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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
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Bt# H T Transformer W48 25K 1) AR 15 & AL B TN S8 WA [ AR1E 5 AL BAT 25 DL S SN LA AT 55 R K
JE B P, 2F Transformer FIAIHE-1E 5 2 BUS T ZRIX — B SCABIRHT 5L 7132 MOBF 0 2. 355
TRYIZE & TE MR I BB - SO B 4 b 2 2145 B B S K Iz A RE 518 5 BB RHIER R, SRRzt
P B SR ARFAE RV F T 0 (0 22 B AT 45 - AT O 5 7T B 8 3 U 45 MR .

-8 T A REE R R 5 S A 7 EER L8 PN R0 SCAE SCEAT 3R, (RIS 2 SRR (] R E . 0 55
S RICHPRR . i 25 LA, VE 2 BT RS 5 00 5 B R UL -15 5 22 0 TN R B HE 2 4 b 1 O, L)1
75 2CR] 43yt B o I ZRA0 B BON R R 7 20, BB 2 RS T SR AR AL T SR H A A T %o AR e )
H AR T PR IR 5 5 SUANRHAE — i\ 22 1A Al G g i 2 3047 Al -G 0 5. T i 281 ity U1 228 P 22 A TN A 2 )
F BB N BRSO AT U 25, 3% 6 )5V o (1 22 AR A il 5 G #45 K 2 55 Transformer'"'45 ). Transformer 5%
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(7 15T 22 B RFAE IR A6 5. Li 25 N TR Yang 25 N PO SR P SO A58 2 ) 5 72 25560 55 A B S 5 S0 AR 2 TR
FHIE, 15T B 2 SRR R B S, JETTAC A 2 BEASRHIE 7] PR B9 R 0 .

HHT ERZ S TNL R L FET Transformer BYIEATHE, SR Transformer B 22 kit & b
1) attention map & I8 I TH 5 PR PARFAE 2 () AEABLRE 733, LA 3R 1) A2 20 AL 50408 o 19 70 S AR 2 ) FRO R 55 96 R, T
DA IR 2 A SR Z [ 0 5520 R, AR S BAS T 5 AT S, SR R EEF N R R, SR 2%
PREIR R AR (b, — & MR & F L. BoRa. BRI RARSE 2 A9, RSOOSR E £ TG
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i tH P 2 BSRHE AT L& FF A B TR S5 head HEAT VISR, A SCGE TSR 454 masked language modeling
(MLM) L) %% image-text matching (ITM) A il SE LR 5E-15 5 B (R TR ZR. 16 T AT 55 S8 560, A SCEEC T A5 i)
AT 45 (visual question answering, VQA). KGR AF 5% (image-text retrieval). A% HLAF 5% (visual grounding) DA
Ko BARAE S AL HEFEAE 5% (natural language for visual reasoning, NLVR) #E4T 745 %51 i SE 4636 1E .
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(1) £F X 2T Transformer FIRLGE-15 5 PO o v 5 WL S 4A00) 55 RE 0 959 /0 I R, ASSCH R 1 —Fiols
K2/ 24 55 Transformer 456 ) 2 A28 SCAART TR, LUK 9 2 5 25 K 18] SR (R X 55 5K &R

(2) 5 Bl 1] v P 3 T A 2 A SR (KR 2, AR SCER Y — i TR R e 22 X 2 1) 22 TC SEAR R X 5507 1%, % %2
RS SR [ R B A 26 5% R AT 2 B,

(3) PR tH T EAE 2 L5 5 IR S5 AT 1 S8, A EE T Hofh 3k T Transformer HIRLUE-15 & Tk
A baseline J7idk, ASCIEIIAT ST, MIOGSEIR 45 RIGIE T A ST k.

e

(b) —JTX 5% ' (c) ZI0H 5%
1 2 ICSRNT 575 Zu SRR Xt L

ATCH 1A T 2SN G R TTE AR FUBUIR. 55 2 19 A A SO Hh A3 T [T e 2 I 45
2 U T RLTE-E 5 TN ZRT795. 5 3 Tl a0 FESe I IR IE T TR B A Rk, B 4 TREAT BS54

1 #HxXIE

BT, KT -1E T I ZR BB 50 RT 23 PR M BT I 2R s 3 i FU1 25 P A S L RO R R AE 42, 79 B TNl
TRt 25 1 B B, Gl B 2R T SR AT 19 H AR AR B0 G P 0 H AR X SR H SR 28 2 BB, % B 2R AR LML
WAFE S AR — M N 2 £ T Transformer TN GRS B AT TOUIN Z5. s 20 0 T 25 ) 46 1) 0 EL MG R S S0k
N B TR GRS  EAT TR SR, TR S5 T A8 B v F A B AR A R B 2 AT AR AK LA R S 4 TR 7.

1.1 AMEMR-ES SRS

B Ak 2 20 B 3 -8 5 2 S TR 7100 /2 R H BRI 4 M 4% (convolutional neural network, CNN)
b i A R B2 B AR ARERAE, AR5 B 8L F B 208 5 A B T Zh 5 5 BERT B B B 07 k471 4%,
Lu % A U2 ¥ VILBERT. Tan % AP Su % A PIBUK Chen %5 A1 J@d FUIZRI Faster R-CNNPYREAL R ]
15 e R0 X Sk TR AR, SR J5 #4026 R 418 Embedding 530 A Embedding — #2441 A 4 T Transformer
PRI B T 3R AT 4 M A AT 1052 LB AR B 5 -8 S TEE RAE. Yu A PR L7 5 B s BB AET
YIGRBE L 2 rh AR SR AT 3% 55 BB T A st R O TR 20T 55, A0 1545 B f 008 B e e o P 4500 S A o 1) ST e
FPXEFF. Gan 2 N P HUE LI G5 BI N BB -15 5 215 2% ST U4 b T B2 TR AE A M2 Ak R 0. Li 2 N VR
HUH UG A3 21 B AR bn 2 i T BGSCAE SO 5% 2. Li S8 N PSR 7 — R — IO TN SR B U HE SR, fik [ i
BEAT BRARZS A 22 A 1 PN 25 SR R AR AT 55, R ) A DR T TS0 S AR 15 ARk A PG R 8 v MR AR S A ) 2 i
1. BT B 2 BRSNS DA A A S i 9 4% 7 KRR, BRI R 7R T 45 DL B R ORAT 55 S0 S F2 v, A R 4
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M ZIE L, IS BB 2 (817 A2 TR A,
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it 7 $ (1) masked visual modeling Tl 24T 4. Huang 25 A U4 H M B 4% 38 0 501 45 SCARAE SCHEAT X 5%, I T
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FEAR.
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B, AT R T 2 B AR AR BB R 2 2.
2.2 ETBE Transformer H) ZIESHHIERM &

N T S b 2 RSBSOS R I S A O R AT R, FRATIXJE T Transformer (1) 2 A5 S Rl & A 25 51\ Pl o
22 245, ORI R R Ao 2 D) 4 1) e A A DX AR P X BB 5 B R S 2 T SR T 5, T 38 58 2 A T
28 1 SEARSC BRI RE AT, 3 R A B 42 N 4% 5] N % Transformer A5HH 1) 22 A RFAE Al & % 55 4 i
FRHESLPE.

G ()
n, g
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" - ) | 15 |2 1
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SCAHFE Key l Attention map \ J \ J
L I
Value HERIAURIBI |

B3 AR 5 g i 28 HE 4L IR

MUBERFAE AL E S B s (VIT) XA R SR IS 2, SCARHIE i SCA G % 88 (BERT) X T A SCAE B AT
PRI 3. B KRR E R SCARE 42 5 2 33N & Transformer 125 Sk R S HLHIRSER DL KB B 0 25 s e
HEAT 2 BLAS STAR IR 5 o A DG P A A

N ZEVE R TP R )RR 1 S6 40 JR 2 M AR e 53 T U Query. Key BAK Value X 3 Fi{H, HH Query
F Key {5 i HAHLE 15 2] attention map, 2R /55 Value tHEE RFE R EHE, B& i B £ 2Pl (multilayer
perceptron, MLP) #4 5 (1) 1 14533 )2 (feed forward J2) 15 2% RFE F . 1208 HR i 0 7 P9 Se ik 2 [A) R AR ABLRE 3R 4T
TEHE, DR A2 AR HAE) 2 1Y) & — T SR IR R IR R UM R AT ROR R O TR AR, A £k
LR 2 R 57):

Q=F,(LT)) &
K =F.(IT]) (C))
V=F,(LT)) ®)
F, = MLP(LN (MSA(Q,K,V))) (©6)

Forb, T FRR AL SE Embedding RHAE R &, T RRHAIISCA Embedding FHIEF &, [,] RN RHEPHERAE, F,
FoRAt B AR AR e 2. MSA % Sk EHVERE /186 5L (multi-head self-attention), LN N2 0 —{b#/E (layer
normalization), MLP 9% 2B AHLEK %L (multilayer perceptron).

fii O\ 22 T T 4 A R R UL T S A S R, o SR S e 2 A S TR ) S R PR I €, B 5 S AR S
A TA] (26 B2 B e f 0T, W SR SR TE [F] — 2588 bR B0, ANCH 2, T — &l v RN 2
A SR, BRI A T o v B Sk Ok RBEAT A, RN SEEI 2 T0 SEAR I B R, a0 A BIEL 2717 500 AR 1K I DR IEG
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FERE H DLKAH R SURHIER R V,, SR 58 AR A M 2% (graph convolution network, GCN) i )15 Sk
FPICER. 1 P 28 A, i3 S 2 180 Ff) 9% 2R IR AR B B ] o
Angpergrapn = D2 HWD ' H' D! (7
Horb, W RRHIBKBUE, H 2t BB, D, FoR15 s i BERE M UL D, R (0 BEAE . foe &8 B W 4
B AL Fy, AT
Fiy = MLP (LN (Anypesgraps [1, T19)) = MLP (LN (D}/ 2HWD,'H'D"*[I,T] @)) )
Horh, @ NI 5 B ¥ DY HWD, HTDY? [1,T10 Fom st 15 30 A ffs B & S A & b, D HW Fm il
RIFRNLT G BB S L LN NE B — i, MLP 2 2 BSINLR . Bk B IR R 5 Fy
DI K% 6 I D0 2 AR it g S S STV R ML 2 S B N S AT R0 A% 328 /2 (feed forward J2), i H &5 0012 24
Al 22 B FFNE R X 55 i P 2 AR 1 BRI Z R E Friaaens FETEA T — 2 ZBESAIA X 55 40 55 35 1 BB 2 FFIESN .
Fhiggen = Fusion (FA7 th) )
23 MR-ESTINGES

IS TR AT 5540, 5 FESCATRIN (MLM) A R -SCAK 55 (ITM) TR ZAT %5

(1) FERSCA TS (MLM)

AR MLM T 24T 55 5 B SR1E = A B TR 2R R BERTU AP i) MLM TR ZRAT 452648, AR [F 2 Ab7E
T BERT #E58 HHiZAT 55 R 45 BoRASCARAE B, T AR SCH [FIE R T R N 2 DL CSCARIE XAE BT # R B id]
HEAT TR, 85 B LR S AN (BT B3] token HBEALIE#E— A token F el [MASK] token {F Ay fr) 514
ISR 8 5 MG AE SO R AT A4k, PR R ] 2R

Lo = =Eqpy-pH (™%, p™* (1, T)) (10)
Horb, HC,) N SUR R EL, pmos(1, T) A TRIMEZRAA, yms Ny FL .

(2) Bg-CAFFFAT % (ITM)

PG - SCAR TG AT 55 B A 06 45 2 10 PR -SCAR ot T30 4 B A 75 2 DR . /6 TN i R v, 3 43 22 S Rl 2 0F 5
i 3846 1 [CLS] token 1E A MG -SCAN HIBC AR5 HERAE, 1 J5 i N\ 48— 2 A1 N4 2 AT =40 05 2 Tl
MEZR g pim. TIZR ITM AT 55 1453 2R BR AT R R

L = =Eqp-pH ("™, p" (1, T)) (n
o, pio (1, T) TR, yim R E S,

25 b, BEA TN Gt FE P L E A 3 ik, 43 A G SCARN L SRR L~ BOCAR TR K Loy AR

PR -SCRXS FARR L. FRIE AT RIR N
Luw = Lic + Loy + Ligm (12)

3 KSR

3.1 IR

SE G KA B L R A TN SR B 4 UL e AR N URT 45 B 4. 15 2 B B 0N SR BOR F B HE 424
Conceptual Captions®®. SBU Caption™”. COCO Captions™*” 'L}, Visual Genome™ 2 M2 H i 4. JL405 400 T3
TR PE LK 510 T3 46 BSCH.

BAVEMR 2 FIHATESEIREATE VQA-v2.0M Flickr30k!, NLVR™, RefCOCO+". FH: i3t 1)
ZHHRLE VQA2.0 JLAL5 204721 K EME. 1105904 Xf )%, BG ok B Hi3g 5t L &k COCO Hf4E, i) @i
FEIFRAL JERI A K 2 AT, Flicke30k 72 % H 1) BHG H R Bt 48, Foa & 31783 BUR UL RSk BREE 5 %
MISEHIIER SCA. NLVR? f& 56 T [ ARE 5 ARG BE A L 1) — N SR 48, 23R £ 05 107292 43830 H)F30A
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5 W2 G, Ho i A2 SCAR AR X RIPTK 53 5] A ILRC 5 AN TU R ) BB RefCOCO+E — MRS E A i 4, 144
PEARELEr 141564 JR ARG, XM AL 5 H 49856 I H bR LK 19992 5KIEMR. 3R 1 45 HH T BRI ZREHE 58 LA R AT
Eig €SP ISAIN S IERSY

R 1 PONGRL FIAESS SLIHdE 4R

ol Hif R 5 K BG SCA B
Conceptual Captions 3.0M 3.0M
. SBU Caption 1.0M 1.0M
T2 .
COCO Captions 110k 555k
Visual Genome 103k SM
VQA-v2.0 204k 1.1IM
FLS Flickr30k 32k 160k
Vi3
NLVR’ 214k 107k
RefCOCO+ 20k 142k

32 SLERE

KT KA 8 K NVIDIA V100 E#EAT, 383 3 FE 2 SIHESE PyTorch™ T HE4T 20 A sl 2. A SO
ALBEF #BE N baseline /732, J12E T 7 0 B AR SCHEE T 2 J0 SN 55 1) 2 S I 2R B Tl 2R 2 v (1
WA I SR 12 2 S 508N 85.8M Y ViT-Base #E A ST Ym it 28 DL K £ #5525 Rl & 5 55 4 i 2% 0 1)
Transformer 2513528 6 Z M 454544, 437k H BERT [WHET 6 EFJG 6 ESHH TGN, T2+ batch
size BEE N 256, FLIZE 30 4 epoch. B E TN 0.02 ) Adam WP MR AL B BEAT AL, BIUG 2 ST K& E N
1E—4 - HARHE cosine BRELIHHATZE L I A 1E-5. TUIZRES S N UG OB BY 2 K/ R 256x256 JsH B, T
XU S5 HEAT ORI TUAR YR VAT whi (B 7 12:48 K 28 384x384.

ASCH PN ZBETIAE 4 ME-TE T FIpES LT TR SEE. 2l a2 BICR R BARES N
SEAERE . ALGEE AL visual grounding. T RN 25 AT 55 5256 186 @ HEAT A 4.

U3 19 &5 (visual question answering, VQA) 1.5 & 7EXT T 45 72 1 Bl 5 F0 SC A 1) 751, 308 3 % AL i PN 258 R SAS 1
SRR T H AR 2. SEIR AR R A VQA-v2.0 HR &, A0, 1% T IFIT 45 S50 % 8 5 ALBEF 776 —80 %
P 18] 25 T 5 A0 A2 AT 55 1 6 J2 Transformer 45 KRG 38 28 8 5. 4 ZARZSRLE X S5 dm i 45 105 A
B RIS G AT AR AR A 5. TRIRT, DXt HE A, AR SCANCRAH R 3 192 A il AT M AR ot B2 2. St
i, & E L 25 A E IR EON 0.02 1) AdamW 4638, WIUH % ) N 1E-5, &t 4 4> epoch ) warm up 24>
G IE E 2B-5 T )5 PL cosine BRIEUE IR RS e A LA 1E-6. W E B IIZR epoch HE A 8.

B SCHE & (image-text retrieval) 1T 5500 & A MR 3 i\ BG AL R SUA AT 45 DL S AR F 4 N SCA K, 22 15 AT 45
A TSR B PR ELTE COCO Hm A LX PR R BY A AT 55 70 AEAT T S50, SRAR T, e PR AR A
FIR RN 0.02 (1 AdamW RALES, WI4R 2 1408 1E-5, 2% 1 5% 14 3 2E-5 1M 5 LA cosine BRI AL 5 Il S i 24 3%
A 1B-6. W EBALYIZR epoch A 8.

H ARG S AL HEFE (natural language for visual reasoning, NLVR) 1F4% & 75 X1 45 5 [ BG - SCA S BEAT H W 2 75
555 B SCAAHIL G, 2 SCHE NLVR? $dE4E EXT 107292 450 A5 G VLS R BG 3E4T SR IR 45 . 3 T AT % T
0} B S AR SR BEAT BT 1) G AL PR 0L 5 75 ZE AT A B B k. 5 ALBEF J7%k— 8, A3t 7 — N3RS AD
FE5%, BG4 N B PR aK BRI — 2% SOAR, BB SCAR AR BEHEAT 23 2 A 7 2 5 R ok MG IR T, SRBeit, T3
HIRIAN TS, 2 LA A AR E IR R E0N 0.02 (19 AdamW L3S, WIUG2: 312N 1E-5, % 3] 5EmE L 2 2B-5 1M
J& LA cosine BRHUE IR NS A TEIN A 1E-5. WERBALUIZR epoch BTN 1 X T R AT S TRIMVIZR, S W46 >
N 1E-5, 2% 2 SRIGITE B 2B-5 T J5 LA cosine R AU IR R IK I 4 2 R 1B-6, WE Ik epoch #i A 10. HT%
T4 N e — 2SR R G P K MG, [RIE 25 ALBEF 775X L g 25 35T T3 B N 2 NS E 3t 2 (10 5k 4w
TiE 25 AKX\ PR 7 B AT Ab 2.
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WUSE E AT (visual grounding) 155 5 78 H 4N 1A BAGRINH IS R 2 SCASHIR, 5 007 Hh P4 p ARG 7 [ (X35 A
IS R ) SRR 1 E 9 55 B A GE B A, BRI 4R B U SREE AN BL A B FRAE RO BRE . AR ST TR ZR A8 B B A T A
RefCOCO+ILHL % {37, Benchmark #0445 _FEAT 1 H i SIS, SLI8 152 WIUG - 21 26N 1E-5, YIZR epoch &N 5.

ARG ARG 5 LB TRALIEAT 76 . Hoh, VisualBERTAI VL-BERT 45 i@ itk Transformer ]
BV 7 AL S B A% X 38 10 SCAS FR % 5. LXMERT W T 56 2 4 i 4% FH -T2 ST AL SE NS 5 RRIE 2 /i 1O 6 &
12-in- 1" T4 O RLSE V8 5 ZAE55, MR U ZRad f2 b, B (A B B R, OSCARMKE FEE ARk I )4
PRAR AR A 5 AN UNTTER g 7 — il FH A R SO A F A 23 18], VAL T Ve faf o 10 2k s oK Kok Ab 1
R A i 38 1 S 50R:. VILLAP @ i 2k 0 77 00 ai AR 8 132 A6 B /7. UNIMO™®, ALBEF!"il FLAVA )
Sy ) 7 5 A5 PR X B 2 ST 7 90 S A A PR A e B 38 5 — s ) e, T 4 AU R ST (B ER AR B D 0 2 X i
METER-SwinB"7 5| A58 X% & e #E 2 MEZS iR 4. X-Decoder™ Wy 8 T —F i 2 A MG 4038 LIRSS =
FEE A R IGAESE. PTPEI N T —Flop i 47 B 51 5 SUARSR RT3, AR SR 8 55 2 B TN 2R 55 28 v frg 41
BEE LRSS, 5 EIRJTVEANR], A S NEE B 2 0 SEARBE BRI, MOTdE T — il 22 JO SRR SR ALV & S B
HIHEZE.

33 LWHERES

(1) VQA LA NLVR® Nl 5% Sl & /0 #r

% 2 oA SCIR AL SE -1 S TR AR ZE VQA LUK NLVR® T IHAE %5 34T ORI 2R 10 45 5. A et e
T H AT R R -E F TR A, B HE T I B R DA A i B i I SR Y. T SR Y 1 S S A 2008 400 T
T T A2 VQA AR5, 23 BI7E VQA-v2.0 (1] test-dev LUK test-std Edii4E b ibAT 7 % B P4, Hodh 78 test-std
b ALBEFU BRI T1 29 0.06%. X T H 4R 1E 5 M HEFE NLVR 4£55, 43 BI#E NLVR® [ dev LA test %45 1
HEAT T 5 ECVEAS, HoA7E dev MR b HE baseline 155! ALBEFU! 42714 1.0%, 7 test b ALBEF!' AT} 4
1.8%. SCUG &5 SR AU tH A T 25 5 VR A0 1) 25 DA B B R TE B AL 2 T AT 45 3 Rede A PERe BXT T B
SRTE T ML HE BT &5 b B BORIR & 3R T, 1X U A2 H R T B AR 22 N 4% 1) 22 AR AS RRAE 22 0% 55 T 45 77 42
REAE 18 50 22 BRI 1B (R 57 90 R, T HR THE AU LS -8 5 RRIEZ AL RE .

#2 VQA LI NLVR® TR RE LR

i ﬁyllé§E1% VQA (%) NLVR? (%)
HE M) test-dev test-std dev test
VisualBERT" 4 70.80 71.00 67.40 -
VL-BERT#! 4 71.16 - - -
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 7291 77.18 78.28
viLT! 4 70.94 - 75.70 -
UNIMOP? 4 73.29 - - 79.10
VILLA®! 4 73.59 73.67 78.39 79.03
ALBEF" 4 74.54 74.70 80.24 80.50
FLAVAM 70 72.8 - - -
X-Decoder™ 4 74.1 74.2 - -
pPTP>" 4 73.44 76.16 7731 78.50
Ours 4 74.43 74.76 81.25 82.29

K 4 P N2 BOUINZRIRLSE-15 5 A B 281 5 AL HERE N 55 LRIIIZR 10 /> epoch I3k HIZE K (a)
AR B8 AR 55 M SR A 2 10 i 28 B (D). AIE] 4(a) AT LR AR S BN SR 2 5, X AR S5 Wom Ul Zrid v,
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WIZRA R REE R0 R B, WY T A 55 AR BE 6 LU AR e s EAT VI 8. ANIEL 4(b) T LU R A 55 IR I
55 1 /> epoch Ji7 Bt 58 5 AR 1 HEAf 2 T IA B 0.78, R B 5015 5 I ZRA5E AL B HUAS 3 132 AL R AE REAS AR
0 iU 22 RS RHIEREAT 2 IF HARTE N A 55 O DN SR HETH 5.

0.5 F 0.82 |
204y 7 0.81
03 g
=03} 2 080
& 8
2 02 F < 079 — Val-Acc
: Test-Acc
O.1r 0.78
0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9
Epochs Epochs
(a) MRtk (b) 56 1E S AR AR W R

B4 ESRE T AEHERE (NLVR?) AR5 I ZRa5 2 LA K 36 10E S ATt S v 1 2 o 2 P

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

ot F B SCAR 2R R UFAT 55, AR SC 43 0 AR B A Z SUAS DA BRI SUAKS 2R BMGOX BN TATR 45 HEAT 17 5236, 3% 3
JI 7 R TR S5 A0 A PR ST 2R R AT 55 EAT SO I 2k i 45 SR, SE 03 42 COCO. 43 HIRT 5 ImageBERT!,
OSCAR"', UNITER", ViLT'"", ALBEF"”, METER-SwinB"*". X-Decoder™ I\ PTP™ X L) 3 -1 = Tyl 4
BERLEAT T 6 bh. FoH ImageBERT TR ZRA5 8L (1) BE AR 600 J5 7k HARRE R IZ) 400 JiK. A SO0 LL TR R 45
B Topl. TopS LAK Topl0 fi A A5 5. AT LAE H, 5P REEAF IR ALBEF ML, X T EUSR 2 SUAMT 55, A
P HITEE R@L. R@5 ALK R@10 20 HIRTHZ) 1.1% 1.2% LU 0.7%. 3 T SCAR K R RBAT 5%, A0 ELE
R@1. R@5 LA 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 SIAAR [H]6F 55 6 22 AT B TH P SCAR 38 AT 25 M e

R3O RSO R TS R RE LR

ik ]"D’WIE}% K% Text Retrieval (%) Image Retrieval (%)
HrE (M) R@I R@5 R@10 R@]1 R@5 R@10
ImageBERT!"” 6 66.4 89.8 94.4 50.5 78.7 87.1
OSCARY 4 70.0 91.1 95.5 54.0 80.8 88.5
UNITER™ 4 65.7 88.6 93.8 529 79.9 88.0
viLT! 4 61.5 86.3 92.7 42.7 729 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 4 742 92.6 96.7 57.1 82.1 89.5

(3) B E AL FUHAT %5 SL 0 45 o iy

o FALE B AL T U S, A5 30 S2 86 ¥ i I 95 B 7 RN ZEHIAE S5, BN ZR 30 4 o AR At B bR XIS B bRVEAE.
G HPE RN RefCOCO+EIRAE, MR SEMia, 2 e EE . MREE A DLRIR4E B E#E4T T IR, & 4 B
TN GRASE R LE R 58 BN W AT 55 AT S I R A5 20 IR &5 R, 20505 ARNM. LML K ALBEF! i L4 4
R 45 4T T X b, AT LB Y, S5 MRS (5B ALBEF AH L, 45 042 HH (0 7 VEFE IR 45 ISR, 17 78 T A
A PLEAREE B 4 BIEE T2 0.1% LLIZ 0.7%. 1E RefCOCO+EEEEH, HHT7E RefCOCO+H 5 4E H M 4E Test A
oG B 9N, TIRAR Test B A MG U AL & BT FCABAS R 4. 1093 1003 7 AN IR AR R 25 AN [T 1)
K AT, HIAREE Test A A8 N IOREAS FE T 28 55 R0, T IIHA4E Test B A o g & 58 APk ME O RE AR, A
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MBS ALAE N IE Test B _EAITERE 5 IREE Test A IITEREAF/E— AN BB 2ZEE. MFIMERE, AR T
IETERERZ BT baseline 157 ALBEF. S2U 45 SRR W AT H 158 T B 22 I 46 1) 22 A 25 0die 22 Jm S Ao 5 (17
IERENE I SR 0L 5 SOAE B 5E R 4.

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 o br

Grad-CAM 5 1% 2 — 7l e o 28 90 2% it R SRETEAT AR BR Ak 37 1Ay — Bl 32k, S 122 5 425 P LA A A Pl
AT AT . A SCE RS Grad-CAM 7712, 73 S HLGE 1) AR 22 A5 2 g L) 8 v 5 AL 0] S bl L AL s Ao 2R
Z ARG A% T 85 LA TR BR UL K 22 B R o T 55 3 SR SRS X SR B AT T T . ] s
NALHE 1B VQA R 2 A G b 2 v S B A X SR U BT B TR A R, K 5 HreT AR, AR Y (1 3
T2 90 285 1) 20 A8 S B 5% R 0 AR 3t 0 380 AR 8 AR SCA X 2 P S SRR AL ) o 4 I S i A\ PRI PA) 4t
DIHR-0 i A\ BRI AN [0 6 e S AR ) BB B 5 P vy AR5 A 4 7 X 5 26 P FUA8 L e . BT 6 s 9l o R o A6
TR e B BRI AR R SR AR B R B TR SR, I 6 rRRT DU X 48 58 (0] 1 A [R) H B S,
VT P v G DX S R 0 5 RS L 38R S K AR RFAE XK. B 7 s 9 2 S G s v 55 3 2 B A0 TR B
B EE R, ZPRERWIH 3 RS RUSR A X TR B AR N R 5 SOAS S AR 6 AR 2 ) S AR HEAT
XEFF. bR SRR A SCHRE ) FE T A AU 48 00 2% 22 0 S (A0 S IR A -85 75 25 A5 TOUUI 4 Y 0 1R 4 T o
2RSS B SRR N 5F R &, IRTHLSE-1E S ONZREE B A2 AL RE 0, FFAEXT AL BE -8 & R WAL 55 BEAT i
JEREBSTRTE TR SS PRI TERE.

“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 LSRR AS RT FEAERE B J) B Grad-CAM AT AL 25 5
&l 8 s i B ARG B AL NS5 M AT AL 4 5, W] DA B AR SCHR e ) 5 T B R 2 N 48 1 22 7T
AR FF AR5 T 2 RS TSRO 2 B R TE 5 MO HERE R TS5 3T I 255, A7 Be 0% 1R Lt ) Fy N\ 1 4
it BEMG AN SCAS A SEAAR IR 96 R BT R A, AT A N (1) P 5 AR P 25 AT 25 e ) T
(5) VH R 5s:
AILHHT 6 |2 2 ARSEFERV A TD 2% b BB A 2 W4 RS IR, S 2 B FRE Bl A S D 2% 5\ B G A4 42 %
LRI FTTEZ AT T T AR STS. 1294 Al S IR TE 55 M B L B 8 AT 55 EREAT, 2 IR T RefCOCO+IRIESE . Mk
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A LIRS B EMEERINER 5 PR, A5 1 RIINEBRAEM L%, EE A LIRS B EIRTAE]
NIEBL. 2T EEEINE B MR, 7RI A DURIINREE B L BCR B, T U0 20T E 5N
B RUPLZE W2, RS B0 BT PR SCAS rh SR 575K R AR ILRE

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?
A white A metal inside the vehicle? A @ black Az silver

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 e g LA X SE A 2 /) 18] Grad-CAM Al #L AL 45 R

glass with words small glass
- s

black shirt blue shirt lady man with skat:

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

8 HAREF I SEHERL R iR Sl Ml 4 R

Buying A Computer

750 ml - Case of 12

x5 BEMSEL B HRSER (%)

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

4 B %

EESTALGE-TE & 22 RS T 25 22 B B0 S04k 56 R 55 R R I ), AR S HY 56 T 78 PRI A 448 T 4% 2 G S 4
W TR A T S5 )5 72, JBITAE Transformer 22825 A 4 5 4% H 51 B B 48, 15 B4 1 068 320 (e v B AL
KMERE 1, T 2) 45 31 22 T8 SR (5% 55 K 20 AT 1 568 22 A5 Rl 2 A G 28 110 SISkt 5 M 2 B 7, BT 4R TR -1
2B ENZ A BE 1. AR ST R TTIRAE R A 400 73 BIUG BRI G -SCA B 45 L 3EAT T 3 B A B
Sk, K RN G R 2 4 Rl -5 = T LS. S8 X e gh 5 DL AT RRAL 40 M &5 SRR AE T AR SCATR HE A T
VIR TV e AT 20 2 3] B 2 RS SR IR X 5500 R, HRAE 2 A AE-18 5 NI 45 M Re 4 Frde T, b re
NLVR® {£4% L HILLTF baseline J77% ALBEF #Effi K 2T} 1.8%.
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