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Abstract

Research on few-shot learning-based image inpainting and restoration aims to tackle the challenges of
completion and recovery under data scarcity and highly variable degradation distributions, thereby
improving a model’s generalization and rapid adaptation to new scenarios. This review summarizes
recent advances, covering meta-learning approaches that enable fast parameter adaptation with only
a few samples; generative-prior methods that reconstruct fine details from extremely limited data;
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self-supervised and contrastive learning that enhance training stability via internal pseudo-supervision
and representation constraints; and transfer learning that leverages pretrained knowledge and auxil-
iary-domain data for cross-domain adaptation. These methods have improved texture consistency,
structural integrity, and perceptual realism, yet they still face challenges in controlling overfitting, mod-
eling unseen degradations, selecting appropriate evaluation metrics, and achieving efficient inference.
Finally, we highlight unified modeling of multiple degradations, efficient adaptation of foundation mod-
els, and continual/incremental learning as key future directions.
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1. 51§

BEE T ENAE AR R E, EBREEERNRERAET IR OAES, EERFRAZIZH. EK
WML 22 By M A2 DL ST A R AP S ek HE G A T B AR R[] B I RN N A %
IR, S BARIN ., 5 o EISE N ST 5 AR AR AR I AT [2] . ART, A SEBRI R
Sffnd B, 2R TR SRS . BT A B e B S s R 3%, SR B AR bE E
M L RO Y 2R B AN AR AL I R3] [4]. T AR K PR W B b 55 T T PR E RS
— LA PR Ak P T3 e R R R P SRR )

FIEUAE S 750 BT F T eI s iR s e i, B RIFrIRtE, (7
S AE LR S AR T A [5]. TR, CAEREGIRAZ M 4% CNN A1 Transformer A3 4
XA i, e R RHE R B S AR LR LS e 0, TERME e L o R R L ORI S5 AT 45 LR T
RGPERERE[6] [7]0 SAT, 18 T2 300 (1R B 27 SO A8 0 00 41 4 MR B 2 2, PR Re s Ol Tl i
Hom S S I R EE, BI RS SR IR - WM GO . FEILSE N SR, SRR R
REPR RS A DURRS 9% /), fERL e iR, wmEEy. e MREeES, Bl “ T
R MRS . X ot R EHE 0 FE AR, P EE 20 T I W USRS R R TT O EE 13z AL RE 7 5 5K
PR

EEX BRI " SR BiAs & & kAR, B A I I ER SR AERE AR BE B = 15 0 T AR 2R )1 4555
W, /DFEA% 2] (Few-Shot Learning, FSL) R4 51 N BB S 4Uk[8]. 54 B IANE, DrEAEIBE
S BB ESRUT AR S fe /., RE@EE il b B S REA,  HER AR ek
BE SN TR, BLRETZYE H MR T 2 18] 1375 B 2 8] B BB A 9] axX Fo 2 2) Y AN RE 6 2%
X R HE S AR, 34 g ik 35 B FHASE B A THD 6 A IR A SR BN 1Y) O R g

LA AZEHER, ETOEARRRMEGEIHAZ2IE ZBEREMNESH . J0% 3] (Meta-
Learning) /7 2 LB 7E 2 AT 55 R AU R, 5 2138 F R BS ) U6 b 2 Bl A A S, AT S BRGS B
Yy B PEGE N [10];  E W B 2% 3] (Self-Supervised Learning) 5 &4 4 2 >] (Zero-Shot Learning) Il % 7132 1%
PG P 3 (36 A 8 A5 AT B AR AN, 7E 5842 0 75 AN AR (1% 100 T SRR 2 U 1 ) BB e 3 [11]
[12]; AERAT PN EE GAN 151N, (EFS 158 REmE 71 Bl BUR R A6 LT RAE SRR, RSOk
SR TR KR IS RE J1[13]; BB, X EL 2% >] (Contrastive Learning)ifi i s KALFEA A EA5 R, N
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FEARBCR Bt 2 1 F SRICE R (1 P9 A RF AL SR 10T IO AR D SR [14] . IR T IR AN A BE HL T 5 LT I
BIERNLTF, HEAEPNEAEETREARL TR EE RV RE.
RAEZAUS IR B KRR QIR AR, EH A Z 0 X — 307 A RGP B SRR R
2 AL TR AT 55 (UIHB 43 W 26) Bl 2 244 (U GANY), AT SCE AN “/DREAR” X — S B A A R
EHBE A RMBBEGBREEAR . ST, A SORXT BRI TR S MR R Rt et
FAamsE . BATRIRANIRD T05 20 AR L [ B o 5 BT 27 20 S5A% L SRS AE A DB [BE =2 1)
RIS A FENLEE, DT RINEAE LR KW £F EGA SRS PRGNS BIRYE, IR0
ZEMATHIVEREM, B MU ARIT 7T MR MMEN S H 5 R 2.
2. BB EhROEREITE
21 TEIFZE
T A AR ZRI BB AR A G 5, (iR A “ DUl 517 BUBETT, AT BELE I8 BT 55
DARR b B R AR B IBUE S [15]0 VF 22 TARR oo 2 ARSI NEHRAE S, DLER TSR 1B A 28 5 i 4030 dok
THZAPE[16]. b, B SE STIEE G NN B ST ZRE BTN AR B fETTUIZRIT BL, AT
SRR R EA R RS SRS, I 5 2 WA PRod il NEX AR 555 AE Tl sl B, B iR 2 0 4E 55
FFAIFHAE TT N ZRBr B B R R AARIEOE ROR LS HE S5, I 1R

TR B A )

% A
p(T)
}
KA AL
i e
JGIZMeta-Train STl Meta-Test
14T, L.[ WHEST ]
* A *
SRR DR R
Support S, Support S,
v v v
WIERR | EdE | PUHNER (1~K3P)
BT Query Q, Support S.
 wEEE [ FRI S 57 ]
Y ik

Figure 1. Meta-learning process
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ZHEGLR D REAR R BIE RS N “ I RS 3] + RSN IEERS” PR R . B S B sk
2 R BB 3 S (AN RIS | GBS B 4 T F AT 55 0 A p(T ) #iik . fE7eiIZR(Meta-Train)
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BB SR p(T) REEZAMES (T}, PR REMES BRI SRR S MEREQ . SCRFHEINE
TR, AT AR ER: MNLESH 0 hk, @il 1~ K B FREIES HIER S . MEE
AL BiFEL, FAEIME P I ESHOAT Y, EREMEL /DB NI ERE, iR
FESS IR WAREA EARFR RIFRI . 75 TR B (Meta-Test), 47038 B8 E 5516, AT R &S e
HATPOERGOR ST B I E 25, WISl T 55 . SEg “fEf— KBRS LlZe. B35 AL
Fea” YE AL, 1ZIeAE S SRS A DR AE T 5 2 25 B IE L I S8 aa 4k, T AE D FEA %A
B AR I sz A PO E .

TG ) H AR AR AR BT AT 55, 8 2 i 2 3 B0 N R AN 2R 5 SR PR R A 2 2T 1)
f£5% . filtan, Soh &8 NF&HH) MZSR J5 7544 705 2] S BFEAR A HrEE A S5 G [17] o AATIZE R HUEE S Kt
T IO, A RIFRIVIGESE, AEREAUNAT & 5K EUE B S I 25 7R D
28 T8 I 7 7 26 PRAGAN — JROBH P T R AT 3R A5 2 2 20 R o I X P i B8 5 ) G, MZSR R AN
MINEBAE R, SCHS AR BT A A% M A SR PR | 3 Y

X, Gao % A4 MLDN (Meta-Learning Deraining Network), #7t37n 2% S o6 R 22 2] 45 5] N
FAE 2 MIAE55[18]. MLDN 56 FH 70 SIS B R/ R G I AT T RS RRIE SRR, Pl I OC R 0 2% 2 2] I
FHIEMRIE) “RRME" , MW ERR R ERRZC R LE RGN G . XP 750 e T 7R3
WAz ARE 7, FE M TERE B LG I #5IRE state-of-the-art “F 34132 7+ 2 4%.

TH4n, Kim 28 A8 ECCV 2024 $2H Meta-Weather £5Y, KA &R T UG B AN/ D REAR H
T&E N ] /[ 19] . Meta-Weather 47 & 1 UHC ) 26 UK B G5 SJAESE, Wit 18 1A) - JEIE DLEO ek, /b EsC
FEREA RIS Tl R GIA R, e BN &l BT IR E . &7 5L R e B E &
KRB, (EACHHORAAE M AR 55T Bt B IE B AR R AR E,  SEIUE BR AR AR 4t
—J5, IF{E BID Task LA S5E8#E 4 BT 21 B if PSNR/SSIM % -

UEAh, B FAESS, Liu %A (2024)F2 Y MT-Net, &5 & BRI T02: > (MAML) . FIiRIE RS FIXT EL
2], SEPLERIE 25 S AR B S 5 5 Ak A IR G R[20] . AR, s )il “Ee )7 ikEG
B G RA H A POEMOR I RE /1, T DFEAR AR T ReE S R S0 . $e I8z fhae

2.2. BETERBEENSE

A RO GE R 2] B AR MR IR 20 A0, gk ANIE E (111-posed) Y SR AB A S5 3 4L 1 3 R i S 06
ZUHR[21] . Rl RAEDFEARBEFEAI T, AR RENE I “ K] (Hallucination) ” AL 5 B AMGRE
FRITRIER T, MR RS (B 22 il R R A 00 T Bl AR I SR ) O B SRR 7 3K, %2607
B3 NI T IREE A BRI (7505 D REAR AL BN I 2% UL RS T TR0 ZR 5B B i T ik . B AR 22 M 2%
(CNN) IS5 R A By i it & 7 AP RS 12 B AR BB SE T Re L D 9 94 4 B (Inductive Bias) [22]. 1XHKT7TL
AR AN A, SUE R AE K B AT B AL AL BT S BB .

IR A R e R T VE T R AR AT AN A, DUREE M 25 45K B S B E& . 4 Ulyanov S8 A4 i
(¥] Deep Image Prior (DIP)2ACKNETAE: BENLAIAGALIIG R HIAE — R e, DOEEH G HKk
AR, AEEME . HFER . BRI RS EEAS TR RIRCR 23], DIP #6578 1 2845k H £
RV 20 i B T DA IR K AR R G5 S, I — o, DIP fELME IR T A4 R 50
REN GBI 1 RS E T AR 3 . X — R 1«22 0 M “ARaE 1 e ” PEKIERER,
DHEARIERARBEE R 7B .

Shocher %5 A# th “ZFREA” B3 W3 (ZSSR), AEMIRIN S s B 5K A 189 0k RGN A B AR BME B k4T
YIZR[24]. ZSSR L SEUIZR, (EMABEIER T RFEEB A MEEA, XA/ E ] CNN K25,
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fEHOEROZ R R IR A, RO EE T B E R AR EUR SR AR S L. XSS =T,
ZSSR AHXH AL G R F KA I SR o S R AT B 4h R, 3o NI CNN By ik IRAER,
TREEAE ORI 28 (GAN) FI BB R S5 i FH T/ D e AR R 1B 5

Lu £ A2 GRIG: Generative Residual Inpainting——iX /& B MR E 2% 51 /D FEA BG4 HESE[25]
GRIG X GAN 22, flié CNN $REUR EBEFAEAT Transformer 45 &8, Bl kAR Z=HEFZ S 1k &
SR HANRAE EURGRAN T R R REE, 52 I Oy kb TR 2Rk mg LASR T4 5 SUBE 1 B8
o AU 10 5KA A NG R B L, GRIG B AT SO/~ w4 1, 58 DAE 7 VE7E 2 | AL
b EIE . X AR AR ZE AN T AR 2025 4R AR T CVM AT, FiEn, — e Bo A Oy kil
it A SRAICAY B B A T O B L 5K

Adrai 5 A\fE NeurlPS 2023 i i A IR L e LA S i) B B IR SE, AT LK CAb B
BIGAE NS HIIZAETT, b0 50 B SR TSR 2R S0 B 0 SR e A0 PG AR 25 26] o AMATIT 55 A B
RUON/NEHRE B T RSB RS EE T AU : T 2R MLY% 3 J1E %K (W DIP. ZSSR), =2
ORISR A RO, Y RETE S Z RER I AR A NI R B 45 . 1Ak, BEE Y HUBZY (Diffusion
Models) )%, I BRI 52T 46 R F TR0 S5 BIORE 2L 5 K 1R A i RE 0 AT R A B D FEARIE E[27]. X
RO EIE R FE @AY HOW I R SR RO, TORE ER IR KB 4%, AR > R A
SRR ATSE B R R W RSl MR . BhAb, T ) A A0 /oA SR A — A R T 15 3
K, Bl All-in-One [ 52 JEAEZE DAER T A DLIB A6 I & i [ 28]

RRTT S, AR U B 42 48 W 2% 250 S 00 . UG P iR Gt 15 B ORI A T R I KB A iR 22, ik
THERE T o B O HOE M . TE18 2 DIP A1 ZSSR AR N B EAREA: 3], 6L GRIG FAE /D RE
AXFPUA R, SUEI TR S BRAE SR T, 51 NBRAE SO 00 2 ST e R MRS 2 1 G R A

23 MEFIEEREFISFE

TEDREARBEFA R T, HTHRZIBENINTNEES, W 78 /- 72 90000 E4E A 5 (19 N 7EZ5 44
ISR, BORTRFEZ ALRE 1) oS8k . H B 2] (Self-Supervised Learning, SSL)-5 5% k%% > (Con-
trastive Learning, CL)IE & fif iX — i m A R . /38 8 13 ik #)38 A BEAE 45 (Pretext Tasks) M4
PR I BE S, 5 3 W) T DL AR AE 223 18] 14 23 A SR 2 SR P 9 Rl [29] [30]

B 2 2] A O AE TR N CARTE AR, e iR B 0 G vk S s BER AR AR B P bs
%o ERBABRATS T, KPR IE H R IR IR b ik FE (19 ) B0l ok R 9 28 1 B VA PRSI . 7RG
Z IR RARBEHAEIT,  H B S AT B 2 ) S T AR 2R AR AR BE BRI AR, A BB e B
RNGR. B T VI8 I BT FOCAAE 55 B A< B 27 21 R AE[31] . i _Eik DIP [23]H1 ZSSR [24] 45t
R T B DIP @ik g B AT E AR EMR, SEIUNEIA(E S RWndkE T, ZSSR B fE [F — &
BWRIEINIZENE, ST BN B B ISk IXEET5VAIER, RIERCE AN bR %, A AR A
KGN TR P2 G RO . RIREH, — S DRSS TAE S BRI B B ok i A
Btk By BN JEaAt, BUR MY R T R G E R UIZAESL: Noise2Noise 1ERATE
—RESME IR MRS - R O AR MRS - T BON T E IR, AIMTERZ TR AR T RE
S P S E AT L [32]: B S Noise2Void . Noise2Self Z542 H “ B A/l h 0B 2”7 1 J-invariant
WU, AL Bk st 7 MR B AT R B H AR R I 25 2 B U [33] [34] . ESEHEA B, High-Quality Self-
Supervised Deep Image Denoising 2t — il 4514 5 Il R AEHE O SR TG M B 25 M i i, A LA 20 I 7 14
B EUT I )RR [35]; Self2Self MITE sk 5 EE I Dropout SKAEE H B I RN, Hodid
A R HERR IR s Aa e M 54 (R B [36]. 4k, R2R (Recorrupted-to-Recorrupted)ifiid #id “ FiBAL” #EA

(e
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X MGETHE SN B FARR —2hk, 20— 20 2 g TG M R e b 1 e 22 5 LA XU [37] 0 X M
TARSL AR, ROAESA BN Bbn 2, B RE R N B TT AR BN S SE it — B2 2
ARG, DRI REA BRI B R M ATHIZRE 5 R B0 Rai 5 A4t ) FLUID HEZE B4R
FEGEILE B, (HEAE B TR E S MR NG ME R BN R A T R4, SRR
i BB AN TE R DX, P MR P AR R [37] . X AR D BRI AR SOy B B 5 5K
W, AR AE AT LK RS O BB I 00 1 s ST R 0 A, Il 2 B B 25 M M 25 21
IS

XS ST MBE I SR IEREA . X AR AR AIRHE . fEDFEAE R, X AR E O TR
FEN A B ORI BRI & UKL [38] . FEEFAESTH, Wu SE3R HURE X L2 S R B R 2
SO TR B IR R Y IEREAS . AL R R S TR A, FEARRAE 22 8] 2 3
HESNH 1 TR R, AT ERTHERAE R A5 AF T RIZ AL RE /I [39]. FERE M FAL S5, Xia
SEHR AR O EEE R P, X e s ST RN TR MO AR, S TR 50 5 A R RFIE PR S R s A
U AS R S AN [40]. SEAt, AL S RO FEASE BT 7T T AT TARR B2 R S e s S AE R
G A BRI LS oS, SIS 2B, KR AL S S M I E O IE SR A, DU o
RS AR AR 22 5 O BBURRRE 8 G P> R Al P AR I B2 R OB IR EL A, AT v /N 25 1 R 1
Pz AL TERE .

ERTTE, BRE S SRR R BB R THOMNONGME S B AR N aii
(B B AR SRR AR — BOPESF) A D bR R, 6T B > D3 e R AT 24 ) 24 AR 78 70 1) A BR A
AFEIME LA o X LESRMEAE e R L B R T D R ORI R UL st fUL 6 D, 4R T TR AR R
B 5 R TSR, EMFRELS 8. ISR e S5 fats — Bk m it — PR R

24. IBFISHAE

T 2] (Transfer Learning) i % 0o BELAEZE -] FH U545 (Source Domain) ==& (1) &N R4t &k 4 B H A5
3(Target Domain) 1%~ >), IX7E H AR B i BE R B IK) D FE A MBS AT 55 TR IR B & — P AT B 280
o MRHERNRRIE 5T 7% 50K AN R, AHOCHI I = A v 72 & s 31 S s i Igod B, AR
FIABE SR SR IRt 2 215 78 AT 55 B S50 RO [41]-[43]

LR 2 ST REA S B R 2 — Fh ELEEA ) SRS T8I AH ST 55 BOK RS0 Tl ZRAsi 2y, SRS 7E
H bR NG B T, nTRURIRER T RE . VF 2 BB B S0 Fual i 95 38 ST 7 Bl A 55 R R #2 ok
RAN B AREHEAG B, B0, Xin Li 28 A$2H DRTL (Distortion-Relation guided Transfer Learning) f T~ 52
KB 5 [44] . HATT T P 7E 78 2 14 B 2k ELUE (46 R ot FEMR) BN AR IR ' I B R AR, SR 55
FHRESRR, B @R E S B AR R A 1R H Ok R E Gl B k48 R ARIER . BARTTE
DRTL | FHBAEE BN SE HE0E, K5 H AR 2R oA Q14 B AR DU AL i 45 /MEAR 1) B AR 704155, AL
MAEAN A A/ S R B 1B 0 R BB S B8R . 127 i AT 46 0 2 ¥ xU B 2% 21 e 20k
ITSEDL, R AEN BRI RGE T . F8ith, T ) 325237 5088 7 Mt 700 I 38022 ek
TN PR R, e B e s M U7 SIS BB B SR R 5, il DASR 457V 5R R
FE SR = L SIEC 0T 4 I 38 0 U B R N U R G A s i o SR KPR R 540 [41], N AR R 48 I8 2 AR
FATHIRFLSE SR AT FE ML S BRIk [42].

Ko, FELM . BFEES T, BHAE WA S s I Ze + DB B SR R RS S
it MetaWeather #847E 70 I 2R BOR] FH 22 R 80 RS 2% 21 8 FH SR AE, 75 oI Bl s a2 4
T 3 R B ) R A< [19] . AN Valanarasu £ A ff) TransWeather (CVPR 2022) 56 1E % K/ & ot Bl —
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AN FERR, SRS ERT LS A R AGHAT A, (RAERE N 2R o A I L AT PR RE T B [45]. AH LR
2R, OREAT B S = S RO I R A S IR AR ARV, SRS M. Ak, HSTIRfL
AR 2R S AT BB R A, B I T B @ NARIER A" LB, TR
R b B SR AY & T B 0 FE PR G S 0e AR [43] . SOt MRRB B “ie &l sy — M
FANTE: BN BRI B AL & L (Test-Time Degradation Adaptation) i F TR A< #1iE 4k
S A IR TR IR E R [46]: SERh, A SR A e A DU A 6 N\ e A #% AT B SRR
1E,  MTIH st A AR Ak R g P [47]

BEAh, Bl TN 2R AR (s R HOBE R . A2 i Transformer 25) 0 HU B, R I SE 70 8 504 L
PRI RST R B /NEEARAE FAT S5 BRSO Eass . —Semif 50 SRR A T e i S Ak B ik Ay, s
b H ARtk UG i SE I B AN 5 T, fER/NEE SRR S IR BB [48] . Bk, TR IR
SYRIFT AR NSk AMMES I REGE, 2K B TIZEE R 3 0, # R i R 2L
R EE /NG B EURAE SRR, KRR T A s PR ARSI B . E— 20, 80 Ao (R BO&E i
FRILORA 5)N “TEVRZE KA FARSHI AT N AT P& RS St T AT AE, T IE & /D REAR
%3 5 (M SEBR i B F 3K [49]

25. MEEXEESMBHR I

N T BERETRAN A D FEA 2 2] S AE B AE RAT 55 (S BR e, AT BB R IS5, L
PR AR AN R8RSR G X RN R AT 1 X AT

BT OHARBRERERZ SRR E, HES AR, % 108 ARSI
HR R EROMERER I . MR RE, TR~ 2] TRl W BE S S A MR bR . X 25 28 T HAIH]
TR B SO SRR A 9 S, I Rl BIAE 55 B A LT RS IR AN T F AR B A 2 . T8
THRERER S, XRTTFEN A EA NS EIG L, EACEEOKSH RGBT, REREE M E
BRI, ELFAEMES L EEN TSN T TR TE.

FHELZ TN, TR B SEI0 K J ¥2 BARAE L0 HUE B AR T R B2 e B A, (H
BRI HTFEARR AR, KGRI N 1B [ 4 S5 H A B BAT 58 K I BB R R U0 i

Table,1. Performance comparison of representative few-shot image restoration methods on standard datasets

=1 BAOHAEGEE S AERERESRE LROMRERILER

TIE(EEAR) et FEA R g PSNR (dB) SSIM
DIP (2018) Fng 15 Set12 31.07 0.872
DIP (2018) oy HrA 15k Set5 (x4) 28.32 0.830
ZSSR (2018) BT R S Set5 (x2) 36.87 0.963
MZSR (2020) B R 8~16 ik Set5 (x4) 29.13 0.840
GRIG (2021) E3 e 10 7k CelebA-HQ 32.10 0.92
DRTL (2021) BOHER 5 % RealSR 28.38 0.839
Meta-Weather (2024) KA LM 10 7k BID Task 29.02 0.87

Wk 2 B, gl TR 2 5 =R BIRE AR5 BT ERas R, BiEE% . kW
LB, B ATX R —MuB R, W ZIA R TR AN AN RIS 27 S S K R R A R
KRG, TR IRIEA M P REMZ AR ERFEST, R ES RN
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WS- TT, AR (U0 57 2R i S A AR B I s AE X MAEST T, AR 0], R AL 245
HREHRFFRE R, fEEWRAES D, RSB E] 99 RN, RS (nsh ¥ B Bvb th 40 719) 173 R 52
UFRE . 2GR EBLER A SRS B EWE P B — R EAERRE ST, EA RIS (RS
LRI Z [ A AE 22 5% o

Figure 2. Restoration results of transfer learning methods, without fine-tuning [44], fine-tuning [41], efficient
fine-tuning [42], and joint fine-tuning [28]
2. IBFIFER, NEBIAFRRAREE, TROB[44], ®B41], SAE[42], BKERHE[28]

ik 3 Fo, AR T VA 2 IR AL BRI AT 55 I B AT R RE T . A AR 5 UR
PSR B ] LA 1) 5 55 AR R R BE A R 27 50 B B 0 A e B X R R AR S AT #h 4, IR UEAE B0
GHvESE “FEEPKREME” M3gRT, MWREMCRIETHEWIR . G L REEs b, X0 45
WIAGAAREE, HARa PR & 0eE .

Figure 3. Reconstruction effect of generative model method, attention mechanism method [26], multi-axis MLP
network [33], CNN [25]
B 3. £ REGEERBR, NERARRARE, EEHIEIFGIE[26], 24 MLP W4&[33], CNN [25]
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2.6. TR BRLARNE S5E BRI

SR LRV SRR EGAE R TR R e T4 LIS 7 B3R, BAEsEhap T, ARBA R
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Table 2. Qualitative comparison of four types of few-shot image inpainting methods
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