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FEXARRIEREANHEFERFESTH (iS5 62225604) ¥

HE B M B 3 (self-supervised learning, SSL) Y|4k i A& H w1 27, 1 F D $ & £ # R 24
NMATTEES. AT RKE EEFIOINEERAR, KRXERT — B £ ZI T FEL SSL AR,
ZHERE SHREEZAAIAAW SSL EA (RFEMEA), LUK A AR 77 )4 36k £ B9FT SSL %
AT A BN A T & SR R A Bk ZAE Rkt T s AALE], AR HT SSL A A By 4L AR RE 4%
SEAAFRHENIA SSL A ARER, ZHT 4 AF SSL AR AMELEFA. AZA ERE
W, FATR T BRI B N 4 48 A E # (target-enhanced conditional, TEC) 7 %, % 57 £ & X T ##H
BEREM SSL HiEF AT AAFAMN. Bh, RANEE T REE X 2 E 5K, DREEEEIRHEN
EREATHIREE X A E R, HEHTAER A 7R AR TN AR 5 g e B AR, AT T &
MAFHIEXKRR AR, BT ERSEHNEN LR TR, A RHEA T FE R Z X B
RARETEWRS, B A ER LI EEA W R, Lk, RNFIANT A FHERE,
HLREFERNTNFAUCHEAREEARBENEZER. AEWEREREH, AXH TEC &
FEAAUT DUz 3] 3, AT LLIR A MAE A0 iBOT %I &89 SSL £ A e 4 8. 12 5 £ #
EAFENEREFIAHT HEREN—F. AXTIEREE https://github.com/sail-sg/tec FFIR.
X IS, g REF, OIS, BGReaEE

1 TR

H B 2% 3] (self-supervised learning, SSL) 7 JC B RAF 5 > U EUS T 535 1 Rh, 7202 12
H ARk AN 435 54 590 2 RS T I T NI EEREAR T, 7E SSL il Zrid fE, ﬁf’ﬁﬁ%*’]L
— MREEAT S, Qs 0 AT 5% 56 sl RS B 245 (masked image modeling, MIM) 341 SR 5 i@ it %

SIS mrte, A%, R, 55 W T RRSE M A 0T BT H ARG R A AR ARG B 1 IR ). T ERNE: B REHE,
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N Pretrained base 83.6%
SSL model 84.1%

l Guide

SSL model 85.1%

l Guide

m MAE m iBOT
—> = = ® New model surpasses base model.

1 (MEHFE) AIHEENEE IS, — R SSL REUB T H%T)I% SSL EMiRAEAIENT, S
BMMARRFIEESN, KW AL HAERNFES], HEETAKFRINE— R SSL RE, IMAEREE
12 T TR,

Figure 1 (Color online) Concept of sustainable SSL. A new SSL model inherits the knowledge from a pretrained SSL base

model to achieve superior representation learning ability for “sustainable” learning. This approach significantly improves
learning efficiency compared to training a new SSL model from scratch.

ARIAE A AR R B AN TTARTE, DAL ZRIN 2y RS BAS — e B D, {ELRE A I 2R Eidis B 369 n
AR ST R R 3T Y, SSL IE WA 5 2 S I R As (K77 1) K. 481, MoCo 1) 5 22 200 MIEARRRIX,
Il MAE (masked autoencoder) 4l W FF% 1600 MEAEE KA Be 78 40 B BOLHE 77, ANE 72, K240t
FEN LA PR A TSRS, AEAE M DA SR ZR KA SSL B P s i EAUA. ik4b, i T34F SOTA
(state-of-the-art) MJTYIZE SSL BLAYAE S HRDHEAEH, H i T SOTA MERESNE S Hr, Z Hif SSL
BORARRAE R L 40E, SBORE IR IRAIR S, K, M3 — AN FIHFEER SSL HESR AT S N 2L

AR N L2 T B RRAEACAARE BT 78— 4, A SCRELERT R SSL AL A2 4K 74K 56 i Tt
ZRI) SSL R AR A [R]85 HAR AL TR )R m 2 2T e 0. DABLSEILRY “RI R4 SSL AHLL
MERTFUR I ZR— AN SSL LAY, fE3R iRy 2 SRR MRl 3G 5 1 RALRE ). B 1 25t 7 T RF4E SSL Y
i B HR ARSI R SSL AR I RO F R, K RN ZRE0 SSL AL RUAR LA, Dy 1 ik
B FERTRRSE SSL o, SRR R AN R LAY SR 25 B iR, T HLZE AR 78 AR e sk = O AR, A
() T M B 2 O T AR R R S BRI (781 A SO T RpSE SSL 2 2) il R I8 5 42 A I B RTE .
IR T DL TE B B 2 1 a0, BESROpTASE 2 LY A 2R B 51 ) — e S iR 251 (92100 frg e

FERX I TAR Y, FRATE L AL Pl RS i Rl o 2] FR LA T 25 SSL ALK H AR 9 1) 5%
AL EE 7 (target-enhanced conditional mask reconstruction, TEC) YIZREM, A A FE4E SSL L H T
HEREVER—. N 7 LI — A B 8 H AR, 12 SR SR HT S B AN o ST ) il JE 2 ST 5
2 S8 SUMSCHIEN AR, R, ARG 7 —Fhdk THERG S 1) 1 SSL 75 SR INZRBs A, e rh R
RSB (N B A s S b, i A 7 D s M BB AL 5% P 4 N o T i B H . Jd i
X IIGAEST, B 25 2 i N R IR 58 BE T8 SO X IR ) 56 28, DA RE A AN 58 BE O\ o 4
BRI EE HAR TR BE S, K 2 fs, 78 iBOT U FIZR5EmE 1 VIT MY AL )R ) K
Higte 1 erE X, BlanE e, 2R, B iBOT PSR AN EAR ) 208 TEC YIZR/E 1) VIiT B
RUER 7 Py XKIE UE B, AR 7 1 BB R4 i X =5, T TEC AHE
SRR ERZR B8 CIRE ), B e A B TS BB A PR MR RO AT #5542 SSL, JF HAeWs A TR 55 i it
R T RAE I SCRALE.

SRTT, AR FIEG SSL AR T HUR R IS5 H ARAISERS, T AL BL & SEA0RTE. Bt BOT T
W SRR ) T A 56 2 (2R 038 SCRRAE, 170 MAE [ Fi0I 205 80 I v 6 R B 5 22 1) G 41 5 R AIE .
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E 2 BEENEROAAKE. ZzEFEMHeRR— " EEENANIES. BaXENRAEZXEA, &S
ERA—MEEESIKRETEEXE.

Figure 2 Self-attention visualization. Different colors denote the attention of different heads. The black regions indicate
areas where no attention is given by any of the attention heads.

DRI, TSRS Hp ) 5 vy R i HL RS I B H AR A UV B B X B A A fi e R 27 5] 31 5E 4]
A5 2. — AN ERAR M B 2 H bR N Y BB B R RHIE I 25 (BB XOR R, LLaniE b R L4256 5 42 & 2 18111
SR, WA T B 28 2% 3] BB ) V2 3@ F T 5 Bl T AT 55 B 58 RAFAE. Atk AR HRH
PHAN EL AN B 2 H AR SRR T B AE i H AR FR & () 2 IM4ERE I — L E 2 H bR, 1% H bri@ it
SEAE R B R AR 2 (R 4R P AT VA — A 2 AT S ARRAE X 382 (] 56 R JEPE; (b) R SE AL o
BAF 518 S B token 33 /7 BME N E 2 H Ax, DA st i I g 3 r AN R 58 3 X 4k
Z A BB R, N T B RE AR EE bR, A CEFEM RSN T KSR . XEE
TC #5561 A 2R ) U0 &85 A B A% 28 3 b I LA S [ Ja Mk ) 5 P SR 1Y . 2 s B AR B 2 H b ) 1
LT, GG B AT A% 1R Hh 0 S R TR L ¥ H R AR, AT BE A A5 TR B H AR X e E
ARTETUIZRW0 B 58 i e 0 2 5 70, (B an AR BE 2k, AT A se il a2 5 2 ) o (12,131,

ARSCHG RSP RTRRSE SSL HI VRN B ARG SR 1) & A RS E & (TEC). Wl 3 7R, 7E Tmage-
Net #li%E b, ETAEMFINMIGEIE G TEC AL MAE W A1 iBOT [ 45 SSI, FEREAY [ M AE A i 2
B, 4N, BL 1600 IEARE IR iBOT ANFEBAY, TEC 1Y 800 MMEAF R Tl T 1.0% 1732k
HERR. A, AR KB TEC AT LUR b SSL AR ()22 ST R, & I ZRsAs. i, BEKL
WILEA I TEC ZEALIZR 100 MEFT 300 ANEAFEIRIEIL T, HAEREEAE TR 7 1600 ALK
) MAE FEMER. 2775 T IRERE T RESE SSL 1S —20, A S REAE A RIS B 2 1) T1E, LGkt
(177 AT R b ek R 5.

2 MExI{E

BEF3). B E S EEA AAEAE ST UG, MICH A TARE, KSEDRAER I 61
u, SEBIEAES (instance discrimination, TD) AHERY EUE AT S (MIM). 1D il = > hiik—A4~
B2 AL T BRI IR, SR STRRE ARG (R AE (14~18) A 22 WP rh S R A AR EEAT BRI 25,
I 7 E ORI UIZRAR. MIM 3 AR ARG #8 73 B RS XK token FME BOREE 3] 1 X, 1XFf
JiaCEE ID fesA > 25 2 i A [A)3E SO0, i T/ 2 PSS BN, MIM 38 H 75 2L ID KA
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300 800

Pretraining Epochs (ViT-B/16)
3 (MK E) ImageNet-1k t#) Topl #E. TEC MNGHFERSETMWEEB X ABERME G E
~ ZARKREER, EFA%K TEC #E. TEC REMHESHEERNEERF—H. MilZ% 1600 MERX
#®RH iBOT #HEPIK FIZ: 300/1600 MARIIRH MAE REEAIELR LI EARE.
Figure 3 (Color online) Topl accuracy on ImageNet-1k. The TEC models maintain the same color as their corresponding
base models. The triangles represent base models and the stars represent TEC models. TEC models have the same color

as their base models. In this experiment, iBOT pretrained with 1600 epochs and MAE pretrained with 300/1600 epochs
are used as base models.

WA IR A eI RIS STk [19,20] SRR T 454 MIM Fl ID FIfe#, Chit— D3tk fe. fal,
MR [21) 4878 7 MIM F1ID #7E2% S) P AR AR, FRATHEE R — AN sh, BIIXLE SSL J7 ik 75 58k
SRR TSR RRASR SE I SOTA PERE, IXFHAS 1581 SSL VAR IE. N T MR AN @, FRATIRER
TIEE TSI ZRAT (1) SSL B Hh 2 2] IR R S AT RESE (1) SSL.

ZHBR LERBBEIGER. EEBERTES MIM EARE X2 E EE T2 MIM C&3RE T
SAEEHR, B0, RGB FBIZE /3108 (tokenizers). AN T EUE A 7 AEREIE T HRIES
AbFE (natural language processing, NLP) H 1) B Hiibis 5 48 775X 221 BEIT Bl RA 7 DALLE Tl 45
B3R 2 E T H b 231, CAE P4 gt — 2D P ARERAT 55 T 5 S A 25 AR, MAE A1 SimMIM 29
MR FE R B, (EFH RGB BUEAE A E & H b5 o] DLSEIL R 524+ 7110 58 20 M RE. MaskFeat 261 #8578 T
F LRI HOG HHE P72 —FE 200 BARE. Ge2-AE 281 F1 MFM 1291 & BLEG58(5 5 AT LA
5 RGB B4 HArE L H AN, 7E PeCo B0 A AN gm AL A s B AR A 22 2148 {5 B iBOT Al data2vec 31
VUV AR 2R 20 5 0 285 191 SReAR HETE 26 58 (1 T30 H A7 BootMAE B2 [RIRTRIH T RGB EMEAELL TE 3T
1) EARFEAT IR, SCHR [33) I HE0D 7 R 35 T MR B SUMAR B 31 K5 22 A B R 28 1R A2 Mvp B4
PL CLIP FIZRiEAL 23] SN E bR, 51N T MALSEIE & T 2R 2 2 B0 3 E 18 . 5IX R g o &=
& H b B R TAEARE, AT AR, 72 TEC MBI T, B SSL Tl SR AR AT IME N R
LA, TEC G BC A8 A0 B AR 58 7 S48 HLRE 0% R HiIE B & M BB 7= 28 1) H A5,

BB IR, ATRFZEN) SSL AT AR B B AR ZE I I RR RIS DL, RO BEATT#SAN SSL
TN ZRRIRE AL 22 5] Reversed KD B9 REAFEG B W E T, — A9 BUTRIAY A] DU 22 AR B 52 24
ClusterFit 56 Xt BB OIFREFEAT YNGR, LA XRHACEAESS B #004. SEED B7 A F X bt 2o R Y
SSL LAY HH R AR ZE T B/ N . SCRR [38] {8 MLP (multilayer perceptron) SkiEATHFIE[RIH,
W KBS SSL HUMBE AL ZE 1B SR gz I 22 R AR SCHR [39] A58 FH M AL X S dE AT 40 21, A 52491 56 &R
R IR L AR VRSN, SCHR [40] R BHFFAEZSIER LGS 3L TXF LY SSL LAY, (HXF SOTA (1)
MAE [ R 35 R ()38 25 A R . A SOOI RELER SSL A—F H M i 77 =B A B AL T A . AT T
TE 4.2 /NIRRT H) TEC ik LR SOTA B B 2 7k A L.
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4 (MBRFE) AIREA TEC BIREIESR. TEC FIINZGAR SSL ERRE X E X RIEENEREE
¥R, BN EHET—HHEFIEXHEXAEEAE. 8 VIT HGFUIEEE G AR MmN SR 2R1E58 25
token, BEE, 14 RAVHERR BB L IS ETE R 32 A0 22 BniEaDas, LATUNEAE R Fres E /Y B AR,

Figure 4 (Color online) Overall framework of the proposed TEC. The pretrained SSL base model in TEC generates
patch-relation enhanced reconstruction targets, i.e., patch-dim normalized features and semantic attention maps. The new
ViT encoder takes in a masked image and the class token enhanced by the input adapter, and then sequentially passes the
generated features into encoder adapters and the multi-target decoder to predict the targets given by the base model.

3 F/&

3.1 BMFHEZR

A SCHT R ) B AR IG 5R ) S RIS S VA R SR E SRt ] 4 s, TEC KBESCER [3,4) RH]
vision transformer (ViT) M SRSZEURYE. fEMAREFEHEL U R TEC MAFTIIZRIHT VIT ZRiDas .
T AN R S A @ fe as T B B AR TN 2 B ARG &5 « VE 9L SSL iINZR ViT
Gt ey, LAS— AT DA R SR AE O 21 DAY o B g H A I H A 3 o T ER 2 k. B 1, HEA
RJE SSL TR VIT gafdds (a0 MAE W), JF 42 sl se 8 B B = iE SURHIE. 28 )5, H bR
SR B 200 SO AT G 08, AN BN B AR E R R B S 5. MG R AR ¥ ViT
L 2 PSR AL P 5 i N A s e J ) B i SURFAE, B S R X LB AR AN 22 H Fr s 2 AT
FERR SR AL H A H AR, ETONZR G, B VIT dafid 2ok O B H T T IEAE 5%, 1M A 23 M B #2 . 3R
ATHEAE 3.2 /N5 A G i 3 TC 4 4 B PR 2% A R0 22, DA BB AR A8t il B A5 Y H b, FFAE 3.3
AN RS A3 T AR R R A T B A AR ) AR R AR

3.2 FHEHFINZ

WIAT AR, FAALE W AR FE S, a1, iBOT Hh&A B 24 RA0E X, 1l MAE HEZ
R SRR, DRI, SRR R () B A T N 1% AT R 45 T SR GRR. y T R B AR R B 2R
fLLTR] L, SCHR [20, 32, 41] JEILE A T7 MGG ES K 18] /2 F S $EL LR AR AL, Ui 5 BB R
FbRXE55. SR, MIELELE 5E 2 i T3k £ 5 AN R AR e (R AR L R— AN T RE MY, RUAEATR RE
HAAFKEE. Wik, 7 Ear iR x40 5€ 00 SSL AR Frid RLAJUEAT 5%
ERAEST.

2558 — N E TN ZRR A, A A Sl U SR B D B S B wT I R ME R 5 AT 2R A,
Al AL BE (1213 0 [ AR 5 AR B (42~ SRR S5 1, $ROR (prompt) J7 5 124344 gy g
IV token (140, 355 token) SHFE token FEFLER, AIEE E K VIT B8R LETE F] T4¢
SE RN IFAESS B SURFIE. BEAh, R RGOSR A (B0, MLP 13:42] M5 72 token 14°1) B4 F] [
SERERL AR E] OSSR ) F 8] RS AEEAT R, AT B0 T 9 A 55 i IO AIE. A2 X e ARy
FIA R, BAR R EETT G NBITIZRE B, 181 i i 7 e 458 2% 1 0 2 A Ak B SR 1) 22 R
AT FRATE BC & OO T B0 2k, FEASERORIITRINER, BRI E T S EINAS N R A, B,
TXLLIE IC & OR B AE SRR BonT DAE— 2D 1 o R it AL OM B 0. R DR RN R i 2%, BV o
NG RC a8 AN G 5 25 e a4, N 2FTE A VIT Zfas .
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r Input adapter Encoder adapter Z!

i i S

. Encoder
adapter

New VIT encoder

5 (MEAMFE) FHFNZGEBNEE SRR B EC AR Y AT &

Figure 5 (Color online) Details of input adapter and encoder adapters for conditional pretraining.

MINERCRE. AT VIT 4%, 893 token M H B HIAFFAL token IERGEAR, DLEE ST RN 4
JRE S BTN TT AR T 2851 token Xof X2 AR RE B8 /g, FRATTHE H I8 Ik 38 hndiiy A& Fo 2% R — 25
BRI token MIRFIEVREERE 7). Wil 5 Fs, HH—AN/NIIWJE MLP JZ ) 5 & BC 353 5 1 2K
7 token (7R BEJ], 285 token RS FE I MR JERAY H ARB0E B A i (R RRAE. BAASR UG, AT
ffF MLP JEXF VIiT (9280 token T € RE HEATALHE, 13258280 token T7 € RC: T' = MLP(T),
Horp O RFHEMEYERE. FETIZANE, 77 WM NERFAE token 1. MLP M58 7 T MIRRA[E)), i
HTR AL RS B A M TN SRS AR, 6 THERL AR, BT MLP(T) 2 FrA SRS 1, BrbhaT DL
AT AR token T/, XEIRE MLP(T) HITHEA S HEFT R R BA TF4Y.

URIBIEECES. v T VR HTREAL b g e R S ARRAE, A RS 0E S AR TR I H AR, FRATTEE TR B
R T — A R TR MLP 13 /58 VIT MRS Es@Emias. hT 3019 AR 45 £
ST ARG B o AR R, TR 75 A S PR IE T 4% 5 (R FRgm D 25 X 4 40 P S5 A AR TR 3RATH
TR 5N OB TE R RG24 () R B, Rl 2 (5 A B A R T & RO A8 10 . i 5 R,
MG i % RS T B EAF B AR SE X = {X,,i = 1,..., D}, 2o D Agmtd s e 2 sk, w0k
MGi—5rae N A, HhBABINEE 3 MPRE. 255 n A, & IRE P ZH T 8 2 FRHE

Z, =FC(Concat(X;,...,X;)).

SRIGHHRFAE Z, TN BIERC 25, 133 M RRRHE Z:
7!, = Z, + MLP(Z,),  Z.= ZL z), (1)

>4

H1, MLP 2 —M& MR 2IERZ K MLP. B, #5085 AR IER N 2 H FR A% 25 Rk P S48
T AR, XHAE 3.3 TR

3.3 [XimExRiEEMEZEBFR

N S IR AR B R LS I AT 521 SSL, FATTHY H ARG s AR 0T 7 A B 153 X
SR IE] SR A ELAN H e Horh— AN RAE S YRR BT AL RIRF RS H AR, B AERESRHF1E token Z [H]
MISRAR; T3 RTE USRI R T, T 52 5018 SURFIE token 5 HARKFAE token Z AR SRIR. AL
FH AR B AESRRRRE token AOTE SCRFIE, T &0 B SE AN S AR THRAE token Z (AR ELIC AR,

a4 YT — LRV EHIER B AR, 7E25 € — SRR (0 fan A1 9 H AR, BRATTHR R IZ R E
W (A FEHEAT VA — Ak, DA 9 4% a] X IR) (0% 2R ELARCR A, T — M, B R H Ar oy
Y e REXC JLt L A1 C 73 AI3R7R token HURAHEIELERL. JR)5, WiFE token 4EFEXT Y ATk

4

=

Yi=(Y —puz)/oz, (2)
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0.4
—e— No Norm
0.3 *— Patch-dim Norm
’ —e— Channel-dim Norm

e
502

0.1

0.0

0.0 0.2 0.4 0.6 0.8 1.0
Token Similarity

6 (MEIRFE) MAE R34 token ZIEHEINEHEESHIFER.

Figure 6 (Color online) Distribution of token similarity in the MAE model.

Hodt, g RV op, 3R token 4ERERGIME AN 2. T MIM, X A0 23 [ 455 A — A0 L 12 A8 T
FEBIE L L IORAE T — Ak (2631400 e ST AP 9 token Z RIS A1 G &, 12, IR 6 HaT A
A, fEAEH MAE TS BB BT BT token R REEE 2 Mt 1 BRI A2 SR 3, BRIEAS
[l token AYEAERYRHIEMEBOAAIML, BIAALEEAEAR . X IFASREIR AP # 75 IX 26 token 2 [] AR 2% 7] 2
F. I, BT HERD token AURHIES AT L token FRIARFAEFA B AR, RE7Y AT LAR 2 55 Hh B R A
token FIHFAE H AR, SEIELEE N — AL HERE T token PYIISME AT 2, MELAHESE token 2 [R5 2R, 5K
br b, WP 6 FroR, SEE4EE I B KT token Z [AIAIARMME. 1 4% 814 0 — AL U B {7 T 45
ANEIE P R AT W1 10 22 5, 5 3 AR token 22 1A FRIMABLYE, B3 T token 22 1] W] AEA7ELE 1) 4% i)
KF. BEAN, WG ST T LU, ASCH VA — A 77 i) DL B4R m B R M. 7R — 2
Ja, ARHESCHR (4], BrSRTE RG4S AE BUR (] — AN A B B AR Zp, T OO DX ) FE AR H
Yy

Lgea = ||M o (Yy = Zy)|I3, (3)

Horh, M ORHERSFERE, o FIR TR I,

EXHEXFEAEEARBFR. FIZ VIiT B8R HEE ) B A IR ERHRSRRHE token X [A]TE X
REMIRE S H6~481 0 FRATTIE 2 $2 R A E R ) IE Dy MIM ) —F s g H A, 3 — 20 3 s Y (13
SRR EEIERE ). ARG BTG T HE R I ETE KD I BB L (49500 AT TR A BT A i =
JIEIEREL & TS LR &R, A MBS T ) H B S A2 AR B R 2 2] R, A7 b Sk R 70
R, LA/ AT RE LR B S [RIA BT BRI GRpAR. A SR AL 6 4 = i 3L
FEBITI IR token SRILEFEBAHBURIRFIE token, IS AT RERIME . WK 7 B, 45 € Sep Y
a1 VIT JZ 285 token FIFFIE token Z [HIAVER JJ Bl A, € REXE Hort LA H 73 %7K token
BRI R AR, BATERE I A W R TR 4ERE R, 153) AL e RL. K5, WKl 7
Fias, EHL A! B H K top-k > token, A5 1TH top-k token 5T A RHIE token 2 [A] (3E R /1 &
A, € RFExEXL R HIZRG| token MHEENE, #t— PRI AT S5 A, ZEKERIEE I, 555K
LMEREER, B A, e REXGTUXL FEHE A B, 78 Softmax #RAEZ TR T — MR AE 7 RiIAE:
R JTHIEM L. X TR, A mil AN R R, K 4 i @ A K, K HL ARt At 1 i 30w A
T Z, € REXC M Z € REXC i TAI 2, ikl s A, PARFIRY token, TR Z) € R¥*C. SRR HT
B (11203 token cls 5 Z, B4, IS KQ ERE I Z, = Softmax([Z], cls|T Z;,) € REX(k+1)xL
wa, WWEIN Z, 58 Ay Z IR T4 o<

Loy = —Aglog Z,. (4)

RS, B TRE HARAE R HARZ P B BRI TE R AN, AT, — A Rhg s
e LRI Ak X g A L H b, HARAE & S 58, SR, X EEAS B AR SR i A 25 2 18
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Base Model Attention Selection

- i
- | 5 i
Iﬁ-*:
b ] :

AE AC 1 1

------------- = _A_C_ JI Pred.
Z,
- R .
Za
)= -
k

New Model Attention Selection

B 7 (FUERE) BB DR SR A E.

Figure 7 (Color online) Details of the semantic attention map selection.

YIRS E B, ARSI R L. O 7GR AS a8, BTSRRI T — A fa] B (R g A 238 B 5 %,
IR & E T H AR RS AE, 285 R ENTBA B g g b FAARORUE, KRB i 2 g i 4% 10 e L
FHIE Z. (B3 (1) BAZ D EERE T, R DA IR token IHIEMRD token LLIRAT
Zh. Kb, 255 Zo, WAL — D EEREA DAl S token KIRTT Z),. TR, K Z) M
Z}, VN B AL RIE T transformer FIARRDES P, T TN BAS 2 AR AIE R 2 0 WSS H AR
5 MAE # 4 2 i HH AN 38 B 2 TRV K CZEBRAN TR, SEASER ) s 5 A 78 T B A AR AL
SCORE, AP E RS AR AL 1, JF HILACREE MAE AR 8 IR RCR R S 4. XAk i
THBERRBEAR 1IN ZReAs.

4 Xy

7 TmageNet-1k P b S8 FOIZBEALIGA LR ViT B BERDSRIP A SO TEC . %t
T, TR T 16x16 1 token JUHAHIT 224x224 I EUE A #E2, JFilit AdamW B2 {4648, BL 4096 1
HER KNI R 300/800 MMIEREE K. A TR BEM SR 52 4Kk B T TEC, BATRA 1 AT 83Xk
BRI BN G B, 38 4 F LB i B B s Y SR Y. sieBr b, FRATTEH 7 7E TmageNet-1k 1l
iBOT 1 A1 MAE M Tl ZRE VAT SRR A I s FEAR AR R 2 B AT B T 2 FF R A i A 3k
. teabh, BATRA T 5 MAE MRS SRS, Banfi il T 75% MY L.

4.1 MEEXTEE
4.1.1 7 ImageNet HIEE DL ESHMREXTEL

ImageNet-1k %ﬂ?}%%ﬁ%&%f%{ﬂﬁéﬁ%. % 1 [1~4,6,19,24~26,28~32,34,40,46,53~59] 24 7T
ImageNet-1k 7 RARSSFOATERE. FTLUM SR, LU iBOT NEEA MEEHLYIIE A TT LR IIZR 300
ARG, TEC HH 73R 0.7%, 234 800 MIZREIX TEC #2517 1.0%. [FFE, £ 300/800 Il45%
IR, TEC X MAE JERER 545K 1.1% F1 1.2% 3R TE. X Lest L] FRATHE i H bR o
1A RS B 7 %2 (TEC) Sbr B LA — DA T MIM B33 K772, Bl nA el F) MAE Al
iBOT. IAF, & 116 8/R, ENZRBAM L R EALAE LT, TEC T HARJGE B SSL Jrik, fufdfd
FA B AN B HEAT IR B 5, i MVP B4 AT FD-CLIP 401, 884 A iF )52, V48 ImageNet-1k
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#F 1 EMFER VIT #1T ImageNet-1k WIFTS5IMAE SSL HEMLER. + TS AERRER TR/ EXH
5NHE. TEC KIFUNZ epoch MRIEAEREMIEIT, MNAGBUREREATIGRIARER, ZHFHA
BEERAMNERER. BRINATHRNERKETEHFEEARENEE.

Table 1 Comparison with existing SSL methods under ImageNet-1k finetuning using ViT. 1 and underline mean the
usage of implicit/explicit extra data, respectively. The pretraining epoch number of TEC denotes the one from randomly

initialized weights under the guidance of base models, and does not include that of the base model. The compared results
are obtained from their reported results.

Model Method Epoch Guidance Topl acc. (%)

Deit I11 53] 800 Supervised 83.8
DINO [46] 300 NA 82.8
MoCov3 [6] 300 NA 83.2
MixMIM [54] 300 RGB 83.2
MFM [29] 300 Frequency 83.1
BEiT 13 800 DALLE{t 83.2
SplitMask [55] 300 NA 83.6
ConMIM [56] 800 Momentum 83.7
SimMIM [25] 800 RGB 83.8
SIM [57] 1600 Momentum 83.8
CAE [24] 1600 DALLE{t 83.9
MaskFeat, [26] 1600 HOG 84.0
LoMaR [58] 1600 RGB 84.1
ViT-Base BootMAE [32] 800 RGB+Momentum 84.2
data2vec [31] 800 Momentum 84.2
Mugs (2] 1600 NA 84.3
MVP [34] 300 CLIP} 84.4
PeCo [30] 800 Perceptual codebook 84.5
CMAE [19] 1600 RGB 84.7
Ge2-AE [28] 800 RGB+Frequency 84.8
FD-CLIP [40] 300 CLIPY 84.9
MAE [ 300 RGB 82.9

TEC 100 MAE300ep 83.9.110

TEC 300 MAE300ep 84.341.4
MAE [4] 1600 RCB 83.6

FD-MAE [40] 300 MAE 83.840.2

TEC 300 MAE 84.7111

TEC 800 MAE 84.811.2
iBOT-ImageNet-22K - Momentum 84.4
iBOT [ 1600 Momentum 84.1

SemMAE [59] 800 iBOT 84.5410.4

TEC 300 iBOT 84.8.40.7

TEC 800 iBOT 85.141.0
ViT-Large MAE [4] 1600 RGB 85.9

TEC 300 MAE 86.510.6

BHER TEC A ImageNet-22k YIZkH iBOT #2511 0.7%, XK TEC B FIZR 808 LE 54l 4
2 BRI AT R, YR IRATIEN, AUE ] ImageNet-1k I, TEC B4 VIT-B HAA $fK) 85.1% 1
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* 2 HEREWHAT, ImageNet-1k HIEEN D ZE Topl BE.

Table 2 Topl accuracy on the ImageNet-1k dataset under parameter-efficient finetuning.

Method Epoch Setting Top 1 acc. (%)
MAE 1600 Linear probing 68.0
Linear probing 69.8
TECMAE 800 +Input adapter FT 72.6
+Encoder adapter FT 79.9

% 3 7f ImageNet-S HIFEE LHEMEIEN S ETSER.

Table 3 Semi-supervised semantic segmentation on the ImageNet-S dataset.

Pretrain Method Epoch mloUy, (%)
MAE 1600 38.3
SSL
TECMmAE 800 42.9
MAE 1600+100 61.0
SSL+FT
TECMAE 800+100 62.0

BEAN N THTH SOTA 3%, R T RIFRSE SSL 22 ) M E K 1. BATEE A ViT-Large #5 7 TEC
HIF FEBE 1, JEWMEL R, MBENLWIIEALTFAEIIZE 300 NMEMRERG, TEC HIET MAE FIZ: K HEAE
BPERE S 0.6%.

ImageNet-1k HIFESLEZRENHBLER. HIWLYETN (linear probing) ZH|ALFIM 7
B EEN O /D BESHORERN FIES. BATELIETI R E N T TEC, %% B 1% 45 7 254
RIS 5, A 2R o 2R AT OR. 3R 2 R TEELMETN R, VIT-B 7£ ImageNet-1k _ff)
SHKEIE. 5 MAE BEEAAELE, TEC M BKEERE T 1.8%, XRFHMFAHMHEN P aEELE
FAAR R BIE AF B, F b, AT F TR B4 & Be 2% F1 w28 & i 2% R ASE A T 2 S0l
T b S BC S AT OB, DL IR 4.6% MRS, RN GOR B NG LA gD e E L gs, 5
MAE JEARUAREL, T DASR & 11.9% HORS . X it — 25 ™ B 7 A S pird 3 e 28 i1 35

ImageNet-S FIBEERNEN DENESHIBLER. N T TEC TSR KGR HEL R GES, B
TIEIRA B RPN A2 ImageNet T A4 ImageNet-S (001 F k47 718 U EIR0H. |70
O B M A AR, AR T AW 840 33k VIT-B AE A HIBAL K 3 i LA H,
TECumae £ mIoU FAIE T MAE FEBRIRE T 4.6%. 4 AL B ImageNet 5840 1 I
R TECyag FHEE MAE A 1.0% HITEGER T

4.1.2 THESHIEBEF SR

AN T TEC BBYAE T AT %S IE R 2% 2] Re 7).

BX 5 E]. 15 ADE20k H#E4E 61 Fg7iE oy HIns, FATRH TH% VIT-B ] Upernet (62 {E
N EIERL K 4 FTLUE H, TECigor M T iBOT #MA mloU #2751 1.0% i TECmar W EH
H MAE EERSEE T 1.8%. Fit, 5 eI, TEC TIGBERTEE L BES HER H
THEBRNITR SRy, A, FE TN IR IS, TEC ABECT 3244, 1 MAE, CAE 24
A1 CMAE 19, 5t 7 2.9%, 0.8% A1 0.9%, SEBL T #T ) SOTA PERE.

SEHISE]. XTF COCO FafE FI sl o #IMES 199 N T #fR AFPE, ¥ iBOT I Fl ViTDet [49)
Jr B Cascade MaskRCNN 1641 B Fl F-3£F iBOT/MAE FE# ) TEC 2 E. WIEE 5 MEIE L
7, A iBOT SRS, TEC 7€ box AP FAHELT iBOT B AEH T 1.5%, 7 mask AP EJU$2
FHT 1.2%; 24K H ViTDet [IS2HUR, TEC 7€ box AP _EW3RE T 0.6% MIIETF, £ mask AP _EJU
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% 4 {#/ Upernet # ViT-B £ ADE20k #iE& FEN S EESHIMEERTEE.

Table 4 Performance comparison of semantic segmentation on ADE20k using Upernet and ViT-B.

Method Epoch mloU (%)
BEiT 800 47.1
PeCo 800 48.5

GE2-AE 800 48.9
CAE 1600 50.2

CMAE 1600 50.1
MAE 1600 48.1

TECMmAE 800 49.9
iBOT 1600 50.0
TECigoT 800 51.0

%= 5 {£H Cascade MaskRCNN #1 ViT-B £ COCO #UE&E ESLf o EHESHIMEREXTEE.
Table 5 Performance comparison of instance segmentation on COCO using Cascade MaskRCNN and ViT-B.

Method APpox (%) AP ask (%)
iBOT 51.2 44.2
Implementation from [1]
TECigoT 52.7 45.4
MAE 54.0 46.7
Implementation from [45]
TECpMAR 54.6 47.2

BT 0.5%. XELERRI TEC RE AR & M HE TR RLLE S 43 0 F 55 1 1 .
4.2 HRASCIG RS AR

ANTX TEC AT T H AL A 047, FEBRUAE O T, BB HET 300 MR IITIZE, BEJSTE
ImageNet-1k #a4E AT RUAFTEAL.

SN, FIFERCA BT 5T AFIEAERT SSL Hilgk. £ 6(a) 8o, M H MAE
A BOT {EAFEARIN, SRS il fa e it/ 17 0.4% F1 0.2% MIVERE. T A [F A AL 1)
TN R, BATER 8 R T gt 45 & B 28 75 4 i 2% 4 b BT o5 (P38 bl BRI (1) i 27,/ Z...
iBOT FEAR AL 5 BGE I 5 M R 12 HRBUE ZHE, 17 MAE JE A7 U] il 35 fic 2% 56 DGV E R B 1E. 1%
SE R G R RE A &, B iBOT JEAR RIS T 2 MM 2815 3L, T MAE BB AREE T £
IR G 40715

TR ERSFE)A— 1 3TEe. BATEZS [M4E R EX BARFFEREAT 31k, P token 2 [A]H)
X R R, XA MERIELE R FHA TR — L A AR, 7238 6(c) H, x2S (M 4ERE AT I —
AR TIEIE 4 A — 1k, VERESRTE T 0.3%. MR, BE4EE A — b 50 I8 — A b, FEAR s RAT
PEAEFRTY. 3030 2 VA — Ao O S T R A AE 25 . TR A A 1A 4 B A — Ak B8R token 22 1] ()%
A, X5 MIM T EF K token FMAHILE. £ 6(a) Hon, HET MAE/iBOT FEARRL i F 2% 1) 4 5
P —AFAE AT VN ZR A3 AR T 0.6%/0.4% WITERESR T, o 7 H AR T 345 R oI el

BXYHSEEHNE. KQ EE/EIBH IR T token Z[AIITE XK 2, I H/E AL SRR
XIRE X R EFR. & 6(a) TR, SINEE S ERE—BHTE T 08 F 23 0 483 — 4 I 2R i 2 v .
F 6(f) LB T ANFESEAE S BRI R, AU R 2800 token (13 R 77 B FF 1A 2, T4 A 7 SR 6
token MIVER JTLLIEZIR S T 0.2%. KL, token Z [BII2 RA BT MIM %, SR A RERH
BIAR b, 326815 SCR DG 3R R 77 B AT DARR AR 7 AT 3R A5 B8 K ) MERE S 7T

TEC MREMRBAINIZGHTE. BB T, TAUEH & TNNZRA SSL AR RUERILAET. /T
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% 6 f£H ViT-B £ ImageNet-1K #IBE N H IS EHITROBRERM 4.
Table 6 Ablation study on ImageNet-1K fully finetuning setting using ViT-B.

(a) Ablation study of proposed modules. (b) Effect of adapters.
Patch-norm. Attention Adapters MAE base (%) iBOT base (%) Setting Topl acc. (%)
‘/Base model performance 82.6 83.1 MAE base 83.6

84.2 84.5
v v 84.3 847 No adapter 84.2
v v 84.6 84.7 + Input adapter 84.3
v v v 84.7 84.8 + Encoder adapter 84.6
(c) Patch-norm features. (d) Initialization with base model pretraining.
Setting Topl acc. (%) Setting Topl acc. (%)
MAE base 83.6 iBOT base 84.1
NA 83.9
Feature dim. 83.9 Load 84.4
Patch dim. 84.2 Not load 84.8
(e) TEC accelerates MAE training. (f) Effect of semantic-related patch attention.
Setting Epoch Topl acc. (%) Setting Topl acc. (%)
MAE 1600 83.6 iBOT base 84.1
TECMAE1600ep 300 84.711.1 No attention 84.5
MAE 300 82.9 Cls token only 84.5
TECMAE3OOep 100 83.941.0 All attention 84.6
TECMAE300ep 300 84.311.4 Attention select 84.7
0.40
g
.2 0.35
=1
Q
g 0.30
(=™
& 0.25
2]
;% 0.20
0.15
0 2 4 6 8 10 12
ViT Encoder Layers

8 (MLEhFE) HmiDER M3 SMmADERIL Z. BYTHELH).

Figure 8 (Color online) Average proportion of encoder adapters contributing to the encoder output Ze.

IGIE TEC 275 n] LA RIS SSL A SR 3t 300 MNMEARFEIR MAE TR VIiT-B {E A3k
BRI MBENLRIEEALTT 4G, X TEC 3E4T 100/300 MERFERAINZE. W 6(c) Frax, 300 FV T
251 MAE (1) Top.1 #ERi% N 82.9%. AHELZ N, TECmags00ep £E 300/100 FEIRETIEE] 84.3%/83.9%,
HIE T 45t 300 MEERTRIIZRE) MAE SR 1.4%/1.0%. EARER I, TECwaRsooe 1E1GEAT 100
AN WINGIER T, £ 2 A 1600 MIZFHRTVIZT MAE B2 & 0.3%, IXEK TEC AL
B IE IR R I R R, OF H, I T 1600 NI MAE BEALE AFERAL TEChAR1600ep
FHEE TECMaRs00ep HE— 20321 T 0.4% M1 RE, 3B A ST HRELR 2% 5] SEE AT DU SE 47 (1 A 2 SR AR
PRI

REFEREERNNEMRLIIRE. /£ TEC HELLH, Pl 2l it FEHL YLt R I IE I 2R ).
F 6(d) XFEL T Nk 5 A I T 2R fO S A RO R I, R fO M RE 22 . 45 R R, BEALIAG 1L T
B PE 8 LA SR R A E AT WA AL AR R LT 0.4%. FRATHED, BEHLAILE Hb 13 B 6 65 18 4 P
NIRRT () R S M MEL, RIS, AR TR R M A R o 2 > BIAS [ O R EE 43 A

BEBARATIEE SSL. X T T1E B 76 LA Tl 25 SSL AR AU N EERE, [ #7482 SSL 1 H 5
. N TIERATRESEN SSL 7 1A B k25, ATRA TEC BUIGMEAUE N —F TEC FlZH
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* 7 £ TEC {EAMEREGE—ARAVATFFE SSL.
Table 7 Towards general sustainable SSL using the TEC as the new base model.

Model Base Epoch Topl acc. (%)

iBOT 1600 84.1
TECipoT iBOT 800 85.1

TEC TECigoT 800 85.2

#* 8 TEC 5IA SSL FHAEMITINEGMRARIIL. HANERTEESA 8xA100 AIBRSS 2RE B 1T I AT HRYAS
[E. FLOPs (H#E) RAEFEREEEMNIIZ FLOPs, M FLOPs (X#E) IEMWETFEER EEEN FLOPs.
Table 8 Comparison of pretraining costs between TEC and current SSL methods. Training time is assessed using an

8xA100 server configuration. FLOPs (with grad) represent the training FLOPs requiring backpropagation, while FLOPs
(no grad) indicate FLOPs that do not require backpropagation.

Method Epoch Time (8xA100) (h) FLOPs (with grad) (G) FLOPs (no grad) (G) Parameters (M) Topl acc. (%)

VIT-B - - 17.6 - 86.6 -

iBOT 1600 361 19.2 19.2 96.3 84.1
TECi;gor 300 25 8.3 17.6 118.6 84.8

MAE 1600 125 9.8G 0 111.9 83.6
TECmae 300 25 8.3 17.6 118.6 84.7

FEAERL £ 7 BoR, U 15 TEC FEBADNIERIIZERISE 2 % TEC i3 T 85.2% HINERIER. & 2 #
PETHR BE /N iR R ] B I 48 25 B PR, B R I HE TEC I ZRAT % 21 1 AT B A 3 IR AR ABL .

MR AELES. ASCIRINT TEC 5HAth SSL 771 FLOPs. YIZRI [RIAISELLER, Wk 8 k.
TEC R Z M IIZRmt A 35, HAE AR T80 8L. filhn, fE RIS (a0 iBOT/MAE [ 7%/20% K1
BLF, TEC ) Top 1 #EFIRFEH 0.7%/1.1%. TEC KIZHEES MAE ML, X2 KA B AR IE R 2 1
T S350 R ED EHEEI LR T S8 TS T ASMIfEIDEE, TEC f1 MAE 5 iBOT #
b, ZHE 2. SR, 1555 T AR08 (b BR Gm A 28 AT ULIK token, ‘AT THIUIZRREAR L iBOT BEAK. 7E
Fus SST, Jrikrh, B U ER O T AR, B, TEC AR iBOT AL A1 H
SRR RV SERE L. BRI, AR SCLGE T A/ Jobh BE B N 25340 1) FLOPs. B -2 bt 23 4 B R HE AL
1) token, I+ HEL# T — AR 2 AIS4E, TEC FEMWHHEZIZ% FLOPs h iBOT Al MAE ¥/,
TEC H R 415 FLOPs (JoBEEE FLOPs) /N1 iBOT HHIZEZ M 4% 7 () FLOPs, RN TEC K]
BT EAANO TN kL. 5 MAE ML, TEC FaB6 R4 /N FLOPs ] LLH8 /416 74 6B 1) 45
4k FLOPs. Rk, TEC fERHXINGENRF S MAE IR AL

ZEAROARMEEXTEE. R 9 RE T (1) LETIM AR PERT (2) SO RS B A LR P
KA LI E BGOSR A O HERTE. T LOILE R (1) TEC ML TP fe 52 FEAE AL 0, (2) &
P 2 toR A B E R TR, BsE b, K HIET MIM (AR 10 BEIT A1 MAE, H2& M ag
HARORIRAR 2. X2 BN EA 1A KA BT 20 T 55 10 42 R 18 S SR, 9 an 3R 24 2k Bl s 41
XTECH B . IXWFERE T TEC 5RM A RTE L2175 (0 iBOT) AH LM RERS AR JE AL SR, @
IR G B LR PE 4> 2888 TEC MIET iBOT JBELH T 3.9% MIEZMm . FHREET, Wil 2 Fix,
iBOT EAME T X 7054 /il XA K] token, Z1724% 7 HAh token FIIE X, 1 TEC REM KT IX L token
R4y R LANE UL, FHk— 5N L E . IR, ORISR 2 A Bh T 0E P TS TR 54
JRI T SR SRV CAH, AT B FHSE AL 42 JR il SR 40 HERE 70, JF R I H e i A2 A o PE e

SR EERIBSENXEL. ASCHE T IR ImageNet b 58 20 00 LR B B 2808 = 11k
e % 10 Eon, H5HAL AR ERW M, TEC FiEAEHEMMERERT. U H MAE ViT-B {E
R, TEC AL FD J73k48 5 1 0.9%. TS5 RIFERAH MIM J7 21 MaskFeat AL, 24 TEC {#
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F o LMW (LP). EFEMNIE (adapter FT) MFELRIE (fully FT) i&E T, ImageNet-1k HIEE EHIS
% Topl 1EE.

Table 9 Topl accuracy on the ImageNet-1k dataset under linear probing (LP), adapter finetuning (adapter FT), and
fully finetuning (fully FT).

Method Epoch Settings Topl acc. (%) Fully FT Topl acc. (%)
BEiT 800 LP 56.7 83.2
SimMIM 800 LP 56.7 83.8
BootMAE 800 LP 66.1 84.2
CAE 800 LP 68.6 83.8
SemMAE 800 LP 68.7 84.5
CMAE 800 LP 73.9 84.7
Ge2-AE 800 LP 75.3 84.8
MAE 1600 LP 68.0 83.6
TECMAE 800 LP 69.8 84.7
TECMAE 800 Adapter FT 79.9 84.7
iBOT 1600 LP 79.8 84.1
TECisoT 800 LP 78.0 84.8
TEC;soT 800 Adapter FT 81.9 85.1

® 10 5EEEFRBG AL,

Table 10 Comparison with self-supervised distillation methods.

Method Base Arch Epoch Top 1 acc. (%)
MAE - ViT-B 1600 83.6
FDyaR MAE-ViT-B ViT-B 300 83.8
TECMAE MAE-ViT-B ViT-B 300 84.7
MoCov3 - ViT-B 300 83.2
MaskFeatniocovs MoCov3-ViT-B ViT-B 300 83.9
TECMoCov3 MoCov3-ViT-B ViT-B 300 84.5

H MoCov3 ViT-B 1ENEERE, HREFRETT T 0.6%.

5 B4

ARSI A T 2RI SSL B2 )RR T AT RREEIN B IR B 22 ) B 4. BARH T —Ff B Ao
I SAFFEND B 2 ) 7 8, B AR 2% I AN A 1Y) B M B 2 ST S 8 AN (S AT DUAE T £ 39 ) 5
BB 00 B 4% P S A Y IR REAE AR AL MR B A . BT TR AR 2 5 A SRtk JRiE
oy FLA 1G5 25 (8] 5% R (W T00 H A%, R4 Bh MIM TIZER, I AR IE AR . AR SO O R K
MIM FiIZR773%, W MAE 1 iBOT, @347 73— P py o, MTERE 7 Rl RESES S mTAT 1. AT
VEbR GG M T RESE B B S ST I — 0, RRBATR 4 SRR T I8 1) 2 814 T RFek 3 B
STHEZE.

TR A STEAN AR L 4 R infoen.scichina.com. P78 AR O 1F # 4R (£ B9 R 46 0 9E, 1
FREFARFTEN N TS
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Abstract Although increasingly training expensive, most self-supervised learning (SSL) models have repeatedly
been trained from scratch but not fully utilized since only a few SOTAs are employed for downstream tasks. To
mitigate the high training costs of SSL, this work explores a framework aimed at sustainable SSL training. This
framework efficiently reuses existing SSL models (referred to as “base” models) to train new SSL models with
improved performance at a reduced cost. Additionally, it incorporates an adaptation mechanism that ensures
the training of new SSL models is compatible with various base models, maximizing their reuse. To achieve
this, we propose a target-enhanced conditional (TEC) scheme, which introduces two components to the existing
mask-reconstruction based SSL. Firstly, we propose patch-relation enhanced targets that enhance the target given
by the base model and encourage the new model to learn semantic relation knowledge from the base model by
using incomplete inputs. This hardening and target-enhancing help the new model surpass the base model, since
they enforce additional patch relation modeling to handle incomplete input. Secondly, we introduce a conditional
adapter that adaptively adjusts new model prediction to align with the target of different base models. Extensive
experimental results show that our TEC scheme can accelerate the learning speed and improve SOTA SSL base
models, e.g., MAE and iBOT, taking an explorative step towards sustainable SSL. The source code is publicly
available at https://github.com/sail-sg/tec.
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