BsF i &k A R FE S AR - 18 B Transformerfi !

Mt FHEGET EEE JEE =2, Christos Sakaridis? and Luc Van Gool?

=1
VEIFREOARER, B B AR, B, .
SRR =, TR T 2R, 732214, it

Abstract

RIEAT T — S 515 2 Transformerf® # (MVLT) |

5 AE 2 > I i) 8 R B AR AS SR

WEARZERE , A ET 5 Transformerti 2 £t W BERT (1) 4544 # 4T B A, {3 iy B
i A3 PSR — 0 R B O I 2R 2 S HESR o AN, ARSOIRGH T EBRERE (Masked Image
Reconstruction, MIR) FHIZRSEME, F T I e 45008 b pO 40000 2 B A% - MVLTIE AL 5 A= By
RrEsR, BWEIR 2 RS EIRIE AR W LU RSB0 B-1E S 05T, TSR 51 NS A T
SFETY (BI40: ResNet) - HEERE, MVLTHREGEW 52 (03] & F0 UL AE 55 F0 4R Al AE 55
e SERRGEREM, SFashion-Gen 2018%(#E Sk It #H Kaleido-BERTH H, 7ER R AEF5rank@5E R
MRAESHEE il fdm T17%M3% - AR IBERE : https://github.com/GewelsJI/MViLT -

Keywords: MLui-iE 5 WIZRMES - MIDEIEERE . Transformer « B4 - LTRSS -

1 5|5

Transformerf& 2 A HIL G & T % AR FH Tz
KE, HRHATIHENME (CV) [3, 4
HRES LHE (NLP) [5, 69 A B . H
T Transformert& B (1) LRI, BFFLE A TH AW
HREAEWN-ES (VL) SEAER [7-11]-
REFHFFCV FINLP AT R FI R AR5
A A A - B AR A B A T 4R e
FIBERTHA! (1]~ HLFHIEFREGER [14, 15)80E [F]
B EFRABE - R, B R-1ES T [16-
IS0 LA N T BT A S e 4T, R
DURFAN A a) BIEAR: ARTERERYE

+ FEISE TR = EIER o A TAE R S e I B A A S ST 4
B ZERL - ARSCAMIR2023 [/ SCHIERG, FZEEHE, EEY

2048-dim Prediction

{0.8,03, ...,0.2}
©)

] o
) 0.9,0.1, ...,0.2 MM, ..., M
s /i 0 = >
¥

Image Patches

2048-dim 2048-dim
Feature M Padding

@ Masked Image Modeling
@ Masked Image Reconstruction (Ours)

Generative
\‘ Patch Patch

E1 ATHE-ESTONG (12, 13]090 5 E A5 T hE
PR SEG (BI: SEAMIE R EHRIG I E) AR E o
®(EE) R TERILEREETRBAEIE S (A
) o AIGIAETHRBEEGEENENNES (TH) &
HEERGRERWFIEER .

SRR, BRI SR R P 5 R
SR R [19-21], B AR 208 S8


https://github.com/GewelsJI/MViLT

W LB WL S T IR AR - Sz, THT [ P e A A Y
FEFEEMREZRRLE, flim. —HEEARF
B (Flan: FE - IR ) BORAT (F14n:
SEAT S T AT RIS MITEE - b) TR
WU SRS T S, 2 A TR AL o A AR R
ZEPRHE, TRRS] T B RAEAYEE
MR LR, KRBT — 1
AR B-E E E SR R O S w1
= Transformer (Masked Vision-Language Trans-
former, MVLT) - B&ME, &RIXHEHX
I e SIS AVLIEZR 5N T — M AR AR S
Al Wi EIGEZ (Masked Image Reconstruc-
tion, MIR) - MHILTZREIBFINGEES ., B
. MEEGEE (EEES) s5EEEEE
S (HRES) , MIRME ML ETIRE R
FERIBEZMAEZRME (SR - 1t
Gh, % & F I B Transformer  (PVT)  [22]H)
B &, ATIEME M & T E S W AE R w8
H Transformer o A7 5] A FIMIRAE £S5 & & #58 T
R T SF R RE I e A0 B8 2 A R AR R AR S5 D &
RLRE ST, JF BEEWS Ll 23w A0 757 =il 4k - Ry
it MVLTHE R A] B % 4 28 5 40 1) 58 2 % =AY
ZEEmA, B BE1AH (token) F1EHRIR
(patch) , T JC TR &AM TRAL AR [23, 24]
(4nf#FResNet) o AL FARTTER S50

o ARIIEH—FEFEIEEKRER (MIR) £
%, XM B FINGTE N FKAGRE
AR 2

o HTMIRMES, ASTEEH T — T I i 458k
s 2 i A - B S AEZEMVLT, R & T
NS5 R R IR s 8 FH A TR

o [TIZSLIRFEHH, MVLTHEALLE PR = A1 A il
55 E R BT FEARRTVA Y -

, & TBERTHE & 1 7 il 45 1 &Y
EMHE-BEESHH T ZHR . Z
B E TZRAEEES TIHENHF
wABT KT, 64 LXMERT [25]- VL-
BERT [26]Ff1FashionBERT [12] - P K4
F B, BERTHEZALE —FH T 22> BB RIER
ST, HAERL TR E TONNIA! [27)5¢
ETLSTMIER 28]/ 771 - 5 DIERF % TAEH
W, ARXEEH X —ME R =R E BT BinE
%, EAILIRSHEE TGRSR, HHERR
MRS EIFARIE - Ft, A EE T4 TR
RSB & W RIRD = 2 =) SRBE T3 23 2 45
ASHEZR B STHR -

2.1 2 S) R

D RIS EBERTIEZY (1) HE A B B
%5, HEBRES MM P ERE LA - HRiZ
KIS TE SRS AR S R B E A, B
DR A G T EAEE SRR MMImE . X2
B -8 S T (17, 26, 20K D AR SRS 1 T RS
BRG] (token) T, FF{5FH[EIVAHESS MFHEL
BRG] (token) FHIESLE 7 KRS
KFMIABF] (token) HIBME - T FEIRY > BIXE
%, Kaleido-BERTHER! [13]38 1 2K F 5 1L 4 SR H%
KA MR AL, o TR o 2 0 B2 7 SUTT B BR
) o BINZITIERE T N i AT A AT -
SHRES R, E2AF-EESE (token-
patch) FITIXN FF 77 RAMRARE Z4, BAFG T SLF7
G PR N IR - SARCEBEURES —T
YE [30]5 A TMLIMJT %, f# FH R R B AR 553
T AT ER AR . SR, AR SCRISEAR R EATE
BRI RIIEOLT, Bk — BT & sk
B TR M . Fi, BEITHRA [31)AIMAERK
A1 [32)F FIBERT AR (TR 25 45 55 1 R WL i 27
S —EB Sy, FERBIAEIZTT R T RE A S >



. » Kaleido ® Masked
Language Vision Task Language Vision Task Language Vision Task
Task VL Task (Regression) TIask VL ITask (Re grefssi on) Tafk VL il"ask (Reconstruction)
Multi-Modal BERT Multi-Modal BERT / Multi-Modal ©* PVT \
b A b 4
Frozen Frozen
[ Embedding ] [ ResNet ] [ Embedding ] [ ResNet ] [ Embedding ] [ Embedding ]
Text Tokens ®Image Patches Text Tokens ®Kaleido Patches Text Tokens Image Patches
(a) FashionBERT (b) Kaleido-BERT (c) M-VIiLT (Ours)

E2 MVLTSHA I AR5 -1 SRR LS - FashionBERTHE! (a) FIFETES MG (Bl BERTHZY) SRIZHE
BREEM A (BT EGSR) MK-1EE#7R - Kaleido-BERTIEE! (b) 5T FRBEI3AT T U R HAY & T HAE
EREMEA (Bl KaleidoBlBHR) LURBZIRILFIMRAHAE, Hi&0T T KaleidoM o S5 AT 42 S M B-15 5 RAL - ST,
XL S B E R (R AATIZRATIET) | RSB ZA5E SUS M AR, P E R T ENrEBt - ARKE,
AR HEIMVLTIER (o) sl s ERER F 5 AR ES, M—Fh @M AT RS R E, KRR T 571
-1 B R AR R A RS -

WA IESMEE WA LAEE—DRM, FEip  RIENESRE, VILTRE 3525 — R
R E G (BIEAES) BAmEEEg TEEGR (patch) AIBRSIEAZEET XL /%
HEESZEFARMER . R, AXHEEA FFAE SR ¥t i 2 9w MEZR OB 50 5 9% - SR, W0
PRRBOT— N ERMGEH (pretext) £55, £ RIEEEMZTHABREZSHHMGE, HoA
THERERANIRFT SRR, R ESTIGE EOGEVITERE B — RS E - Grid-VLP#
FTEGRESRERE RS, JFEEHE R B B6)SVILTRAEAMEM, HEHEE—PUEM 7 {#H

BRI SEbT R R FIAR A 3235 - TR 25 FICNNYE 05 B T P45 7T LUIE & F i
25 HTERE . SOHOMZE! [37)5% /N ER1E
2.2 % R A HELE N, RO — WL B SR AT R X S8 A 1

Pixel BERTHIH (B3R5 % malmpilg 50 R, \TRITRONFEL, X
B . BB T ox ol kil Bk b i TITEFNE G SN A o R B
BRI, SREGRAET ol . By RS IEIERERERAER, WA RE AR
X TR O T BTN G sep, Eax B WO AR BB 6977
B T AR SEBRER L NI & R 15 3840 BEMRATRENES. HFAEH
7, IR T ResNet B [14)fEnBE AT BHTASTHIBI AL

ISR — 5y, FHI%7H 2 B2 B A M R A0 R IR HIBII LIRS T AR RS
Y% . BT, VX2TEXTHET [34]4 H45 FrE #A R T %, EEFEHIIGRERR T E
BHENEE A A, REERne T RwmsE (W ResNetBR - BERTEA) MG RIEE
WG . BREFTEOESEL G —m B B SR BR) (EREARRRITRIA
R R S AR, BN T ke OHRERIRER, MR T AR
RIS T R RR (s A, | ARTTIRREET S ER
BRI — N B IE B S E IR B A2



T(L x 64)

Women’s Sleeveless [MASK] Sleeveless T
Long Dress — > |MASK]| Dress >

T?(L x 128)

T3(L x 320) T4(L x 512)

! 1
1 g 1
! 1
: :
1 ol z y o) H
o | A7 PP |
| Position | Language - S Language |
1 Embedding | Embedding . Z =HEs k1 Embedding |
! © Linear Embed O— § @ E Ay D :
i vE z" o AVA A
I Concat A i |~ e . !
: e g: n ."1’ ."1’ Reshape 1
< ’ X 1
: Add ] B Flatten (7, VL Transformer Encoder X My ’ 1 H
1 @ n 1
1 > Pk é . 1
1 et Visual i v Visual
: Divide Embedding Spatial Embed Embedding !

F3 MVLTHHEZRE R - MVLTHIEEAREM BB B AL, B0 BEX &8 S AL i A\ 5d 78 LU M), > Transformers

B . BEXE=ZANFESFEIAEEKR, B
(MLM)

W WER2FR, 5 IE B E R AT
J LM, BlFashionBERTHER! (a) FlKaleido-
BERTHA! (b) , ARIIEHHMVLT (¢) iz
— NETFERBH (patch) AL -8 F 2 ) HE
28 AR H BIMVLTEPV TR [22)#0 4T T
PR, BURN—AF T RO i S B S AR 55 1)
BiENIRBUZ IRERAELEM - EHEE 1 T#
R P AT B - S T SR B AR A Xt
fEAS TR R RUE LRI, AT LM VLTHE Y 7R
ISF e AT 55 R B AR

3 =XM% -15 = Transformer
Rt

RSB FE N W AT L — P B A B E
FHESE - B3R T MVLTHE! R (R HESE
SPVTHRAIZRML, AU H AR R A U B
GEM A SRR R B RRRE - B, ZEESHmEes

(%3.17) AR EFR (53.277) AMVLTE
RFIFR SRR 4

wEEGgEZ MR - BGIOKEER ITM) MEHES EM
. MVLT USR5 STk - FEAinRiES 3T .

3.1 ZEREIRGE

B3RS, MVLTHRAL AT [F 2 WA AE = /Y
BN o SFTEEM, ASCE SEXT I 7= i A S
FHITEF A (token) FIERL, &R E
A IMASK] A7) Ay B VA5 LT 48 58 18] 451 3 47 BB AL
. MifE, 7RG R TSI R A — A
Fi € W [CLSTIAF] » LAh, WnERA e 514 B /s
T128, 1A [PADYEBIIRF 1% F AN E AR H|— G —
FIKEL . X4 RE S HIB BT € RE =
(tr; -5 tp) o EALGEMN, ZROORKT € REXW>S {E
FAnEA, Hg fw KRG EmAERGEE
JERBEE o %5 AR 53 B2 A RS IR B B AR R

(patch) V € RNXPXPX3 — (4. .0 gy), H
PN = DRGSR EE, P ARBREIKE
Rt e [RIFEH, 53815 BIRER Chr, B HCG) 34T
PHRAE o KT LR TG BRI B B 40 O FE 1 SIS
TES3. 2T 4 T AR -

LiX BEYE T BERTRA [1)MBHAKE -



F1 MVLTHE A ZHEGRHEES B S HE -

itk | k=1]k=2]|k=3]k=4
EE My, 2 2 2 2
FE4EE Dy, 64 128 320 512
FERAER ST Ry, 4 8 16 32
BERR ST K, 4 2 2 2
WS, 4 2 2 2

RPN BRI 5 BE A
SR ES BB (Al ke {1,2,3,4}) -
EE—E, RICETEENREA (TFV) |
53 B A O 3 i AN FFIET A B S ARFIEV -
N T RIACHEA 7RI S0 R BB BB E r
B MEBERTR, REERESTWAT €
REXPr Jgtith N5 FFRRFFEMF € REXPrer | %5

mP = TF « WF + PF, (1)

HAWE ¢ RPeXDretr FIPF ¢ REXPrer 5B F
A 2 5] {0 MR SRR O B SRS AE R - Dy (3
RaEE R 4R «

BB B AWM R RD AVE
R ¥ Dr | H e Ry 36 R A 5 R A 0 23 16 e SR
BRI 2. AFEBLFHENMREE, &
SERTVRBET 4B (B i) | H
J S WL BE A5 fEnk € RUFW/RE )X Divr, H
RIS, %% TR 0 45 8 1 B I WE €
RDwx Kix Kix Divr ) 35 7749 65 45 20 23 1A o
WRHW/BL (G DFIRIW/ Ry | HH RS RU
R~t, Sp b, Axtiikh

n* = Flatten(V* « W¥) 4 P*, (2)

Hor P e RVDenr RORNLE PG HIE - [l
& Rt -5 B PR IE T PR R = (mF; nP),
R EL 3k A M, TP B-1E 5 Transformer/R 5 25 -
B wEEASE S EESERERE (B K
FRHEBER) MEZLBERE - £ 2R
(MLP) FfIEHA—biER . &5, BIREE

(a) ViT-based (b) PVT-based (Ours)
Bla FETFPVTHRILH R ZITMIERIGRME T =L 0%
B BTVITRABSMEAS TE () RiEFE—DEE
RE, HP2HME G (patch) RHFATHD . K, &
FPVTHI A% (b) EIMRE, RANEEE T EZHMAE
HIEEER (patch) {EAMBIAERHT, M(ax P)?2, H
Fa € {1,2,.., 8} MR T —FRIEN T, HhETA
FlafE% 3] AIEHIELER -

M 2B FFAERHL = (mPtl okt R EIR
FRIBFE AT = mHIRIAL R E 43 VAL =
Reshape(nf*t1), HEH Reshape(-)##IEH THKE
T8 & FAAE A 23 (B LT -

Z M- 1R S L BB, A AAE R T
IR GRESFFAE{ TR} _ A B & FIERE
FIM B RSP E{ VE Y o R1FER T B e
HIEEZ B E -

3.2 TIERAESS

N TIREEFENMENZEERIE, ASCRAT
=ATINAES, WA iR ARSI A LA
W-EE AN ERAMNERR, EBiF: UK
WEXEES (BHEEGER, MIR) - BEE
SLEES (BIBIESEE, MLM) UG-
HERSTEES (BG-IORIER, 1TM)

g Bbn1: MEBEGERZ (MIR) : #H 9
SR R AT DU T B R R B T X S T 5
Hbr e 22 ST IE X, HR1G 4 N R A4S
SRoo (ER, N ST R R R D AR



FIE, Hlan. BEARRME (Bl F££) 5
WAL (Flan: B rIfER, XRMFEELERE
FBRERRMMETGER - ZBEESE
BB A, ASCAENERES A EE LG
FEBREZIRINCER, HmR e RAE R R LE
Btk BH, AR THEEGRER (MIR)
NG EFR - REEMVLTEEAEMIRES LY
SRR, AXETFPVT [22]HI4 T %t
TN RIEHEGEE . ARTHEL () FE
TVITHER GRS, AN (b) &It
TS E MR E RS (patch) HIHER E T
FERE, WA B G T R ERAE - A E ERR
(patch) FPFIV = {v,}N_, € RN*PxPx3 = H5fif
JEFFFIV \ o BIRE LT -

Vie = Fu({M(g; a; )32, {v,}0_)

[ZERO], M(q; o; @) =1 (3)
Un,s M(q; o; @) =0,

Hr Fy(; VRERBERE (B02FE) |, off
FEEAL L RS BT X 8, [ZERO]FE 7R i
BEBORERTEEG X 2. Ef, #igH
T{M(q; o; @)}, BITRREEIEH:

1, q€9,
M(q; o; @) =1(q) = { (4)
0, ¢¢ @,

MR, B TS EE R L, 05
FELL QIETE B R BENLIE R, Q = LY ik
W TEA MR . A (b) BOR, o BORLETE
[E{1,2,...8) - IR ERADRLREAGE X, A
B = ATERBARE?

2HEEARSCIIR, AR [ZERO] = 10~ S LU AR I A (LR e bk
FEE D HRREGR L -

34 (a) FIEFIIGER (P = 32) JASUIEH MG 5
E4 (b) F—EG (RI: Yo =8,P=4HK) -

i1 Fsmooth- 135 5 B BT B B (8 RO R A
M, ASCREERBUIG LB, (RS
RSV, EREAER, ARELT:

’ B {0.5 X (I’(z’y) —Ipy)?, if I’(I’y) —Iuy <1
MIR —

sy — L@yl — 0.5, otherwise,
(5)
BT, WL, 5 B E R E B KU

WANERBRY, )R BB BELE T =
Fuir(Vie; War) B A2 ] BIRE W g #EAT
SR - PR (5 Wanr )RR — PRI I
JZU-Net [41]JEIREMD 2, HEESZ A a5z
WIRIGRHIE{ VFYE_ TEREIA
Wil %k B br2: ER-CAREE (ITM) : 785
& — 118 5 AT BT B 0 Y 5 2R 4R 5 4 FH R
AR B8 SRS AR . REHH
BEFirm (5 Winm) RESE N Wiry 2%
%2 (FC) Msoftmax/Z - Frry Fith — 9 REx
f &prrv = From((T, V); Wirw), AT ERET
By NI e AT A R R R A 2 R TS (B 1
TREAR) o HA, TEREAE MR — 1 7= 5 2R 5
FROREERY, TR AR & MAS[F] 5% B 1 R b
1o ZINZR BRI T Z 038 XK R 8,
Litm = — E¢r vy [yrrm log(prrm) ©)
+ (1 = yrr™) log(1 — prru)]s
HrymuATRREERE, 1RRIEFER, 0%
ZANUIRE /NS
Wil BHr3: MEIESEHKE (MLM) : IRIE
SCHR [42), ZRSCE A E 7 [MASK] 1A 51 S BA AL
R IE AR A G . MLMTIZR B AR 2& ) R 18
AR 7 R AR SR SR T B #E RS B SUR N2 - 45 56
—MAFIFINT = {t1,...,tr}, BEFRFIA]
UFRNT,; = {t1,..., [MASK],,... tp} o ZARILfH



#2 Fashion-GenBEEHIRIES (TIRMITR) FIRHIES (M-CRHMS-CR) LHIERERER - AR REUEB AR I - &
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VSE VSE+4+4 SCAN PFAN ViLBERT ImageBERT FashionBERT VL-BERT OSCAR Kaleido-BERT MVLT
f£%  |f5HR arXivi4 BMVC;g ECCVyg arXivig NeurlPS1g  arXivgg SIGIRgq ICLRgy ECCVaq CVPRgq OURyy  Diff
R@5 [12.76% 16.89% 13.00% 20.79%  37.23% 45.20% 46.48% 36.48%  49.14% 60.60% 78.00% | 17.40%
TIR |R@10 1[/20.91% 28.99% 22.30% 31.52% 50.11% 55.90% 55.74% 48.52%  56.68% 68.59% 89.50% +20.91%
SumR  t|| 33.67  45.88 35.30  52.31 87.34 101.10 102.22 85.00 105.82 129.19 167.50 38.31
R@5 +11.03% 14.99% 16.50% 14.90%  40.49% 41.89% 46.31% 39.90%  44.67% 60.09% 77.20% +17.11%
ITR |[R@10 || 22.14% 24.10% 26.60% 24.20% 48.21% 50.77% 52.12% 46.05%  52.55% 68.37% 91.10% 122.73%
SumR  1|| 33.17  39.09 43.10  39.10 88.70 92.66 98.43 85.95 97.22 128.46 168.30 +39.84
A | N/A N/A N/A N/A N/A 90.77% 91.25% N/A 91.79% 95.07% 98.26% +3.190%
M-CR|macro-F t|| N/A N/A N/A N/A N/A 0.699 0.705 N/A 0.727 0.714 0.896 +0.169
SumC || N/A N/A N/A N/A N/A 160.67 161.75 N/A 164.49 166.47 187.86 +21.39
A | N/A N/A N/A N/A N/A 80.11% 85.27% N/A 84.23% 88.07% 93.57% +5.50%
S-CR |macro- F1|| N/A N/A N/A N/A N/A 0.575 0.620 N/A 0.591 0.636 0.829 0.193
Sumc || N/A N/A N/A N/A N/A 137.61 147.27 N/A 143.33 151.67 176.47 424.80
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Short sleeve cotton jersey t-
shirt in black. Rib knit
crewneck collar. Knot at
cuff. Tonal stitching.

Long sleeve mohair-silk
knit sweater in cream.
Ribbed crewneck collar,
cuffs, and hem. Tonal
stitching.
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L p

e —
ITR

. Rank@3)

* Long sleeve boxy ribbed knit sweater in black. V-neck collar. Trim in white at collar and cuffs. Raglan sleeves. Tonal stitching. (0.03%)

p . r O fg\ Cropped poplin t-shirt in
_— X % _»Q\, white. Ribbed crewneck m““@ \
TIR |\ a W $SELZ collar. Boxy fit. Tonal TR M= |
(Rank@5) - i1 t : stitching. (Rank(/S) -

99.77% 99.76% 99.69% 99.62% 99.49% 99.82% 99.77% 99 39% 98.42% 98.38%
p Straight-leg old denim =) =
— jeans in indigo. Mid-rise. y
@@ Four-pocket stylin \ 1
TR — T ] |
S Button-fly. Tonal stitchin,
Rank@5 Y S (Rank@5 |
(Rank@s) Approx. 7.5" leg opening. (Rank@ ) 4 A5

99 96% 99.96% 99.88% 99. 64% 99.54% 9980% 99.25% 99.20% 98.64% 97.71%

* Long sleeve 'fully fashioned French terry' knit cashmere pullover in light grey. Rib knit crewneck collar, cuffs, and hem. Raglan sleeves. Rib knit

panel at armscyes and side-seams. Signature 'four bar' striping knit in white at upper sleeve. Signature tricolor grosgrain pull-tab at back yoke. Tonal
stitching. (99.96%, Matched)

« Long sleeve rib knit silk and cotton-blend sweater in navy. Crewneck collar. Red trim at hem. Dropped shoulders. Tonal stitching. (99.91%)
Cotton knit pullover in black. Ribbed crewneck collar, cuffs, and hem. Intarsia skull pattern knit at front in black and grey. Tonal stitching. (85.90%)

‘ (Rank@5) .

« Long sleeve rib knit alpaca and wool-blend sweater in off-white. Distressing throughout. Crewneck collar. Tonal stitching. (0.01%)

Long sleeve cotton sweater in navy. Rib knit crewneck collar, cuffs, and hem. Raglan sleeves. Tonal stitching. (0.12%)

« Long sleeve 'chunky' knit wool sweater in off-white. Rib knit V-neck collar, cuffs, and hem. Patch pocket at body. Tonal stitching. (99.95%,

Matched)

* Long sleeve rib knit cotton off-the-shoulder sweater in black. V-neck collar. Tonal stitching. (99.94%)
* Long sleeve rib knit merino wool off-the-shoulder pullover in black. Off-white rib knit cotton tank top-style underlay at V-neck collar. Tonal

stitching. (64.74%)
Long sleeve knit crepe sweater in black. V-neck collar. Drop-tail hem. Tonal stitching. (0.50%)

El5 TIRFITRESHAMMER, RE MVLTER R TR 4% - “Matched” FREIE- SN BIESARE -

GBS RFAETA R R AA B EE 5 o, A SCHE N B {ERE 0.9, #R/NVEE J91200 (B
THAMEEMLNEEREER, ﬁﬁ?ﬁj\”ﬂi)ﬁﬁ AGPU?'U15O) MCE R E 1074 9B
AR @R RER, X RER E A H A, MVLTEZEH T ImageNet i/l kAL
K RAREAATEONIOE - BJE, RAMADE E 228 - PR S RIETEN25 x 1073,

R BFEFRRAEAMPERE . MEREE (A4) Mlmacro  FHEH RIZFZERIG AT ZRE . ST
F-measure (macro-F) - wl, BABRGERST WS — WA =W =
554 BEEGER (MIG) : MIGHESATEL 256, HEDFIRE DR AP = i E B
WA= BRRERAERES, EHN%EPL) (patch) - XfFIEFM, FrA T & B SRR
2, X EGIR (patch) FHITHENLIENY (152 EPOAGIL, FEFEANGE—KEL = 12803A ]
H3.2T TR MIRTUIZR B FR) - zszle (token) f?ﬂ Hp & T RiA - R
B ERMGE AR, BRERERE R METAG - WENES R8RS B

HIER -

4 £

AR ER AN B SLIEER 4, IS IEM VLTI RS A
BT EERE

4.1 &BE

ﬁmfo5ﬁnfow ARIARIBZIG L E T
AR w, = 10,wy = 1, w3 = 1P HEAFRRE
BEMBER - i) AT AR w5
AR 77 FCR N R L BT - 18 5 RAET B EIAN R
FITIER A, Bk E STl gd B ARRE—2.

4.2 SEIGEER
H3.3 T A W T I A TS

TG TINGSRRPRESERE - 1) W A . STUS 4E R E B MVLTE ® i F BF

Nk : 5 FHPyTorchHEZE 81 Tesla V100 0% % L HE . VSE [44]« VSE4++

GPUN # 17l %5 - R FHAdamWAL L 28 . ©h

[45]~ SCAN  [27]- PFAN  [46]- ViLBERT



Ground-Truth Label
¢ {M-CR = JACKETS & COATS}

1

! X

i b
1

. L {S-CR=BOMBERS} !

: e — : |

\ Prediction ! :

: {M-CR = JACKETS & COATS} : ]

[

i b

{S-CR = BOMBERS}

________________________________

Ground-Truth Label
{M-CR = SHIRTS}
p {S-CR = SWEATSHIRTS}

Prediction
{M-CR = SHIRTS}
{S-CR = SWEATSHIRTS}

Ground-Truth Label
{M-CR = TOPS}
L {S-CR=T-SHIRTS}

Prediction
{M-CR =TOPS}
{S-CR = T-SHIRTS}

Ground-Truth Label
{M-CR = PANTS}

Prediction
{M-CR = PANTS}
{S-CR = TROUSERS}

Ground-Truth Label
; {M-CR = JEANS}
B £ {S-CR=JEANS}
—_—
‘ Prediction
{M-CR = JEANS}
{S-CR = JEANS}

Ground-Truth Label
Q {M-CR = TOPS}
p {S-CR = SHIRTS}

Prediction

“ {M-CR = TOPS}

{S-CR = SHIRTS}

]
1 1
1
1! g
" ! p {S-CR = TROUSERS}
h —_—
1
1
1
1
1 1
|

1
1
1
1
1
—_— 1
1
1
1
1
1
|

(a) Fashion-Gen (In-domain)

BE7 MVLTHEAE AR AL« KEREBAETHE N XKI .

[17] ~ ImageBERT [16] - FashionBERT [12]+ VL-
BERT [26] - OSCAR [29]F1Kaleido-BERT [13],
IXFE S I T MVLTHE R 75 A FE A - 5 2R AR AT
A RUESS BRI -

TIR FITRAES: WE2 fiox, MVLTHE
BIFETIRESS F#E T & M7 (Bl Kaleido-
BERT-CVPRy,) , fERQ5¥8H5 «~ RQ10%8 #7 I
73 A 5 B 817.40%F120.91% - X TITRAE
%, RXRRHWTERE TEERSF TN
4E R fERQ5E bR MTRQ10%E bR b 4 B R &
T17.11%HM22.73% - XL T, SREE
TIHUAERA T AR SO AR AR A B TT R AR s i S
(IEES, FEor Ha) MIRFUIZ B ¥5Flb) %
B T ZRAE I 1 A P BORCR - 5 TR ER
R R MR, MVLTHER GRS N T
VFEM R . s, E5 FRER T IXFMANRR
RS IALLE SR -

M-CRAESMS-CRAESS: 5E TBERTEEN
FIRERL [12, 13, 16, 29] FHEL, ASEXHAMESH

H EaE N ——— [ IN H. b
[P 14 TanilE™ (T HC=R>
H EEEEN ZEZEN. EEER B BB
L | —=FuR EEEN o [4 |
EEEE 7 EEEN ] |
. 4 L[] H B
HEEE - kD .I ||
(C1) Grid (C2) Stroke (C3) Center Random Grid

B8 ARSGET T IMORE I B R TG g, SARLE SRR R
FABEHLIA% S0 HO R I AT -

WS T EIFRRN, BUE TMVLTERAE BH H
B ESCHEERE S - 5IVE AL 77 £ Kaleido-
BERT#H b, B #& H /9 8 & 7ES-CR f£ 55 F
AJmacro-F FEFRE 1 70.193- 4N, FESumC
5 05 7 T A F 82 A (BPIM-CR: 21.39 FiS-
CR: 24.80) ¥t L . HT LI EIE
MAEFE IR, #— P REAMVLTER BHREM
M. ATAER6TER T M-CRFIS-CRIJIH
RILER

MIGHES: K7E/R T #EFashion-Gen 2018%%
WEWIUETEE (a) MITATHREFEME (b) LB
BURE AR, EURN RS R E AR
. BT X MESHFERBE R 55
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(a) HBLH (ry) (b) HBHETRAT () (c) B (d) BNLER (e) Fijlgk| MVLT
(A1) (A2) (A3) (A4) (B1) (B2) (B3) (B4) (C1) (c2) (C3) (D1) (D2) (D3) (E1) (Final)
NI Ei-ta 0.10 0.30 0.70 0.90 1 2 8 16 Grid Stroke Center| ITM ITM+MIR ITM+MLM|w/o PVT
R@1 31.10% 33.50% 30.50% 30.70%(31.90% 30.30% 30.00% 32.20%(32.20% 31.40% 30.40%(30.40% 32.20% 32.90% 29.00% | 34.60%
TIR R@5 75.70% 76.00% 75.50% 73.80%|75.30% 75.60% 73.90% 76.90%(75.30% 76.10% 75.10%(74.10% 76.00% 76.20% 72.20% | 78.00%
R@10 88.60% 88.70% 88.00% 88.60%(89.60% 88.60% 88.20% 88.60%88.50% 89.20% 87.20%|83.50% 87.20% 88.60% 86.60% | 89.50%
SumR 195.40 198.20 194.00 193.10[196.80 194.50 192.10 197.70|196.00 196.70 192.70 | 188.00 195.40 197.70 187.80 202.10
Diff 6.70 3.90 8.10 9.00 5.30 7.60 10.00 1.40 6.10 5.40 9.40 14.10 6.70 1.40 14.30
R@1 30.00% 29.90% 29.90% 28.50%(29.00% 29.70% 29.00% 28.90%|31.40% 31.10% 30.10%(29.30% 30.40% 28.40% 25.60% | 33.10%
ITR 7RQ@5 75.70% 74.90% 76.50% 75.00%|76.90% 77.10% 74.20% 77.30%|77.40% 74.50% 73.90%(70.80% 75.50% 76.30% 71.50% | 77.20%
R@10 88.80% 89.00% 89.20% 88.20%89.40% 87.70% 88.00% 89.90%|89.60% 88.50% 87.80%|86.80% 87.80% 88.80% 85.90% |91.10%
SumR 194.50 193.80 195.60 191.70[195.30 194.50 191.20 196.10|198.40 194.10 191.80|186.90 193.70 193.50 183.00 201.40
Diff 6.90 7.60 5.80 9.70 6.10 6.90 10.20 5.30 3.00 7.30 9.60 14.50 7.70 7.90 18.40
M-CR A 98.16% 97.87% 98.09% 98.06%|98.03% 98.04% 98.11% 98.01%(98.12% 98.07% 98.04%|96.49% 97.11% 98.08% 97.92% | 98.26%
macro-¥| 0.870 0.860 0.890 0.870 [ 0.870 0.880 0.850 0.870 | 0.869 0.877 0.870 | 0.806 0.853 0.876 0.879 0.896
SumC 185.16 183.87 187.09 185.06|185.03 186.04 183.11 185.01|185.02 185.77 185.04|177.09 182.41 185.68 185.82 187.86
Diff —-2.70 —-3.99 —-0.77 —-2.80| —2.83 —1.82 —4.75 —2.85| —2.84 —2.09 —2.82(-10.77 —5.45 —2.18 —2.04 -
A 93.10% 93.34% 93.36% 93.23%(93.29% 93.34% 93.32% 93.32%(93.37% 93.21% 93.59%(89.64% 90.87% 93.29% 92.90% | 93.57%
S-oR macro-F¥| 0.800 0.810 0.820 0.810 | 0.810 0.810 0.800 0.799 | 0.794 0.814 0.830 | 0.703 0.728 0.809 0.790 0.829
SumC 173.10 174.34 175.36 174.23|174.29 174.34 173.32 173.22|172.77 174.61 176.59|159.94 163.67 174.19 171.90 176.47
Diff —-3.37 —2.13 —-1.11 —2.24(—2.18 —2.13 —-3.15 —3.25| —-3.70 —1.86 +0.12|—-16.53 —12.80 —2.28 —4.57 —

B MR S HE S B, AT AT 38 IEMVLT A AR A
AETT -
4.3 JHREhSEE

AR T AN
GG TR

m T EAEA
(&)

#3 (a)
S0 VI8 R N - i

$50.10 (A1) -~ 0.30 (A2) - 0.70 (A3) -~ 0.90 (A4)

A LM & E0.50. RQ5FE Fr BE & B G
MEEMNmE S LA, B KK A
(75.70% — 78.00%) , INJ5TERE HELAR TR
(73.80%) - AILINAy, H#hnr, 2 HFMIRESSZE
BEAEME, F I FEMVLTER 05 75 2 BR1E
OLF B2 E B R - N, BT E i
wIXIHBERERERZAERER, WMSEEE
fIE24>] 25 2

BRBEITRS: 5% TPV RE
YIS (NI DR 0 A - (=7 NI i AN W N O Y
Bt ®3 (b) FEH T HMARR
St WOE B TE B IT T R B A AR A
51 (B1) ~2 (B2) -8 (B3) .16 (B4)
ARSI E AR L o 555 BRI A P M REN X A
HZE 98U, XL T & 4 Kk i e T
S S]ERR I A RAE A BB -

F4 W{FHImageNet [47)FIZRPVITAEEMTHRATFF -

ITR
R@5 RQI10

M-CR

macro—T‘ A

‘ TIR S-CR

R@5 RQ10

A

macro-F

w/o PVT|72.20% 86.60%|71.50% 85.90%(97.92% 0.879 [92.90% 0.790
w/ PVT[78.00%89.50%(77.20%91.10%/98.26% 0.896 ©93.57% 0.829
Diff+5.80%+2.90%|+5.70%+5.20%4+0.34% +1.7% [4+0.67% +3.9%

wmER . WmER R, AIAMIRES
BV T DU [R] ) A A SR, BRI R A% A A SR g
(C1) - IRAEBHEERE (C2) LML E
(C3) FAASCHIBENLMAE (Final) HERDSEEE, E
EMMRSERERESZINERS (o) - ATUEH,
fEFHREYL ST (Final) AZVEUS T R EMH
fE, THAM = FPERmS N R E « A B R
R, 5/ (C1) Ml (C3) J=iHE, bl
HLMAZHER (Final) BEWSHYB) MVLTH 2T
FAE - FUT AR (Final) , RS
M (C2) PSR T 4HERIR, AL
ZEDHERMEBRIR (patch) FE T T ARIEHH
AL - FT FTHE i A RE SRR AR AR (R
TEMRIE S, TG 5E 1 AR X T AT A X S
RAAES], X EAHERY B 25 5 MO T A [X 3k -

Bk BiR: &3 (A Sl THDSANE
1 22 A T SR BT 50 & > TN 4k B AR 1 TR
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#5 Fashion-GenFIEE F THERRMGER LI -

TIR

RQ1T RQ5T RQ@L0T

ITR

RQ1T RQ51T RQ10T

ViLBERT (Zero-shot)

CLIP (Zero-shot)

7.18% 18.73% 29.84%

16.30% 40.60% 55.60%

8.99% 15.34% 26.14%

13.60% 43.10% 57.60%

MVLT OUR)

34.60%78.00%89.50%

833.10%77.20%91.10%

6 MS-COCO 20145UBREMRRER - tFNEH T HS
FORFESREES (fl40: Faster RCNN) -

TIR task (5K Test)

RQ@11T RQ@5T RQ@10T

ITR task (5K Test)

RQ1T RQ5T RQL0T

Unicoder-VLT 48.40% 76.70% 85.90% | 62.30% 87.10% 92.80%
UNITER-Basel ||50.30% 78.50% 87.20% | 64.40% 87.40% 93.10%

ViLT-Base/32 41.30% 72.00% 82.50% | 61.80% 86.20% 92.60%

MVLT OUR) 49.66% 79.88% 87.50%|65.38% 90.04% 93.60%

BIIT™M (D1) , ITM+MIR (D2) , ITM+MLM
DL R AR X FIITMA+MIR4+MLM (Final)
FETIRME S, A8 I TD12R 4 15 & fID278 {4
A AR SCAE] LUE BID3AS R B AERQ5 #8 AT
FEEEFHAERN: 7410% (D1) < 76.00%
(D2) < 76.20% (D3) Z& 3Lk, MLM{E
SR U MEAE N EM%SIES A
W, HEERMET - MEEmMER,
B A 8] 5T RE ) B R o EITRAE 5
FD27F & 1 B! 5DIAID3ZE {4 1 A fiRaQ5 5
FRAE FLBER, AR A BB L 70.80%
(D1) < 75.50% (D2) < 76.30% (D3) - iX
FHH, FEF ARG 2 ST T DT D B A v R A 7
N R

MEMMINGNE: R Piox, KIE
1k X bS58 SR GE B S0 #ilmageNet  [47)7 Il 5
JEPVTHUE K E 2 - & AN 4PV T
#H , MVLTH 1% 62 K 1R & T B¢ (ITRME %5
KIRQB¥EHF: 77.20%—71.50%, S-CRAT %S HIAFE
FR: 93.57%—92.90%) - X2 H T 78 KPS E H
HIRE D TIGREA B R 2ES) TEIE - S
TEAREEF R, PRIt E %455 RE AT A B FH A & 7 R
PERESR T -

(D3;f

4.4 MLV

MVLTHE R 7@ S PRI mme H 7
— B SUREAL W AU R T ), R A
XEISH AT RAF - o) 8ABER WL
BT BN A i 2 558 A A -
HEEBEEWAOWME L, AR I — P F
LT WA AR E AR (Fl4n, VILBERTHE
BI[17)FICLIPREEY [48]) HUEHEAVERE - X FIRE
BT AR H 28 AU T R B 0 0 VA A
. b) MVLTERITEE AU A A ? R
SRR T AT AR T AR — R AT AV AR
fEJT - R6E/R T EMS-COCO 2014%0#E 5 [49]) &

FITERE, HAMVLTHEZEE 5(35)4 B Bl 2
e . GERFRH, S5HRFEA (F40: Unicoder-

VLEA[50] - UNITEREEA! 18] FIVILTHELR! [35])
M, ARSUEABUS TR EMER, miEE HH
RO )| 5 50 B )11 e AR P A IR R R
PREEL, XEAMVLTEAEY BEE A5
I E— DTS E RSB -

M A& FERBMAMIRER? W5l 52T
FITik . I v AT B A R 7R 43 B A A 1R R
N TR IR, & T[22 LUR IS
BRSEIRERNRA, TCTHE I HEE A 3R
2, MRALE@T T NHASEFRAHE.
IbAh, MIRFESAFEF TIRE, flan: 5584
% ARG E R 5B o R RL
FER[51], &FEM22 Rt TIENFEEMNE
RERHE - 55 AMIRMES %t ARSCHIHESE AT
DASRAE BA 2200 B /RS i AT AR (Biln: 74K
VA, XUERR S FEZAUERE #BY B A
DITER -

WTE EARESS (. RRES B2 4
HRAESS) |, HRERTFHIMR-BSRE A LUER R
I R, R (5 P AR R R 2 1T 5 T R
TERWES T (e SURBIERE) A AK(53] -



BEUGHIAR) o ARSTE %R T i ST 1) R AE
SIS, A #EAT G RAR LS -
MVLTHERE EMAER B [32] L. MAER&H
W AVFEERRG R BB R AR EBR S
AR RAE BT DU SCRT & HY M VLT
B FIMAERE B 75X J7 T /& A AL - B 2 AR 3
FIMVLTHELEL 5 10RO HL o 28 @ T 45 B b
FINZEEBA (Flan: ) -

5 BEHRE

AR T — DB FHESE MVLT, M H
TWADIEL: 1) MEBEGER (MIR) FlIZ%k
BFr; 2) 8o BP0 ER 5 2 - SEESFNTH Rl
SR ATTIE B T LA 5 DT E RN AR R AT 55 b A ek
P o MVLTHERZER R FIRHESS b DU
B T IV a7 1% Kaleido-BERT, #—35
R T IS PR AT A J o AR ST TR HH A B v T
EEAT ESR N TER (0 HURmtH
FEERILR) | (E15 KB 7 55 W i 4
A S RER FIT50%

Ry % fif L S R TR L P R A R A T PR
IR RS SR I i AT P AR R R B R =R T
%, AR [54] RN BY R RI AN 2R T
E SN
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