: 5540 42 AT 55 B 6 J2 Transformer 25 14 AR 0 38 AR U 2. 1% 2 ML Rl o 5 2w A 28 10 % HR AN
BTS2 AT MRS AR AR 5. SEER IS, DT EE ST, AR SCAUOR AR [R] Y 3 192 A i AT IR AR et B 25 5. S
I, BB MRk 28 A R R EC 0.02 1) AdamW TRAGER, W46 T %5 1E-5, 3 4 4> epoch [ warm up 2]
WS IA B 2B-5 T Ji5 LA cosine BREUE IR RIS B A LI E 1E-6. W BRI IIZE epoch BN 8.

B3O % (image-text retrieval) {1450 2 A AR Fr N G AS 28 SUA AT 55 DL AR BE 3 N\ SO 2R BUE AT 5%
AT 2 PR ELTE COCO Hm 4 bxd Wi R 8 BY A BRAT 550 AT 7 5558 SRAG T, 1508 LA aR A
IR FRECN 0.02 (1) AdamW RALES, WIUR%: ) %04 1E-5, 5% > SR IA E] 2BE-5 1M Ji5 LA cosine BRI4{ % I IS #5243
A 1B-6. W EBALYIZR epoch A 8.

H ARG 5 AL HEFE (natural language for visual reasoning, NLVR) 1T4% & 75 %1 44 5 1) B G - SCA S BEAT H W 2 75
55358 R B SCAAR LR . ASCHE NLVR? #d4E F X 107292 26 SCAE 4 UL 7 5 34T SEI6 144 . 0 TiZAT 55 i T
5 TS UG ORI AT 0 14 G 650 B G580 5 ZEEAT ARSI TR SR, 5 ALBEF Jiidi— 30, AR T — N3RS
5%, B4 N B ik BEMBORN — 2% SCAR, BB SCAR A B HEAT 3 2RI W72 5 W6 ok BUS AR LT, SRBG R, Xt 38
FIANRINZE, BB L 88 N E TR R BN 0.02 1) AdamW AL 8S, WIHR24 S RN 1E-5, 24 ) SRR IE B 2B-5 1
Jii LA cosine PREUEE IR RIS I A IR 1E-S. W ALY Zk epoch i 1. XFF FUFHAT S5 TN, & EWIUH
2R 1E-5, % 2] SR IA B 2B-5 11 )5 BA cosine BRHUR IR RIS B A MR 1E-6, W Ik epoch iR 10. HT 1%
TS SN A — 2 SO X B G PR B, Rt 2225 ALBEF 7770 St gt a8 b AT T4 A 2 DS HL 2 15 4
TiE 25 AKX RN PR 7 AT Ab 2.
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W5 5EAE (visual grounding) 1155 1B 75 FH TN O R AN L B4 5 ST IR, 5 7 H FEUG rRAR G B2 X 5. 7
O S R S0 W E O 8 MR AL AL, B4R E MU SR SRR HARHE ROARTE . A Sl T 4R 15 B RO R R AE
RefCOCO-+#1L 3t & 1. Benchmark (4B LT T G SEEG. SEI0 15 WIURS: > 3 1E-S, WIlZk epoch (&4 S.

KR 2 ARG8T LRSI GBI HEAT Tt Hod, Visual BERTPVRI VL-BERT 1) 2 i it
Transformer [ 3% 7 1ML SZE0 B X 38 (0 SCA (5% 5. LXMERTUR I T 96 2890 55 3 FH 27 ST AL 0 AN 5 A0
ZHTI5E FR . 12-in- 1V M B T RLSE 18 5 2 AT 55, (3R NI ZRid A2, B AR AN H BL45 SR . OSCAR
% PRI A AR bR A Rl a5 N . UNTTER g 7 — il ) R SCAZRAE 2 18] VLT Vi P fa7 8 10 2 ek ok
SRR T WL St 28 1 2 B VILLAP @ ik % il 2 7 s08 58 A8 ()32 1 A /7. UNIMOP®. ALBEF'”)
FFLAV A g by e 5 B (S B2 30 5 10K SCAS N PR Bk Bk 380 45— 25 ) v, AT T4 5 A0 SCAS I FRL AR i
f¥)2% > 77 1%. METER-SwinB"/ 5] A28 X E 7% /1 el 2 BA& & . X-Decoder™ Wy 1 —Fi% R M G 21 X
(IR 8 5 0 538 A A gR g HESE. PTPIBI N T —Flo B A B 51 T SO T4, LAI SR A3 0E & 2 B B
SRR AR AL E AL RE ). 5 RIR T IEANR], A SCE B BN 2 Jo SR BERR P, M T — P 2 o0 SR S A
B E SIS
33 LWHERSHH

(1) VQA BL K& NLVR® R lifAT 45 S5 45 540

2 B A SCHE I ALSE -8 5 TR BE VQA BL K NLVR® FIFAT 55 BEAT B I 4R 0 45 Bt A Sox L
T HET FRAE-TE 5 OISR, GG BY BEII SR DL R o 3t I SR L. TN SR B 1) B B 3290 400 T3
K. TR A2 VQA AE55, 20 BI7E VQA-v2.0 (1] test-dev LA K test-std ¥4 _EHEAT 7% ELiPAY, HA 78 test-std
E Lt ALBEFM S RUFE T2 0.06%. XFF [ ARTE 5 MSEHEFE NLVR 1E45, 2 5I7E NLVR® () dev DL test $idfi 4 -
AT T X LA, Hoh7E dev MR SE b EE baseline 1% ALBEF!" MR T14) 1.0%, 7E test b bt ALBEF! U RYIR T4
1.8%. S56 45 3R B A SCHE H TRV S5 5 VETE AL 5 ) 25 LU 1 SR8 5 I HERE T 55 R3Rese e Hxr T A
SRVE 5 S HE AT 45 b AT e B )3 T, 33K 158 B 2t 51 PRI 36 AR 46 I 8% (1) 22 B AS RFAIE 22 0 0 57 I 8507 1k
R 1 58 22 B ARAE X 5520 &, TR FHAR BN 3 - 18 5 RPAEIZ 1b e

#2 VQA LI NLVR® TR RE LR

i ?ﬁjﬂléﬁ@@ VQA (%) NLVR® (%)
g (M) test-dev test-std dev test
VisualBERT™! 4 70.80 71.00 67.40 —
VL-BERT?! 4 71.16 — b 2
LXMERT! 4 72.42 72.54 74.90 —
12-in-1% 4 73.15 — = 76.95
OSCAR!" 4 73.16 73.44 78.07 —
UNITER! 4 72.70 72.91 77.18 78.28
ViLT!® 4 70.94 A 75.70 —
UNIMO™ 4 73.29 — — 79.10
VILLAP! 4 73.59 73.67 78.39 79.03
ALBEF" 4 74.54 74.70 80.24 80.50
FLAVAMY 70 72.8 — — _
X-Decoder™ 4 74.1 74.2 — —
PTP>! 4 73.44 76.16 77.31 78.50
Ours 4 74.43 74.76 81.25 82.29

K 4 Fos N2 BOINZRIRLSE- 15 5 A B 281 5 AL HERE N 55 LRIIIZK 10 /> epoch 41K HIZE K (a)
AB B8 AR 55 MR B AE T 2 1 i 28 B (D). MIEL 4(a) AT LR AR S TN 2R 2 5, X AR 55 WoR Ul Zrid A v,
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IR R REE RGP R B, W) T T A 55 RO BE 6 LU AR e s EAT VI 5. ANIEL 4(b) Hh T B R I 55 IR I
55 1 /> epoch Ji7 Bt 585 A A 1 HE A 22 T IA B 0.78, R B 5015 5 T R A B HUAS 3 1932 A R AE RE A AR
0 iU 22 B RS RHIEREAT 2 IF HARTE N A 55 RO DN SR HETH .

0.5 F 0.82 |
204y 7 0.81
03 g
Z 031 3 080
& S
2 02 F < 079 — Val-Acc
: Test-Acc
0.1 F 078
0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9
Epochs Epochs
(ORIEEES (b) K E S A A HE A R

Bl 4 BB IEHEEE (NLVR?) AL 55 I ZRa5 5 LA R 36 1E A2 AT S v 1 2 o 2 P

(2) BSCHE 2R UEAT 45 230 45 SR A #r

ot F B SCAR 2 R WA 55, AR SC 43 AR PGS 2 SUAS BA BRI SCAKS 2R BMEOX BN AT 45 HEAT 17 5236, 323
JI 7 R TR G5 AL A P SR 2R R AT 55 AT ORI 2R 45 SR, SE 03 429 COCO. 43 HIXT 5 ImageBERT!),
OSCAR". UNITER™. ViLT", ALBEF"”. METER-SwinB"“"!. X-Decoder™ DA & PTPZ X et 5715 3 Wil
BERLEAT 7 6 bh. Fo A TmageBERT TR A5 8L (1 EE AR 600 J5 ik HARAE R I2 400 JiK. A SO0 L TR 4
B Topl. TopS LAK Topl0 Hi A A5 5. AT LAE H, 5P AEE AP IR ALBEF ML, X T EUSR 2 SUAMT 55, A
PR IITEE R@L. R@5 LAK R@10 230 HIRTHZ) 1.1% 1.2% LU 0.7%. 3 T SCA K R BRBAT 5%, A0 VELE
R@1. R@5 LK R@10 73 BIHRTHZ) 0.3%. 0.6% LA L% 0.3%. 33X — S &5 5 26 W A SCHE H 10 0 ik R i i 5 %2
TS S AR [H]6F 55 6 22 AT B TH P SCAR 28 AT 25 M .

R3O BRSO R TR S R RE LR

ik ]"D’WIE}% K% Text Retrieval (%) Image Retrieval (%)
$rE (M) R@]1 R@5 R@10 R@]1 R@5 R@10

ImageBERT!"" 6 66.4 89.8 94.4 50.5 78.7 87.1
OSCAR" 4 70.0 91.1 95.5 54.0 80.8 88.5
UNITER™ 4 65.7 88.6 93.8 52.9 79.9 88.0
viLT! 4 61.5 86.3 92.7 42.7 72.9 83.1
ALBEF™! 4 73.1 91.4 96.0 56.8 81.5 89.2
METER-SwinB"" 4 72.96 92.02 96.26 54.85 81.41 89.31

X-Decoder™ 4 71.2 — = 54.5 — —
PTP™! 4 68.3 91.2 94.7 45.6 80.6 89.2
Ours 4 74.2 92.6 96.7 57.1 82.1 89.5

(3) B E AL AT %5 L0 45 R o by

o FALE B AL T WA S, A5 30 s2 8 ¥ i Jo 95 B 7 RN RIE S5, B SR 30E 4 T AR At B bR XIS B bRVEAE.
G HPE RN RefCOCO+EIRAE, MR 5E MG, /e dE . MIREE A BLRIR4E B E#ET T IR, & 4 B
TN GRASE R LE R 58 BN W AT 55 EAT S I 2R A5 20 MR 45 R, 20505 ARNMY CCL*L K ALBEF!ix £4 4%
R 45 AT T X b, AT BLE Y, SRR (5B ALBEF AH L, 45 3042 HH (0 7 VEE IR 48 IR ARG, 177 78 T A
A VLR B 0 3R THZ 0.1% LA 0.7%. 1£ RefCOCO+EHRE T, T 7E RefCOCO+AHRE NI MIRNEE Test A
oG B 9N, T IRER Test B A UG U AL 5 BT FCARAS R 04 . 1) 93 003 7 AN ISR AR 7R 25 AN AT 1)
K AT, HIAREE Test A B8 NIRRT 2% 55 R0, T IIHA4E Test B A A g A& 58 APk O RE AR, A
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MBS ALAE N K LE Test B _EAITERE 5 IREE Test A IITEREAF/E— AN BB 2ZEE. MFIMERE, AR N7
IETEREIL T baseline FE7 ALBEF. SEHGZ5 FR W], A SCHE Y X JE T B o 0 29¢ (1) 2 A5 285 B0l 22 o S (Ao 55 1) 07 1%
REAS I SR IE 5 SUAE R T K AR,

R4 GBI E O N AR 55V RE UL (%)

T Val Test A Test B Avg.
ARNM 32.78 34.45 32.13 33.12
ccLP” 34.29 36.91 33.56 34.92
ALBEF!"! 58.46 65.89 46.25 56.87
Ours 58.11 66.03 46.94 57.02
(4) FTALALES S ot

Grad-CAM 5 1% 2 — il e o 28 90 2% it JR SR AT AR Ak 37 1) — P 2k, S 122 5 425 T LA A A el
AT AT . A SCE L Grad-CAM 7712, 73 0 RLGE 1) AR 0 22 A5 285 g g i v 95 AL 0] S bl s AL s o Y
Z SR G 2% 5 AN TSR UL K 22 B B o T 55 3 SR SRR A X SRR T B AT T T . ] s
NALHE B VQA Y 2 A G b 2 v S B A X ST AR U BT B TR S R, B 5 eT AR, AR Y (1 2%
T PR 222 [0 245 1) 20 A8 S B 5% B 0 AR 3t 0 380 AR AR SCA KT 2 P S SRR AL ) o 4 1 ) i A\ PRI A 7t v
DIHR-0 0 A\ BRI AN [0 P e S AR ) BB B 5 P vy ) AR5 a4 7 X 5 26 P S8 e BT 6 s 9l ot R o A6
TR e B BRI AR 0 SR AR B R B TR EE IR, I 6 rR T DU X 45 58 (9] 1 A [R) H B SEAA,
VT PR v R DX SR R 0 5 RS IS 30 AR 1 ) R RFAIE XK. B 7 P 9 2 S G s 1 5 3 2 B A0 TR B
B E R, ZPREWIH 3 JRESRUSR G X TR BE S AR N R 5 SOAS S AR 6 AR N ) SR HEAT
XEFF. B IR S SRR M A SCHRE L FE T B R 42 00 2% 22 0 S MO0 S IR AL -8 75 25 35 TUUI 4 Y 0 1R 4 b o
Z RS HE SRR E FE R AR, SRTHLSE-1E 5 O GRE B AZ AL RE 0, FFAEXT AL BE -8 5 R WAL 35 2E4T i
JE RERB ST T AE 55 IR L RE.

“black shirt person holding umbrella”

\N v N
~ e/
- <7 b ¥,

“shirt” “person” “holding” “umbrella”

“horse next to woman”

“horse” “next” “to” “woman”
5 BAANERIRDNT LS RS R SR B 7T B Grad-CAM AT AL 25 51
&l 8 Fran i B SME B AL NS AT AR 4 5, W] DA B AR SCHR H ) 2 T B R 2 N 48 1 22 7T
SRS T AR -8 T 2 RS TSRO 2 B R TE 5 MO HERE R TS5 3T I 255, A7 Be 0% 1R Lt o #y N\ 1
it B AN SCAS A SEAAR IR 50 R BEAT R AL, AT A N (10 P 5 AR P 25 TR AT 25 e ) T
(5) VH R 5s:
AILHHT 6 |22 ARSEFAERE TD 2% b S A 2 W48 RS IR, S 22 BEASRRE Bl A S D 2% 51\ BB A4 42 %
LRI FTTEZ AT T T AR ST S 129 Al S IR TE 55 M B L B 8 AT 55 EREAT, 20 IR T RefCOCO+IRIESE . Mk
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& A DRI B LR INE 5 s, 25 1 Z5INEERa Mm%, £IRHE A DLUEIIKE B BT A5
NIEGL. T ZE N BB E 2 i, RS A DURINAEE B B RCR SR ITT 158 B 24 i A 2 A 51 NI

BRI LRI, BET 5 AP s ST RN SOAS i S Ao 55 56 AR $R I BE

Q: what function is served by Q : are the trees taller than the () : is there any fence in front Q: 1s this airplane taking off or
the item the giraffe is peering  giraffes? A : no of zebra? A : yes landing? A : taking off
into? A: food

(): what color is the truck? Q: what is the fence made of?  (Q: what is the color of the seat  Q: what color is the car?
Az white A metal inside the vehicle? A : black Az silver
e ) . e ok T

Q: what design is on the Q: how many buildings are in Qs there any reflection of Q: what kind of animal is this?
umbrella? A : stripes the distance? A : 0 zebra in water? A : yes A zebra

Bl 6 VQA K2 RS g it o g LA 0 SE B 2 /) 18] Grad-CAM Al #L AL 45 R

small glass green cover

glass with words

blue shirt lady man with skateboard
- . e r. | —

7 2RSSR 3 RSB BT V) B Grad-CAM ATHLALEE R
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4 B %T

RS -1E

ARSI 2025 F5% 36 A%

Sentence: At least one of the scarves  Semtence: There are children standing by a door.
hangs lower than the shirt; you can  Label: True Pred: True

clearly see it against the pant legs.

Label: False Pred: False

Buying A Computer
== |

Bﬁmnﬂ.ﬁlle[l‘lmS = = ! ! i
U ) )

Sentence: The right image shows three Sentence: There are only laptop computers.
bottles of beer lined up. Label: False Pred: False
Label: True Pred : True

K8 BARE SIS HERL R RSl al Ml fb 4 2R

x5 BEMENAEHRSER (%)

FTtE 2 Val Test A Test B
- 58.46 65.89 46.25

[ 58.12 65.93 46.84
[1,3] 58.20 65.57 46.82
[1,3,5] 58.03 65.92 46.88
[1,3,4,5] 58.14 66.01 46.67
[1,2,3,4,5] 58.02 66.00 46.75
[1,2,3,4,5,6] 58.11 66.03 46.94

114

RS T S5 rp 2 1A HAHR SE AR OR F06F 5 R R IR ] i, AR ST A H 2 R P e o 45 22 T s

X5 K 2 A TN 2R 7 i, I AE Transformer 2 B2l 2 A # v 51N T 90 225, A5 Il I 14 6 F 2 ) v o A

KUERET), K&

25115 % T S PR 0T 7 56 2R M T80 2 L A S 38 4 ST P RO 0, 30 T 98 1 L -

2B ENZ A BE 1. AR ST R JT AR R A 400 T3 BIUG BRI G -SCA B 45 L 3EAT T o 2 A B
Sk, K RN G R 2 4 R -5 5 T LS. S8 0 e gh 5 DL ATARAL 40 Hr &5 SRR AE T A SCATR HE A T
IZRRERL TV e AT 2 2 3] B 2 RS STAR IR I 5500 R, HRAE 2 ADME-1B 5 NI AT 45 M Re 4 Frae 7, Hrpre
NLVR® {£4% FHILLTF baseline 7775 ALBEF #Effi K27} 1.8%.
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