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Application: Fashion product (mmmmm oL mmmmmmmm o \(mmmmmmmmmmm ey
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1 ISR PRE-TES (VL) PlIZABIRER A SR H T — N 2 BT ZRE Y (Kaleido-BERT),
‘B H Kaleido BIGHAERSY (KPG), FEEIINFFAEMES, WO TFREEHRIKAR, AR S 2SR
{if, Kaleido-BERT 7£ Fashion-Gen B8 FEUS THROPIRER, HHEAHBEEL YT,

RS

AXRHT R A Kaleido-BERT HMBEES
(VL) FlZRIREY, S5INBEZE (Kaleido)REEHE KR
BIRENERIFIE, SEER) Transformer BIFH
FIRFH TN S ESKRE. SHENARES
ZESEEFERANETBERBRARNE, 42X
R T TS RS, EREE— P RITER-XA
MEVEX KR, EUMEM E, AXXFWARRE
WEGRD 7121 T AMB R EES, 235k
(Rotation). & (Jigsaw). A% (Camouflage). &
& (Grey-to-Color)\ {8 (Blank-to-Color). Kaleido-
BERT f&iM5Z17, AJLUEAMERNE] BERT EZEH,
HEON THES LIS TRENRR, NIXAE
R (RQ1: 4.03% B}RF), BERNE (RQ1: 7.13%

T HETEE. WIREE: SBEBF (dengpfan@gmail.com). KRN
CVPR2021 [85] ISCHHZERR.

¢yt Tt ), FEBIRA (ACC: 3.28% HBITRF) UK
BY IR (Bleus: 1.2 B3R AXTEKRIIRER
ML T HMtEE, RO E T EEXMTS
SRVAZEEETE=

1. 515

Transformers [14, 68], A IFHTEHR
B (NLP) 4, Rl 5 AR H B UK IR L
U1 [5,11], BEEMMESIR (40 Selfie [66], DETR [6],
ViT [34] AR PVT [69]), -TES (VL) 2
Wi (ViLBERT [45], VL-BERT [60], OSCAR [42])o
METZBASTIZET (PTM), @1 VL-BERT [60]
F1 UNITER [9], #FETEERAAR-ES
fiE (40, FRZEEVCED), 100 UR 2 B RAE Y
SIERREER,


http://dpfan.net/Kaleido-BERT/

No. FONZEA (PTM) 4R HilRY) 45 W ZREESE LB MBAUR REPIZ?  Finetune (55 HUBERFIE KB

1 VisualBERT [10] 11 2019 arXiv E%%3 Coco AR XATIIGEA AFAK EI3 v U Rol Torch

2 CBT [63] || 2019 arXiv W% Kinetics [30] 5INEEFE R HeA THR S v U/G/O Frame N/A

3 VideoBERT [64] || 2019 ICCV R sc HA- AT AFAK HLA v G/O Frame N/A

4 B2T2 [2] || 2019 EMNLP #1533 cc JEN PTM #if, Btk Rol 5UAEE Ef& v U Rol Tensorflow
5 LXMERT [38] || 2019 EMNLP W43 VG+Coco EAHIAT Rols, 185, BHSRHMENMRME &g v U Rol Torch

6 ViLBERT [15] || 2019 NeurlIPS #5332 (c]c] PRSHRER DR Ef% v u Rol Torch

7 ImageBERT [57] || 2020 arXiv V53 CC+VG+SC WA RSN B G- SCAR o T R Bt 4 % v U Rol N/A

8 Unicoder-VL [35] || 2020 AAAI LC.53 CC+SBU [ GRS H bR 24555 &% v U Rol N/A

9 VLP [52] || 2020 AAAI LVi53 cc GBS Mg (VLP) B8 =% v U/G Rol Torch
10 VL-BERT [61] || 2020 ICLR 5553 cc AR RFALE ) il 5 ) ik [EES v U Rol Torch
11 VD-BERT [70] || 2020 EMNLP #9% VisDial [12] Video-Dialog Filll& B v o Rol Torch
12 VLN-BERT [15] || 2020 ECCV ~ MW%¥%  Matterport3D [7] FIAFUIZRBEE] VL S Efg o Rol N/A
13 HERO [39] || 2020 EMNLP %43 TV+HT100M PUST-FHREIICAE & M Ets TS v U Frame N/A
14 XGPT [73] || 2020 arXiv 5553 CC+SC R VL AEpkAE [EE v U/G Rol N/A
15 InterBERT [43] || 2020 arXiv 55 Coco+CC+SBU LRSS =% v U Rol Torch
16 VILLA [20] || 2020 NeurlIPS %32 Coco+CC+SBU ML Finetune =% v U/0 Rol Torch
17 ActBERT [53] || 2020 CVPR #4533 HT100M RRFEEHFRXER & Tangled Transformer — Ht v U/0 Frame & Rol N/A
18 PREVALENT [24] || 2020 CVPR  X%3Z  Matterport3D [7] FHEHG- A E=TeH AT A28 [EE v [} Image Caffe & C++
19 12-IN-1 [16] |[ 2020 CVPR M5 ES 2E5¥S % v u Rol Torch
20 Pixel-BERT [27] || 2020 arXiv BHR Coco+VG 1BF% VL BT g v U Pixel N/A
21 FashionBERT [21] || 2020 SIGIR ¥43%  Fashion-Gen [7¥] [E{g & EIER KRS =% v U Patch Tensorflow
22 UNITER [9] || 2020 ECCV ¥933%  Coco+VG+CC+SBU AR & THXIRX T [EE v U Rol Torch
23 VisDial-BERT [50] || 2020 ECCV Moy CC+VQA [1] KAl VILBERT AT Visual Dialog =% ¢} Rol Torch
24 OSCAR [12] || 2020 ECCV ~ #53% ES EAR RN R BB v U/G Rol Torch
25 ERNIEL-VIL [75] || 2020 arXiv WMo CC+SBU HIFHERA ERNIE [30] #98 VL BlIZREE (8 v U Rol Paddle
26 RVL-BERT [10] || 2020 arXiv V53 VDR [44] H VL-BERT fE¥LBEE R0 [ilE U Rol Torch
27 UniVL [17] || 2020 arXiv W% HT100M 5 FAIZRE bRFD 2 FPTIZRSRNE AT v U/G Frame N/A
28 MMFT-BERT [32] || 2020 EMNLP £4% TV LESHMAR PTM BB v U Rol Torch
290 Kaleido-BERT (OUR) || 2021 CVPR  #4%%  Fashion-Gen [35] Kaleido B & T i s B v u/G Patch & Coordinate  Tensorflow

o 1: Mgk 28 AMUEMEZEE N ERA XN Kaleido-BERT Bl YZEHESR: Coco = MSCOCO Caption [3]. VG

= Visual Genome [35]. CC = Conceptual Caption [59].

SBU = SBU Captions [53].

TV = TVQA [37]. HT100M =

HowTo100M [19]. SC: Self Collection. ES: 12-in-1 and OSCAR DR TEMR 12, 5+ MUEE. Finetune: U = MHLS
(e.g. classification). G = EUTESS (e.g. image caption). O = H'E (e.g. TTHAINES).

AT, EEZHBIMNE R (0 Fifr, KR, IiR),
B B H R SR ERAE (40: 5, MR
Y mARIBEHY R SR ERIE (B4,
FEWR) . ZRT, MAifEEA SR NI VL B3 [9,60]
{XRTVE NN T UBUESS [1,26,07) BHRIUME, XA
BFFENERYE, HARTERZREEMEXNE
%%, PRAG R RIS U [75] BIREIR A AR H
T [15]0 BRI EATTHE 7 B EUG SCA X Hh 42 Bt
B ERHESCE MR R [65]0

TEARSCHIRFFR A, $2H T — 1 B 7R IS o S,
AR (BRI AL 1), BRI B R R AN
JEE ZRAE 7 31 9 HLORER B SR TR SR I, 9 SREliX
—HB, AFE5IN T E “BE (Kaleido)” HRHg,
ETERBGIFRE T — RFIANE R E B 40RLE E G,
Rit, FrigrERIG48 “Kaleido-BERT”, 1%
KK — REY RN RERIGFRHE, HFHTm
IER, TEARKARRE b AT DA ARS8 FH U RL B RAIE
HoRMAE, BRICZ AN, N T GRS HITE S IE
B, 51N SAT W% [74] 4K Kaleido EUGHLAISCA
B TFE B IXEETON 55 B R IR 8 1Y
RIS TR LB, Ak, Kaleido-BERT 1] PARZ
ESIARFEBESRIIE X GER, BMis2, A5
[INEEEPOF

o Kaleido BM&HVERSY: A XIEH T Kaleido
P (G H A Bl FH R A B 2 RS Y A R TR

https://github.com/mczhuge/Kaleido-BERT/.

FERA R R E R EHG ST T AR TIZR B
WEHMTESS, e (Rotation)., PFE (Jigsaw).
fh3E (Camouflage). B (Grey-to-Color) FfE
& (Blank-to-Color) {155, EA1# ) Kaleido-
BERT > ZEEMPERE R, TN MU T,
PETHT e REEIGIREEE Rol B VL A&,

o TERNMFFAERDS: Kaleido-BERT 51 A T FikY
FFHRME 774 Kaleido gL S SCA TR 2 6]
MBS RS T Ee IXELH 75 1 B G S A RE
AR LT A S B Ik 22 S TR I R Ao

o TN FFHMASRNE: A SRR H TN TR S
ho SRR, ik Kaleido-BERT Fa 2SI 5E 5
TESHIE B, SLIRIERA T ER TR 4R
AT T TR0 SRS (1 28 2

2. MR T AE

Hll, EARKEMN VL TIEHRH [3,4,23,28,31,
2,77 T AEARTH KA B 4HHE T Transformer
1 VL 8 BHZA a3 0ER. 1.

2.1. PUE- TS PR

AT Transformer FYFUIZRAERL &40
BERT [14], GPT2 [57], XLNet [76], AKX GPT3 [7],
oM T 2% NLP (155, 321X 88 TAE R &, IR Z MR
WIEE S (e.g., PO (BUR) ) SCAX) FniEiHEIZ
TSI H o BN SCAN R CBT [63]


https://github.com/mczhuge/Kaleido-BERT/
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2: B VL iNgsish, ARIFHX SRR L, T = Task. W = Word. V = Visual Token. L = Object
Detection Label. E = Embedding. Trm = Transformer Block.

1 VideoBERT [64] /2 M MRZR I ZRAE 2 A8
BN SRR TAE, ActBERT [33] Al HERO [39]
B REF NN, M UniVL [47) FINRETH
-V = BRI AR TS5

X T EG- SO, AR 0 28 A5 AU A AN [ A

ST, AT REIYSTEE [2,9,10,21,27,38,
—43,55,61,70,73,82], WX [13,15,24,38,45,
,00,78), FIZ 5 3EEH [32]0 X T BTy SR RS

Al ARNRIBESHRHES BHZIEA Transformer H1, M

73 XESH TSR], e AT Se S I 2 Ak

P RBUSHRHIE, FRISABREFAYRHEIRE A Transformer

hEEs), DAEEHE, 290 SZEEMhEIEIX — KR

M, VAiLBERT [45] NG XA T 8 S 454

M VL-BERT [61] WAy 857 37 £5 Ky RE BT B 9 R

FREER, KON AR B 75 1R R

R H, VisualBERT [10] F1 B2T2 [2] 2 NMWU-ES

FEARAESS A LI By SRR TR, T 32 208

R VL AESHER, —%ET BERT HERILHHE

H, U Unicoder-VL [38], VLP [82], VILBERT [45],

VL-BERT [61], Z BRI A SUSIIES (e.g.,

VCR [9,43,78], VQA [32,38]) WG EFRLE, i

HAth— 2RSSR R R A (RVL-BERT [10]), #R

WML (i.e., PERVALENT [24] fil VLN-BERT [48]),

DA ABERTIE (e.g., VisualD [50], VD-BERT [70]) &

TS H B, &I, Lu SFA [16] R TR T

SRS S, 2RSS VL F A DIBUS RE T

FERIGISIR TS |, XGPT [73]) BUS TRGRCR; i

TEEGRRMSS, HXERN Image-BERT [55] T

R, TR OSCAR [42] NIFEARZHHX

) VL 155 FEUS EFRISERIR I,

VirTex [13] 85 N B HEAE ARSI
WARAE, TEEMGE. HARR RS E] 53 I s
HIRRAIRER, TS —ERERERNLLIES (1], 1F&
BT IERIIERR T 22 3k 133 0 AT AR T SRR A ik HE

B, DXpIT EIRTAE (XK EBRAE), Pixel-
BERT [27] fE B RRKEUGFHER T VL X757,

nE. 2R, Z BRI AL R FON TS B
RTEESZE (e.g., LXMERT [38] f1 UNITER [9])
BHIAR, 41 OSCAR [12], MIASAR Y Kaleido-
BERT R fion 5515 B0 FH TR SIS L, MImRERS
FEAFRR 2 ST IN A U 55 1 AR B RAE

2.2. I W) BUSRATE: 55

an § 2.1k, BARKZE VL BE{OSHFH
W RERE I8 FHRAE, BT A R B 1 A I 1 4
AR E R S b HRiA WS ARSI
WF5R TAF [15,21])o HH, FashionBERT [21] 2% —"1
B B e TR B I GR AR R, 55— TR HA Y T
fE, MAAF [15] BEHES —MES AT HIFER N
Al RIS, DARIRICZ N X AR EGIERITES. 5
FashionBERT A H &€ R~ HYEUG AR, MAAF
KA T EUGRNER IS, AT ENTHRR
il 7 I AT RAERE )1, JUE 2 A 4R B A
I A SS. R, 802 R BSR4 R
AR TAERZES TR A=,

ACAR ) Kaleido-BERT 428 /M FH i 4 55
TR SRS R B G BR EUG - SUA TR SR,
3. #2ih1Y Kaleido-BERT

EX—ETH, FIEHAN 4 Kaleido-BERT, #H
PeTF5 3008 3 st AR R 3RAIE, B EE T ST
e ST A AL FE L 5 - 15 5 RHIE. A5 R A E NLP
HELRE) BERT BBV NNESR, (HHEHAEEZFET
Transformer P2 SITE LV R,
3.1. BRI Y

Kaleido-BERT MyREAIZEM AT LA, 1, BEEE 5
MNP (1) fEH AT, Kaleido-BERT A FIFEAS



FIRAERI . SCRBIAN (e.g., T EIBRNR) DA
Kaleido BIGHA S # (KPG) Frr= L6 B 1Y Bl
iAo 5 LXMERT [35] MfEl, &SRR PERAE
N—ZHNIIREB (token), TMHEF—5KE AR R HTE
BTN — R Kaleido EIRHL, (2) 1EEISURFHE
R REI B, AWTFER 1 ER T A A
(AAG) E774TARS Kaleido BGIHIFUN TS
B, DMEEIGRI SR B A TIE SO 55, (3) TR H.
WrEz, SEARIBENIEI RIS AR, AR HR AT
XTSRS (AGM) DA RS RASTE S T,
(4) JAHIFT Kaleido EEIHIFHER ETE Kaleido-
BERT f32I5e 0 X H e, ALt ) S nE - 15
= HE XE B H L 2 BRI RAE, (5) BR T
I TE S A (Masked Language Modeling, MLM)
FIE SCPEEEfESS (Image-Text Matching, ITM) 4,
ARITAEEEER T 5 Mt A HN 55 Kaleido £
(Aligned Kaleido Patch Modeling, AKPM), Bll: JjE
¥, D, i, HEORNMBEMSS, AR IR
T EasyTransfer /Huggingface JER R, IR
BEZH XN DRI IS4 T

3.2. Kaleido F{$PVEKER

PA—sk i dmE A E A, FHRHIEA Kaleido
EG A RAE (KPG), WE. 3R, KPG ffH
T B A W 2% (e.g., BAS [36], EGNet [31],
ICON [84] BB HELEIR [17] i BT %%EX
A st HIE, HDARTRE DV IRIEE € ERE iR, 2%
B 2% (spatial envelop) [52] PAR 73 HRERME 15, ]
MIBAE, ARSCRRK K EGTI 2 AFERE (B,
1x1, 2x2, ..., 5x5), XLEEGEHFZE “Kaleido(H
) EgE, BRitz b, AT DURHEREE (55 1
[EEFEE MBI (20 6x6, HGE Pixel-
BERT [27] B NxN ¥I7}). &%, B—KEUZHEX
5379 55 P Kaleido EIGHL, 4T A BUIXLE EGEE
FHEME, ASCRHA ResNet-50 [25] TE B TR
AT RHIEPE B

3.3 RIS A

EESINFFAEMES (AAG) HISE 4 SR
il (token) 5 Kaleido EGHLZ [A]HIBRAXS 5, 40
B, ap, BHEEMH T7TERR SAT M [71], ¥E
1E FashionGen HIEE FEHIIZ%, 25, EEN
XA AE, BIHREURNINE, TEEUG SRR
B, SAT M8 —MNMAfAEREREIRE, DA

Tensorflow: https://github.com/alibaba/EasyTransfer
Pytorch: https://github.com/huggingface/transformers

A, ASAUEAAEF RS UNet MRS TEN RS HIFLZ,

Locked

Foreground

55 % 2048D features

3: Kaleido EHPVERE (KPG). BZEES § 3.2

Show, Attend and Tell Input

M \ Jpmmm e \
.\7t~. VoG @ es

5 d i Collar: L B

t Fur: Ba

Generated Tokens — Attention Map Attention Map — Patch

il‘ﬂ H-ors=

SAT Generate: Wide, Collar, Fox,[Fur) Surcoat, Girl, Trimmed, ...
aption:  Winter faux collar coats for girl... »P -

L,
ns-Attention:  (Collar—» [J% - rurl [ cint - [} PP R Eeo

4: EBINFEEERES (AAG), BT § 3.3,

IX LT D A R DAHE T A= RS 1] 5 [T 1 DX Y o
FRo A AR G R IR A LA R, REARHE

LI R A T ) BRI W i B R ) T S R —
Kaleldo BIGERCHR, MITASEI—H# 77 R aa iR Y
A5 Kaleido EGHLAINTFE o

3.4. TN SRS SR

B ERESNFFAERSA, BEARE T REEFH
(token, patch) Xf, HRIRIXLEXNFFEEIHFATHE
Wh, (HERME T REBSREBENIE O, 2,

ﬁ%ﬁ”lzlbb{n%ﬂﬂaﬁzm‘*ﬁ’]ﬂfﬁm%@ﬂ%% KXk

BAHEIFIZGM L, EREEIFHIAL ) Kaleido-
BERT PR AR RESBIRIE N R R, E. 2 () ﬁﬁT,
LIRS RIS AN, WO ST HRERR (AGM) 2
25T B S A R AL A TN TS B A 1R I 5 A 15
B, Mk TR WX 5 (token, patch) AT
I, SBEALARDS EG SRR E A —M, X EF
T Kaleido-BERT @G EE (ABEASLRHE IR
1E) EHEMN S — A ERNEFE, HATE TN TE
G E ORI, R B A B N 55
R -SCAN AT TON T RS SR I, ) BT % FH
NIRRT SR +h L P 7 RS N, I8 IX R 77
RN, 152 TIHEA (token) HEIGIR (patch) HIMEIE
i3, AGM REELE Kaleido EUGERA] 3x3. 4x4.


https://github.com/alibaba/EasyTransfer
https://github.com/huggingface/transformers
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. Ej is jigsaw answer.

rotates ! degree.

is camouflaged patch.
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Modeling Grey Pauh to Color Patch.| (Modeling Blank Patch to Color Patch

& 5: FiX5F Kaleido FERYUER (AKPM). (1) ligh%: Rotation recognition, (IT) HfE: Jigsaw puzzles solving, (IIT)

Y, BZEESIU § 3.6,

5x5 B, ARSI LA R RS SR B
T 1x1, 2x2 XA FOV R R E GRS
WINPT ZRME S (HEXAKR), RIEZER, &
XHITE 3x3 EUGHLBEH 1 B, 4x4 EGHRPEH 2
B, 5xb EIGERPkH 3 BB THEN,

3.5. ZHS Transformer

AR BERT [14] AEEZAEA Trans-
former, JX{#1% Kaleido-BERT % THEMITH, A
K, EXARMAITH T FashionBERT [21] I
%, BIEIABIFE (ie., B WordPieces [72] 774)
L BAE S G 0,1,2 3,...,No f£ BERT H,
!—/\leilﬂlgflﬁﬂzzEﬁﬁzﬁﬁ'ﬁ"ﬁﬁlﬁﬁ)\\ =R
fiE. 7 ESmbSRFAEARINTIR, B —NE—E (LN
Layer) A2l G URHIERI &, 10X T EIRIIZRRHIE,
ek g — B BRI BN BAE B w5 AL A 4E R RHIE
([21, T2, Y1, Yo, w * h])s SRR EMBIEHIE S B RIAL
BIRILFAE D AIEA S — D 2ERZR (FC), RKET]
W B[R — D EE b, &G, RAMEIEY 2SR
JGHIFHIE (i.e., FC (seg_id), FC (img_feature), FC
(pos_emb))HY77E, A]DAMSE|E—EUGER AT bE
FrEm&E, sERellEA LN B,

3.6. Tiillgh

N T RS TES PR X RE, (R
FAEES], RSO T =MIZME SRR
1, Al PN TTREIE S (AMLM), EX
VLRSS (ITM) PANER HHAYTIAT 5 Kaleido B4
PR (AKPM) (15 5 DN FE5).

f£55 #1: AMLM KA S 5REE, 7]
DATS 2R A0 G S RS e, Y e T 1R e
EERIE, K FERDAY IR G T DA N DA 10% Y
RER A s ALY A, 10% PREEARZE, DA 80%

FI [Msk] i, R RSB 5 B P 13 N

T, = {t1,..[MSK],....tp}, BUaEME ¢, $er, RS
ﬁiﬁﬂﬁﬂ?ﬁﬂ%)\i‘%@, & a B RS R G i fe —
EfVHIHE (hidden output), ¥ EMTEANDRKEE, I

5 BERT i) ‘segment embeddings’ 2L, K ARRIBZRHEEIL 5D
(‘T RESLK, T REER), PAFREIX 5,

#&: Camouflaged prediction, (IV) & f1: Grey-to-color modeling, (V) {&&: Blank-to-color modeling, FJ A PABEEE 4[]
s
|_1

FFFRER BERT 1 FEF R 4 1E B, AMLM 1
H bR B2 @ & BB 1R G R AN G BRFAE,  SRIE
JR RS IR G, R AR R

Lamvim = ZCE(U,]:(T, K,0)msk  hidden), (1)

Hp, OF fRERZXJ#H (cross-entropy) 5K bR X,
F R3RIE AN Kaleido-BERT 5 [ AY Flf i 1 R AE
BB F() sk nidden SIPAERDIAFIZIE Kaleido-
BERT HiJ5— BIVRHE. K RERPHELHT Kaleido
BB FH9R 5

1£55 #2: TIM BISCR-EGILELESS, 2H
R4 BERT A NSP {15514 (NSP A A K
FFRENETARR), TEIXMESH, [CLS] #
FR Y it & 5 I RAE I RIE L, JREdfEd, ¥
[CcLs] IEAERGERINEL, HEA—B2ER
B, HHHH Sigmoid EREE M2 ESR—F] 0 2 1
Zl‘Eﬂo LEAL, IEAEAHREUGFISCAR X B E B — N
b, TSR AR UG B SR =3 2 — B AN A
TIM B EAREKECH:

Lrry = CE(ym, F(T, K, 0)cLs_hidden)s (2)

IXH y,, FRRSCARFNEIGUCEL B AERRE
1155 #3: AKPM Kaleido E{GELFEF 2 H—
RANAFRIRERGIHAKN {K,, K, ..., Ky}, T£X
B N FTR Kaleido IANEZZ, G0E. 5Fi~, AKPM
X — BRI Kaleido FGHEE IR TS,
TATSS #1: ek (RR). BRIEMIA TAE [22,
| PEER T AR B B 22 ST RNg, R E 4
TEEE i B RIESS, ZIE A, AX5IA RR £
WZkmih, BAKME, B 1 I 1x1 FEIGHR
KRELIER: 4 DA, BP0 € {0°,90°,180°,270°},
TEVNZRidFE A, (o UG L B A BEAE D BB AR AE
K, BB Ed AR 0E A —1 FC &,
EHZ Softmax FIEKREL. &EEE Softmax FIHHK
B SR A . RR AL HIIURRECR:

Lrr =CE(yr, F(T,K,0) K, hidden), 3)

BEAL v, NHEER I



TALESs #11: Pt (IPS). PHEL [29,51] BN
JEFIES B IRERIE S, IXAERREYTS (pretext
task) AJ DAISHRE G 2 R 25 R 56 B, FEF XA
LA, AR SESE T PHEIRIE R Kaleido-BERT I
FTELEY 2x2 EUGHL A DA S 2 e AT 1B E I 2 B
HRMEIZISRR, A SR P BES Y 24 fio 2T
%, B 2x2 EGHUAE 24 fHEFITR (4! = 24),

Lips = CE(y;, F(T,K,0) Kk, hidden), (4)

y; TEIRBFEIRIHES T o

TFAESS #111: Th3E (CP). Jy TGS AR ]
AEEST, AWTRERBFIA G —MES—h%,
S5 FER AR — ok B G b il . dd G
MXXARBAERRRE, X—ESmEsRE
ZILREPRENE 3x3 BB Z R RF, HAR
B 55— SR E e R A B R B O 1 I R B,
HitkanA e A (CP). BRI INIAIZIESS, A
LRI BRI AN F = S EIRE 1. Dh AR TR
SRR 2RI, B BB

Lep =CEYe, F(T,K,0) Kk, nidden) (5)

e, y. REBEWEEGIRT,

TS #IV: Hft (G2CM). SHEHETE
GARRD RIS AN, BVE @ BB B GREN
[Fl—4EER 0 H7E (AR ZSHE), AekE
BEPVE R E, FF5INE PR RES GES. 5
siriilgridfEd, A KL U TIRE, HitE
[E1)T H ) B G PURHIE 5 R R ERME R 2 =, 1X—
HRATPON R KEE (B, RS AR T 2 A
RIEMGMIE B R E %S, G2CM [ EARERECH:

Laocm = Z KLD(ky, F(T, K, )k, hidden), (6)

XE KLD 1o# KL BU¥, S s e S
15 BB RS 22 5, HE0E YIS PP L
Wl hy N K, G5 FR R 5 (O (e,

TAES #V: BH (B2CM). BE—TE%
WESEE B (B2OM), 25 DAFERY I
g, BRI F — SRR 0 HSRR, A
WA T FRER B G 7 R IS A T
BURR [ R SOEEAAE S, FLELIA B ARBLE B/
PRt B2CM Jsk:

Lpscyr = Y KLD(ksi, F(T, K,0) i, nidden), (7)

BEAL ks; ARERAE BUARRSH R ER,
DI G S A B S BRI R, AECAA07 it BN,

_________________________

6: BARAIRILIERE, B EUEZ IR IESR K, ©:
Rotation losse @): Jigsaw losse 3): Camouflage losse @:
Grey-to-Color losse (®): Blank-to-Color losso ®): Total Loss
= AKPM + ITM + AMLM, Xf&RT Kaleido-BERT AJ
DA Kaleido SR HE 4T #1523,

BT S 2, AT I NRITON 55 UGS AR AT DAY 5
BRI F 22 2548 R SXHEHERE ST (i.e., RR and
JPS), 73KHEN (i.e., CP) DANEGAEKEES (ie.,
G2CM and B2CM), &%, HAAEIZRIS RS
DA SRR ANMT Ik )

Liotal = Larviom + Lrrm + Lrr + Lisp

(8)

+ Lop + La2cm + Lpacur-

EIZRS A, RIEF Kaleido fESERIESE E
IR AL RN &, 6, FHIERT AL, #3225 R bhEs
AR, UERR T A gRd AR R IR TR, 7E Kaleido-
BERT A, Fri&BMESREBIRGFINY S,

4. T

AR SCAE P b AR A T it 2 s 5, FHEAEPY
ARS8 =55 ESRIUE T Kaleido-BERT HIPERE,

4.1. FIZRBEE

B, AT, ASGOEE 75 Fashion-
BERT [21] #HFRIFEE, HAE Fashion-GenEdE % I
#illllZk Kaleido-BERT ,

ZEAREAE 67,666 T . BN RS —
B 75K AR A A G SR B IR, TR A B
AKX, F[21] —HE, ASER 260,480 HEE
ARG AT, 35,528 HEUG A A TR,

Iy, 1€ 1 Kaleido-BERT BAKSEUA:
L=12, H=768, A=12, L @#ZMY Transformer H,
H AR, A RRTES LN AR L
YETE Tensorflow “F-& _F#HIT5EE, HAHH 8 5K Tesla
V100 TREFATHING, F3IFEH 2¢ — 5, Adam L
TLERHIREE R IR N 1e — 4o FHAEMIGEM 5K S HH
Warming-up ZH&,

https://fashion-gen.com/
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7% 2: FashionGen 5 LIKREIEREN L, SumR=(Rank@1+Rank@5+Rank@10)*¥100, #F § 4.3 1FH S,

g% VSE VSE++ SCAN PFAN VILBERT VLBERT FashionBERT ImageBERT OSCAR Kaleido-BERT
(33] [16] 36] [71] [60] [19] (21] [55] [12] AHEE
Rank@l 1| 4.010% 4.590% 4.590%  4.290% 20.97% 19.26% 23.96% 22.76% 23.39% 27.99%(+4_030%)
1.ITR Rank@5 1| 11.03% 14.99% 16.50%  14.90% 40.49% 39.90% 46.31% 41.89% 44.67% 60.09%(+13.73%
( )
Rank@10 1| 22.14% 24.10% 26.60%  24.20% 48.21% 46.05% 52.12% 50.77% 52.55% 68.37%(+15_32%)
Rank@1 1| 4.350% 4.600% 4.300%  6.200% 21.12% 22.63% 26.75% 24.78% 25.10% 33.88%(+7.130%)
2.TIR Rank@5 1| 12.76% 16.89% 13.00%  20.79% 37.23% 36.48% 46.48% 45.20% 49.14% 60.60%(+1l_46%)
Rank@10 1| 20.91% 28.99% 22.30% 31.52% 50.11% 48.52% 55.74% 55.90% 56.68% 68.59%(+11.91%)
SumR T 75.20 94.16 87.29 101.90 218.13 212.84 251.36 241.30 251.53 319.52
4.2 ?Yﬁ?ﬁ% ﬁ 3: KHMMWANE IR FashionGen (5
. o e s EREM. Fit, Sum CLS=(ACC+macro-F)*100 and
ASAEPURMI - TE S RS L TRIE, & Sum CAP=Bleu-4+METEOR+ROUGE-L+CIDEr. #%
BXAKRE, BERE. KE mNATR R4 R BERIESH §4.3,
PR E 25 A EBIS T AL 5P R PR A g5 FNrBERT InagsBERT OSCAR Kiledo BERT
1. XARR (ITR). XAKREN—/TF sop Acc | oty 90.77%  9L79% [95.07% (15.2%)
1%, REMMI— TR S EIE— moer 1| oms __uen _umm s i
J 5. 0 . 0 . 0 . 0 (+2.80%)
H—O ZKKE Fashion-Gen [ ] %ﬁ?—%ﬁﬁ@ 3.5UB macro-F 1 0.620 0.575 0.591 |0.636  (1o.016)
RIERB N R AR, IR (R sces 1| _woww e o | e
N N — sz eu- - - 4.0 . (+1.2)
VERIEREAR, SRR, FTELEGESE I ADTECR LFC METEOR 1] 980 - 109 128 (o)
- N X \ Ny ) R ROUGE-L 29.7 N 301 |32.9 .
EUG SRR E R AREAR, FEHIMERE, AR et . 307 (326 (oe
KEFRENFERE, FHIWENTSEHERE PTM X7 Sum CAP 1] 729 - 76.2 84.0

AR, AZfFEH Rank@1, Rank@5, Rank@10 FF{d
KR MERE,

2. ERRER (ITR). BEUGKRIES AR
RANER, NEMKIE®EGETHT, 53Xk
R R, A E R & BRSO E Y IE
FEA, I IR F-26 H H A i P BELIZEE 100 DA
FHOR IR SAREA . 83 TR A Y DEFC 70 2L,
ASRIAMF A Rank@l, @5, @10 /ENIEM AR,

3. RH/FRHEMM (CR & SUB). XHZ
AWM EXRELENGEE, XEEEIEINERNH
rRARE A E, A SR 7 55 R AT I 55,
HA MmN ar2X A28 H, bkl {HooDIES,
SWEATERS}, {TROUSERS, PANTS}, fESCHIIFEH, BH
BAE [CLS] ¥ — BRI ERITIZES,

4. R (FC). EUGHIRA 2 —TRE
LRIFIEM, EHHEN SR AET 2T
VEEET M f T, I pe AR A R ff 2% T AT 2 22 1S
TR A= i RE

4.3. BRILEER

E5R. 2R, 3.1, Id R THRBIE/MES LIV A
KRR, (i) A Kaleido-BERT JLFAEATA TER
L ERBUS KM RESR T, TERA 1B A A 1 AT R
IR AIAE RRE STo (i) PTDANIZRE] FashionBERT
JEMBT VILBERT 5 VLBERT & B 4R,
FEXBIET FashionBERT {# FH E G HE N E

%5 NFHIE, T VILBERT #1 VLBERT f2H{ Rols
YENRHIE, IXUERH 7 7ER M, S ar ik A BB
FHIE B T BB 77 1%, (i) ImageBERT #1
Oscar XFAMER EREAMEFH T42H Rols IFATER
B EIGEFIFRE, T VLBERT 1 VILBERT
UG 7GR B, XA AL T RSN 1]
GBmER, f£—ERE LEE T B2 680 EIBIE
NAER (e.g. BGFHE, BB REES) 7T DAH K
BRI RY ], TEARH Kaleido-BERT #ZAH,
M T Kaleido TRl§, ©¥ JE7E FashionBERT [21]
ORI A s — RO UG 75 2K HEHL, ARSI 5%
R SRIE A AKPM AT:55 nl (g i 8 75 R G 0 gk £ 7
FEOTHNIE R, &5 DA EIRE, Kaleido-BERT £
AR QISR VL BRARAIAE TS5 | BB 1 6E,

4.4. HRbSZLS

B =N Kaleido-BERT THREFR I I F A
&, BN iEARFEBREFEH, #WiAZE: Kaleido
EHUREEA A (KPG); MER: PN TT 6 SR I
(AGM); PARAESSE: X577 Kaleido EIGERARRY,
ARSI T B A IR LR R A TH R SE g, KiE— 57
WXL /SRS, SRARHIES SRR RAER. AR 7,
KPG. AFARZIAT 3 #77E4 MK Kaleido
%4, J5i%-1: 5 FashionBERT [21] (& ViT [34]



R 4 KT 3 MR RN,

HEEESI § 4.4,

o= Kaleido E{§REREE (KPG) TR FF DRI (AGM) FARFF Kaleido EIGHUEE (AKPM)

Scale-fixed Kaleido. Kaleido.+-SOD | Random AGM B B+1 BAI~II B+I~III BAI~IV B+I~V B+V
1. Rank@l | 24.71 26.73(+8.2%) | 27.99(+13.3%) | 26.55 | 27.99(+5.4%) | 25.37 | 25.07(-1.2%) 26.03(+2.6%) | 26.88(+6.0%) | 26.20(+3.3%) | 27.99(+10.3%) |24.62(-2.9%)
1. Rank@ 1| 50.05 54.55(+9.0%) | 60.09(+20.1%) | 55.13 | 60.09(+8.9%) | 54.97 | 55.14(+0.3%) | 56.31(+2.4%) | 58.34(+6.1%) | 59.13(+7.6%) | 60.09(+9.3%) |53.78(-2.2%)
1. Rank@10 1| 58.93 65.44(+11.0%) | 68.37(+16.0%) | 64.92 | 68.37(+5.3%) | 62.13 | 62.90(+1.2%) | 63.37(+2.0%) | 67.79(+9.1%) | 67.99(+9.4%) | 68.37(+10.0%) |60.88(-2.0)%
2 Rank@l 1| 8047 | 3219(+46.7%) | 33.88(+12.0%) | 3204 | 33.88(+54%) | 3109 | 30.98(-04%) | 32.22(+3.6%) | 33.17(+6.7%) | 33.80(48.7%) | 33.88(+9.0%) |30.77(-1.0%)
2. Rank@5 1| 52.29 58.40(+11.7%) | 60.60(+15.9%) | 56.99 | 60.60(+6.3%) | 57.35 | 57.44(+0.2%) | 58.73(+2.4%) | 58.55(+2.1%) | 60.57(+5.6%) | 60.60(+5.7%) |55.95(-2.4%)
2. Rank@10 1| 60.82 66.49(+9.3%) | 68.59(+12.8%) | 63.77 | 68.59(+7.6%) | 64.79 | 65.65(+1.3%) 64.16(-1.0%) 67.92(+4.8%) | 68.41(+5.6%) | 68.09(+5.1%) |61.70(-4.8%)
Sum R 1| 276.97 |303.80(+9.7%) | 319.52(+16.2%) | 299.50 |319.52(+6.7%) | 295.70 | 297.18(+0.5%) | 300.82(+1.7%) | 312.65(+5.7%) | 316.10(+6.9%) | 319.02(+7.9%) | 287.70(-2.7%)
3. ACC 1| 93.44% | 93.45%(+0.0%) | 95.07%(+1.7%) | 92.71% | 95.07%(+2.5%) |90.94% | 90.82%(-0.1%) | 91.40%(+0.5%) | 93.91%(+3.3%) | 94.05%(+3.4%) | 95.07%(+4.5%) |88.87(-2.3%)
3. macro-F 1| 0.701 0.705(+0.6%) 0.714(+1.9%) 0.711 | 0.714(+0.4%) | 0.690 | 0.692(+0.3%) | 0.721(+4.5%) | 0.713(+3.3%) | 0.710(+2.9%) | 0.714(+3.5%) |0.701(+1.4%)
4ACC 1| 8689% | STO1%(+0.8%) | SS.0T%(+14%) | 87.20% | 88.07(+1.0%) |S1.66% | SL26%(-0.5%) | S4.44%(+3.4%) | 86.49%(+5.9%) | 88.53%(+8.4%) | 88.07%(+7.9%) |SL64(+0.0%)
4. macro-F 1| 0.630 0.634(+0.6%) 0.636(+1.0%) 0.633 | 0.636(+0.5%) | 0.558 | 0.575(+3.0%) | 0.596(+6.8%) | 0.636(+14.0%) | 0.633(+13.4%) | 0.636(+14.0%) |0.596(+8.4%)
Sum CLS 1| 313.43 |314.96(+0.5%) | 318.14(+1.5%) | 314.31 |318.14(+1.2%) | 297.40 | 298.77(+0.4%) | 307.54(+3.4%) | 315.30(+6.0%) | 316.88(+6.5%) | 318.14(+7.0%) | 300.21(+0.9%)
5. Bleu-4 T 4.9 5.2(+6.1%) 5.7(+16.3%) 5.3 5.7(+17.5%) 4.9 5.2(+6.1%) 5.2(+6.1%) 5.1(+4.1%) 5.6(+14.3%) 5.7(+16.3%) | 5.3(+8.2%)
5. METEOR 1 11.0 11.7(+6.4%) 12.8(+16.4%) 11.3 12.8(+13.3%) | 11.6 11.6(+0.0%) 11.8(+1.7%) 12.6(+8.6%) 12.8(+10.3%) | 12.8(+10.3%) |11.4(-1.7%)
5. ROUGE-L 1 29.8 31.5(+5.7%) 32.9(+10.4%) 30.3 32.9(+8.6%) 30.4 30.7(+1.0%) 30.8(+1.3%) 31.9(+4.9%) 32.7(+7.6%) 32.9(+8.2%) | 30.6(+0.7%)
5. CIDEr t 30.9 31.3(+1.3%) 32.6(+5.5%) 31.7 32.6(+2.8%) 31.0 31.5(+1.6%) 31.4(+1.3%) 32.0(+3.2%) 32.3(+4.2%) 32.6(+5.2%) | 31.3(+1.0%)
Sum CAP 1 76.6 79.7(+4.0%) | 84.0(+9.7%) | 78.6 84.0(+6.9%) | 77.9 | 79.0(+1.4%) | 79.2(+1.7%) | 81.6(+4.7%) | 83.4(+7.1%) | 84.0(+7.8%) |78.6(+0.9%)

With AMLM,ITM and |-V

With Rotation(l)

With Jigsaw(Il)

With Camouflage(lll)

With B2CM(V) 15

1.0 1 1.0F — - —— —— 1 1.0 10F v -—-T--—r—-——-Jq 10—~ -—-—r—-————3™
oS e| 5l T [ [ 1 | "\ i | [l
| | | l | | | [ [ | | | | |
08}/ . el 08f -4 - - - qf 08} - - - e - - 0.8
| | | | | \ | | | | | [ [ [ 0.6
2 0. 4 0.6F — - — — 4 —— - — = — 4] 0.6 i = —— i == =] Ol mpmimip e e o
2 Attt T | e | ] ] ] | | s e— [t o da oo ww !
B . e e e s R e = I 11§ e e e 04F - —Iq-4-=-F==l==4{ 04| - —1—- -+ - - - —1- - 0.4
| | | | | | | | ] | l | s | 1 | | 1 | | |
D2 e e b ol BB ot i el e B2 o - [N IRV - 0 ; 5 ] S o BEZEEEEETETETTEeELL G2
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0.0 T | oo g o g o oo 1| g ==l 90 a0 oo oo © 90 a0 9O OO | L
15 20 25 0 5 5 10

0.0
20 25 0 5 10

. 0.0
10 15 20 25

0.0 0.0
0 15 20 25 0 5 10 15 20 25 0

0 5 10 15 0o 5 15 20 25
Epoch Epoch Epoch Epoch Epoch Epoch
~— ACC of Rotation e—e ACC of Jigsaw +—4 ACC of Camouflage == ACC of ITM o o ACC of AMLM -- KLD of G2CM -- KLDof B2CM

7 i{f%ﬁmo

KA, BRI ER BRI E Y15 akE 2 R
~Fo FIIXFEREIGHRIIG, A SCEAIEISE T 276.97
Sum R, 313.43 Sum CLS PAK 76.6 Sum CAP [
D Fith-2: ARSCBERISE T Kaleido EUGHVAERK
R (RERL), HETHZE-1, EEIERRE
T 49.7%. +0.5% 1 4.0% HIREXTERF, W2,
577151 M8k, %7150 AR G i HE 4rR B RAE
Jiik-3: H—D5I NBEERI (SOD) W%,
T AT 7 B IR B 22 H - (tabula rasa), A
DAL, IXAER T AL T /751 BUS T 16.2%.
+1.5% F1 +9.7% IR T,

AGM. Y EmIEE SRR, #2—EikE+
RERAEEGFISCARM,  JE IR FEATLIZE B AL (53
IXFE AL SRS AR I BEA LIRS, fESLEH, ARSOREE
T WO TR RIS (AGM) FIREHLIER (Random),
AGM BUS T +6.7%. +1.2% 5 6.9% BIMHXTHEF,
XA AT, KON TR, AGM ZE T H
ZAE RPN, XA AT Kaleido-BERT H4f
H PR A 2B E B

AKPM. NEUEFTIE Y AKPM PERE, ARSCSL
MET 7 NEBSEE (WAL 7). & (RIFR B) {UY
B EEMPESCUCEAES ITM) FERSIE S Y

ACC = Accuracy, KLD = Kullback-Leibler Divergence. HZEESUL § 4.4,

(AMLM), G200 5 1~ AKPM FAL55 2155
I gRd AR, Blan, FERFPB + 1~ IV” &H
F B4+ 1 +114 11+ 1IV?, EISE—ZIE, HEH
A [21) @EMAH “ITM + AMLM + B2CM” (B +
V) G TGS, 5%, 4, AIIEZIX
RS TSR AREIR, XAE Sum CLS AT
+0.9%, H2E SumR FEAERIWER (-2.7%). HEBTY
2, L V (B2CM) B 1 (RR), ATATERTE
TS EBIS +0.5%, +0.4% 5 +1.4% WI$EFH
B, BRI R FAESS N, 7] DRSS
Aefrse BT, ERXDNIRRER, V EIER#EISE, A
SN BRI I~V %35, Kaleido-BERT 4
PR T EGRHE, 515 Vv af DLEIERENE,

5. W& H I3

A SCAER U T — BRI 1E S T
YIZAEAL MUY Kaleido-BERT, ‘Bl &2 Kaleido
BEGH A i Rs, TR T 55 A AR Es DA R T T ARG
MG, IXLEH RO H 5 T 500, RE¥ 2RI
NS BRI E-SORBRRHIE, ML TIAEBRE, K
XHH Kaleido-BERT B R ERK, FEEUS T sk
FITERE, 7 FIMESIEWNRG- IR, FE
PARZ I IR _EBUS TR,
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