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Visual Industrial Defect Detection: A Survey on the Evolution and Synergy From

Non-foundation Model to Foundation Model
YANG Tian-Le? CHANG Lu-Yao® YAN Jia-Dong' LI Jun-Tao' ZHANG Ke' ZHANG Min®

Abstract As industrial products become increasingly abundant and sophisticated, visual industrial defect detec-
tion technology has received much attention. In recent years, foundation model (FM) has demonstrated powerful
potential, particularly in generalization as well as in few-shot and zero-shot scenes, by leveraging broad prior know-
ledge acquired from vast amounts of data. However, upon reviewing existing methods, a noteworthy phenomenon
can be observed: The significant performance improvements of many current advanced FM methods do not rely
solely on the application of FM, but rather through the strategic fusion of the FM’s powerful general-purpose rep-
resentation capabilities with mature, efficient, task-specific principles from non-foundation model (NFM) methods,
such as contrastive learning, knowledge distillation, and anomaly synthesis. To systematically analyze and reveal
this synergistic paradigm, a systematic survey of both NFM and FM methods is first provided, and the two meth-
ods are compared from multiple dimensions to analyze their respective advantages and limitations. Building on this,
an in-depth analysis is conducted on how NFM strategies can be decoupled from their original architectures and re-
purposed to enhance the performance of FM in industrial applications, while an adaptability matrix for collaborat-
ive mechanisms is simultaneously constructed. Furthermore, the practical deployment limitations of this paradigm
in real-world scenes are further explored. Supported by comparative data, the analysis results indicate that there is
significant synergistic potential between the general knowledge of FM and the task-specialization advantages of
NFM, pointing to an effective direction for future research.
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F DRAEM™. FastFlow!""! fll PatchCorel'*! 2 E

BT B R BB R, FM A RIVE s 5
KHL (floating-point operations, FLOPs) i % =T
NFM J5i%. #illn, STLM" ] FLOPs A 55 G. %
H Transformer A1 _F REERFE K1) SAM-LAD!
1] FLOPs A 54.7 G, =T 2T CNN ] NFM J77%,
W AE® (5.0 G) Ml f-AnoGan'"™ (7.7 G). f#ik FM
T A4 R — AT L7 ). e K
RMRALH) SimCLIPRY, FEE /L FLOPs
(513.75 G), fiXT SOTA H#7R%: >3 779240 CoOp!"™
(520.46 G) f1 Co-CoOp™ (520.46 G), A {REFAH
[F (2808, SR, SimCLIP™ ) FLOPs tt STLM!™
1 SAM-LADM &y — Mg, K25 STLM!M fii
7k A B E SAM 2O 208, M SAM-LAD!
KHT FeatUp™™ By RAEF+; STLM! F1 SAM-
LAD! 754k B FE Hp # A F SR 7.
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Table 3 A brief summary and overview of different NFM and FM methods
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AnomalyXFusion™  F 145 kA {5 2L (1) AR 5 A arXiv 2024 99.2
AnomalyDiffusion™  Z[ESFHEHN, HENER 1 E L] AAAT 2024 99.2
2D &R DFMGANF 1E StyleGAN2 =1 FH s i 2 e AAAT 2023 —
DeSTSeg"™ FoME AR SRR AR RS R, G 2 JURHE RS CVPR 2023 98.6
CutSwap"™ TR EMETR S ANIE LR SIVP 2024 98.0
Split Training™ SRRt A 18] KRR % 20 1 £ s s AAAT 2024 98.3
DFD™ FUAT XU A B2 (U 43 KBS 2024 93.3
ARRE R T 32 ) I IE 5 R A RRAE (1 588 20 A 48 S AFIE 20 7
PBAS™ P IEEE TCSVT 2025  99.8
=] T r‘“j
Shape-Guided" FH T B AR S8 58 AL W [F) 7 SR Y ICML 2023 94.7
CPMF® 44T POD HEAFRTIIAN 2D fpgzsy 0 SotoBtition g, g
Back to the Feature™ E.45 PatchCore [(J7F T. 3D ¥~ CVPR 2023 97.8
- s i Vi 3+ v k=
DRCB 4+ nsFusions R TEWLHTEIMALEZAMAEEZ poqy 05 982 MVTec 3D-AD
3D Mz 2 i it
3DSR® AR PR TR 1 Bh G B RS RO B A el 7R WACV 2024 97.8
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M3DM!! Balsliatan CVPR 2023 94.5
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S B fE ca
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Reg3D-AD!™ A;FX i?ﬁﬁ’T ik, DRBIZRIRI R 0 1pg 2023 704 Real3D-AD
4 A
3D A PointCore™ B AR AT o (3 S A AN A T arXiv 2024 82.9 Real3D-AD
Uni-3DAD TR Tl B 5 i R Bpert Syt APPL - AvTee 3D-AD
L EILULGNRMERS e ST 3D S K ,
CHpSAMP A LR 4 EHE AL Ne‘“ogggg’“““g 92.3
UCAD! {EH SAM 2T 25 R (X b >3 AAAT 2024 93.0
i SRILEE 10 A 22 R 5 AT, I
HEF 2D SAM-LAD" BE/H SAM R & ’ KBS 2025 98.4
"y BRI U 47 DL
SAA+! RE RN [EEE T-CYB 2025 —
STLM™ FIH SAM fE R BN 554 W 2% ACM TOMM 2025  98.3
FERBAA )57 SpT®Y YR SAM A G Hb FR A2 PG A AS [ [X k) 9% R AAAT 2025 — MVTec AD
WinCLIP? HERITRER, S5 KI5 CVPR 2023 93.1
AnoCLIPI™ giﬂgkﬂ%ﬁé% SRR EN R, R & arXiv 2024 .
ES ; s e i “
Cfé}) AnomalyCLIP®  XFREF A SURMR, 4R a4k B 8 ICLR 2024 —
AdaCLIP® ?%% (FR MBS W2 8R, IRE1E X AG ECCV 2024 .
i
VCP-CLIP®) MG T SRR R AR A ECCV 2024 —
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Table 3 A brief summary and overview of different NFM and FM methods (continued table)

5 THI D7 HiR RETVE RS TERE (%) g/
SR 3 S L R
SimCLIP? %JA{J\%)LmnﬁEE%, et R 2], Jese sl ACM MM 2024 95.3
[f&- 7R
CLIP-AD®  SCAMURAM, B 2 (5 1JOAT 2024 -
‘Workshop
" P B 25 S s, A5 OR 3N I SCARARRAE, kB —
CLIP-FSAC™ ' ’ LJCAI 2024 95.5
SCAILALAE S 7
. CLIP 5 SAM 1k, 4—M£ REEFAZH, Neurocomputing
120 ) ; g
ClipSAM EZ4 LI 2025 92.3
—EQCHLDI?D SOWAR VAR SR B O E R A7, WU A 2 SR ACM MM 2024 —
SAA4 AR, Atk AR B AR LR IEEE T-CYB 2025 —
APRIL-GAN®! SRR AR AL AL &, 2 Te iz ik arXiv 2023 92.0
PromptADPY PRS2 1B CREE, BARE LR CVPR 2024 94.6
A S PSS =0 f e B o
FiLol™ jﬁ%i%ﬁ A S ), A Y R A v R AGM MM 2024 o MVTec AD
» . Dual—Image Enhanced N E 1%{ q% ?J:E i 33'1, 'fﬁ i % 5 T%L"I%EE E/‘J IR% Hff Q .
FERBAEIY 51 CLIP™ & B arXiv 2024 -
=Y TR = A 4 1
AnomalyGPT® %fﬂ& HLBE T A5 —SCARFIE UL RC R D 2%, 45 AAAT 2024 041
NN
Myriad®" NFAGE L 5K, B0 KA 2 arXiv 2025 94.1
ALFA®® TBAT I PRI E T RS, SIRLE % 55 4% ACM MM 2024 94.5
T 2D w PUSERZTEI, BORL X KIS, SR B, 1ICAI 2024
GPT GPT-4V-AD S ) —
Text2Segmentation J5i% Workshop

Customizable- VLM SRR

IR T AR ML LR R, DA

IEEE CSCWD 2025  82.9

{f/H LLM $2H B2 48 I A AR S DAk AT 2 48

LogiCode!™

IEEE TASE 2025 —

SR
e R FHeT —
CLIP3D-AD j;z;g giﬁﬁ*aﬁiullﬁffﬂx, U N N ACM MM 2024 o
3+ 3D NAVNIT R
oLIP PointAD™ RO TR SIHER NewlIP$ 2024 97.2 MVTec3D-AD
M3DM-NR" A7 FH S8 A0 S P S B s e IEEE TPAMI 2025  94.5

F T LB, FM J5 ik A LR K 2 B
BE ST K (0 2K, A8 5 23% (10 T A 00 R 25 40
IS F o R I L 5 K . SR, EBRE M B 5T
L UL 5 DL R HE R AR S PR AR T 282 3, TR 2
FEXCEE 3D ERES, U5 7 R IR R 0. F—
JiT, NFM JPE MO8 T A B0 P IR A3 BORT g
ROH B, A FLAE SRR S B R IR A Talk
s R

2 FEEAARRE AR

TEFERE ARG 2 7, BRI KA = S
b Tl AR RS WU A3k 16 AR R 38 AN R S o R T
YIZRFENIN, T 2 d A A () BEAA R AIE B2 BB AR AN
THERCRR S mAT RS . X 27 e & T 75
BRI I IR AZ BRI 5, ONAE TR kAT
SERRERE IR T B M. AL ST R
RITFEE VR 32 R Geih 2507 8 A R IS
454 2D RGB 5 3D Bkl & 3D ARy
V. R 3R T ET NFM KA [F] 715 1 5 55 F0HE
R B 5 BT NFM & JE K5 B R 2.

2.1 GERE

Gt T TR R R AR A A I R R A T
AL . Zhang 51 XL SE ) Dice 2K i
1T Tk, $2H T —FR A IEH Dice k. 140k
BRI AR AR FRUIN AR [OH 2 5 e n e KA, AT AL
Bfj 1 LR R TN . Bae &1 $2H 7 PNI &%, BA
fif AL B RN AT 38 A S I REAE 2 A IR R ) 1% B
15K T AR IR AIE 1) 2 R R 2R, S 22 2 IR 4
(multilayer perceptron, MLP) ¥ 2% X} IE & RFAE )
SPATEAT AR, AR, O RIS AR AN B A AR
FMERHIE I BT BRSO R B A B Lyu &1
F& T R E S B AR AL, IR T R T k
1148 (local density k-nearest neighbors, LDKNN)
J71%, LMD patch-level HFAIE A 1% B 22. COAD™
K A A — BT LS, i 2 i Aok
Wm0 S R, BRI T HAR R (aber-
rance retention quotient, ARQ) E&, IEHi= L
AR, A E — DR sl & HE X
[f)” (FefE ARQ) RO 3 Kl 14 5. BGADM %
it ML A5 R EHERL (boundary-guided
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2025 ££ 7 A | AF-CLIP
KA S TRAENUHERC CLIP,
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2024 4 10 A | PointAD
IRAFRR T CIHESE

2023 /£ 8 A | AnomalyGPT
5 AN~ SCARFAE DT TRE e T
&, PRI

2023 ¢ 3 A | WinCLIP
AR FERSS%
KBTIk

2024 48 6 A | CLIP3D-AD
TETC FACIZ R AR SRR AR LR
[ i e A S5 AN i

2025 4£ 1 A | One-for-All Few-Shot AD
SLBIE PR, T 51
R S R

K5 NFM 5 FM B8 A R M v

Fig.5

semi-push-pull, BG-SPP) #i%k. H )k, Blid 2]
NISR = N 1150 (T S0 ) e T = VO U (S G 82 v X
b, BROEIEFE AR, R R AR, TSR
RFIAN G BGAD A /D & R A RE A
R DX 43 ORI A WL IR S . ORI, S 5 °F A 11 7 ke
PEATS AT e S BURAIE S SRR KR, BGAD JF R84
FAERAX — IR ) R

AL B gt ke W, Az 0B A T
T TR REAE 20 A () 2 SR ASE (i PNT 4R35
SRAE) BRI SRS 4R R (W BGADY (1)
HERL AR ), R R AR R ) e A HE . X SR TR )
F B AT HE G, BEA Rt s, HAESL
P 73 A A X AR E 2 4% TR R R 7 R
FRAVEZE T, Xt e B8 Uiy, —1 %
THo A A AT M DR S 4 A i B e #2 . B e ] D,
WAL G Gi v oA e i 5 B B R AR 5 ST A 46
& (W COAD™ [z A ML), AR TSR AE
R NI RBUE, %07 [a) 1) E Bk
2.2 FEEMKRE

A RIS BRI AR R A HOE L
W REA SRS o R i e Re . ) R, R
BRI AT 73 LA LR,
2.2.1 HEpiER

FET M B Y (denoising diffusion
probabilistic model, DDPM), Zhang 0" #& i 7E
WA HOL R I NF AR RS DA ) AR R R
FEARWISRIE. HhAh, Hu 50 R E T 2 MBS RHIE,
TR ENTE RS — DG — AT, il 7

Representative methods along the development of NFM and FM model

AR S, B 5 T HOP IR A S NI
KRk 24 . Jiang 550l i Af FH SCATR AR A
TGRSO ControlNet FEHY | #5851 7w AR )
M. Hu 250 32 T AnomalyDiffusion, f# i
TEY BB A (latent diffusion model, LDM) 3K4ER%
J o BUR . AR A A) IO S IS N
BUHRIAHES &, DASSE A2 B e 5 0T B RS 2 ()
IR 5. Li 2600 EVR A 7EY BB (blended lat-
ent diffusion model, BLDM)!"*! [fj 5l Eit47 T 2
TG B, Bt 17— MR “okiE = oK (de-
fect trimap) R4 % A B T 1K) B A A A 5k
X3k, Hk, RS A R 2 m R g N T
() 2 4B B B, DABH OR 45 A4 7 BT 1 AN 485 OR 1L
AL, iR T BRI AE 2 HaE N, DA —
e EUE R, Duan 5P Y12k 7 — N = 2L
1) Style-GAN2 1E A IEH BUR & T 4%, b8
T AR TR B SR R R 2 BROR AR IR B RS, R A
05h DX 35 P FRIREAAE, AE T R R PR
2.2.2 HUEIEIEEAR

FET IR RHE, Chen 5510 @ i #6 F A FIAL
Wr 52 51 T e AR 7R IR R S RS
AR, Z S AE A Perlin B 75 61 2 — o, ok
H5HMRAF S5, LAG BeEE B 1E 5 R B I 1) 9
. Zhang %P9 i ] Perlin Mg/ A2 il 7 B, It
B FAE A 4 1 N JE s I 2R AR X 4% e B
B RS A RO R T AR P 2 R R R
KHFAERIRE /), MR & T 20— A HE LA S
Rl A . Qin F50T 5] NAE XUE BRAE U B
FEA. Z 7 EFIA LayerCAM M B H 42 BUE 245
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fiE, FFHEAT SRS AR o B Y X3, o
PR patch Xf I A2 e A B, DU FR D5 504
AR E R EEE E. Lin & PR T — 442
T PR S W BAME SR, 455 1 1 B AT AN I B St 1)
S SR oS P 22 A P iR R T 1 ) I 5K
W, ZAEZE IR T S AR R e AR
AL A BIPEAL. Bai S50 I/ 7 0 FE SR - AR
75 5 B .l s W] R A o 2R R OR, H
ool s o 21 I H BB Dy 3 2 TR RO BR B 3R, AT
S VD REA S EA I PERE. PBAS™ ¥ 5k5>
N7 PG 2D R IE R R ACRHAE H) R A, AR
AR SFAA T, T T 48 AL R 0 & B 7 17
W5, 75 BCH S8 A IE B R AR T HEAT — 7090 2K,
BE— AR R TETL T, DL DR B 57 AN 5 1R
FEAEE.

IR Perlin B2 75 4 o 25w {5 T /£
AU (LDM) AT #2425 (71 AnomalyDiffusion®
A RealNet ™), 55 & BRIG  25 2 # 1 Tl sk
“IESUREASI AN B 57 . X 2R ITVE R BRI
WAL Tl N ORI D 3 “Bi Al RS IR
REAEIL N, A8 TG BT 55 e A N HE B AT 55
SRTT, HAZ DR HRAE T3 e A I R HL P 5P R
SR VR FR) R S VAY - A A BRI S S0 AT
B K, T RE S BURRY FE S R N o B E A R
. BRI, ASRBEFE I [m) T F A5 7 (W CA-
GENP?) siBBE 5 S (41 GLASS!™) 25 5 ok Az ik
B AT G5BT ) e T SR B AR AR

2.3 454 2D RGB 53D S=IA%E

454 2D RGB 5 3D A= i7ik, ik gham
RS R iE———2D RGB E& 3+ 8 Bt AL
FERRAE LK 3D = PR =S e A1 U {5 5., 327t
T ARG 75 R B — RS B R 1 52 PR A I

Chu VR H 7T —/ MR F R ET LXKMW
2 OTHEZR | ZHEZE R A SR L 43 G A 3D
SERI RSN I S8 RS B XGE A7 B A AR
51 5 A HEER T 2ok e AL R A A R S 1A Y
) #1282 F2 K 2L (neural implicit functions,
NIFs)!" SRR IR R AR, i i 755 FE 25 34 404k
M e, SR T g T X B R
TS AL O HERF I, TR B T SRR N AT R
A CPMF 2 @i ¥ i = B2 3 2D Skl 2D
Fow, HAE I TRIIZEI 2D #20 /0 28 H BUE SURFAE.
IXELREAEAN 78 T AT T IAE 16 5 2 F A 755 3 L
(1) 3D Jey ERAFAE, I RRAE XS 55 A A i 4 —
N A SR SURN R R JUART 1Y) 545 5 7R . Horwitz 250

fa i, 3D J7vk H AT #E 2D ki, IR T A4
B AR )T TRMER N 558 T IR 22 ) M
R E R 7 R, BLER S 3D R A I e
TransFusion!®* 18 i 12 IS I S 5 X 38k 157 W
FHIZ T IR H AU e AT, A OR B AR X
(R IE 8 A, A 1o FE vz A AV s 2 2R 1) )
Zavrtanik 2@ 5] X7 3DSR, HA4 DADA 23] 1
— N3 B RO AE ), B @ RGB IR E
Hi#s. 3DSR 7E DADA 27 > B YRR AE 2% (8] th P07 #
S R M3DM™ 2y RGB. 3D Flfili & RHE
g 7 =AML IS I2 R, Il JUR RS (de-
cision layer fusion, DLF) Zx& % K H X 9212
FE R R FR AT TR, N T K 3D s
FPAE5 2D RGB RFAEXS 5%, SIN T sURFAEXT 57
(point feature alignment, PFA). Rudolph &%
H T AEX AR AE -2 (asymmetric student-teach-
er, AST) M, K F IH— W iEAT 5 FEAG THE N
U DX 28, A5l FH A% S8 IR R B I 28 A R 27 AR I 2% i
LT e 7 v Hp R 2 A AT SR AL RARATT 3 B
i AR i 2 AN A2 I T

WA TAE RN, BEEARE JTEEE 5N 3D
JUAE R (i miEm &, /R R 7F), A 4%
SRAN T ARG 2D JTAAE AL BRIRFE S (A0 T, sk
) BHRAEMR. i 2 M3DMM R E Rl A, iE
#& Shape-Guided™ XL ZKPpA], Ho 3 AR A2
BRI TR B, B0 R R — BSOS
AT SR B AB AR E THREXS Sk B Sl N 1 30
HMRTHR AR, HON 2 AR AR A8 RS B B R AR
. AR AR AE T IT K S R B A B P A )
FEHL (n ASTE), ZECRIE SRR PR AT T, SE3
PR SUPR 55 JUART 285 48] PR R JEE IR0 5

2.4 3DERFE

3D A= 77 VA% A RSRS8O E O AR AR B
RO X I, B AE D v BT R I AR A A
JEHA BT oA R i (model-free products)
FRAE LR )k 2R X3k k.

Zhou 57 S T4 BOBT AL (1) 5008 20 A i 4k
TER N R 58 24 55 50 LR, 7R a4 Bod 12
g S E b AR, IR S R AR E . b
A, ZF IR T — M8 Patch-Gen B 3D &
RIS, B R BOE B ERFETEAR, FEREI
SRR H A 2 (A ) 2 ¥, R3D-AD fi# ik T 3D
S R H 5 U SR R B ARSI R AR 5 X
MR AIPEEL. PointCorel™ {7 — /MOAZ R AFfif
JAFE (AehR) A4z (PointMAE) Row, AIX L f&j -
2 RFFE 7 BCA RO 2, DA TH B RAS I a2
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PRI AR h R A A C L. (2 T R e —
TR BRAS R 7 1 0 B2 TR ) o AT 22 5, (R
I % AR & (iterative closest point, ICP) %
BRI S MCHESE IR, 18 1 SR i) S AR e
Liu 52 H 7 — A0 3450y B T RAE ) 7
SOOI B 1R 73 3270 ) A TN % T i g A i 2 [X
s Horb, EE N SCEIRGIN T AR RO 45 e 5
(GAN-Inversion) A= B 55 N AL IEHFEA,
MR R 4R . Zha 5000 51N 1 f% 18] 3 5 4 7 2%
(inter-cluster uniformity network, TUN) FIf& A Xt
F M (intra-cluster alignment network, IAN), —
53 PR R 7 [A) e S B0 9% 1)  FRORIT A PAY 6 5
o 7ORFOE B3 SR — B, Ak, B N A
Cr I PRV T E A VB AE r) i ) X 3, G TR
S I NI 3 R A= N S = SR
SR

3D A AT EARE T MR AS AN “RFAE T FE”
[F) o)A B A ) R A T8 A ST IEHREAS T LE 7y
M HPAT R E EE (W0 R3D-ADI), X KT iEEA
TR CTORAYY T i B I AR R ) R .
B FE R T Re 8 ERE AL 2% 1 J LTI AL TG
it WRIIE R OAFAE . SR, JRUAE 3D B g (andk T
GAN Ei B8 ) AR A% 1 i TH SRR B,
Me DL B4 B Tl 72 2k DR i 0 Point-
Core™ 25 T AR 51 & UK R -4 AR IEIL1Z
J7 %, WA IIRS B2, B A o S HE B AR ]
TR AL

3 EMREGE

R NFM J7 e € Tk st F R =,
{E 52 BT 04 BB RN 2 AL R 77, 78 TR AR 0 d5f F Fof
FEAETIA NG, TR, 15 5 BUAAE = Al
J7 TS H R S5 A 3. I S R A el A
EEATE T AR, Beid I Hh PR AR A A EUR
RIRRRHIE. SRS 3 Rl 7 AR b, 15 S
B RRE R =& 1) LN U, DX N TARE
AT AR IR AOR, AT ZE FEAE AR D FEAR S R
SIS AERR AOAS I S e L. AT KA A T A -
TS B S A O REB AY  PU SR By vk BT
2D SAM. 2D CLIP. 2D GPT #1 3D CLIP {JJ5i%,
FHE— 25U HiAlh 3D FEREAEAYLE Tk B [
PN k%, 3% 3 X T FM A RF 7kt 47
TSR, K5 R T FM K it # o i B
AEGIAT TAF I [A] 28

3.1 EHT 2D SAM 5%
VB —Fh LA AL SAMDS 112 B HR L

JoT B 53 FFE R (1) 58K RE ). 38 R A DR RIS Tt 25
Hdls, €T LAE 5 g 5T WHAEAT B AR AT 5245173
F, MG R E AR S ISR, Rk, BT SAM
VRAE T REA S R AT 55 i R I R AP RE. Cao
LG0T R HT SAM MZIRAR 7R 515 B H Fner P AR gL
Mg 7 — AN FEAHHESL, B SAA (segment any an-
omaly). SAA I ] BLHIE F 92w (0 “Hhis” Bl
W) AR I S X, BE S AT A AL L A
M — 25N T — MR EIRRIENAG AR, KHELE
Hiom A SAA+ (segment any anomaly+). A J &
UF b P SAM AE R HERD, Hou 28RO 42 T
ClipSAM, %7456 T CLIP fil SAM 4 .
ClipSAM ffi | CLIP HJ3H M RE T #EAT 7 7€
R AU 73 31, SRJE R G RAE N SAM IR /R 203K
KAy E 45 R fE SAM-LAD ', Peng 251" 5]
A SAM kIR HUA ) EE A 225 BRI H bR,
B H AR 6D 5 8 BB FRHE A 3R, LASRAS H
PRRHMIE L, SR 5 T BARILEC. ZEULERAE b, $2H T
—Fh W EEA (anomaly measurement model,
AMM) AT 2 45 A1 4544 7% . /£ UCAD H1, Liu
ST SAM 1 G5 WAL EE 2% 3] (structured
contrastive learning, SCL) >4 5% 5 5 Al @ik
B SAM A= B HIFERD A A Ak, [R]— AT A F) AR AR
Mepralr, i HAR R AE A, X OGS T T R R R
MFRFER R, Li 0 42 H T —4 SAM 5] 33
MBEEFHEAY (SAM-guided two-stream light-
weight model, STLM), L5675 & A 5 3 45
PE. —MNRIRBURFEAX 43 IEH 5 R 8 X, 75—
AN TC e U DA SR X 4y B2 S L i A
TR 2 AR IE S A, STLM $2 4 1 RS i 7 i .
#£ SPT ™, Yang & 5l N7 — Pl g 5% 2RI i
BC#% (VRA-Adapter), LAHSB) SAM 5 41 b 24 g [
B AE XIRZ [ B 5C &, 8 5% SAM X 7 H A
) 2L B .

gk BRTR, BT SAM ()5 VEZ O AE TR H
PSS ED A NI EENHES
PR MR o B SAA+ S5 WTE R S5 ) A b
S 20 R OB AR ST S5 R AL, BT
A MR B ) A A N B E 9 ] IR T SAML T
A\ iE SCHHR 7). BAR SAM RERS 52 (it = R LI
FHE LT, X RIS RS EE, HH
JER A AL L R = 500 R B 2 ) RN el e ET AL
AR L AR TR i AE T T R B v AR AL B 5K R I i
& (a0 SPTEY), DULECRFE 43 HIRE FE (W [F I, Sl
SFFAE 5 75 [8) 25 46 PR FEE A .

3.2 EHTF 2D CLIP 89753%
T CLIP 15 7548 B R AR T 5 11 40 o —
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BEBEAM K EGRID S SCARL RS, i
SEALEAHIE 5B SR B Z IR R, HFEEEAR
SRR R RN H .
3.2.1 XAKER

Jeong ZEP R T —MHK N WinCLIP HI& K
2 S R 5 v, B 2 A RO R RORT 22 R
TEHR B S LR A 8 73 311, Zhou &5 #it T
— P B AR TG SR I SCAR SRR AR AR, d i A o 38 A A IE
W5 RERRN SRR ETXEER,
KA 3R G A ) 5 X3k, APRIL-GANPY S0k
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