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Abstract: In the field of computer vision, traditional deep learning vision models have exhibited remarkable performance
on specific tasks. However, their substantial dependency on large amounts of annotated data and limited capability in gen-
eralization across new scenes significantly elevate usage costs and restrict the application scope of these models. Recently,
novel model architectures centered around the Transformer, particularly in the domain of self-supervised learning, have
emerged as solutions to these challenges. These models, typically pre-trained on extensive datasets, demonstrate robust
generalization capabilities in complex visual scenarios and are widely recognized as vision foundation models. This paper
delves into the current research status and future trends of vision foundation models, with a focus on key technological
advancements in this field and their potential impact on future developments in computer vision. The paper begins by
reviewing and organizing the background and developmental history of vision foundation models, followed by an introduc-
tion to the key model structures that have emerged in this developmental trajectory. The article further introduces and ana-

lyzes the design philosophies of various pre-training tasks employed in constructing vision foundation models, categorizing
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the existing models based on their characteristics. Additionally, the paper presents representative works in different types
of vision foundation models and compiles the currently available datasets for pre-training these models. Finally, the paper
summarizes the current research status of vision foundation models, reflects on existing challenges, and anticipates poten-
tial future research directions. This paper offers an expansive examination of the landscape of visual foundation models,
chronicling their evolution, current achievements, and charting a course for future research. It acknowledges the Transfor-
mative impact of deep learning on computer vision, shifting the paradigm from traditional computational methods to models
that excel in specialized tasks. However, it also confronts the limitations of these models, particularly their narrow applica-
bility and reliance on extensive, meticulously annotated datasets, which have elevated deployment costs and restricted ver-
satility. In response, the emergence of Transformer-based architectures has instigated a paradigm shift, leading to the
development of vision foundation models that are redefining the capabilities and breadth of applicability of computer vision
systems. This paper provides a systematic review of these models, offering historical context that underscores the transition
from traditional deep learning models to the current paradigm involving Transformer-based models. It delves into the core
structures of these models, such as the Transformer and vision Transformer, discussing their architectural intricacies and
the principles that underpin their design, enabling them to capture the complexities of visual data with nuance and accu-
racy. A pivotal contribution of this paper is the thorough analysis of pre-training tasks, which is foundational to the con-
struction of robust vision foundation models. It categorizes these tasks on the basis of their design philosophies and their
effectiveness in enabling models to learn rich feature representations from large-scale datasets, thereby enhancing their gen-
eralization capabilities across a myriad of computer vision tasks. This article primarily introduces various pre-training meth-
ods such as supervised learning, image contrastive learning, image-text contrastive learning, and masked image modeling.
It analyzes the characteristics of these pre-training tasks, the representative works corresponding to each, as well as their
applicable scenarios and potential directions for improvement. This paper introduces existing vision foundation models
based on mixture of experts according to universal visual representation backbones, aligned with language modalities, and
generative multi-task models. Specifically, the article first analyzes the background of each type of foundation model, the
core ideas of the models, and the pioneering work. Then, it analyzes the representative works in the development of each
type of foundation model. Finally, it provides a prospect based on the strengths and weaknesses of each method. The paper
also evaluates existing vision foundation models, scrutinizing their characteristics, capabilities, and the datasets utilized
for their pre-training, providing an in-depth analysis of their performance on a variety of tasks, including image classifica-
tion, object detection, and semantic segmentation. This paper delves into the critical component of pre-training datasets
that serve as the foundational resources for the development and refinement of visual foundation models. It presents a com-
prehensive overview of the extensive image datasets and the burgeoning realm of image-text datasets that are instrumental in
the pre-training phase of these models. The discussion commences with the seminal ImageNet dataset, which has been cru-
cial in computer vision research and the benchmark for evaluating model performance. The paper then outlines the expan-
sive ImageNet-21k and the colossal JFT-300M/3B datasets, highlighting their scale and the implications of such magnitude
on model training and generalization capabilities. The COCO and ADE20k datasets are examined for their role in tasks
such as object detection and semantic segmentation, underlining their contribution to the diversity and complexity of pre-
training data. The Object365 dataset is also acknowledged for its focus on open-world target detection, offering a rich
resource for model exposure to a wide array of visual categories. In addition to image datasets, the paper underscores the
importance of image-text datasets such as Conceptual Captions and Flickr30k, which are becoming increasingly vital for
models that integrate multimodal inputs. These datasets provide the necessary linkage between visual content and textual
descriptions, enabling models to develop a deeper understanding of the semantic context. The paper anticipates research
directions such as establishing comprehensive benchmark evaluation systems, enhancing cross-modal capabilities, expand-
ing the coverage of various visual tasks, leveraging structured knowledge bases for training, and developing model compres-
sion and optimization techniques to facilitate the deployment of these models in real-world scenarios. The ultimate goal is to
develop visual foundation models that are more versatile and intelligent, capable of addressing complex visual problems in
the real world. Reflecting on the challenges faced by the field, the paper identifies the pressing need for more efficient

training algorithms, the development of better evaluation metrics, and the integration of multimodal data. This paper also
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highlights several challenges, including the need for more unified model paradigms in computer vision, the development of
effective performance improvement paths similar to the “scaling law” observed in NLP, and the necessity for new evalua-
tion metrics that can assess models’ cross-modal understanding and performance across a wide range of tasks. It anticipates
future research directions, such as the modularization of vision foundation models to enhance their adaptability and the
exploration of weakly supervised learning techniques, which aim to diminish reliance on large annotated datasets. One of
the key contributions of this paper is the in-depth discussion on the real-world applications of vision foundation models. It
explores their implications for tasks such as medical image analysis, autonomous driving, and surveillance, underscoring
their transformative potential and profound possible impact on these domains. In conclusion, this paper synthesizes the cur-
rent state of research on vision foundation models and outlines opportunities for future advancements. It emphasizes the
importance of continued interdisciplinary research to unlock the full potential of vision foundation models and address the
intricate challenges in the field of computer vision. The paper’s advocacy for an interdisciplinary approach is underpinned
by the belief that it will foster innovation and enable the development of models that are not only more efficient and adapt-
able but also capable of addressing complex and multifaceted problems in the real world.

Key words: foundation model; computer vision(CV) ; pre-training model; self-supervised learning; multi-task learning
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Fig. 1 The structure of Transformer (Vaswani et al. , 2017)

1.2 Vision Transformer
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o BECHERIBE T ERHEL FERIE AR R
G328 EBRGIN 1 o3 BRI RS A A5 Z R LA A
RS W I TR R EAE S B
BAR B AR BB AT Ik, LD BE RS A L
%R B B — 28 TAE U ViT, Swin Transformer
TE R ENGEAGAR AT T B 27 T 1l k. B
T, W A ) L8 SRS Y ) I 2 T o 5 R S
WEBF A 2] 4 B B AR TEAR B, & B R iAS 1
Tho WeAb, W 7 IR 5 2 BRIz AR 2 SRR
PERXS BT o WIFFEN D3 A B 5 S AR 1Y ] D) A
HDRYBRAE FEAR T 2 BB 2 R, SR T
5, BIMEO Haz 2] B SORT F 2 2 R it K52 >
G507V B CR A H 5 | TR A DL 2 %
T, AR 2240 OC AR IT 4 sk 26 0 AR S Bl 2k
itk
2.2 BEEEEES

Xf Heog o BAZ O AR 27 o) — AN B R A G
fih 8 o oK L g Bt 5 4 il A G A A R AR, (A AR ARURE
A CIEFEA) ZERFIE 23 (8] v (9 5 2 AR AR AR RIRE A
(BOFEAS) A FRAIE 23 (8] Hh 9 #E 55 B3t (Hadsell 55,
2006) . 4, % T [F)— e AR, 7T LATEAS i &
PG T SCRA I 0T 2ok A [a) 0 42 48 (s 5 e A
RERIE S DP YiE 2P P 2SR
RAEREAS, A AS [] AT DA R SREAS o i A

RACTEREA Z (8] B AL , [ i e /M R AR 22 (8]
AURRRLEE , A] LI ZRAG 2 — D B ERAE g it . —
SERIFSE TAE C 22 R IR 2 ) B 2545 3 1) SRAETE
FiE TUAHAE S ErEREE T T B % 2 J5 ¥ (Chen
4§,2020b)

XF LA > TR — 28X TR S AR XS T
PG Loy 5 BT NS He A 2% AR S 31
PGS 2 [R] A F 0 o — LEAFF 58 35 115 SR A 45
2R RECE TR I SR AR AR BB ok g X
Xt L 451 2% eR &L, 491 4 InfoNCE (information noise con-
trastive estimation) (van den Oord %5 ,2019) , SimCLR
(a simple framework for contrastive learning) (Chen
&5 2020b) . MoCo (momentum contrast) (He 25
2020) . BYOL (bootstrap your own latent) (He % ,
2020) F1 SimSiam (simple Siamese ) (Chen Z£,2021a)
SEIT o X T T A A P Y
ARG R IEIIORT BEE BE RN i AR BT A, SR, X
WAtk TS FANAER PR, PRI — 2R T
S %A% (He 55, 2020) | [ Y B 25 (Chen 25,
2021b; Grill 2, 2020) FHEA MK FEAR I HIT A A4 =
TR tE . XETTIE AT LA AP BB - 2 1 B B il
FHOXF A R EIEA T TE BN 2 5 585 2 B BOR (I
W sRBGIEA TR SR EAG o o, MoCo v3
(Chen 4, 2021b) /2 F I £F JGC i B R SERFAE 27 ~] 45K
AT EZ — B T Transformer M 28451
A Z R EE R 3 5 20, R X e ST RIRICR o

BE TR B 40 K% eRBOR AR O MR R B 5%
P A5 P I O S SO LU A 2K R B, 4 NPID
(non parametric instance discrimination) (Wu 5§ |
2018) . RandomCrop (Peng 55 , 2022a) %5 ik . iXJ&
T3V AN B AR TR R 4
R 4 A 0 55 705 B AT AT H2 3 . SwAV
(swapping assignments between multiple views of the
same image ) $& i 1T — PP (19 Z 4 14 5 5 % multi-
crop: 6 AN [] 3 B 238 1 24> 0 DR A4S 42 03
Bl T B v B R S T I RCR . BT
SWAV R} H2# 2] I ¥, Goyal 25 A (2021) 18 ] 1042 1
B INZR5E W T 13405 40/ SEER el #5580, 7
ImageNet PP KL #fE |- HUA5 1 24 i 5 5 7K °F (Goyal
&5 2021 ;Caron%5,2020)

XJ b2y o] 3 A2 BRI 1S 5 | 28 25 AL AL SR
A5 R 3R Y S, 3 PR 3 Sk R R 1 L R 2
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STIROR o — SRR AR 1A [RIRR I AR T 200
Fb2 2] 1952 (Tian 55, 2020) , & 31— 2675 ) F1f X
G0 EE ARG I AT AT 55 A A 1 oy L R g
T LA ST PR RE . D7 — e AR T T AN ] I 28 45
¥ Xt %F bE 2% 2 19 52 0 (Caron 45, 2021 ; Chen %5,
2021b) , & BfH F Transformer W 2& 25 ¥4 GEWZ 11—
FETEXS LA ) B RCR , EE 2 AT DU T B R O TR 3k
B 54 MR IIZAR S EE R WA ny K. tsh, i f
—SEWF TR T[] 1 PG A 5 W 0 %o L 27 2] 1 52
M, 451 G A [] 7 27 20 238 B DR/ DR AE Ak
ST

Xf He 2 2] S e AR H A R A B Tk
—, AT LA R a2 Tobn i B s 4 s v AT 55 O PEfE
PGS L2 ) B AT TS A IR R AR S 5] 22 ] 1) 56 2%
XA RIRE G TR AR5 . 5 A s AR
L, TGOS b2 2] J7 v i A0 o BE At A5 0 7 T 1|
R BeBEAIE F T A gR A Al o PR, R AR A
X g A AT R TR W55 o AR, GO
Lo 27 S ASRAFAE — L )BT fif ke . KBRS AT L
) DR N EHRBE AT R ACR A E 2
TAREACRAE X — i PR 10 5 FE SR I 8], HL 5 25k Ao
SRR E . BB IR 38 A R 1A
8008 e 1 7 vk T LA — 20 45 IR o BE RSB AT e 1
REFE T, (HJEH v i D S A AR AT SR A 5K, X BEL A
T XA 5T A B 2 U ] o AT itk
A0 I B SR A RIS iR 1) 7 VS THEMRS e 2 2T 1Y)
AE ISR AR K — A E WS TT M) .
2.3 BEXXEEES

R 1AL ERAS LL Y T ik 22 oh AT MBSO X
Feop S Jrik o 85 SOARE B B LA THEE R 7 A 5
155 B 092 BE AT LGB 9 31 29 20 4£ 6 . Mori 55 A
(1999) H T~ [EIR VE L 14 SCRY N 28 AT SCRYTE 25 30)
2 V) A AR SO 38 Ao o A 55 T TR AL AE K]
B RIESHIEI . Joulin 2 A (2016) i [ T—4
VAT 55 A8 # 1A EAARBRZE 1) Flicke BUS KIS 5 | @ 2ok
ToI PN SCAS Z ] B AR SN RN 26 . AR B
X AP Jr 20T LASRAS i 88 s R Ak, 72 15 03
28 ARSI S5 AT 55 1k 3 sl B o A7 B I 2Ry
PERE , [A] i AT ATE TR AR LRSS AT 55 BRI A
Li 58 A (2017) $ H — L T SO EBERY B DT n-gram
BT, T DA 288 1 SCRCHE 2 T e s o AL
n-gram BEAY AU T 1R 3 AR R I n-gram FBAY

HAE ] T CcOCO (common objects in context) caption
BRI AT . 2B A] DU R T 5 9 25
AHOC LG | 66 T 0085 1Y R R REF AT 55
S TAEIRCR

A — L Y TAE# o 2 T Transformer 15 7 2
155 (Desai fil Johnson,2021) J&iHE = A% ( Sariyildiz
45,2020) K 2 > (Zhang %, 2022b) 45 73,
H AR 7 (5 AR THER 7 v S Ol vt s 1Y BT i
SR, >IN LU A AR TE Wl id o 1 AR 15 5 0
BT BRI A RO I 58 R 7 T RS T —Se i g
(HRAEFFEARUGATE55 LA PERER LTS5 T [FIR
AL ERI AL (Xie 55,2020) .

Mahajan 5 A (2018) 48t 1 F FH I8 5 (% B 55 W
BN A AP T o 2 I AEA A 55 RS
JROR ol R TR A A SRR 1Y
EURBEAT I 2R, & BRI R B 24 R 43 26 F0 H B
G I B I0 Bc B 4R B ARICR LS o Mahajan 19 T AEIE B
TR B B ZRXT T e 2% 2 PR RE T A
ROPE o A ORI A1 BA 5 J 38 5 BiT AT VAT /A TAE
UEW TR PG R e £ b R AT B LI 5 ) DL
SRR ZAS UG N AT 55 USR] I d5e o B9 1
fE (Dosovitskiy %%, 2021 ; Kolesnikov %5 ,2020a)

OpenAl A ATE 2021 442 H T CLIP (contrastive
language image pretraining ) %Y | B YR B T A ELIR
PO 1Sz 4R 114 4 A2 5% 181 SCECHE i 47 U1 2k (Radford 45
2021) . CLIP F FXS e ~) 59 REUAR, 5 BHG F SCA
i J5 1 RFIETEIR & 2878 23 [ E A7 X FF UL AL . CLIP
X T A HERAE R (Y e i HoAA S 52, TR 1
RS i 1] S B il AR 9 7 s 55 . CLIP /R 2140
WAL S5 HAERREIA B B A I SO0 B ) I
05k, L SR RIEREARE S . CLIPWRA T
Kt Ja 2 TAE, Qs He2 23 i e HAB AL 3 4T 55 |
9 W (Sun %, 2023 ; Zhang % , 2022b; Zhou %% ,
2022) , DRI 2R B T e 21 B R — 20§ T
BAIRE T (Jia 55 ,2021) 55 . S ZAH K RYAT A TAETE
3.3 I 4

Xof L 2 2T B e 4 B T Ao 2 AT 55, R
Bt B AT BRIE TP 2 Y IE R A 28 . X AT
5 B SRR I 2 o] PRI Y i Y SR AE AR B, T A
SRR —AE B . AR 2. 2 R B A — L T ARTE
A SE B 28 ARG H 2y ) SUsE B 1 3k — JEUAR
()76 %P (Chen %, 2020b; Doersch 45, 20155 He 45,
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MEEMERARIREREER

2020; Noroozi Fil Favaro, 2016) . 11 B4 PJ 25 %5 i 1
SCAAF B — A EUR B KRR m B R A X 1558
(R IG5 2 s S R 5 2% ] [ 7 B AR 2001, 3
el A5 A T8 TG T R B R 1 3 A AR A A
1M A SR 5 e X U HE S AR 2 2 Cann i) ) 4B
BLEE X FIE AR LR R T2 AR, (A A
vz A RE S FAT FEPEAS 2 T8 . B SO Hea > T
YR T ARRIR B A S R A AR i
Al DL s e o B B R AT 55 . (ER TR
XF A ) T B B 1 I S VS O RE AR £, B
AR T R A ey, LR (9% 10T )11 2 2 A R P 3
PAL 8 0y # WA N S IR Z Y (R S 2N
55 R A HIEARE S RSNz Akl
PEAE TS SEAT 55 T ZEAEAS [RDRLEE 200 (EE
DB AR ZR) AT AL S {15 B AR A1 SV e B
PARPE . Mg — ] LR AN [RDRE 90 8 B S
ABCHE 9 FE R T | SR B AT AR L
Ti1) P o A A A, XoF T P SC G i 2 > 15 8% e — A W
S s
2.4 FEREEGER

A PG AL A SEUEOR TR T 1 SR 75 A R4k
AIAERSIE A . BERT 45 TAEIEM TR IE & 2t
BAT: 55 X6 T8 5 AR 2 94 80P (Bao 55, 20205
Devlin %5 ,2019; Dong %5 ,2019) . HEHth {5 a5 1y 52
A SRR 0P A UG HEATY) 43381, SR 5 BE LA i
— PR i AR R A T b d5 fe i A
T 28 A TR R )5 40 o X 3 3 3508 43 O >
PRI O 3K, o] DA AR A o) 31 2 5 A 2R

AT (A HERS G Ay I AR A E AR mT K3
43R 30 A IRHEROCE R IR (Fang 55,
2023a; He 5% ,2022) \H # T T B iR (Wei 55,
2022a) FIEE AL GEARIC (Bao 25,2022 ; Chen 25,2024 ;
Dong &2 2023; El-Nouby & 2021 ;Wang% ,2022¢) o

TE CV AU, BEIT J& 5 5 07 i Fp B AR ) T4
Z—(Bao%,2022) . BEIiT i i — il 4 B9 brid
#% (tokenizer ) B 15 2w i il — R B AR (token ) , 2R
Je BEALHE R i, LSRR T B i A
25, i B sh 4 A% H1 (masked autoencoders, MAE)
Jrik (He 55 ,2022) @42 o MAE #E—faifb 71X
HESE , FLEEAE R U b itEA T BEALAE R , AT 225
ANFAMAARIC S , FAL B bRt AR e AR Ay 15 422 )
B FE M, XS MAE B I 25 3% L BEIT A T KR

Tt . BEIT ()5 2kt T/E BEIT 2 A T [CLS 4F
UL KR 2 R AE R, JF 5 A VQ-KD
(vector-quantized knowledge distillation) J5 15 X} K115
BT 908 LS (Peng %5 ,2022b) . BEIT 2 (35 HY
BRUGHEAE T EMR 0 s g SUE B IR E 2 AL
MAATE S5 L HUS Tt — 48T, A — Lo &g
LT RN R ZE BRI 1 28 08 0 o S R 67
EUGAFAIE .

I A Al PR AR 0, Wi 4 A 8 S HO AR A
Ul & S S NI i B € 2 i sl K
fig n] LRt 2 32 TF (Chowdhery 2 ,2023) , 3 — 1 5 %)
TH R FRBIA AR EE . EVA 2 EIE
AR N FH B A b b AR TR b — AR TR
(Fang % ,2023¢) . EVA BUWF5E H TR R T ASE )
RUEAT S5 o A& B0, ) 5 AR 4 mT U0 ) P e &
AR S 1) CLLLP A5 7R (1 P45 Gt B WL i R A S A
FRL . EVAEFH T 2 960 J5 JChR%E R 0047 /565
EUL TN L5, IEAG R SO B 1142, X
FRRUE A B2 T, EVA G 3o /D B A B Bl 75 &
102 L BRRKL I AN Lo B S5 AT 55 IS T 24 i
() i 2 7K o

A GRS [ RE S A RS IR S
FERBAB IS, TOT AR 25 B mT 3 e [ 0B O 2 2T 3|
R ILBEFRAE . TEHERS UG A | A R
POE KA — il B AR IC ER e — ST Y B
I, L6 TN Ziied B i A2 Bl A5 1 RS B i . X
— IR T FIH T Transformer 3 F SEfill 9 45 25 #4)
I HERS MG R B T TP R A B
PE | Bl A S BB R B R A A
TE R WEASEAT 55 1 1 BE T AR 2 $2 7+ (Chowdhery
85,2023) , 3K —PE TR T R S SRR TR R R
B UG R SR AR R (A R T —
ANEEMTINNLG L. BRiRETIEE MR R A
[7i] (1) 5 F H AR (Liu 25,2022 Wei 25 ,2022a) 51 4 24
() 9 25 5231 (Tian %5, 2023 ; Zhang %5, 2022a) . M H:A:
ARSI AN {E  (Peng % ,2022b; Wang %5, 2022¢ ;
Wei 55 ,2022b ) 55 J7 ] XA G A HEA T et

3 MEEMMEE A

3.1 ETREEFRHNEMER
Wit 25 T B 2 > AR D, K RER AR RY (Y 2 e, Pk
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P 24 Z RO LA e A PR BE 2 il — i T 5
Bz (Bommasani % ,2022) . SR, iX H K SE
BEHUAE I N4 5L BT o ST AR AR i 19 58 A
(Patterson 55,2021 ; Strubell 55 ,2019) , — 4~ F %5
PRI 3k 2 1) 2% T T 2 5000 % AL I 4%, 7 A B S 49 I
T LG A 28, MHLZ T MoE 7] LU it 24
AR 7 P R AR (1) S RO (] i 7E I 2k
FIHE TR FE A FEAS AN AR . FE T MoE Ay il 5
RUAE NLP U 5 AT

Hochreiter Fil Schmidhuber (1997 ) £z - 76 K 6 2
1812 2% (long-short term memory, LSTM) )2 H' B 4%
A IN—> MoE JZ , M TH B 1 18 12 8 1y 73T 21 X6 iz
LR Il S A5 YR AIE T MoE HL YA A5
(Fedus %,2022) o T Mok Y FEABIAL T 28 /£ NLP
GUR IR TAR R B, 7EAR 24855 BRI (1
(Devlin %% ,2019; Peters 5 ,2018) . S5 |, 7
NLP G SCA SR SERE IR C 22388 T T2 4L
G5, anE S GPT-3 4R |5 P (9 15 3 2. 0 ke L
M6 KA AL A (Brown 45, 2020 ; Lin 55,2021 ; Zeng 5,
2021) . Horp, BT Mok 4 FER AL B GE 5 LA BE /Y
TR T YN GRANHE TR, [m] s (AR Y 280 e 3
fCHRAE, o — AR TAE 2l e
Switch Transformer (Fedus 2§, 2022) . Switch Trans-
former 7F PR 3711550 B AR I A 3 1 [R) s, R T —
ol 17 AL B9 2 R B O R S5 R B 1 6 T AL .
Switch Transformer YN 2R} ] L TS AR = T 7 4%
(Raffel 5, 2023) , I EL¥E 101 #h i 5 0903746 br
ML T mT5-base B (Xue 55,2021

V-moe J&£ 55— 165 MoE Z5 #4358 115 | AR5 i
A5 T B9 T AE (Riquelme 55 ,2021) o V-moe DA #i
B MoE J22 U T VIT R 52 )2 ) — & 43 7 26 I
2% Hoh A R U0 #00k  ph 3 52 19 28 o L 17
T Ve-moe KRR T &R BT 55 el 17—
Ffrxt T+ MoE 2 ) HRL it i Bt A5 184 1 A &8 B 5 A0 T
TEAE 55128 7% o V-moe IS INE] T 150121
B, LA 22 I RS de A L 5 A AR RS . V-moe T8
o R i A SRS SRR A R S, AT AP
H YNGR () P B S5 4 B AS 2 (R 0 P . 7
PHECR e N TR RE S =S S8 1 1 A5 2R g ik
fith KA A INTERN (Shao 45 ,2022) . INTERN # F 5
SRR CV SUS AT AT 5538 3 Sz AL
BARRHORE — RYVR DR, INTERN &3 1 3 Fh

AN B 9 1) e R 46, 3 T2 R R AN Ti) e J32 1 R
f£55 . INTERN B RUTE 4 RAE A% AT 55 19 26 D2
TR AR FEAT TPl 4551 Won e JAd T 10% 3
SRR ST UM B B0 R INTERN B AU 7E K 244
175 B0 T B o 1 A I R O X A
Zhu 25 A (2022) 2 1 T Uni-Perceiver-MoE 5% 1 | ¢
L SE BRI R 5] AT 250 Mo, i 45
MoE , Uni-Perceiver # 5Y A] L)L A5 &b I 24T 55 IR 25
Z I, I3 2k X6 1% 0T WAk s R g
11— FRI| TR 55 ARG e dE g i) . R,
Uni-Perceiver 15 B A 20 52 1 HEHH AR, R/ FF TR
TR AR A

Mok F14) 0 465 45 ¥ v il o3 S 500 B ) 28 254 3
=, B EEM S E I A RS k=
(Duong & 2015; Gao ¢, 2020; Liu &5, 2016; Misra
45F,2016) (R L S0 Ml OB RS AN S KL, H 28
T ARE G AT DR HoA 2 R NS B (2
Bt = (Lin %% ,2019; Long 25,2017 ; Lu 25,2017 ; Sub-
ramanian 55 , 2018) 7 2 (5> Z A L1 M 4%
ZH0) . Task-MoFE 4 H —Fiofs iR S 4t 5205 (4G
G HTF 21 5% 2% > )7 % (Kudugunta 45, 2021) .
Task-MoE 7F T 45 [ 2L 52 | & i Jf H L T —
AN S5 ) s R PRAT S5 R E I 2% o T BER HE 1Y
UFO (unified feature optimization ) It 5 J& At 455 75 57 33
ATAESR K AT 55 Pt eh B9 B6A A BT AR
UFO A i 7R RILE T 74 55 AORS BE , [ i 4
il VAT 55 IR, el b T R B A S I AE
UFO KRB S HORBLRE] T 17042, 76 28 D ATF
PBETFIN AR AR TR 8] T fe Ko

B3 7 T 18] 224 55 1 Mok RERE AR RY | A AR B Hh 1
BEIT-3 FE fitl 15 TR 45 58 468 25 10 X 5 ARl A6 A i3t
T (Wang 5% ,2022¢) . % &5 3 5 19— £E MoE J:fil
RO T 12 IR AT B A S 1) 2 8t =2 BEIT-3 35
TR E R T X MEEEL Z AT AR
BALS5 . BEIT-37E H bR (35 o3 H1 A1 B 0326
SEPEA BRE B AR TSI i e KO

D RPN e 2 o R Uik €T [ A E T i
LA AR A Prismer (Liu 45,2024 ) . Prismer £ FH — &
FI I LR i SR L AR, e L KRG Byl ghid
PR RF SR , FOX D s B R A R AT I 5
Prismer [ {1 JH] T 1 300 J3 /A FF UG A48 #4711 25
TEEUR P RAAT55 IS T 5 20 R B I 2k
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IR TAH 24 B DG 75 MERE -
3.2 ETEAMRERIEETTHEMESR

TR GER B A BRIAE AL B 2 7 50 T B S Ao
55 0 BAT R BRAE o A% 58 9 TR 2 o > B G HLJ2:
CNN B ARTER? 2 B AL AT: 55 B IS 1 5 35 0 sk
(Krizhevsky 55 ,2017) , {H £ i 5% ZIH7 1) A A58 34
B, HACR R Il W8 22 . XM RBR AR IR AT
CNN 50 £ 25 4 (R P o CININ 199 48 A% i i) 5 A
oy AECHIE v )R D X OGRS AT 55 1 e
A HE-F 2 CNN 7 1 X 22 R A 5l 22 -5 1 2R 0dis A
— BB 2 ALRE S Z B . B XHME G IR R A
> 2% Y IX — iR, 2 FOT B SR B I R & 1)z
T AT AR A | LSS Iz AR BE 77 5 Sk i K 1 38
UBEFRAL

PLAFER, VIT 2 KA 2 5 /N s 45 1l
AL G 28 W 2% (B AL FRIEME SR T ITHFE R . BRI
W B2 Y A9 Swin Transformer R 43 )2 F1E% 8l i 11
it AR RO UG =, H o SR EI A
FUG ST 55 b AE A% T 55 BRI

Swin Transformer V2 X Swin Transformer #4147 T
#H— T (Liu%s,2022) , Swin Transformer V2 Jil{
DI T —A> 3042 S50 18 HIAL 58 R AE 32 T4
B, REAL b P S s o MR B R

BEIT 152 2 {5 % NLP S&filh #5251 BERT fy JELAE, £2
T RO RY R R AR R i A 1R R
BT 55 X VIT #EAT B SR o 31X — 5 AU S
Ay A FI S U S5 R S i e f RE
T, BB Uk T BEIT X Al F A58 Ak 35 178 X I &
88 SCIX SN 58 0 R 3140 5707 T ELAT H R g

EVA RlvE T X 2 2] R as R d i AR
H AR 2 AR il A s 32T M 2% 2 —
X140 FEAHSE HY 1 AIF 5 U B A E A S e
(Fang % ,2023¢) . EVA 78 BA k&M 0 Fam)ie &
S EUTE S EBUS T BRI

R T 3T Transformer 2544 (%38 FH AL 60 RAE 31
W 2% 2 A, —SEBIF S AR B Y 1 T A R 28 45
MR aE T M2 R RHEIE S SR
Internimage 158U /R 1 T 28 T A AR JE A4 BRp 28 I 4%
[ R ALHLGE SRS (Wang 57 ,2023) . 516514
FRUR 25 W0 265 K L, 7] 2R JE A RRUR 28 I 28 15 1 %o
FAZIE AV B 68 1, AT LAAR 8 iy A 85048 2 B W A% o
Internimage 1 X TE 4 AZHYIN 2k S 0K FE T CNN 22

=

F A PSS £ T P28 9 R 3] 10/ SHORRE, JTHTE
HARKIAT: 55 Fas 3 7 Y i K F Il T 45
TR 2% A, 5 A 1y R RS A o 56 il A5 A8 2 17 1Y)
Wi

—BBAI Y TAE 24306 CNN 1 = 20T B3 S
Transformer %) 4= J&) V& 2 1 4 34 45 & 7 Sk (Dai 45,
2021; Wu$,2021; Zhang &5 2022a) , HiViT &2 H
() — MR TAE (Zhang 5 ,2022a) , HAf TR T HERS
USRI 24T 55 vh i H R KRN AR AR 2 1Y )
R A T HA R T B 2 R Y g
I % ImageNet 73 24T 55, HiViT 7& [A) 55 2 80 19 1
LR A4S T R I VIT B8 0. 6% A 1 B DL S AH Xt
Swin Transformer #5741, 9 %5 AN EL .

3.3 WMFIESRSHALEMMEE

THEALILSE T %O A 55 48 R 40 25 ik
RN A o X AT 55 1 T2 28 H AR A 2 S SCHE
A3 T B X R B R S A 5] G R i AR R
EURH 3 Xl ARG it AN R G w7 e — 1
T2 B B 1 AL A AR S i AT U R0 BT
AR T ML T 156 3 P 4 (]  (close set) ,
4N 7E ImageNet (Deng %, 2009 ) F1 JET300M 4 [&]
AR % LA COCO B4l 46 (Lin 55, 2014) )4
R HIbR2:

BEE THALIE 5 R 1Y AR, TEAR 22 4 BUile
AR DR F BRI 2045 T B AR H &=
BRI PERE . AL, | T B X ATE I 25
H R N0 B PR A BB 7, 33X ol 7 A o MR S P R ek
TR AT 55 A 2R T AL V2 Ak PR R 553 1]
PEo 0, A% G2 KR 53 24T 55 72 DAL S i SCYE LY
R rhg o) FRAE  ARMENS 73 2 58 1 88 2 1 SCARE
STETUE U A R AR b B Xk S ) 3, A
FEN G R SCAAE Sy U 45 8 DA 5 A0 i A5 A
I % 4 0] 78 (open set) RE J1 Y 7 5 o AHXS TAE S8
PG 0 25 rhofg o SORE AR 732 Sk a5 A vh AT X A ik
Foofig v SO &t T AT AR i A 17 =X, SRl 4 s A
T3 30 A o S R A SO S R AT AL B X
FAL Ty B R AT i 5 v SORE & H AT 8 1
BAMIRBR S T X B AR O 0 B a0
FEl AR A KA e

Hi OpenAT$2 H} (1) CLIP A5 AU 2 815 SO il 5 %8
F 7 FFAE TAE (Radford % ,2021) . #5855
FITE DL H filt I 28 TR LY 4424 MG SCA

11
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PEAT CLIP B T 25 . oAb, 1 A A X be 2 >
7 WK A CLIP AR Y 4 55 B8 285 00 55 AR AR 2 ) g
J1 o CLIP A RL Y G SO X 55 fiE ) B 22 40 3%
O < K PRGN SCAR 73 90 A7 A A B 20 2 i 3R 1
R SCARRT A% SR IR S G A X A5 ke h s DL RC Y
PG SCA XS R B 8 A DB E A PRTAR SCA R 1
B, DL AR 2 () N7 7 RS A SOAR Z AT AR %

4N CLIP 55 AR RURE R AR AR A i 5 AT
(] — AR 25 (] HEA T X0 5%, HAI SR H AR R 2O

in L =L, + L,
r(rel(lbr)l cLIP i 12 (9)

A, Ly, Fos BUR B SOR BIR , Ly R SO F K
Baghik . BARR

exp (zuv,)

L, =->1lo (10)
’ iezé gzexp(ruivj)

jeB
Ly == log P (70) (11)

og
jeB zexp (’Z‘ui'l)j)

B

CLIP B IR Sty L, ML, SR A, L, 8T
TE—MREARAL Y B T, WE B DT BC BZ A w, F o, 7Y
XFEOER . Feik K exp (Tuiv/)i‘l‘%: T EG RN SCAS R
A R 2 0 IR 28 R U R B, FoR A

— I ) Sk

FIARBLEE o 23 BEX LU b B A SCAR iR A IR X 2
FFRA AR — DA T L, BIERIKS L, 2K
oL B L3 T SO S 3 AR

CLIP S BYFE R REA P AT 55 AT T A7
WAt 2k 3 1 25 LR 2% ResNet50 (residual neural net-
work 50) (He 55 ,2016) FUTERE . 1545 T AR W 25 45
P ] 5 A 2 TP IR SCAR Gt i LA S HTT IR 0 4
Pk, CLIP X J& 252 B R At A5 50 0 1 B8 AT 9 52 AR K o
R Z2 Bl A5 R TR B T CLIP (M WF 58 R IF , R
CLIP 58 K Y #5468 285 00 55 6 ) 4 THEE U AE T i A 55
R B2 A, 2023 3K T 45, 2022) .
CLIP JF i3 T 18 Befith 0 5 AT 55 v A% By PR SCA L 2
DEIC DL A SR8 5 A Bl B 5 T R AT 55 RCR
XAHE A B S, O T E R - 52
— BRIV TT I

U 2 i, CLIP R HL A ] 0 285 Wi 4 11 4 A2 %
P ST B AT U 2 300 RhRILRE 5 KA 190 28 i
AL A Ve 2x o5 R AN 0 B8, AT BR
il T R SRR DL SRR i — 2P R BT
I, A5 A $E T ALIGN (a large scale image
and noise text embedding) J& fith #5 Y (Jia 45 , 2021) .

Y

TRIHCER

Hifith

) 4 \ 4 \ 4 \ 4

T, T, T, T,
> I T, | 1T, | I'T, 1T,
> I LT, | LT, | 1T, 1T,
> I LT, | 1T, | I:T, 1T,
» I ;T | LT, | 1T, 1T,

K2  CLIP/RE Kl (Radford 55,2021)
Fig. 2 An illustration of CLIP (Radford et al. , 2021)
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WHKEN, KHETE, AR, FE, RE, BRE
MEEMERARIREREER

ALIGN {dfi JH {47 A ) dual encoder 45 #4 75 — P &
23 [B) VEIC AR 38 38 & PIRRSRAE , OF BL7E 18 AZ MUY
o W SR AR AT ISR . ALIGN B R 7R 2
AAES5 EHCRE T SR AUVERE , 1 B 1 i SR
AL MR 5K, BRIl B 40 25 MR P A Rt i i AR
PERERIERTT .

CLIP Al ALIGN # 1Y B 1 WAL 0E 1 35 R 11k 3 57
AR B JE AR RS ) LS 45 ), BRI SC b B PRI 2 )
i FISCAR Gy o o U 251 v ) PG G 2 1 SCAS
A2 3 DR B A v ) 28 O X ) EUGORR SCAR 64 T
2, [ e A X be 2 ~) SR e /M LU R rR
AT K 2 % Ji 8 1 450 A 0 SCAS 5 iE 2 47 DG JiC
X5

— ZR N AT G ] B b %ok 55 ELGORT SCAAEE S
PEAT TR . BEE OB ZRB AR B0 & S, 75K
TURE A b 58 I ZR A AL s A B H R 2 22
B TAEX AR b R AR E S IRE ) o SR,
TEXUE S5 H R | AR TR 2 B s 25 v 1 5
BZSX FF ok — S Ay a) & {51 4, 4nfey 52 53 F1)
TN R 25 2 0 g, e BB [ A [ 455 285 ) i D
TR AT XTS5, [F] Ik AN 15 2% 23 A5 i A9 R A 42 B g
Zhai 55 N\ (2022b) X FE T 4058 1 5 A6 RS 45 14 4
Z I E R T T 90, 48 “LiT: Locked image
tuning” SRIEBEML LN 5 118 H RS A AL 58 8 IS
FAEPERE . LiT S0 S e 5 73 1) FH B — RS T
GRS e 8 SRR R A T AR 55 RO RER B
RETHMENSE .

CLIP Al ALIGN j A5 B2 Lt Rl i 5 45 25
TE— %% ik A %5 8] (dense embedding space) 17
AR, Jia % N (2021) 7E G HEA 1 52 1 AT DURE SCAR
B S WRS B Bp AR BE |, SR — > BRI B T I 4R A
75 [] (sparse embedding space) [ STAIR (sparse text
and image representation ) 58U . 38 3K L8 FEAE 5
i ) T8 7 R AR AT DR T, SR ASE Y (1% ] figp B A
FeZ B YRS RIAG 3] 1 i — P40k

Yao ZF A (2022) 4 FILIP(fine-grained interac-
tive language-image pre-training) B4 %Y | FILIP £5 7 H.
AN B G b 2 2] Xl A Rz FE R S R AIE 1Y BE
FILIP A5 A1 38 35 5 35 % 4 patch F13CA token 52
SR AR B 32 H. (late interaction) FILTH] , 3145 7 78 i
IRt R b H 3227~ B EHR patch FISUA token Z (7]
R 2L S T SCREIVE Y AR

FILIP 2 — A R 200RL B A9 N AR T A 5
T H RS LS LRI R . TR R Y pateh i
PG S5 43UV 1, FILIP f14 4HASE J32 56 5 1 1 A
T EG R patch B30 73 , IX R B0 T X S TR Y
SENIRTHABEAN S o

TR A AR H1 1 AE A AR B A 1 A G SCA
Bda 5 L2k GLIP (grounded language image pre-
training) A Y (Li %5 ,2022) . GLIP R AU T 4918
FE 7 (phrase grounding ) ME% , B & SCOM B K15
2% X 525 MR PR SCAS ik v ) ST A 7 DR
Xt5F .
3.4 ENAZESZEMEER

B NLP &5 g H Al A5 18 1) AS B i e, DA 75 22
FEXANIA] NLP AT 55 115 AR RS 9 A0 1 32 v A
N I — A G — 2T 55 R B SRR B R Ak P42
NLP{£55 .

£ NLP i, A 55 N A IR R T 2 F0 5 ok
T SR AL 55 e ). XSy U R AL 55
FEE 193K 3 (Devlin 4, 2019) kNI 55 U8 i fic
LI (Houlsby 47 ,2019) , 50 FH AR 42 75 ok PE i
BERIAY T RE S T WAL 55 (Lester 4 ,2021) . iX 46T
VEJG % CV U p W5 A 1 3 2B iy 5 i 58—
PG ) Z AT 55 G — 2 AT 55 FARIR B AE L
TIUA DT AE S5 TE KA CGLRRA R A 5528 A
55 SE A Ik OFF ZAT RS AYAE 55 5 B2 DLt AR Y
HERMTREAIZALRET)

T 5T 1 AL o BE RS AL U b A — R A AR
il 28 % A X 2 AT 55 LA A L J JF . Wang 55 A
(2022b) $2 i T — AT S5 BLAS KA AT AT OFA (one
for all ) ALY 246 LT 5 e 47 21 7 81 Y 27 > 7
ST S ASAE S MBRRELSAE 5 0GE— . OFATEZ
ASHLGEAT 55 M PE L UE B IR T UG ERE . CoCa
(contrastive captioners )15 75 I X Fb 433 26 1 R
il AR A SR 0] PG A SCAS G s P04 TN 25, TR R
A ImageNet 73 AT 55 UG T @UE R HERH 8 (Yu
%6,2022) ; Flamingo B2 T A BEALSEAT: 55 Fl1SC
AT 55 B P A5 20 LA 5 3 ) FH PR A 2 AR I 3
FERT PAAE BEAZ B Y58 SCA 2 81, OF R 345 T
SRR FEAR 24 2] B T (Alayrac 45,2022)

LA, GIT (generative image-to-text Transformer)
AU SR 157 1 P 1 5% G i 1) SCAS s 2 5 A, AN
INAEZ A AT 55 R T bk RE R I, R TE

13
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TextCaps 3 5 SCF PR PEIEL Al & Yol 7 Ak
F B (Wang 55 , 2022a) . Lu 58 A (2023) #2 1 1Y
Unified-10 (unified input output ) £ B4 & A Fl %
[F) J3T A ol — R 4 5 A A IRl T ke ST 55 [ 1 ¢
— R AE — 3 T Transformer B ZEHY |- 156511 25
A 90 AN [F] A A v A AR A .

UniTAB £ % (Yang 55, 2022) $2 1 T — 1 H F
BT LS8 GREAT 55 1 48— SCAS FIAE R A AY | 38 ik
A 1EH J7 A B SCAR FIHERRIC o 5% Pix2Seq (Chen
4,2022) TAERG & R 8 82 10 T —Fh 28 4
55 AN A A a8 T 28 M GPV-1 (general purpose
vision) # Y (Gupta %5 ,2022) . GPV-1 A fEfig 1k
BEMG AN SCAS I IRAE R A It 54 55 A0 S 19 5C
AR FAHE . GPV-1 B ZEN > I & B R T i s
(I TR] AL I, ] DL2E 2 IR AT 4328 e o RN
IR LAEAT: 55, T O X G iy o) s R A T ek
GPV-1 A3l FHALSE 22 GE M AIF 98 B2 448 108 (4 75 ] Rl
it

SR, A2 W AT 5 R A oy T A B R 3 i 4K
R TEAT 554 BRI SR P A BT TH AR ; TR, AR A
AT S5 AR A AT 55 RO PERE R I 1 AR AT M
DU AR G 0 R AT S5 1AL e Ah AR i AT 55 A
AU Hy T AR A G540 B ARV RR i 7R ) i R 4
5y 5 BN HADAT 55 NG i) T4

4 FuijllZEESE

ARG BE RS R o ZR AR AT FO G o AT
A48 F BT e SRS I rh P G RMUASE PRI i 4R
PAK UG SCARBE S o 3R 1 s 1 AH G T A 2
LA DL
4.1 BEBRHEE

1)ImageNet, ImageNet 454 JE7E 2010 4F 42 44
Y& ImageNet KB GE L0 Bk % BE A —5 53 & A
i (Deng 45, 2009) o iz % S L5251 000 12501,
FAIONKRLIA 1000 Z RS, B2 100 7 714
B XL T NS YR H WY IS 2k
Ao B AR b B MR ER 20k N T ARTE AT PR AR B DL
Bi. ImageNet-1k j2 CV W5 FIN A 3G . 7EEIR
2 H BRI 43R , ImageNet |32 H T 3748 Al
IR IE S IR

2) ImageNet-21k. ImageNet-21k j& ImageNet %X

PR R, AR E 15 3] T ImageNet 1 21 £5 .
1925 T2 Z M FRE A & 1 ImageNet-21k A%
KRB RS I 200 E RS . N TR
BTN L5 () I R e R s A B, 58 AN Dl T
ImageNet-21k-P B4l 45 o 38 2 X B AEA A7 i —
A R 25 2 ) 2 G FVEOHE R PR A R | Ima-
geNet-21k-P ZiE 45 40 LU J5E ImageNet-2 1k 204552 51 )
TR 2 > BRI KRB 1 25

3)JFT-300M/3B. JFT-300M J& H 23 5T & 1 K
RIEMG B . T AL 2 34008 M 0 26 SR B2 A5 2] 1)
% it B BR8] T4 1040028 15T
NG G B U S5 A 80 T 2 340402 . BT
P R R RS B o~ 7F 9 400 A 76 Ak L R RIS A
Z AR G DRI AR KANE . [FIE, B T JFT-
300M FAREE 2 f 3R 2B R A7 AE — o FE Y e 7
Ffw 2% . JFT-3B &4 WCHE T JFT-300M 47 1Y B 4
YR P04 3010 G B . BF5E A Sl [ 3h
A B R R X S8 U AR BT 2 3 AN 2RI/ 2K 1
PR, HATJFT-3B 1 RN IMATF  ALHEAT A B 5T
T AP {# ] (Zhai % ,2022a) .

4)COCO. COCO EHli £ 2 CV WF5E rh iz ff ]
(AR IR AR B 4 , T 1o 1 B ARSI | % 4031 A
G R % Z T 55 (Lin %5 ,2014) . COCO Bl 4
G TR 32 TR EME WA EE T RN H O PR A
PR CHRE . COCOMHE T 801~ H Anku il X 42 2551
DA B 91 SR 4y B2, A NAREE J5 1T, COCO
A8 T 25 5 ARG SR B AR .

5)ADE20k. ADE20k £#i 82— M2z 0
FH G AR A 4 | 5 256 108 L4351 4538R ( Zhou 45
2017) . ADE20k Hi 3 [¥ #f 4 B T.2% B i) Computer
Science and Artificial Intelligence Laboratory 71 % , i
2. 2 MRS X S AR T T A IR T S0
HORFREE . 18 E 4 HAT 150 LA B985 A 354~
Yt ), A AR AR T R

6) Object365. Object365 H1 ™ #1 Bl H Flt 50 &
PN T2 AE 55 56 = & 1F JF & (Shao 45, 2019) .
Object365 IV CV H ik T S A5 40 1Y H A A6z I i)
L, A1 85 365 4280 . 200 J7 I S A 3 000 J7 4~ H A%
PRVEAE . 5 25 T H 35 5 00 W A0 A s B i b
Y, Object365 B A AL AR 1 347 A HUAE Hi I k) B
BRIRAR
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WHKEN, KHETE, AR, FE, RE, BRE
MREMEAARARELRRESR

4.2 BEGXAHIREE

B T RGO SR A AR 3. 3 PR B T A B
TSRS E B B AL e FE R R AR 5
M R —SCA X S 88l o A SCh #6311 H iy
TE AR B I Gk (A 2 B BRGSO B 2

1) Conceptual Captions 2{#54E . Conceptual Cap-
tions 2 FH A "R A A R L GORT SCAS DG L s 2
B DR R AT A A Y LK R 18] SCECHE (Sharma 55
2018) . KR A A REA T LR — IR R R A
XM PRI R I ) SCA I . 2R R s T NH
AETE B H RS Z R 5t . Conceptual Captions
Hdla 56 A 300 77 Kda #1200 3 PEAS AR, 430K A
CC3M 1 CC12M( Changpinyo %5 ,2021)

2)Flickr30k B4 . Flickr30k & —4~)"32Z i H]
T CV Fl NLP i 52 1 B R SCA B4l 45 (Young 55,
2014) . Flickr30k 752K A MR IEEF- 65 Flickr FOR
293, 1 HIRENR BT TSR H S RRTE S . R
FUSFERICAT 5 AN R B A SORBRTE o X 2805 B i
N TAREE X375 5 B YRR ST PR IE

3)SBU (stony brook university captioned photo) %%
Pt o RBE A R 28 AL 20 M ST KA AR AL BT
FEITR , BEAEIE ERIE A 3 2 AT 55 1 &
(Ordonez %5 ,2011) . SBU £ 45 54255 £4 100 J7 i <]
15 AR EURARICAT — B A SRR F A SC7 . 1
WIS EAEFH NTIRE . B PN A
TN W) IR FRNSTT 5 5 iz

F1 FZGHIEE

Table 1 Pretrain datasets

HAmLE Bt SR AR E] HLAE fai A
ImageNet-1k RS 2010 1331 167 fEkri:E4 PGt Y fe ) 12 9 BR 4R
ImageNet-21k % 2021 2100025 [E% ImageNet- 1k (15 JRURE TR 2260197
JFT-300M E1% 2017  3J7IEER BT W25 A — M5
JFT-3B SRR 2022 304ZIRES JET-300M (4" '8 , R FFIE
X ~ BA F W IR SRR G B, T 2 T
COCo ESEES 2014 #Bak 328 000 17 K% L e o
ADE20k 14 2017 27 0001 &4 TE) 2 S S AT T AR I SRR
. 21 T E R, SEVE TP 00 F R A ) B R bR T BT
Object365 g 2019 o0 R VE IR R
A B T g L g KR PR — SCAR S R Bl 4, e
CC3M Bg—cA 2018 37 J7 EISCH B HIE ) ) RS AR DG 3, 3z T RSl A
L HE R BT 55
_ : BARSIH 5 CCIM ML, At 4 e 31 1 200 7, iE &
CCI2M Efg—3cA 2021 1200 )7 & SCx LA PR % A 4
. o BOE A B SR R RO () AT 45 3, A
=1 / =1 e
Fickaok gk 2014y 00 MR FMIESE w24
R AR AR R
SBU E%— Ak 2011 10077 R At AL B AR S, PG A 3 v R GG b5 4Rt

B R A SRR E R

5 BREERE

W TR B8 252 ] B A B8 A I S AR SO0 DR £
e, MLt SRR A e R EL 2 A T IR 3 A
WMo SHETAIPTTE R AEEE EHESh T AR
o s S AL P S IA T T ELAE S B 0 FH o J B i

FR IV S0 SR, TR S T i B4 g FH 453 A H
i BRI AR TG 3K, I SE RIS R 1) & SR ATS eI I %
ZJ7 Pk R o

1) 47 NLP SR AR R (%) % J AR X CV sl ok it
PRI AT T 48— NLP AU 5 & 4] 4 el ik
TR T BILTF S — T K PS5 . i H
R B 5 Bl A 76 B8 G S X A H AR IR A7 AR —

15
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TE NLP FE Rl A 4538, , “scaling law” BRI A DIAE A
BRI ISR 1 B B A MR e 1T B2 5 175
S, (HE D SRR AR B R R XA — 1
P fen FE A A B P RE A AL BRAR T EE o NLP BEAil A Y
R REDI R TP  — LE 2R B R SR R T LS SRS Y )
e A I ARl AR 4 EIR 5 SOAS I W AR A2 ] Y AR
J57 2 SR A S S T A AR 14 1 B XY
Hif CV R A1 25 S A F 2R

2) K2 AT LA B, H F T 0000 Al 455 8 1)
PERE VA T B0 2 5L T % G2 A AL 38 U 46 4, 40
ImageNet |- [ 4325 HEHf % . COCO %4l 4 L% H A
RGN TE A A8 5T o ER fd P IX AL 45 1) 40 o A 4R X
PR SRS A T DI 2 e B Y

3)TEM BB UG | A 2 A 9R1E 5 15 B &
PN B PEM AR AE RN IZ B 2 AR, LAVEAR Lo
BAAE V2 AT 55 ERIVERE . TEAN IR AL 8T 55140
B ARG R FE 27 2 T i O A AP R R 1Y)
P BR o &5 b, e S TT R T ] R B Bl A5 Y 1 AN
Tik o BXEETPH 4R bR BOZ RE 5 B R ) B REES
PRARRE ST , A RAETF AR TNz N IATE 55 S 5t b iy
HKHM.

A TERSE T UHAE 5, BI85 B AR B 4L
oAl BB R ZES . EMIERT , ZIEEH

o AR A 3 () AN 4G b 52 2, IR JE 12 i 2o
PRYNZRIERIAE Y A A D AR 55 ). e = Se Xt
SR ) 22 S R M AR B T, AT R ) — A G — 3 X
XA BEAT O A Bt — T

S) BN SR A HORE . AL SR
T3 EE UL e B AT I 2, Rl
RFE WA GEUR . RO Bt B R BRI AR
FPEBR 1 e 1k RE L e FE R AR (0 3 R

6 )IZALRE T o JAE W B SRS R A T AR
Bl bR RE ) C 288 T AR TR I 2 S A
{E 2 7 T 0 Z ARV AT R 20 Al i d 3 e
PLUEHERISE R 132 A RN B VRS AT S v 25 )

DB S G A I SR T 7 1R fiE
ROl TGRS IR EE AR TR
H B TR L 2~ B PR IR, Bl RIS R Y H A
S, AT PRUE AR L 7 — SE AU, IR T2
I 31725 Bl 25 7 55 7 P R ) e S 244 T T I )
TPz —

JUEAFAE LA L PR, 5 i 0 o 5L Al 5 20 114 4 e
AL T 75 24 R SER B B, A8 SO AR TEAE BRI 5E 5
AT LR JLAS D7 A R B

1) WLse SRl BT A PEAN R AR o £ CV AT T [
FiE O st E AT 55 LA S5 PRI E 2R W F e

F2 WREMEREERUREESERE

Table2 Downstream task results of vision foundation models

1%

1155 Kpide LS5

R4 L7 SRl R4 53E
(el
TmageNet COCO ADE20k
Top-1 AP_box AP_mask mloU
Swin-T(Liu % ,2021) 87.3 58.7 51.1 535
Swin-T V2(Liu %,2022) 90.17 63.1 54.4 59.9
BEiT(Bao %,2022) 88.4 - - 533
BEIT V2(Peng % ,2022b) 89 - - 57
Internimage(Wang % ,2023) 89.6 56.2 48.8 62.9
INTERN(Shao % ,2022) 84.2 4822 44 493
EVA (Fang % ,2023c) 89.7 64.2 55 62.3
EVA-2 (Fang % ,2023b) 90 64.1 55.4 62
HiViT(Zhang % ,2022a) 84.2 512 442 51.2
CLIP(Radford 2§ ,2021) 85.4 - - -

T« [ — M BUAT 2 S RO CH AR AR E 5 — "R BB R AT R AT (] A5 B B A S
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MEEMERARIREREER

(EPSS R E AR e SINRPAN 1€/ 127 /p v = 2 N |
AR 0 058 Rl 5 ) 3l FH S T A 28 2 CV 4K
JIT AR5 Y

2)BSREASBE IR T . X ST S A R AL
SRR i e ] B Y XU 5 4 S B PR SO X
F o ARMT EARZ TG AR W 25 25 K, 1 i A X
PLE 5 18 SO IR A AE 3, DT S B 52 2k 5 A6
BT R B . A, BRIE A, WAl LI B
FAARE S a0 AR 2545

3)HE R MG B . A LSS R Y
FERELEER I | BRI AT 55 b AR 2
PR B 22 W oE AU, 4n P ik (BB s
R = A A SN A e i BT AT A A
T EEAIY

4) B30 B Bl 0T R A4S L P R B TH B AT SCHEAR
o BR T EMBEARSN, o B 19 45 F AL Rt m]
DA AL SE R T Y S5 AR A e g 45 L, i B S
W BEARALE S o AT ERAT B R L B e
PUE I R 2 T EE AR 2 55 T R 7 1]

5) H Hi R AU 58 S At 52 0 2 M R T
FEZE R o AL 4 55 LA A AT LR AR5 FA
it A (o FG B Ml 3 3 S PR g e o Al £ R
EPE BE B B $2 T JEAT R 2 T 4t 2 — D TR R
Jr Tl

i o — 2 I SRR, Dot S A AT A 2R
7 1] 38 F AL AV REAL , L IE A ok B S A SR Y 52 2
PLBE RN . AT (438 FH BE 1 Az AL PE REIE 75 2 AN T
Tt Wity ZEOTEE A5

6 & i%

ARSCERIR T AT SRS AL A A S IR 5
JE#aH . EEEW T ENL AR CNN 2 ViT
1) & Je Iy, 9145 A 44 T W1 Transformer 3X 28 G B
A 238 g o Ay 7 v A5 D At A Y 1) R il BT iK
AN AR SCRGE T 2 KR IIAAT 55 Bt i 2 REE
FEXS B ETRAT A BRI B AT T Rk, TE
WSO Ja 2 AR 40, AR SO Ao i Al A5 A4 0T ol I ks )
PR AR AT BE Y K JETT 1], AL AR VAN TR AR Y 56 35 |
PSR AR R 7 1Y 1 5 A M AT 55 7 i 3 TR 1 1 R AR Y
I, #E 4T TIRA IR

SVAORF |, 1 d B /2 R A (7] 37 55 A AL

SEnb BRI S — D T PR AL 55 . FR, R
TR R B A KRB 0N 2507 5 B0 O R S X — H
PRI T Bz — o Aok, PS8 FERIRE I (4 4 TR AN
A BEAE T Z o0 55 _EabAT Al PPl i N5
MRS AR = A M (55 B T
B 32T SRR BN BT S8 R BRI )3 A R,
AN I AR R, A58 Bl 4SS RO L 5 B 58 R B 5
155 FIES R ASIE R RE J7 o A8 BRI TUAT g N T3
RESUR 1 S8 0 32, Xt FHESIIH LA B AR
SFAHSCE B K A DO RSN o X S Y (Y ff
SR S HE D AU K B2 T T b SR 53 BT R 5
5 EBIREST T H o B Bk B BER R A S AN H
SEZNTRIEE 2 N DNV % N & 8
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