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Abstract: Diffusion models have rapidly become the dominant paradigm of generative visual models. However, the
memorization-forgetting mechanisms inherent in these models make them unintentionally memorize sensitive information
from training datasets, which further aggravates the privacy and copyright issues in the image domain. Although the memo-
rization and forgetting mechanisms have been deeply studied in the field of language models, a systematic review on diffu-
sion models, which are the core technology of visual generation tasks, is still lacking. Our survey aims to bridge this gap,
and the existing works are reviewed from five aspects critically. First, we briefly introduce the theoretical modeling and
architecture of diffusion models, including the formulations of denoising diffusion probabilistic models, score-based genera-
tive models, and flow matching, as well as the architectures of U-Net, DiT and MMDiT. Such theoretical and architectural
foundations not only support the strong generative capability of diffusion models, but also provide the necessary preliminar-
ies for understanding why and how memorization arises during the iterative denoising process. On this basis, the definitions

of memorization in diffusion models are introduced from non-temporal and temporal perspectives. For non-temporal diffu-
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sion models, the memorization can be divided into global memorization and local memorization, where the former focuses
on the global similarity between generated images and training images, and the latter is concerned with the partial replica-
tion of sensitive components such as faces, signatures and watermarks. For temporal diffusion models, the memorization
can be further decomposed into content memorization-and motion memorization, since the leakage in video diffusion models
is reflected not only in the static appearance of objects but also in the dynamic motion patterns across frames. Once the
manifestations of memorization are formally defined, a natural follow-up question is what factors give rise to such memoriza-
tion behaviors and how they can be theoretically interpreted. Accordingly, the understanding of memorization in diffusion
models is then discussed from the perspectives of model factor, data factor and theoretical view. The model factor is
focused on the influence of over-parameterization and architectural components such as the cross-attention modules, while
the data factor reveals that the long-tailed distribution and duplicated samples can significantly increase the memorization
risk. The theoretical view is supported by the manifold memorization hypothesis and the geometry-adaptive harmonic repre-
sentation, which explain why diffusion models tend to memorize specific samples from a geometric standpoint. Building
upon these qualitative understandings, more quantitative tools are required for the practical assessment of memorization
risks. To this end, the quantification methods of memorization are introduced from the perspectives of model auditor and
malicious attacker. The auditor-based methods can be divided into proxy-based methods and replication-based methods.
The proxy-based methods are designed to approximate the memorization score by influence functions, gradient variance,
and geometric proxies such as the Hessian curvature. The replication-based methods utilize pixel-level, perceptual-level
and semantic-level similarity metrics, such as SSIM, LPIPS, SSCD and CLIP, to detect the duplication between generated
images and training images. The attacker-based methods can be divided into membership inference attacks and extraction
attacks, which are designed to determine whether a sample is in the training dataset or to recover the original training
samples directly. The threat models can be further categorized into white-box, gray-box and black-box settings according to
the attacker’s knowledge of the target model. Given that these quantification methods have empirically verified the severity
of memorization-induced privacy leakage, how to effectively mitigate such risks becomes the next critical concern. There-
fore, the memorization mitigation methods under a unified framework of machine unlearning are introduced, including 1)
differential privacy, 2) prompt optimization, and 3) machine unlearning. The differential privacy based methods are typi-
cally applied in the pre-training stage and can provide formal privacy guarantees through input perturbation, output pertur-
bation, or gradient perturbation such as DP-SGD, but at the cost of generative utility. The prompt optimization based meth-
ods intervene at the inference stage by perturbing the text embedding or attention scores to prevent the model from generat-
ing memorized content, which is lightweight but less rigorous. The machine unlearning based methods can be focused on
fine-tuning the model parameters to redirect the memorized concepts to null concepts, locating and editing the
memorization-related neurons, or applying closed-form parameter editing to remove the influence of specific samples or con-
cepts in a post-hoc manner. These three families of methods are complementary to one another in terms of intervention
stage, compulational overhead and privacy guarantee, and their integration provides a more comprehensive perspective on
memorization mitigation in diffusion models. To sum up, although a series of progress has been made along the above five
aspects, several critical challenges still remain to be addressed in future research. 1) The privacy data processing pipeline
and benchmarks of diffusion models are required to be standardized further, since the absence of unified datasets and evalu-
ation protocols hampers fair comparison and reproducibility. 2) The memorization definitions and machine unlearning algo-
rithms that are more compatible with the characteristics of diffusion models are required to be developed, since the existing
methods are mostly inherited from classifiers or language models and cannot fully exploit the iterative and cross-modal
nature of diffusion processes. 3) The memorization-forgetting mechanisms in novel learning scenarios such as test-time
training, federated learning and continual learning are required to be explored, and the deployment in vertical domains
such as medical imaging and financial generation is required to be accelerated for the cooperation of academia and indus-
try. Furthermore, the data privacy policy-relevant ethical issues need to be considered for the responsible deployment of
diffusion models in the future.
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Fig. 1 Overview of our survey
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BEA T B RAERHE (0 i R 4 A2 A T R4k A T e
JF AR 58 42 5 il A0 A ) A ) B R 5 (Can A\ Ab
S AR EIRE W A2 20 T TR A b A 19 % 2L S L
BUIE 3 8 SR FRAE . Chen %8 A (2024b) HIHFSEIA
R, BRAT HIORE 7R A R A2 0 0 il oA N 252 A
BN, IR IS T JC 5% SOAR SRS 5%
AR 13 S5 B BEARD AR AP e S, DA figf ke B S AR A 4™
BB AL B IR E R R SR R T A i )R
B

NEES e b (o S RO =R Rl
J7 ¥ N HAE R RV AEBE  JF 4 7 — B SO 2 T o
f) PN 25 8 1 7 15 (generalized SSCD, GSSCD) ., 45 4t
T, 5 UG NS 2 ik A L, GSSED S
N TRREE ) — S AT

XEFZ etz A5 AT —Fh B A

BREEASSHE |

EER fr— § .
sieng (¢ o—
= S
050, ®
Py o W

®
880000
Input

RN SEERTEFREE
A, EERANSIGECE
REERINEEIDIZAES

B NAENA \

BERAE S

ETRSHR

BlBn: RGNS S L
A FI A SR RIT I N AR

i, BRI Coptical flow score-k, OFS-k) , HizE
S A AR I G IRAR ) 3 SR D0t 22 8] BA 352 e
AGTARLE , I — 25 0 H SRz 3h I I (natural
motion filtering, NMF ) 4 HEBR AN K 7T RE A4 A B2 AL XL
W5 F) AL B8 R - i 2 i ot , DA T4 57 32 i 42
RIS e

3 BIZBIKRHVIERE

TEWIR Y B RLCAZ R W 2 4i e 2 L, it
— BRI WS e 5 BRAE A A5 e
RIS BIE AT . A GERBAN R, P RS R A
P o i S 2 Bl o A I, AT A2 AT A B A 2 A
PRSHE DR 2R 5 A B A LB AR R a5 R . — T
T, ASEIE AR B2 23 A , BRSO I 5k (it 250
1) 5 I R Kt oA B4R CInR B o0 A 5 i EE AL
) FLALS W TR E AR AR B2 e o 55—
J7 L, AR JEHLBRLAf BEAR T, 3 i 2 W e A X i

B LR FRFMRAAE S 19 2 1 Ry J LA Wi 4 LA, i
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PR AR T NTER AR o JE T I, AR
TR A FZ IIC I R S R (3. 1719)
DL S RECAC IR R e B AL A (3. 2°19) B TT &
GEMEIEIA, A 4 R .

Pl 4 FEARSTCAZ IR G 1Y) PR 2% L L i

Fig. 4 Factors and theoretical understanding of
memorization
3.1 RIREICIZHER
311 HEAIRHER

it B 2 R A i A G B e S AL A2 Y — R
R W FE TR TR RIS B8R 50 2R 4
BT Bk S el 2 2%, LI 10128800 5
MERIZY 5 2 A1 G R o Nakkiran % A (2021) B9HF5T
T Y SHEC I SR BE RS R  l BS
PARZ A 1R 22 BB 52 W 00N, R I S B4 A7 2 08
fR 23 [ FE A SN R e AR . A, S8 BV )
B B AR T Rk B 1 TSN, LT X DA e A A 1
AT REME LLAT 2132 Ak o Zhang 5 A (2021) (1) BF 5% 45
P, R R 25 I 2% BLAT LA R A R SR BEALBR 25 1Y
AE 77, 31X 3R WA A 1Y) 75 i A L 3 2R 1C A2 S AU
BEE BB SHE b A TR > T A
L, AR ATICIC . IR BF SR L ARLIC 2 1Y
0 BT IR 7 B 28 R 2 A ey, 0 6 AR 4 )
3 N R T 1Y 52 ) (Radhakrishnan 25, 2019),
4 I 2 0 2 R0 A FRRHZE ) 2% (Zhang 45, 2020) ©
Nakkiran 55 A (2021) BB 5E 45 Hh , 56 158 00 52 20 2
N, MR 22 58 T eSS BT (B 7E 25 o i (B B {E
HEA S SHAC BT R 25 25 R R

R TR0 A0 g D) 2 2 MR S AL 0 O — KIF&R
Maini % A (2023) FIBFFE I i B —3k 42 1 TR AL
{E] DATEAS R BBAG th Bl 3 Y 2518 . Transformer M
FOAT A A AE AL B R AT S5 B R B 3P e R 2
BACR . Kajitsuka F1 Sato (2025) f 557 BLIS HF 5T
JEASIE], TEF 9 A BT 55 H, Transformer {7 iR 2
HIZHCR (IR R O( VN ) BNAT 526212 N A
ST REAR R C R o TEX IR B ICIZACRE
J& B HLE A AR R R P01
R SCRS ShEE A T SEBR IS IZ N A48
S 55 25 B S0 V& 7 JS 22 R 45 0 4 R (AR
SUHERE Lo TSR OB R R 284 v, SOR R 7 1]
S 2R AR A WS Sy SRR 6 I, i 455 MR P )

QAR B W VE AT i, Y4 BN T R o 1)
ey 38 T )10 2 1T WP R E R A ke A e AT BT, OB
SR FRIA « TR0 R BUBEE B AR i), 1 R AL
S softmax (QK™//d, ) (Rt Q B K Apsirm 1
BN, d ARRIE FRYE RS ) FE D RO i Key A
10 BB AT HER I (BP0 20 A7 1R 1k i
P ) o X PR PR S MR K T T A
S N AT P RRAE T2 AL S P A A, e
TR O B B P BB R R U2 D 286 2o 0 ) v
FLRMGFRE . 3 TR BIS HEW , 5 225 W 3
T AR B I A AR B SR R i R A
B o Ren % A (2024) (B 58 45 K £ B, 78 DL U-Net
T Y HOSE A 238 O R R, U
BEUR I 38 SO R TR HO BB A A AR A2 3
BAEM.
3.1.2 BUENZE

B o A DA SRS EAEAE I oA T AR
23R M BB FXAEA B84 o Feldman(2020a)
PR EE T T FEASSE A5 2 M, B — R 800l 2
PRI IC AL SO FEAT TCZ N ZRFEAS 115
AR R ) BN R ASAR S (MR 2 25 5 SLIR A I %
WY %60 A AN AR SLARUAEAS (e it 1 %) S8 (8D R4 7 13
DB, 43 AR A HERR 2R ARG, T K SEAEASTE AT A 4
B 3 A B 4 AR 8 A7 7E o Feldman Al Zhang fY)
[ 5 (2020b) &AL T — i A 52 e 4553 1) PR
At 77k T LA S e B BB D12 A .
TR MR AR — AR o A L B AR A A
2, Cailini % A (2022b) BURFFEE T T BRFATE 285800
MR IXFE—FPEL G AR AE B o A b e AN 2 1 o
A AIREARZ 5, AR CAZ M EIBCE — 21
A AU REAS D) B 25 2y A A 1A, 1T S SO R 1Y
JRURS: o 33X 32 BH 8% B 3 TR AR 500 45 17 PR 19 25
FERR 77k SR b 23388 o 4o A v Al v A UBEE 1Y
B FATIE R XU

YIZRAE b i B T 2 sl - 2 MR I AR 2
2R e A A T B SR U HE R . Lee 5
A (2022) 1 Kandpal %5 A (2022) B WF 57 45 H #1012
() R A 1) B B SR 5 8 A WK B IR AR IE A G .
Huang 5% A (2024) B R T — AN EZ RS T
WF5E 2 FIC I R HEZR 15 2 A M 50 i B 2 R R T
WO KAWL B LIS . VIGREAREE S
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TEA5 Fh Y HOBE AL Y $i a0 4R A5 3 503k , 107 25 2l
Oy A R AR (Batifol 45, 2025) o
3.2 HEENZIZHEIEREA

N T IR B O R R R C I G
AE T 2 i KR E SR B i L m a5, o H
MTIIFGR AR A el 7E 338 1 @B OB A 342 3
T, B o0 A AT /Y 52 2 AU LT 250 2532 i i
12 37T BYBIFSE 32 2L T RN R 1 I A
B (Brown 55 ,2023) , 4 & S, AR BIN W TE &
SR i A RS B « e RY SRR ATE R i —
MRYETIE M1 5, H M N AEZEFE (Tocal intrinsic
dimension, LID)d i & d < D, {EY HUR Y 1 A 0 30
PCRIEFE R, H A T A A TR R A AR
Ross 55 A (2025) #2417 i 1L 12 s iZHEZE AL
fapf B2 M R, 0 TR A M v, 58 ST FL SR I
B M. R AL 2E S Y M, B BSO8R 53 A6 p. (%)
JITAE B I8 RN A AR p (2 ) SEPRE: 2 B E , O
6 I B Al b B SRR AR % R B (N TE B R R
LID. (%) FRE AL AR 2 GO BT L 27 B A9 N 7E A B
LID, () 18 3CIA O, 25 150 1Y 2 31 B i 1 4 32 0o AR
(LID, (%) 1R/ I, 2efil 2 P BRI R BT RLE A2 . -
1, LID, (x) < LID. (x) B, 18 S0 2 B L5 3K
B AR RIEAZ 5 10 24 LID, (%) ~ LID.(x), H LID. ()
BN 8 SO AR K S e 2 . R EEXS
LID B i #5487 (Kamkari 25,2024 ; Stanczuk 2,
2024) W] LA 5 5 BB B J2 75 0 B — AR AS fE A2 .
WA BRI HESR R T KR TE LT R
(classifier-free guidance, CFG ) 1521 1) ] 12 [ Y 4L
o NI G- N EE 5 O E0E 8 S [ (R 5/ NP
P TR R ) LA i, 23 B0 R, SR 1%
SPRBS T O , B0 R AR A A L BE U, A Tk
CFG 2[R LID,,, AT IE (RS B i AL IR AR

Kadkhodaie % X (2024) [AI#E LT 1 BE42 ) T
ANV B A < 18 SO 528 R B, I 2R i VAL
JINEF (LGN N = 10 3% 100) , A5 8 4b 5 7 25 19 IR
o MRBAURGCAE TR 0 H 4R w4
NSRBI o 2R AR BT = R 1S
43 BRI 58 A R 5 [T HZ 08 3Gl 3 7 A st
TR W D 2 (R T LU R L IR T R M 2R S PR AE
MRS S RS 4G A 54 | BIK UG B 31~ L
R[] i b, XA R A /DR AR . SR T Ik 4 AR

) & & JL ] [ i& W (geometry-adaptive harmonic
bases, GAHBs) MI=IE[#] & 1Y, 18 3CH5 i, 7 HUR BY fE
BEICICAZ A BIRZ O I IR R 5 RIS TR 4 U1 294 i A%
% GAHB [ LA 454 .

SR, BRAT B XS4 B Y ) R B 1L i B HE
SR Z AT AR A fa] B ) i (o AR s, 1 a2
Ay S AR 2S00 55 ) B /NI AR (45 4 40
DDPM S5 R1) 2 |, I HHC S04 A 1 37 b P A1
8 RSB B AR S i, AR Te sy H i TE i
F18 1o T AT 2 5080 A IS I ) DR B ™ A 28 A )
AL s I ELA P IXSE BT 50 $88 HY A B 0 1 2 A 20
IR AR TR S . I EIE 2 T A &
VAR N S R S ST g v A R 7 1
B 22 A R AT — KPR — 2 &
M5k, 9 1 FLEEPPAN I A 7 IO B A R A T
SRS, 24 A IPAG e 2 4R H R B 1) B T 2250
SRSy E——HR I B & A kA gei AR
PR, BUE BB AL H T 7 5 R BT
A, XA I (AR ol B HE By Tt 5 a0 2
Bedi ) e LIS T e AT g ok B el 4R AZ Y
TH VTR BAR A X ST

4 FELCIZRENIHIEN

o = AR RS B AU = AN 5 e 1AE
1 ERL G B IE R IR AL bR 5o,
RV 5 FEcs 77 mT DR SRR R i e 1o e
Ao BETX TP R ARIBI AL E X 20, JF B
i it 2 ORI R AR O AZ A T B AR T
SRR IR AL [RIG, AR B o0 R o 1 7 A
T Ty WA A B A G CAZ B R L A T
Beo HAZO BAUR X BIRLICZ /3 800 i AR Y i
U337 A AL, 5l i fR AL i T AR AR AR
5 1Y o b, PR AR RO A B R B, TEAR
FEAAX A L R AN T el
MRS 22 5, 0T HAETHR I AR AR BE A 7 LUK
4.1 WEFEITFWENFE
4.1.1  GEACHERAR R R AL R

TESS I 8 TAEAN A7 2 5 N s Ay
CIZH LR SCo AR BIRLIC e O RE A5 4y
M5 5 T8 — 3k B LR BB A 7 A o 1 58
PEAFAEFAAEAE IR SO0 T IR . X & B2
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FHr IR FHE1 (shadow model ) , T 245 70 R A 452
R, B0 A — DU R AR AS TR I 2 TR LR AN
FPATE o X B R T vk R A R DI R i AL
AR R8s R AT AT S B A, Feldman Al
Zhang(2020b ) 1| 1750/ B8 Bl b3l i AL 00 57
YIRS TR R RS AGTTHaRTTR — DU ZRpe A
() 5 1 7553 (influence score) , 1% 7 ik LB IE ] H A
R i — St At 3 0 i SR E . Jiang 58 A
(2021) FEIZMFERY LA b, S8 T —Fh gl PR oy — 2
44543 (consistency score , C-score) FJFEHR, Xf F—
MREAR x, y, HAE NG KN N n i B — Bt 44 53
Cp., (%, y) & X ALK 73 A P RAEER NN n
AN ZRAE DO B2 AR) B UINZRIETY £, 245 R g
TERH TR o S AR

Co.(xy)=E, [P(f(x;D)=y)].#(25)

N TR R —RYbR R TR AR , 1E % A )

AE VI ZREE RN n U EE 15 3] C-score :
Clxy) = E,[Cp(xy)].#(26)

IR AR AR AT DR AR S PR K
XoF 7 P SCAS T LA T o D) 6 7 00 SC AR A1 52 B
SCAS K B A AARFE T . Agarwal 55 A (2022) #2 H
T AEUN Gl B v BRI Ty 22 AU 5 B A
SR S B, RO T 5 0 BRI AR 1R T EEXT Hes-
sian A MR AT & S BUR M IR 2ZZ W ), Van
EN (2021 HEH T —Fl K 3738 SCIE A2 5 10k
it Az B B 0285 4

w3, 295 frak , i WA 58 COE SEid e A 5 4
K BRBULMIE AR Z [0 A7 e BRIS B & | i 61 2% iR UL
AR AT VE AT T B HAZ O ARG e Al
BB R e A2 5 Y1 b — S AR d Y L AR R AR K R
A .

H A0 TR ENCAZ U R R =2 —
T

&1 HENZIZREEUTE

Table 1 Comparison of Different Memorization Mitigation Approaches

— —
B L Bl LR ﬁi@gfﬁ B %i
0 6 Bk (Feldman %, 20200, AUBBLCIGIOLFRBNES RIS 0 o

2020b) A543 o

BT 5 % (Agarwal 55 ,2022)

CHEAS 5 (Ravi 45
JUMTACBRAR & (Ravi 55, 2024) 2

&% B il 4545 (Zhang %5, 2018)
R AT (Hu %5 ,2022)

BRBR B BE 7 22 LA SE VI 2130 18] 59121247 2A
H IR EAZ AN i) — 2878 4 (4 LA 45 Ak

BRI /25 K 2 T /s SCJZ2 T AR AR Al
A FH B BA B 75 S B i H R ALK

R INE oA VIR Hh %

Wit B& PgIEIg haE
i A& EERE o
Wibior RiAg e R PN

A3 MR % PRVECRG TR B Hessian % B4 , & il 5%
FEARH O TR SRR IO B 504 S A1, ok e
S A GO . Ravi 25 A (2024) BP9 1 4508
TCAC 5 i AR 12280 22 43 B AL 22 ke ok 1 3 3
fife , it As o] LIE s i e i ok B . Kim

S NI BIE 9 (2023) 45 i, B0 RE IR B /s Ak
(sharpness aware minimization, SAM ) 7 HiL 751 £ 5
SRz A 2 2 T R A R T e A ER i
Garg % A\ (2024) B BIFFE IKE IO FE AT A 451 2K 1R
Hoth v AR B ME , I T — R TR R
$ Hessian R 12 715 -

(%)= tr(VﬁL(xiﬂA)), #(27)

Ao o (4) FOREE R IE

I3 — 28 JUAT A B 0] 2% i TS A4 1 M 5 2% ot
[flo Jeon 58 A (2025) FHH BB AT T BN REAS (1%
B 2R %5 B Hessian H0 4 %5 1 B KRR AR {E Dl R AE
AR5 T T 9 SR B0 | 3 BRI T A A 28 b A 0 A
EAIEIZ . S E — RN 8T, 3. 2 Tk .
Ross 25 A 42 H AOHEZR (2025) FI ] T i IRAR %, 5
Fb 4 TSR T VR 10 2 3T 31 (8 7 T A 4 R 4y
MrictZ
4.1.2 FETEEHHER AL

BT X OB A (R AR A2 Y 52 SRR RS B
HEAT B LASE , AR A i 46 Bt BB S A 1 s

RIBICIZRE I P2 50 X — P58 07 1) R T Xu 45
© h[E KR KL AR
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A (2018) Fil Meehan %5 A (2020) Y RITFY , i BIF 5T & 15
it AR S BUR K 5 [7] . Bhattacharjee 55
N (2023) 48 1 T —AGr— BRI 2 i SCHESE, fif
T Meehan 55 A (2020) A9 B 5% HH 85040 52 1 AT
TERY—LEBRRE o A IR A a3 AR R RIS T 2L 53
N ARRBARMUNESR b JEPARH AP E R AR RN L
FRRIPERE bR o

4 H b G o 4 OSB3 7 56 56 A2 ) B
A A RCALIN T A5 R Y B R T R IR R R
R , 140 Wang 55 A (2004) 32 4 (¥ 25 K AR (U 4
b (structural similarity index, SSIM )i i FE A EIE Y
SR D JREAEL s 4 2 FI TR 7 22 J4) T 44 s P A% i s 14
SERVERILRE o SR, T ORI B XU I RS
S SR ELC AL TN B E 1 HI KT BT, 3k 26
TR RS AT R 63 45 F A5 3R P RS DU, PR, ik
T 2T B BE D 10 R R X — TR Y 55— W5 T
o H BRI 2R A B AR 4R A e o Y
W, L PGB i PG 2 ) 8 P 7 278 AR 1B
PEo IXEHET 7 ) B EE 17 1 U AT A% HRASE S 0
WF P2 — 2 MRS b i B G LR A
Zhang 75 N (2018) $:2 /Y [ 45 B0 AH oL 1 48 Bn
(learned perceptual image patch similarity, LPIPS)%§
o 5 A s L A PR A [ — A TN 2 14 o 22 IR0 4%
H 5] 4 VGG-Net (visual geometry group network ) ,
ResNet (residual network )35, $2 55 R 2% v 8] J2 A0 SRR
P T30 3 BB RAIE (5] 22 8] A FE 5 5 Pizzi 55 A (2022)
$i 19 SSCD (self-supervised copy detection) J 1 I
HFHXS He 2y 2] J7 kR A 1Y TE AT R 27 > AN [] 14
58 77 2CZ 18] A AR 5 B e Wang 55 N (2024) $2 H 1)
ICDiff(image copy detection for diffusion models) /|
d5 S TR AT HIORE B R S DKL B2 ) e AT A S
S A XoF, DT S5 B B R A S AR AG I o g — SIS T2
T H BS I SCHARIPETS AR, JE i AR B
i ZEASE A PRSI AR 480 B0 IO SCAR i A 2Z 18] ) A 4B
JE A . Radford %5 A (2021) B9 48458832 H T3F
T8 SCHOM ) EAGARUTE o 5 OCTEAR R G50 5 R
o B 1Y $8 BR AN [A], CLIP (contrastive language-image
pretraining)*”)ﬂﬁk%ﬂ*ﬁ W SO b T 25 1) 45
4% K R 2 — A R TEZs 18] . TR
B MG 5 I 20 8008 76 CLIP 25 i) o 9 4% 5% AH BB
RESAT RO S B TEME &2 2 B eIz ATk, Bl
Az SR AEAR R RS b5 D A7 7 3 25

CLIP A REIR B R R 18 X E A

G LR Z R EHEE Hfe b, i LA 2
B4 BB AR IO BE 1 TR 2 FRAE MR R 1Y
JEREREE . B ORI i o 4t i S0 A ) SR VRARRAE AR
ARE L EYGH AT EA . R R R b (an
SSIM) S5 G A8 b (4N SSCD ) 4 &) B AR AU A B 14
AN 2y B ATL MR P G L DA AR e B R B
T T S5 b (A0 CLIP) FRAR BRI AR 3R 22 S il 4K
RS AL , A SOHE LA X A A2 Ah 13— 28X
FIBSERTUEICAL T H— kI8 o X R BE B 42 N
TEFIZER]  AE R Z IRIZ G — W B LARTE DL R L A
PR A R S P R AR BLRE LU, Tk 4 R
0 B A T P S A LA T ks B DRalE Ry A
4.2 TEWEAHELT X

AR NICICRE T 1 55— M5 2 R A B
T AT, B ER AL 3205 s B8 SEUE PR L £ 1
ICACRE T BYR Bt AN KA 4 E R RS HOR
IR R R
4.2.1  BCHERT

A 51 #E W I o (membership inference attack,
MIA) (Hu 55, 2022) |5 75 & 5 2 0 e AS 2 15 s
TRBRIRYIRBAREE . AR BT AL GEA AL Y
T UG GO BT R 5 HE W it , RO AR AL A i
PAEE bk s m S R I 0 i
AR NWTHRHE o T 308 U R D7 ok X oy
WIREHR RGBSR . WA, RS IR R T
AT AR M BB Jr v, BN Shokri 55 A2 H (1952
AR G I A AR AR B AR AL AT
(Shokri % , 2017; Carlini % , 2022a) , 1 Jia 5§ A
(2019) #2 i A XTI 3 07 3 LR R G 5 o [A]
B, 25 R 2 Bk Tk 7 7 A S5 R R ) 2R TSk L OE R
e AL o Bk 1) A RE R E A B2 114 i 553 7 , Caarlini 45
N (2022a) WA TR IEAR BBk, SR AE 1% [
1 BEPAE T 18 L R AP S s 53 i) A e

J B A L T SRR R R AR A
HARICICHEAR Z 4T i 22 5 . R, B Al Y
KR bR B OCEEL . AL &M JERE , DA
FARIP NS A8 & (Pang 55, 2025) K &
(Dubinski 45, 2024) 1 2 & (1Li 4, 2025a; Matsumoto
85,2023) , 73 AR H it J7 BEAS AT AR AL A
18 T TR 45 2R LA R AURSE A8 i 15 2

ﬁiﬁﬁﬂ@ﬁ%ﬂxﬁlﬁiﬁﬁ@}iﬂ?. 1295y
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18 5 T B A T S (R ] AR A 75
L2, Pang 45 A (2023) BYAIEFEHE T —Fp 7R &k
PG BB B K £ A E RS B0 2o ad i
T AR A R R SO AR TEAE S B om i A 1K
BRI HAE U sk IR, I J 2 ST 25 A P41 45
i BAR R A, I LA D P A RN A B 1
AR A Z AR Z AL 7E 45 7 BE R 26 4F T
HFIWHZIN GRS R HHCIL

BT IR G RTR B B R R i B i n] L SE 4
iR R A5 2R . FEY BRI X — R AR T
i & AT LAY ) 4 A 4 380 B AG b ) 25 2R, i 4
DDPM AT B T 4 M 7 B 25 3 D g AT BT it
WA L5 . Duan 6 A (2023) 424 T —Fh & T4
W BRFAIL o SecMI (step-wise error comparing mem-
bership inference ) , 12l F1| FHA™ HCHT ) 28 2 AN [R] sf
] 20 1 J5 B il iR 22 o RIS , SeeMI T3 [1]
Wt 3 RUE At e, AR

. = | U b(5.0) ) - £ Hz #(28)

K5, = By, ) AR 125 gr, B by 40
PN E M ) AN M A . BIFTE R RO
AR SOA 252 RO R 1005 — LA A A JUAE
A EAFICICHEA .l X — WS, Zhai 55 A (2024)
HE—2BHIFSE T A0 O o ) SO 22 57 JF DAl
B A IR B it

F 3 B0 WA IR R 2 M B sk el
Jith e ASIGE PR — R WA R el 72
T ARE SE FE AR X R A B JEE , Pang 55 A (2025) (9 B
FER WXL FETEIEEC T WA Ry e 5 (B B XA
R, T AT AT DAy B8 67 I A ol B R DR s v . RUAE
N SN N & TR R OE DO R DA 212y
{5 B CRIVEE R 2500t nl BE 7 4 P Bk i £ it
Fao PRI — R DLAY 5 1 AR 4 P 9 0 28T
SE L HAHRE G, RIVAR 5 A5 2 B 3 A1 ok S Iy — >
YA A & B g iC 12 o 9 4, Hintersdorf 5% A
(2024) 3 Hi 1 — iRk T fi] B 20 A1 SIS I A 1 22
TCH SR ANKG I J7 ¥k L 1% 07 B3 i E AL 7 TSI 2k
Bt A AT IE B . AT I DR R T DR
AL U-Net Hh 84> 22 SCH ) 2 B M4 v Y B¢
FEM 2 ToRE I SR I E T AR, a0
[A] 3] T4 (Chavhan 45 , 2024 ) W 3 F #5285k 2 S8
TN Zrre AR 1Y i3 , & F Wanda (pruning by

weights and activations ) B A 1Y 72 (Sun 5% ,2024) i}
AL TT , BRSE T AROBEAY AR v f i 457 o 22
W25 A 20T

SR, 80 O3 HHE I T8t 8 A 00 T o o PR, R
B Z R BT N ZE S M B R TR T AN [ 1Y
MIA 5 WS Sk Az 00 JEE b ASE 7 1) 1 S 50l  AH sk e e o
X HRL 5 A OSSR T R AR 5 AL A A R AT SR AR A
BEIR] . 4N Zhang % A (2024b) , Das % A (2025) () F
G , BT L To s SR A B o >
RN G b B 48 B9 rTSE RS L XA el T e v i
BAHIs B 0 A A ] 20K, PRT ke TG ok B ) s 1 i B
PR,
4.2.2 $REUGE

P BIK i (Extraction Attack , EA) A4S 5T & —Ff
S g g ) s A AR PR X RR o D7 VA A AN )
B 1C A2 K I 48 B, 151 4 k- AT 42 B (k-extractable )
(Carlini 55 ,2023b) & B REAFALL T B 75 B I
RN ZRE i A2 s R e A BRURE L - Carlini
S5 N (2023b) RYBIFFE A I S50 WL & B, F B C1C /Y
UL SCARBR AR s, 2 il & 5 8 LB < i A
AR A S AR B A: o A S B i E e, L
WA il & S AU 7 T B4R BRI R - AR
AR FERILA R Az il ) AR B AR AU (fd T 1, B85 )
KRPUIICAZRIREAR . SEER 45 R R W X S It g
BEAR I B R S 1 9 AR R ) ISR

25087
GHE —

< mEEh

ICICLERETT & A ER

REREE

EiERRER -‘ RELRS

5 RENCIZEMAIE

AN EJUAEATHA , d1 T RBER 1 e 12 HL ]
ST AT REAY BRI R R T EL 56 DU A T
BUAT 9 8 7% W Al S5 X O PR T 07 1 RE S F A
BUCAZ RN ZAAEAS s PR, o] TSI 25 ) R ASE 2 v
TH BR S R BRI 2 B 48l R IR R 22 4
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HFIE, K, BB, HaNE
B R iR (2 3 T AL 4Rk

MRS, T DCH A= GBS 58 4 iR 1%
A2 2 2% (Can DIT \MMDIT 4244 ) [ 25 [l 1242 4l
il A 8 — BEICAE AR, AT AR I 358 6307 V5 19 AR ik B
LA BRI AS i, i B 2 SR B — s XA T AR
B o MAHEDRE BE A9 42 Ry MR P A (2200 Bkl ), 3T
JZ 00 g A e (s TRl AL ) , PR3 66 T 22 B o 15
8 Jr B AR S i (R T B S I B i ) | K 287 3k
W PSSO - B AL v 4R o SR, IE = i T
JEZHE B R  axX Se TTARAN T A RS TR
JE M BRI A M IO ICEERR . X R
T A I SRR DN RS O R 3 AT i I
RIORBIMESSPE . TR 1 X A0 st A
(Voigt ¥, 2017) 45 FRA KR -7 75 oK, LB 25K
3624 rh U — AR R U B AL, #E ik
I 2R O i 26, Fei/r FH P 58 4 N B H A
E R PR SR AR TR AR A —
BB, B L, R AR B R R E SO = 4%
E—MEEIEEX ={x;, -, x,) FFOIZARE A,
B 5 R AR ) H R B — A i R AR 5
U B A SO A PR R X 1 — D4R U =
{uyy ooy, ) C X, H m 7R B8 3t G303 B P g
SEX\ U_EBIIZRpy B R LA 1R, Jf B AE%
FRAE 2 P AL it

K 5 AR S i T 1k o3 2

Fig. 5 Categories of memorization mitigation

bR E SCER T H AR S SR P R 2T
VE s — Tl B Al O B SRR R A Bl B A Sk
TGN SR sl ORI R, AR X PP A ANV A
ISR 7E e d S ey w4 CiR 75 N  E AW N7
SRR G 5 DAL SO0 5 T 89 D7 2 R AR B b T 25 07
VEATE BN TS AN RS B s . DA B s UL
KL, X LTI AL G M 0 D7 A o bR 2 SR T AR
19t &+ (machine unlearning, MU ) iX ~HEZR . 4n & 5 oy
7N AR A 35 S5 VA T TR [ BERIDRE A AN [R]
I N TN AR A U2k DL R A R B o UL
BERICAL G TTIETT i 2200 A (AR R T A A
RGO N S S e VI B R 7 1 ¢ S M B e i
oA, ine 2 firos
5.1 E5REFA

7 77 B2 A (differential privacy, DP) (Dwork 55 ,
2006a ) 2 HE A 38 R AE PRI Zrad R P i WO vk . 22
43 BERA 2 0 e A5 Y R A 55 Y — KR v , EOULHB L,

HAERBAIYN 525 v & —Fh A Zh SR w075 72 W A
] 9 4 A () Qs A #E Hamming 5 25 8 1) 45
RIRE A% L e WE S5t A ] 9 28 22 AN 23 TR h i 2
()26 0 USRI A 8 o ZERTRL R N 22 43 B
AL F AT LA R = b 2 5 1k AP B) (Kasiv-
iswanathan 45,2011 ; Warner %, 1965) /&1 N EL 210
gy 2, A% 0 AL B 5 5 SR B X A A A A v Y
— REA B R AR I BE AL P 3 I M S IR DA
Laplace 73 4ii 80 # Gaussian 7341 ) , iX Fi 50 7275 1l
2% 3 B Fh (Arachchige %5 , 2020 ) 37 5/t L
Ryt 2 SRR AR A O SRR R A T —
T it 1) 7 X A B, BB TE T v i) SR
7 o 1| 7 S YA S 4 S [ i 7 = R R )
4 Ry BBURREE f, T AR Y8 U

FE B AT €, OF 1)y th 25 SR TS AL e =2 Je
[ 1% 7 (Chaudhuri 45 , 2011; Dwork %5, 2006b) . 4%
T, X P 240 3l 7 vk 2 A TR A ASE AR A0 DR T e
AR, TR TR BE A7 2 2 rh B Ry T SR 22 40
P AB I FHZE IR Gk b AR B2 B I 2kt 5
B A RE BEFEAT IR S, AN, Abadi 55 A4 1 9 DP-
SGD J5#: (Abadi 55 , 2016 ) W &8 1o 75— 48 Y 2 rh &1
Xof B AS P B8 R AT A6 R B s B SRR L2 R 1 A Tk
7 (] H] moments accountant J5 ¥ 5 & 1Y Fo FA TH
FE) , 15 31 22 00 b B AR B O 2 B3O 5 i SRR LA
NS5 S A AR RE B 15 ] T 5L T80 BE T BRI ZR A
25 ) 2 AR | T EL RE 8% A7 SCHRAR > I 24 A 1) i 5% 4
Wi Ao AR 4 i, o T A S e AL A Y
YR HEAE Ty vk . TEY BB AL 50T, Liu %A
(Liu 5% ,2024) 88 ) 1 7E Bl 2R B A A 5 s 11
Y5 A gt as T AEROE B Be R 2 A g s , BT XA (]
I Y FA AT BCE 1 DP-SGD (differential pri-
vate stochastic gradient descent) 815, %7157 KIE
WD G2 BB D8 . SRR, RO
FIREH LG R A5 Y B ResNet SRASCR B4, AE
A R A R EHRE 23 A 1AL RS [a] I 9820 DP-SGD 75
AR T, R 2 P — R 45 T IR AT R R
% e = 1 flle = 101 stable diffusion v1. 4 7E CelebA
e L agtEReR I, 0T LAE ) Y B AL T AR /NG
XN B G A BT R FN 22 B P (Fréchet inception
distance, FID) K T [,

SR, 2257 B AA & S X B A YN 2R B B2 1 Se it
Bah , TR SRR AL , 2 2 800 3 i ML R As | Rt
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Table 2 Comparison of Memorization Mitigation Approaches by Defense Stage

= Jiik Bk el FID SSCD CLIP
YISk B
DP-LDM (e = 1)(Liu %,
2024) CelebA  SDv1.4 21102
DP-LDM (e = 10)( Liu %,
2024) CelebA  SDv1.4 143 +0.1
TEPRBY BE
PRI AL ( Somepalli - SD
LAION - 03+0.1 0.28 + 0.03
2023a,2023h) V1.4/2.0 * *
HER AL SD
h LAION 150+ 0.2 0.30 0.22
(Ren £ ,2024) v1.4/2.0 *
Token L5
LAION  SDv2.1 18.0 + 1. 5+0.1 -
(Wen 2 2024) ON SDv 8.0+ 1.0 0.5+0
CR R
2y BE
ot 22 A ) (i E:
HHECHII (Hintersdor 35, o gp 14 16.5+ 0.5 0.1 0.07 0.31 +0.02
2025)
ESD(Gandikota,2023)  LAION  SDvl.4 13.68 - S
ME & 4 (Kumari 5 ,2023) - SDvl.4 16.99 + 0.2 0.30 0.60 £ 0.02
SalUn(Fan%%,2024)  Imagenette SD v1.4 1.22 - -
CelebA—
SISS( Alberti %€ ,2025) eg 0 SD v1.4 20.1 0.32 -

{E:SD 4 stable diffusion 455 ; “<" F7R IS SOR R AZEHR SO E H 5 B O FIRFRR IR A3

HEBRBAR TGS BRI S B T
. BEAh, 1T DP-SGD Hr ik 55 5 E (22 2 BaAh Il
SRRz ), 2250 BRI G2 7= A BRI #E
O F RN ok v R Z 1. I, — &
FIFIE TAEECN FAEAR R B4 2 st IR & sk
(RT3 DA SR T 25 43 R oRA B HE 2480

I KA 1) B FALR 4P 77 75 (Steinke 55,2023
Nasr %5, 2023 ; Cebere %, 2025 ; Panda %5 ,2025) , 22
Sy BaAA a] LU T HERE R B, an Al 5 i i R 2
H R F IR SRR AL G2 i 5 i N 22 43 B AT
FHEIHFE , P BB B RA U 0 FH X 2 i .
5.2 RRIAMMEM

PER TG Ab AR TR 35 T A A W 2o e v A L
1. Somepalli 25 A (2023a,2023b) BIBF 58 8, #C
B 1) r ) B BRI BbR 10 2 0 I 2R B R i
P I 2 B O AR R A I R R B Y B
BRI RL A A HET T IR S | A58 R TE pof 28 0t 8

) i A FIRCAZ B 2R B i % 07, A5 2R Y
FIEAMBECIZ AN GRIEGA 2251, 3R 5 T R R 15
BURBR R BCR o A A B i P B R R i AR B
1B B i RS PR A5 5 R B AN AR BLAY T
o HARRUL, 45 — D& N MR IC a4 7R p 89
PRI e, CH R/ MUV H R IE

L(x,.e) = #(29)

Eg(x,,e) = Ee(x,,eg)
P, e R B SCA KR A 1 (1) SCA B4R e, W]
FARFRA

Somepalli % A AU 5T (2023a,2023b) $2 H — Fif
B 7 W S figh % 3R] sl bR 2 5 BE LR T AR
(CORIN RS RP SRS - G R VA S had o
JRAE A R R 22 R %, Wen 55 A (2024) 2%1:05E
R IR AR iR A s , Bk U, %0 A S
Fo— D Z BN R ] 5 e, {75 SO 55 4 M 7 13
I ) s B2 S5/, I B T By IR AR AR S B i A )
iy B85 5 4 SCOR Iz (S 3502k W B RN s 1) TE %) |
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HFIE, K, BB, HaNE
B R iR (2 3 T AL 4Rk

EFEGIANT —A BRI . — BHRIEH
XANE , B IR PE AR, DL R S A 3 O R TR S
Chen 55 A\ (2024a) 19 J5 2 TAE#E— 2058 T Jmikic
VAL o DA LR SR I richTan AR i) I 7 LA E NP wreeic
SRR . 2B TG T A0 B R R 1]
AL 5 ¥ 78 FID, SSCD Al CLIP =4~ 48 45 T AR,
A LA H AR TR A A 3 B B B IO R i
7 RBvae | I = B = =

BRI AR R B B R B T AR AR 1
ST 5 B AL B AR AOT  AHAS BT AR BHL
W T A SOAS S5 5 BRI =2 1) Y S
o SR, BEURRAIA 1 IS 2 LT R AR SR AR e 5%
A0 i 5 3 0 o b i 5 A 2 R P 28 (4N U-Net 1
B 2= L5 DIT BRI N 48 IT RS 80 . X R
it 222 4 B A AL A 2 80 2 BB 8 ot 4 i X4
PESE 7 18], BUTE % 20 25 8] vh SRS AU & %45
Geat, PG, S alire i Asim AT 0y U )45, Jok
PR 285025 ] TR 2T 90
5.3 EEET

58 35 55 (Nguyen %5 , 20255 Cao %5, 2015) J& 4T
X E YNGR A TR e A T BR 1Y 5 b BT v . 1%
40 0% 577 0 SEL % (N 22 43 BRRD ) B AR B AE TN 25 B B A
HBEGE T2 CROIE , (HAR R MR IR 1 AR BB o B,
A EWVAP /S 2 [ I e 107 o NI R M 3 L e A YS9 o
YR Be—— R 150 . AR 3520 5 76 AT 45
FR) S AL T VoK VRE 5 5 R RO AR A A S L L
PRAF i SR 2 B0 P 5 JE T30 ) SR (A RsUAR
IG5 ), HIoT Sk BRI . Ay BB R Y
Y & A WA 5t R 07 v E AT LUR g o T
T ] (R FO 3 T 8k i S OE AL DA R BT 1A
AR P P38 i e — 2 S

BE T ] (9 GO 2 e A T R A gt
R VRS o I B AR O AL i S AR
RIS, B H AR Y 2B RS A2 JE A ] 22 0 G iy &5
A s B LA o 10, Gandikota % A (2023) #2 H
%) ESD (erased stable diffusion) J5 23 1< f# & U-Net
H ) 58 SO R B R B 5 | e B AR R Y
U 0 75 A [ 23 SCAS XS 4 AT AT AR S H T
WIZRRYTE LT B BR AR E 2R MR B . Zhang 55
A (2024a) #2 3 1 forget-me-not A1 Kumari 3N
(2023) 412 1 A ABE 0 T B 12 A SR T 17 AL ko) 222
B RS H BRSO DG B A AT S ke 4 i A

RN ZE I T o Heng 55 A (2023) (9 BIF5E AR 2227
AU R, AR 35 5 ) A9 55 T RO 35 TS ) A
ey BLARORE AEE 4 1T 38 Y DU
FRHESR B Je Xt T4 7 1) vh AU B - i AT A A
B — A& LU T R Fisher {5 B0 1
I3 3 HASE AR A B A s PR A A T iC 2
PEPEIR B .

SR, 42 Jmy (il W i 2 Xop 455 8 1Y) i ] A 1 g
IR o N TR — R, I S T T
BEVERNSEOE N Ik, AL EH XA 24
TAEE XS i A BB fr B ORI B Y
A D o3 OC B AL 17T R E S AR R, ST
Maini %5 (2023) Fl Chen 45 A (2024¢) & TiC A2 5E fir
R BIF 5 3 IR B0 12 e A AEASE Y AR v 1) R oL
B EIFER R T RA R e — R R TR 2
h— /PR AT IS . IR R T I
B, - SRR IR R T RO AL
ryic

1A AT LLE AL, LA A o] A5 280 b 7 37 33 26 i
ZTT.

Fan 45 A (2024) $2 1} #9 SalUn DL J¢ Wu 5§ A
(2024) $2 tH 1) ScissorHands F1] F 6 & 15 S 1A AL E
B RS R 5 TR A R A G S 8T
AR TEAT SEORI L DA 76 S 30358 A5 14 [) P e R AR R
BRI HAAT: 55 R VERE . oAb, T i — 24T}
B HIRLR, Gandikota 55 A (2024) $2 1} T UCE (uni-
fied concept editing) , 3 f& —F 3 T P X 1 2= 50
Bk B e A OB T AR g RO
SEEL TN ORI A R L, R A T Y B
AT R . Hintersdorf 25 A (2024) fAfF 58 1 HH
ST BE A S0 , A SSIM A5 70 R 515 Hob 29 (19 52
S B S HAE T value 2 T A S0 AR ANEOE B 5
WEACHLARZETC o e 3 A5 A0 H540) 75 R 40 07, 240 07
HRSBBEAATICICIRIZTT, LRmEN U
R T Pl 2 oo B AT i 2 AT A G o 55— TR 4
KR8 3C Chavhan 55 A (2024) A RIFFE R T —Fil
Wanda 5945 (Sun 55, 2024) (9 #5800 B s, -4
PSRRI 53 9 2% BT A7 2 PR 2 P e iC i ookl
SRR T2 e R A AR T, AR
WA RAFrici R BB ae ) .

5 RR ML E B ERE], OF5EE T 4675 A
AR JZ T b 8 35 68 LA A2 B T o3 e 840 1)
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S BRE oK o Alberti 5 A (2025) 4 i % SISS (sub-
tracted importance sampled scores ) J5 7% , F| F 85 2Pk
SRR AR eR B AL A I 2RI H AR RS
WU 1) B bR R Z 22 A B R BRI FE AN 7T S0
AN SAEAR RS 0T T s s R I 2R E
(BN i A sl 2 A — R REAS) | A
FREIALAY A i ARk

P25 ARG T AT TR A S e A a5t
SOTEVERETR bR o SR, Y T VR BT R FH K
WA, Hit = 7€ FID SSCD 1 CLIP 2545 b5 1Ay
gi— VAN, SECERE A B MERE LA I AT, G
FE 7 T IS T R I S P A B T ROk S
Pryh gt — e,

A ER I EAEAEXT B T R T R AR
R ROR  H T 1 % M SE (Zhang 45, 2024
Chin % ,2024; Pham % ,2024) 5 ) , B 1385501
T T X 470 P 44 78 Tt BT 2 0 I8 =5 g e 555 2
Yok 35 v DAE S 7R A 378 T s in i N i 3 Bt
Bl (FIANAE R TR A %S R AT AR | B2 St 5t s
BLI 55 st s A J T AR U AS & BT B
AL ARENE . X RPN RRERYE )y ik 385
LY B A R S, 1T A AMDES IR o, ]
FEXTHUAE T SIS BT ALS N T S AT %S
S R AR BT PR AR (Zhang 55, 2024d) .

6 KFKERE

W6 ™ BB B AE A 2 AT ),
AUEF R A2 5 B AAE S A I AR T — %
PERE (A BT A AR M kLB R Y
A EANAATE B R RRYE . PX 28R e, Al LA
JiE BAZ AR SR 1) K R A B - 1) BRRARICE Ak BRI IK
LA R A MTE . R B S 5 —
AR PPAG B 2 P 22 AT {5 A R R B B o FRAR
g Bl T — e ] T s i Bl g
YT EA BB TGS T Y S LS R PG 4EE (1Y
B EARA IR K A ] . —J7 T, 24 i A £
iR B = 42 A= i A 0] AR , DK 22 B9 1 AL 45 B
TERE TR 5 s I 2R B, £ B dls F A 215 14X
FIR T — LB Ak B A X 17 5k = LA ) TAL B
DRI, A o0 28 3 7. — 7 DU A6 0 30 s v £ 3t
RRTE R AL P A S8 RV K 2R, 2 BB R [ FA 22 4 Y

BB . 53— 77, AT = 22 A il i
I, T B 5] B A BT GE LATE [R]— 2R T 2 A
IRAT 1 PF-Aik 22 ARG TrT PR B 40 B, o LA Sz e L 51 T
dr 5t T B RA &R XU o BRI, ARk Y Aff 90 75 2
R o 2 4 A g — PP A R LS THR R T B
AODRAF 32 PG A BT 1 R BRRA B 8 1 B 2R 46 AR il
JE A AT L S S e (CAn i 53 HE T ety A
1) B R R LR B o AT R B AL AU - B RA
RS AR EAL TR B , T 4y A B o R 97 25 2 3 e il
FLSCPNAR  HR e — PR N . 2) B
BV B AR B RN IZ E XA BRI R
FRIRH . YHTE T HUS A A R BRI TR R
BB, AR IE g — MBS HESE . Fm R K2
T8 SR8 R AL O B X B ORI %) S
BT EA R B RS L Y b, 28 T 8L
R AR ) 2 BRI 55 I PR e . i T A AT
% 5 SR A AT 55 AR 1R A7 7 X B AR AR AR T 2
S, BT R  Jr EEAE Bk T i ™ R Rl
WCIZTEBRAIIE . I, A7 S ZEWF AT & iR Al
YRR R AR B O R B E A 1L Y E
S, g 37 AR R GO B SO e B e i
LIS s HAR, AR BB I IR A Y Hod #0
PN ESHILEE , 2 (R G 5 v , ) e 1) P B A
IR AT SR Al g 5] e B M RS ] F A8y 1 IR R
T AE I 18] 25 8875 0 R K2 T R AT T30, Ak B
RULEAE ) 2 Al 2 — S E BT[], 24 i 1Y U-Net 5%
DiT 444 T SO A 35 16353 15 O vk 6 4 e iiast s i
A B Ak A i 5 | ARG & KRS (mixtral of
experts, MoE) sl B BT ASH R SR 2 T 1812
SRR L AT S5 R B v R 35 s, S A L T B A Ao R
B, 3)FFIGREREIZ -SRI H SZES
WHEkH . AT 2 R TS AT E 7 5
T B BRFACR AR, T Z W TR B 2 2 U AR R
B R AR DL R e R B )RR AR R . — L B
I3 B I 25 (test-time training, TTT) (Behrouz 55 ,
2025a, 2025b) 1% #f ik 2 THEE R AL BE 1 (18T TS
2, BRI b 3 3h A SR B s b . A RS
I A AL o) 7 TR0 T £k 2 ST 25 5 R, XA R T 8
S BEAL IR B LIE < A far e RPE s AL i, 745
S A B AR B 03 R h S A8 M I I BR A 1]
10, SRR A N A RGO . o — i R
iR S AR R BT Rl | By TR 5 R
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LA T AT T B S YA 3ok S4BT B AL AT
AR A MLEOR AR 7 AR R, g 7
T B J8 A A 4 [ Rk 58 S5 F B BRURFALE , J2 38
FHETEME LA e B MR R, 10 2 U &
FHIBTSBAR, A a] fy £ <5 R 0 2 45 R A =
FIRAR T R AAME BRUIEER B R AR HE S AL TR
PRI HAIAZ L T5 1]

7 4 it

2!—‘3(%1.7??@1‘%’*”431‘%%”16 -1 ML A4
WFFERE R o BARTITE , A SCMRT 7 HICAE 200 d) B o 7
BRAZA , BERSTCAZ AR I e RO I 4 TR T 1
€ SCHIBRAR , B AL TT VL LA AR A S i 5 1 AT
T A BRI, I HAEA SCR A — T B4 T ATy
RS AEICAZ - TR AL D7 11 I i e 14 32 20T ik
AR Bk
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