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Improving cross—modal attention via object detection
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Z2 OI0IX AL 201 M2 THE ZEClBIE Gt 220A OF= ZEl ZE2/Elo et 2501 &
2ol MHE D ACH Olst HEl 2EE ARUM=E AE TE S 2EEl0 e B2 &t |k
cross—modal attention Ol 20| AIZECt. GHXIEH &Sl R =22 2SS cross—modal attentiong X
ot B2t stsg2 S8 AE Xl SIS oESt, AEFQ HEMN st &2 GHXl $=0h 2 AL
M=, ZEl ZEelEl & 506l O|0IX 322 8IAE HEBE 2= Vision—and-Language EHAZ0 24Xl
dE 22 =S XE6tH cross—modal attention & HEHCZ SMAII= MZ22 ZEHES MAISH. 2 =2
OIM HAlSte ZHEHE2 CH2St dIOIEHAN st A8 LE s XNEUM JIEQ diolAetele s 2
H SEAAIDIMH, =F Vision—and-Language 2 0t EHAINE HE Jisst &340 =2 YYH20IC0H
1. XEoo|et g 2, 122 JHdolde AIZIJF &XoltAl
H2=0. =, JIEN= HEEN ot 2& &+ 0|88
Z2 94 FBY "9AE FE B4 2 S U2 S48 NERQ sEg & dHils 0l ORXNA LU =2
2= 0 Z2EelEl (Modality) & OR= ZE ZREelE A0 M= Vision—and-language &S0 M  cross—modal
(Multi-modality) 2o 28 I} SetsiCh. S0l Vision— attention 2 XIH2Z MG, ZE FTH SHs52
and-Language ctid 2= A5 Z0k= OI0IKN BES S0HScl= HFE HMOeHEtCt
BAE JEE LYoz 20t Aot BEES 01R= HA=Z, Aoz, 2 dAFNAHMse AHM Z2E € (Object
Ol0IXI &9 8¢  (VisualQA), OI0IXI MY (Image Detection model)S 0|835t0! OHAS Jfdote ARE
Captioning) S° EHA3E ZL&sHCH. 2 Z2El ZEelE HIotStCh, =2 detectron2 & A2l S8 2 A36HAL
AR OIEDIXIZ, Ol0IKI2E HIAES M=z O S48 HO wASH 852 20l 28s A HE LLESO0
= & IELEIE N O=Fs H70121 =20, S&OIRULH el RE2 0lgAH 2Het 42 A H2=
SECIEIE & Z&gol Jote =22 Uses 2E2 PEZ2 XSot0, pseudo self-supervised learning 2
A AHIGHOF SHCH. 0236t cross-modal attentiong IJH&ol= YEHES
2 I E2 AdAss 20l Us ZHE RE2/E Ml erstCt,
DEER2 F JIA 0l&9 ZE|EIE &&ol)| ot 2 2 HAIA0MAM metst ZHEHEZ O0l0IK BAHY EHAZ
OHElE JIgHE g8&l. HEd Jige 222 stoigd Jt& MEZSHH Odd OIoIEANAM 4AE=2 =Es 2, 2=
SRE FES AAZ F50HH ZoF0H, § Z2EelEl 2ol HIOIEAY RE s XNEUAM JIE HiolAetel 20l Bldk
NZ ERF B2E22 27 = JA E2AFx= 9= o EJIEQ Hs A0l OIRHR/CL 2 A9 HHES,
Ol & Z2EclEl MO0 B=2&= HEIE0l cross-modal cross-modal attention 2| As5E JHMGtLDAol= MZ2
attentionOICt. S3l, =2 OEHAE Jlgs Jgtez &t 2d &g Y 2(training scheme)0lJ| 20, 2 Vision-
EMAILN (transformer) LELE0] HE| RECEl HRUANE and-Language Task O Model-agnostic otH &HE& =
ZHME 20l UJl =20, 4= cross—modal attention 2 UL, Metd 2 AREegE HMetEl gHES O2st 20k
ZEl REClEl LEUM E=H0 40t O E£8 Vision— HZol= FIt ARE AL HEO0ICH
and-Language ™R 0IA <Al cross—modal attention S
S250 DS AW AR LCH[1][2]. Y0l HPE A2UEN UHSHHTAL 2022EHE BK21
[ PNRELs EESi= el Vision-and-Language ;O%URt‘ffilaf%méHggﬂé%g;E’ leld 848kl X
(=1

(===}

DAL= AM=  cross-modal attention 2=E= =3l
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2. &t o2
2.1 Cross—modal Attention 2 JH&

HEl Z2Y2lEl HF0UAM cross—modal attention 2| SWE
SHAFAIDID| S8t Oded ARIE EMECE st AR [3]0NM=E &
SYelEl AOI2l E4 X0IE =W F ZE2IEl A0S
HEldel SIHE SAAIIISeE ARI =TS

Jdeflt oHEEol st REEOl e 28 AL &0l
OIRXIX &1 ALt SEole R LM OHEHA
e &Y 2t 8& (End2End Learning) 22 sSt&=Cs
o 30 et HEEe = g dAIF EX Zh= EOl
1 OlRCh 2 g30Md=s M 2 RE2s 828 =27
S8 4dHE SotW cross—modal attention 229
HEFO N ZEHES N eHetC}.

2.2 Surrogate 10U

IOU(Intersection over Union) HIEEE i HE KO
Eole 202 AH ¥ M09 dXe FZE Sot0
ZE Hds2 Utile XNEZ 28<E0. 10U HEZo st
d=s=2 =071 <fI5t6 0 HEEA =FH g2
MESHDXGtE AIEIE JA/[XILE, IOU HIEHES 012 =2lts

(Indifferentiable)dt?l W20, 222l Gradient-based
LM=E AME0l 2DtsotCh 010 ol HR[4]1[5]0A Ol
HE=S 012 Jtsst Al &= (surrogate function)E Sl
@Yoz stE50 #E0tRULCH

T M= Vision—-and-Language
attention Ol surrogate IOU &=+E 0|&8&tCt. JIE
A HE XY KA =
AANAME OHEIE == 20 Y A&

AOI2l SEg AA0l surrogate
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Loss

2 A20M HMotste g2 8 1M 2 = UCH 2HA
ZdE 2= = Mask R-CNN[6]S XE8HCE Mask R-CNN 2
OI0IXIE Yoz 2ot HEDHesE Ao 2SdA g
Mask £ S22 UW=H 0. 2 H20MAM= O0lZN
ez =oXe 2dA etg=2  Vision—and-Language
A3l g HAEQ dluwstch. ME £0, OI0IX
BAHLC F2 Mask R-CNNO| Z&Est 2HI =& 280
SOHJACH, OAXES critical object2M Mask & FE&tCh
0l2d 2 Pseudo Attention Label &M E&SHCE.

StH, O 12 Ote 22 H™E, OI0IXIJF 2E2l Attention
Module 2 Sall 2 FIE E20 oHYdt= Attention Map

E¥02 HHs=sl. 0lF 2822 F:0HAs HAES =
£33 Mask R-CNNO| GIZ8 ScHA U 25 HEo
Critical object ®E =20l digct= Attention Map
=& 5tC. 0| Attention Map It @Al Mask R—CNN 0| & st
Pseudo Attention Label £ O0|&5t0 Surrogate 10U 2
Auxiliary LossE & 8tCH Auxiliary Loss 2 =4l OteH2t
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attention map feature gt0l1, ™ 2 hinge Loss 0I0,

‘Th = Jaccard Loss 2| Lovasz extension OICt. OetM,

=

Auxiliary Loss = Jaccard Loss2l Lovasz hinge extension
OICt. OIF Ol LossE e 2Eo =& g0 FIHE2=Z
grHstCH 2ol Model-specific

Vision—and-Language 2| EHAZ0ICH Eet&lCh &
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£ 1 ojmA AMY 4F 23}

Dataset Maodel BLEU-1 BLEU-4 CIDEr METEOR ROUGE-L. SPICE
FlickrSk *Show-Attend-Tell ﬂ'.f)‘i'ﬁﬂ {]'.23_}9 [}._*EE']’M 0.2( 152 {].:E 306 (.1495
+ ICA Loss 0.6576 0.2453 0.5939 0.2256 0.5479 0.1713
Flickr30k “Show-Attend-Tell '[}.61;5 57 {].23_}4 (0.4789 0.1930 {}.5{]85 0.1 3.’j{]
+ ICA Loss 0.6597 0.2351 0.4798 .1963 0.5132 0.1351
MSCOCO *Show-Attend-Tell  (1.7050 03036 09378 0.2472 []_:2684 01776
+ ICA Loss 0.7110 03149 0.9392 (0.2488 0.5792 0.1793
*pur Implementation
4. O|0IX MY A& 21 a2 28 £ AL, [UAHN MHelE ggst 0|0l
=2 (Natural Language for Visual Reasoning) 0= S JH<l
= 9I70UA &XHSH Vision—and-Language Task =Z& OI0IXI St 2H Hzs: 2499 s 2dAIH &Xle
OI0IXI WAYE S5l AE=2 THSIUCEH Baseline RO TFHAH0 UAS ZBR, SRE dgs & = AU
2d2&=  Show-attend-tell[7] =2&g &&SsiCt. 0l mokst 2~ QU0 O AUE HAE DRYPIEISl ANt
HiolActel 22 HEHE S22 8ot dES 2 /& ZRst LE ZE ZLY2El AT B0l Jtsstd, =2
E320 diYote 0l0IXIAS OEHEAES EEoSt= 2L0IC HPI =F SF SHUAM O JIXIOF 2806 =C
AN AEE COIEHAE O0I0IX VAHLUAM JtE 20
AMNEEI= Flickr8k, Flickr80k, MSCOCO OIOIEHAlZE & Zol1, 6. 28
ds XNE2= NHH M4 ds5 XHQ BLEU-1, BLEU-4,
CIDEr, METEOR, ROUGE-L, SPICE £ A&8tCt. JI& 2 =20M= J1&E2 Vision—and-Language %70 24X
Hiolaetel 22U 2 HAIUAM Hest galo P D&% X RE=2 U8 dss =0l= 2HEEZ MOHSHULCH
AEy F8e s 2206tH, &5 ANH= PyCoColl & & HH EX PEo == OlADR Yol HHAMH 0=
SANMO HAsXEE 88t A8 Al Mask R-CNNO| Jtsst Surrogate IOU S& & +E HZoIH, HEEQ S5
2ASH ZeHA P = AN =H5t= Critical Object = S8 HEAE JHd ZHHE=S  HAIGIAO. 2 HI0A
CIAEAY HWPRXNOZ 230 HYotLl, oY Critical Heotste gHge =% o BHAIAZ9 HEIIsHs AU
object =2 LossE mean average £ Fot0® Loss £ 200, OIOIXI VALY EIAZN Oot Aoz 2
A 56HACH Hs 42 B0 1 242 Z3otAL

A 2te E 10M 2 = UCH ICA Loss = Improving
t

Cross—-modal Attention Loss & & HF0IAM FI+st Auxiliary
Loss OICt. 2 AP0 A Htot= Auxiliary Loss & FItst
20l 2 HOIHADL 2= dsXE0A N E2 852
20l HES =olg £ UL S0l FlickrBK 28 MSCOCO2)
HIOIEHAIA ICA Loss E FIIot¥E WM BLEU-4 2
ROUGE-L S92 HsXHZ0A &I/ Hs5 sas 2olth
OlE Sadll 2 HR0M Hetets HEIESl MNEHOI A0
QY Hs sM402 HNFHOoZ ZFF JE=2 = 22
50

solgt 4 QUCH

5. Broader Impact
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