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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 architec-
tural foundations not only support the strong generative capability of diffusion models but also provide the necessary prelimi-

naries for understanding why and how memorization arises during the iterative denoising process. On this basis, the defini-
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tions of memorization in diffusion models are introduced from non-temporal and temporal perspectives. For non-temporal
diffusion models, the memorization can be divided into global memorization and local memorization, where the former
focuses on the global similarity between generated 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, given that 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 cause 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 a model auditor and
a malicious attacker. The auditor-based methods can be divided into proxy- and replication-based methods. The proxy-
based methods are designed to approximate the memorization score by influence functions, gradient variance, and geomet-
ric proxies such as the Hessian curvature. The replication-based methods utilize pixel-, perceptual-, and semantic-level
similarity metrics, such as structural similarity index measure (SSIM) , learned perceptual image patch similarity (LPIPS) ,
self-supervised copy detection (SSCD) , and contrastive language-image pretraining (CLIP) , to detect the duplication
between generated images and training images. The attacker-based methods can be divided into membership inference 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-, gray-, and black-box settings according
to the attacker’s knowledge of the target model. Given that these quantification methods have empirically verified the sever-
ity of memorization-induced privacy leakage, how to effectively mitigate such risks becomes the next critical concern.
Therefore, the memorization mitigation methods under a unified framework of machine unlearning are introduced, includ-
ing 1) differential privacy, 2) prompt optimization, and 3) machine unlearning. The differential privacy-based methods
are typically applied in the pre-training stage and can provide formal privacy guarantees through input perturbation, output
perturbation, or gradient perturbation such as DP-SGD, but at the cost of generative utility. The prompt optimization-based
methods intervene at the inference stage by perturbing the text embedding or attention scores to prevent the model from gen-
erating 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. The three families of methods are complementary to one another in terms of intervention stage ,
computational overhead, and privacy guarantee, and their integration provides a more comprehensive perspective on memo-
rization mitigation in diffusion models. In summary, although considerable progress has been made along the abovemen-
tioned 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, given that the absence of unified datasets
and evaluation protocols hampers fair comparison and reproducibility. 2) The memorization definitions and machine unlearning
algorithms that are more compatible with the characteristics of diffusion models are required to be developed , considering that 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 industry. 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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TRy Rt Ry i 12 B SE AR A A2 4
e B BOR AR, L T e Rk E 5, 1t
W)

d=—.—~ (22)

K, AR5 50 R

A =i (89(55,,6],) - ag(x,,ed,)) ° m"2 (23)

= Z\‘ml (24)

K N m T ITC RN &), e, ) KRTE
R v, HHETR e, 2600 T RTINS | e, TR 2S5 0,
o FIRBICE AT
2.3 HFREAHEENZIZEX

T IE 5% T i 22 5 i 25 S A7 AR 250 o (1
AL Ta) L, s 0 2 85 A2 0 XU SRR T 2D
BUE 70 28 R8T B RUASECHE I B o 5 2% o AR
JPRERL R BRORA B 9 M B i 4R kA T T4 AR
A BE IR 52 4 5 il JE A S S M B R 4 (i A9
AN AHHIRE WER 2] 1 JEAAT AT A i 2k shVE L
W EE B3 J1 A HFE . Chen %5 A (2025b) BBFFTIA
A WA IR R (AR S CAZ 0 43 R P 251212 N
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B EICAC, IE R AE I T IR ORGSR 5
H A2 7 5 B B AL DR AP SC, DA T At e S S R A
BIORE B B v IR I R B8R BR T 0 %8 3 5 1 JR)
PR

N T S RR oy B AR R AR A S A
I 732 O P AE I TR 248 B, O 48t T — )T SR Sk
T i (19 45 B & 5 75 (generalized self-supervised
copy detection, GSSCD) . Z53FM , 5 LIAPEAL N
FACHL T M, GSSCD 5 N ToAR i i — i
L

XTIz ZCAL AT ST —Fh B AR R B2
i, BIYGIRAH I (optical flow score-k, OFS-k) , HiiE
SCRy A AARURT I A0 1) i S ot xof =2 ) EAT By
ARG AR , I 3E— 25 B A 2812 38 (natural
motion filtering, NMF ) HE R A I AT BE 44 BT B A XU
AR AR AILF- B AT T 5 285 5 o, AT 4 iz sl ie ks
IS o

3 BIZHKEIERE

TE W BB RLCAZ R 4 2 4 2 S, it
— A IRTE IR WS 5 B A5 e
RGBSR BIE AT . S A GERRA R , P RO R A
P o 4 5 B A0 I, A2 AT R 7 A 2 o
PRISER 2R 5 A B R AL BR AR R A R . — T
T, DA SEIE A B 23 A, BB S BORRE 3 5k G 240
A6 5 YN R o A i Fe e (I B e A S e 2
) EAER N TR R E BEA I ICAZ 005 5 53— 7
T, IR JE LB A BE PR, 97 2 Mg e A i s e
RN AL R 255 04 R LA AR LD, S g1
A AP It T NAE R RCA R . 6 T I, ATy
R U U T 112 A R 55 2 B3R (3. 1799 ) L A
LSRR NG i e B L A (3. 271 IR TF 2R 48
PR, A&l 4 s o

| B, MRS | {

| T

E}L%ﬁ
= | = R
mre |~ P
E2=21% o = —- ARSI
Bf‘—’w R
2 s Y i
W T A >
*F" AT e 5B
et
POUSA: Bty s 2

BEAERITE_E AR
DUSE IS

WO ZERPUE fFIERE
73, TER DU E IR
Rl RLIC I RE

Ry 5idh

A

TSN TR NSRS LA
LA T LA LR I AT

K4 FRTCIC UG A A 3 A e P

Fig. 4 Factors and theoretical understanding of memorization

3.1 FRELCIZHMESE
3011 BERINER

I S B0 A A AR R S e R R A2 ) — K A
R ERE T AFSBEGE 52808 5 HA
FEB R B it S 80 o 22 W 4, DU e 123800 58
WIZS 27 [ 56 %R . Nakkiran 25 A (2021) fIUHF3E 32
W, U280 N R B I | b 405 B X
Rz A 158 22 BRI 52 0 45 /0N | BRI ASE R A 2 4 1)
2 TEAFE BNV RFEA . MR, SRR B/
U/ I 3 AN TRR vy VAR (ENT T DS N w4 €1 R A
BEXMELLA Rz L o Zhang 8 A (2021) I AIF 5T 48 H

TR B2 A 228 09 2% BLAT 1010 B A BUHE AR BE DL AR 25 1)
77, 31X R WA ) 75 5 2 DL i 2R e A2 ok U5
Bl B AE B SRR b BB ] TS ) R B
B, MR ATICAZ . R AT TOR A ARLICAZ 938
il B 0B P 22 R 2 A Ee v, 191 N AR G
B R SR AR T 19 52 1 (Radhakrishnan 25, 2019) .4
ERE I 265 A BV 28 [ 2% (Zhang 25, 2020) o Nakki-
ran 55 N (2021) BIBIF 5T 48 H , Bl B 1180 52 2 4 A 1
i, M 22 5 T e b T AE A A B R (A
PSR M 25 2 T B

A0 B U] 2 5 M SR S C 1 O — R IR
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Maini 55 A (2023) FOAFFEIE 8 B — 3k $2 1 T REAE
120] AAEAS R ZEAG 9k 8 L B9 4518 o Transformer &2
AT AR ZE M R A BT AZAT 55 ) e P iR 0 2
BOHCE . Kajitsuka 1 Sato (2025 ) i 508 BLE AF 58 ™
KSUERA , 78 9 A4 AT 45 7, Transformer [R5 /0 )
SHCRECIIE T 4 O (VN ) BT 56 3% 32 N A
SEREAR ML SE R o FER R B ICAL R )R
T TGS AR R 0 TR ko
N OCRBIE TFhEE R A T SE PR ICAZ N A SR
5 2 L B0 ) A I 52 4 T 5 ) 4% e 2 A5
Wil b RS O R A SR SCAR R R 1) 4
FAFAR 5 W S S B LA I T 985 4 M 1) [l 1%
WA VR A, Sy HOB AL 1 AR i 1) S
R ) 158 2 T X R M R AR R A AL, B
AT IR + TR S 9 A, T R AR
FE softmax (QK/ [, ) (Q I K 43l #f0 i

FVERRE I, d, AR TR B LE ) FEA DB R 1Y) Key BR
0 b kAT MR (RIS 43 A R Ak a3 1l
Py ) o PP ) A A R L% T AR
B3R N A BRI A S I, i B
TR A 0 BHRG 0 £2 JCH B TR 2 R 48 i P T o
TR BB ARAE . JE T Rl BRI I T, J5 22 A 0T 75 10
Eo G R VA SR RE VAR Sy i A R R A Y VA
B . Ren %8 A (2024) 58 45 5 2 W, 7€ LA U-Net
T R T ORI |, A8 SO R R, I
SRR RN AE X T R B R R A 2k
FEMEH.
3.1.2 BIEHRER

s A0 LA SR BR300 B AR 7
S B BEAL TIZ A AR 11842 . Feldman (2020)
MIRIEFE R T REASE AR 20 A, B — 2% s 2
RN 8 SO TEA TN GFEARRE BLT,
TR 1, T T A AR B 25 M 36 2 25 5 SIS iF 5 22
MR A AR SUORIEAS (Ge it A S (8D R4 730
B, 3 ARSI () A RARAIC, AT X AR A AT R
o3 A B B R % i /7 7E . Feldman F1 Zhang
(2020) /) [FIHABFFEFE AL T —BhFE AT i 4553 i PRkl
7%, AT A RO B S8 S I AR AR o 1
TR YRR A L — A E S AT AR XA Y HE
&, Carlini 58 A\ (2022) (IR FE 4 T BRURAVE 8300
AR X FE—FP LG A0SR RS BR 2041 P B ANZ 1 e

A AIREAR Z 5, AR C 2 BB 2 2 1)
A S TRUAE A DU B 25 ) A A e A2 2 i B0 8 1Y
SRS o 3 2 B, B ok Al B R R A 000 46 T B 0 B 0
FEBR I 1 SEBR b 2338 o3 A v F A v A OB 1Y)
B RATIE R XU

IR T g B 1 42 il o F- 5 MR I A TE 25
B IR e A A T BRI HER . Lee 55
A (2022) Fl Kandpal 45 A (2022) A58 45 H 8% i 12
() FE A 1) T B 2R 5 T A R B IR A AR I AH G
Huang % A (2024) IR 2 0 T — DNEZ AT
B FICAC A HESE A5 B A S5 R R R 7
ICCE AR LB EEE . IGHEAREE MBS
TEA T4 BORSE AL (0 B0 A vh A5 B 90 E , T 25 5 & AR
“hy ik B A2 A AR (Batifol 55,2025) .
3.2 REHZIZHEIRIA

R T TR A SR OB B IC I S
ANFETFA0_E 2 i K SE A5 8 A 1 4518 F 9 &
I LR R Al 76 BEE 1 A HOBE 7 A 1042 i
BB oA A 19 52 2 v AU LT 25 4 & 5% i
1o X7 HAIFGE 32 B MG I 2R 50000 1 T T2 1
1% (Brown 55 ,2023) , # 4 % L, MBI N TE B
SR B 4 RSB x e RPSEHRATE R Rl —
AMELETRTE M B S, B M 59 N AE4EE (local intrinsic
dimension, LID)d i & d < D, 7Y B AL AR AL E
TCWEFE Y, H o8 T 4 R A TR R Rk
Ross 58 A (2025) 42 i T W IE 0 1B, I HESE AL
o £ BE R, X TR BB i w8 )T SR U
B M. R R 2E ] e M, B BSR4 A p. (%)
JIeHE B I FAE SR p, () 2 P ] BIAYHLIE
FEMCEAN [, FCSEE AR 2 S BT 0 N AE B R R
LID. () AR R FE 2 23 BE I 2= B B9 N TE A i EE Ry
LID, (x)o 8 3CIN Ry, 570 22 ) (1) 35 0 2 B 2o IR
(LID, (2) AR/IN) B, 23 fil & 3 BB R (AR 012 . F
L 24 LID, (x) < LID. (%) B, 18 30 N 2 i i L&
9K 3l 1y #E B 98 42 5 1 24 LID, (%) =~ LID. (%), H
LID. (%) 3 /INEF L 38 SCIN R A $iod 3K 3h i 1242 .
T XF LID () 3 85045 313 2 (Kamkari 45 , 2024
Stanczuk 55,2024 ) 1] DA 5 P HUBE R 75 %) B —FE
AL . WY DR BEISHELR R T A ook
5] % (classifier-free guidance, CFG ) Fr 1521 i9 [a] &2 1)
OO, 0 F R BRI | s, || B
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AR RIS (18 JUART PR BT, 0 B O, R 4
BTG B0 | 808 AR IZ AL B BE L , A T 3
CFG 2 AR LID, , A IS A A0 AL REAR

Kadkhodaie 55 A\ (2024) [ LA £ B2 42 1 17
AR BRI < 18 SO 280 A B, I 2R i VAL
AN CBIANN = 105 100) , BERIAE T8 75 22 BRAS
WIS ARUAGO A 1 UIZRAR T HL SR A AN
B RGN 2R BEEY, BT B R 4470 eR
HOE 58 2R Y 5 R I 2008 SO i 43 4 o 2 &
Mg o) 265 1) T LG B L TR B T e e S B b A AR
A A WA B AR | RIS R 21— AR 7 1 Bk
) b, X Y AR /N S A AR T X A e
J& JLMT B i& N (geometry-adaptive harmonic base,
GAHB) MiHE & K . 18 3CH8 H, § USRI RE A 1012
FIZ AL 18 % 0 J5E TR 3 HORE AL 1) 05 40 s 7 5
GAHB i JLfa[ 2544 .

SR, SUAT BT R B A A S AL 012 1) B
TR 2 HNLAEARN T SR A st (R A, 19 an 53l o3
A 5 AL ZS 31 45 ) B /N LR A A 2 (43 4 40 7
DDPM S5 HERY ) 22 |, 3 HLH S 640 1 3 M B2 A1
() GG B2V S ik, 10 AR JE o H i 7E i it
F18 v Y7 T 2 i A T DI ) R B 7 BB AR i A A ]
458 s JF HL A X SE RIS $ 1 Y 2 e J0 i 4 A A
I AR IS IS5 . P e 2 T 1 1 &

ViR PN It R S ER g i) A TR €
T2 A BRI T B — KPRV — L8 1 & #r
J7ik 9 T EIGEAG IR AT HOREL f  RA i 7 K
W, 4 AT A PG YE e 4R H L RBHS 17 6 T 256 3=
A SEIE Ty i — Rl i et A Al UE AN ge i U
Fabr , BCE AR 7 5 % E Bl T A
Fi1 5 A XTI (B 3 T A ot 5 a4 M
i), 8 e UL A R ) AT O S 1 HE S A2 /Y
e

4 FELDIZEENHIEN

5 3755 B Kl A LA 35 1 0 B 13242
JEAT BE LA HAE O R, AR SE PRIz s A
BUHH 75 Ml 7 al UM R PRl A2 AR A
TR TP RO R A B C A R E L2k, I il
1 58 SORTHAARERLCAZ AT AR o |, T 2
FORTUIZRAEIL o R , AS 1R o0 B 2 o 05 A
R T7 A A SRR RLCAZ B DL ATk
HARZ O AR AT R 73 B 5 SCHR T (L
ST A AR, B e B RA el A A i
(4 i L, T S A R AL B R S AR 4
XA AT, 1B Tk S AL 7 i Y S8 2
5, BAETHRATH AR SR BEAT LA

x1 BRENGIZEEXBUFRZE

Table 1 Comparison of different memorization quantification methods

AL P el S
iirj jlzégﬁ;é%(mdman,2020;Feldman gl 2?;?{;@?%%?&@E’J%%%ﬁifri TN B K
B2 Al .2022) REBIET IO o ep g b
USRS B (Ravikumar 5 ,2024)  POUDHCRCRIDIZRIHO =S A RAUL s e mngming:

(DEERIRL/EN

{5 52 il 7545 (Zhang 55,2018 ) -

e RATA s 1k (Hu 48, 2022)

8 3R JZ T2 K )2 T/ SCJZ T AR AR P

) FH B RD T 5 AR A s Al

WiOr RA& HEEEE PAE
Wiy BEg HEEEE EN

4.1 HEHETHTHENLTIE
4.1.1 AU R AR AL T 1

TER 2V T AR 22 ) s T B A1
LA E Lo RAERICAZE SGHRCIZR 37

ATk RV HC S B B 7 A I R e A7
TEFIATAAE RSO T I PERE . X 2 3T LB
Y 2k 5 F B (shadow model ) , Thj 24455 Y KA 55 K
I, X — A Y G A TR I 2550 A R ]
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AT o X I A ekt Dy ks 2 el A 20 I it ik 4
ERUN SRt AT RiHAE . 4, Feldman £ Zhang
(2020) F HITECR B8 ¥t b ik B L £ 57 U 25
R R AT AT — DN AR 1 15
77 (influence score) , 1% J7 6 B 85 IE I B A B a9 —
A AU SCE B . Jiang 45 A (2021) TEIZ BT
FEURYFERN b 3R T — B PR Oy — M5 23 (consis-
tency score, C-score) FJFE 4R, X F—PHEAR (x,y),
HAEINGREE RN N n W B — A3 €, (2, y ) 5E X
N AEWNESRE 73 A P oRAE RN R n I ZRSE D OR
L EZREA) N GRBEAY £, 125U BE 1E A T 1)
AR, BN
Cr(xy)=E, [P(f(x:D)=y)] (25
N T AR AR IR AR , A5 0 BT A AT
REA YN ZREE RN n BUHER 15 8] C-score, HLAA N
C(x,y) = E”[Cp’,,(x,y)] (26)
IR TTE AR WO R AT DU ARAE 5 B O
JOE 8 SCAS T T A S0 o D) 6 73 000 A T 55 Bk S
AXE I A AR IT o Agarwal 55 A (2022) #2411
FEYINZRad F b B AR T J7 22 , AU 7% B e ¢
OB S8, D T 52 oK BT 5T BEXT Hessian
TR AT I A 23 BB R 1R 22 Y ()R . van den
Burg Fl Williams (2021) £ 1} T —Ff K 47 58 LI E
SR EERAN AR R 22435
W32 TR, B SR SC I 4 S
KRB U AR Z R AF BRI & L 450 25 R AL
AR ATVE N PPAL TR o A O AR R IS B
(B AL A2 5 Y1 2k v — 2618 o 1) JLAR] R AR K &R
pab
H A, % ARSI B LB T 328 —
FIB AT BRI B il 2, B Hessian 50 [, = i 232
FEASH OO TR G IRARIC B 5 1Y S A1, 3k 26
SR G WAL . Ravikumar % A (2024) B 58 T
FEBALCAZ 5 4 AR 300 22 23 R AN F R 1Y
PR PR , A 0245 43 AT DAE 450 R i R ok R .
Kim 25 A (2023) 09 0F 5¢ 45 th . B0 5 B /b
(sharpness aware minimization, SAM ) 7 3 #iL 7Y 5 45
SR A 2 2 R R AT ok T g A AR i
Garg 55 A (2024) AT 58 MR CAZAEA U A 52K 2R
Hoth T b AR BIA/IMEL, P T — R TR R
0 Hessian FHFEI A RAR I, BAK R

T(x[)=tr(V§L(x[,0A)) (27)

Ao (- ) RARFERERYIE

75— 28 UM AR U 25 ™ HEORR A ) AR 3 2 32 i
Tl Jeon 55 A (2025) P HICEE L BN REAR B Xt 2K
LA [ Hessian KRB 0T 17 1) R A7 RFAE (1 Dk R AE AR
R M T A A B, X SO REAEAEL AT LA R4 A ) A
icts o 55 3ZRNRFRIE 04, i 3. 29 ik . Ross
SN (2025) 52 Hh AOHEZR AN TR AR , E i A
LS R A i AV Y 2 ) ) (4 U T 1 4E SR 43
gt
4.1.2 FETEGEIRAEAA T

BT B R A A2 B s SR ARBREE bR
AT AL LASL , BG4 52 i bt RE D A TH D 1R
RIRICICRE I J i T 50 X —WF5E 7 1 46 T Xu 55
A (2018) Fil Meehan 55 A (2020) RS , 058 B 1
i D SUREAS AR SRR B B[R] B . Bhattacharjee 5%
AN (2023) $2 1 17— — I BE S i E CHESE , fif
BT Meehan 25 A (2020) i BIF 5 R a5 1 7 AT
TERY—LEBRFE o A A AY iy AR RO RIS 7T LA 53
N ABRGARMIMES R JERPAREFS PR LR
FARIPEFE R o

4 H AR R BY HOSE R T P 58 56 b 2 1, B R
A ARG He T A5 1 B2 1 7 R PR R R
FHRLTE , 140 Wang 55 A (2004) £ 4 B 25 F AR (DL Vi
by (structural similarity index measure, SSIM )i i k.
WG T- X5 IR BE A o o 22 R HIR 7 2 ) V9 s [
B2 A B ZE A PEARBLRE o SR, ol T3 AR Y LA
IAUKE I B 5 Jmy AR B S04, 7 N S T8 18 40 R 1 {1
T IX A B IR AT BE Rk A 2 A AR R R A
0, PRIk, T2 > 8 5 12 IR R R — [ Y
2 R i L IS W S S o S | 2 N S AR = R BB R
3 e JoL A 0 e, DA BU TR W PR 2 ) A P T
FRAYFAANE o 3K AL 27 > Y B 7 vk AT DA%
MRS AN R 2 - 1) MRS B SR AR
PEFEFR , Zhang 55 A (2018) 41 4 14925 > J& 0 P 15 Bk
AH L P (learned perceptual image patch similarity,
LPIPS) FE 7oKt M i 5 RS CHE [] — A T e i o
2 W 2% 5] 41 VGG-Net( Visual Geometry Group net-
work ) . ResNet (residual network ) 2% , 2 B[ 2& (6] |2
AR ARFAE J81 3305 B AR 18] 22 (8] (Y BE 15 5 Pizzi 56 A
(2022) # H ) SSCD (self-supervised copy detection)
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JEE S DU R PGS L 27 2] 7 V6 AR S A TE U AR I 2 A
[ri) 1% 56 5 30 22 6] A AR ABL A 5 BT, Wang 25 A (2024)
& H i 1CDiff (image copy detection for diffusion mod-
els ) | FH 5 S A 47 HIORE U R B 006 B2 1) ik A7 v
G SR TR, DA T S 30 R AR &2 A . 2)
T LS B SCHAR RIS AR L 8 K e R 22
ok R TR A TR 2 4 Jl %o IO SCAR R A 22 T F4) AH A
J¥ . Radford 55 A (2021) (48 b5 4% )12 FH T3
vl L EGAR I . 5 EE R R G 5l s
o B 1Y $5 BR AN [\, CLIP (contrastive language-image
pretraining ) 1| FH7E FCRUASE [ SOG - F0031 25k 4 A5 G
T o G 3 — AN i fE 25 ] . TR
ARG SN RBAEAE CLIP 23 8] b Y Ay iX AL | BE
U8 A R HEBRITEAE S 2 EricAe AT R, B AR
IR AEAR R AU I 5 SR A7 7E 1 % 2% 5%, CLIP
ASREUN R 2 11 SLHL A

g LR Z R R H s, 7T LAE Y
HY BB A B R A2 2 5 T I B R AR MRl >R 1Y
JERREE . B ORI i) o A i S A A SR VAR AR
ANIEE SCZ PR T EH . iR R Hds br (A
SSIM) BRI G A8 B (111 SSCD ) M By AR AL A= Bl 1 Bk
/NYIE By B AL MR P A L DA 7 A v B A BB
1M1 1 A B (A0 CLIP) B AR BB %5 B0 15 3% 22 S 4K
WEEGCAZ 1 SUME L IX ARz b T B — 2L
MBS RGHEICAL T — R 5, X3 4 B ) I
TEHI BRI AE B Z IR JZ 50— W) B LT BL T X
MRS AE JC A 7 R A ARARLRE LU, eV ) R 2
(Y B FAT 82 S A HL g AR B RAIE Y | 5
4.2 EBEWEAWENLTZE

AT RE T 1Y 75— R 5 e R I Bt
T3 AT, BV AAT i L 3207 VA RE IS TR L $2 it
ICAZRETTI R B, A/ N A 4 R B A M BOR
FEERTH R R
4.2.1 JRGUERTIGE

G W o (membership inference attack,
MIA) (Hu %5, 2022) & 75 8 52 5 8 Bl FEAS 2 15 s
THRBIYIGEIRE . TR BRI L e AL Y
i G BB R G eI D ity , RIVR) AR L A i 4
A8 ARG s Y A R B W R A AR R
VE M bR e o s 230 O3k I 12 X 0 11
Bl AR R8UE . IAh RS TSR IR R T A
Ze M BB vk B0 Shoki 55 A (2017) £2 i 1y

57 G I A R R R B B AR AL YA T
4 (Shokri %, 2017 ; Carlini 4, 2022) , Jia % A (2019)
P X BT 3l 05 USG5 5. Rl 25 i 3
B VA ) VA SRR B 38 T i L T S e o
(P4 RE AT B A 5 ) g 553 78 , Carlini 25 A (2022) 482
PRUE 1A 8 A5 1 2Ok, e A8 1% AR BH PR T 1)
FLFFAE KPS B BT B AR o

J D HEIRT Bt AR B T SRR BRSO AR
HARICICREAR Z 47 i 22 5 o R, BT HE i Y
K6 bs 2 CH 2. T BE (artificial intelli-
gence, Al) &2 RE , "D KE IR PR M A0 3
ik E . & (Pang 55, 2025) | JK & (Dubinski 45 ,
2024) F1 B £ (Li % , 2025a; Matsumoto %, 2023) , 43
SR 7 RE S SR AT MBI RY LAY i v ] 45 5
PR AR B i 1 )4 B o

AU E BRI T A ] 4. 1. 279 P T g
(S TR HE AR , 8 2 T SCAY (B FT AR A 2 A Bl
¢ Pang Fll Wang(2023) Y052 £ 1 1 — R JE & Al
GHE B Yo RO A A K 2k, R HT 3R 5E &
BT H AR A S OSCASBRTEAE D 3 s g A
P, I H A s R S i i T 2 ) RS G
T 2 A5 B AR R A4 A, DA T T e A AR il 1]
B A Z (B A% X AR BE , TE 45 38 B (B A0 25 A T
FIWrZ N 2k KGR R aL .

2 /e SN i el G e S R v
ViRl R o FEY B A rp X — R S48 A R T
i A LA U [R) 4 A4 4 BE 20 TR 00 op (8] 45 2%, 4 40
DDPM ZER T i F0 14 W P B i DS A5 T
DA 1) 437 . Duan 55 A (2023) $2 3 7 —Fh Bk 74
WAL i SecMI (step-wise error comparing mem-
bership inference ) , Uik F FH 4™ HICHT ) 4 B2 AN ] Fof
)20 1 J5 B il iR 22 . BRI L SeeMI T3 1 [H]
A IR RS Al R 22

L= |0 bl 5r).0) - 5| (28)
A, %, = Pyl 2, ) RBOE M L5 R, B, 53501
E N e eSO DR PN SUR S e P G i
HA B SCAR S5 2 R BURE R S DL — BB ) A A
A AAFICICHA . X — W, Zhai %5 A (2024)
BE— BT T AT RO P A SOAR 22 5 IR DL
VAT 1K & Wi

A & e U R R R 2 R oM BB iy
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Tk HEYGE R — KR Wy R eI 2 #2 b
T4 S8 REAS X N A A6, Pang 25 A (2025) By #F 5%
2 W 0k S A 35 AE VIR WA A 2 S (i SR X A
R T AT AR A 1 03 W et 9 I Wb ot . A
T B A5 — B (5 B G s T 40 A TR AR RO B R By
T 2 CRIVRE 80 2 500) A, W] B o 94 2 9 BB el ol 4 40 Vi
# o PRI 5y — K DL 5 2 5 R i b (4 i 22T
S N7 AR AH I, RIVAR Fh A5 78 2 550114 A7 A ) Wp — A~
Y5 FE A B B ic 12 o ) 40, Hintersdorf 48 A
(2024) 4 11 T —Fi 56 T fA7 B0 43 A SN Ay 22
TCYR BRI 5 12 5 7 1 e I R
Bl S 2 TR S . AT T Ao PR SR T R
FEAL U-Net H AR 58 X 5 7 )2 S B [ o 1) B¢
R IR JFE S SR I e T AR, ) — 0
] 3 T4 (Chavhan %5 , 2024 ) | 5 F 6 51 4% 2 250
T eI ZrpE A 1Y i3 , & F Wanda (pruning by
weights and activations ) 5§ (19 77 12 (Sun 55 , 2024 ) it
LI TT, BT T 4 OB 7 A 455 v 1 i I i 22
W2 (B 2800

SR, B 5% 1 W Ao 1 A A5 e T I o Pk i . R
W TR PR SE 2R 50 FEE S T 4 T AN )Y
MITA 5 % SR AR T L At A 8 A )1 2 5, (H i s g o
X PR BE A RS TR N R TR 35 AR 1 AR AT SR AR AE
BEIR] . 40 Zhang % A (2025) Fl Das %5 A (2025 ) B #F
U TR, 5L HE W B Ok B A AR PR L g 2 A
RO S b B 0 9 T SR, T 0 0 AR
& i E i NS N e 3 s e 9 Y e o
4.2.2 WG

P2 HL I 7 (extraction attack , EA) ZS Jit | S — i
TN T3 0 B G HE W e X R S O Al T AN [
(R 3CAZ G I 38 A, 1) 20 k- ] 32 BUPE (k-extractable)
(Carlini 5% ,2023b) 5%, XK FRFASHT B 16 B4 IR
YR I Rl i 2 R A R A B BURE B o Carlini
SN (2023b) I BFFE R I 2 0 WS & 1L B 10 1L 1Y
PG SCARBR AR AR I, 23 fih 2 5 % B R i A
AR AR G AR B AE e AR B I LA v, LA
PEAE M il & 2 T 7 R R BRI o AR < AR A
AN TRV BE LR A2 Y R B AR R (f T 2, R )
PUINCIZRIREA o SEI0 45 R W X R I he
ARG WP 52 4 4 WO RS A2 i TR

5 RENLIZERAE

IEIPL E AP, T R B2 L R
BT AT e A RO A Y i R T L 5 4T R T B
A S D3 A T A S5 X B P G T v R E R A
WCACHIINRREAS . PR, A ] TSI 25 ) B2 vh
TH B3 455 1 ARSI 1) 52 ) 2 28 R RS R R L 22 4
AIAZOUGE, 1 THED H TS = BB 58 2 A s
P 10429 2% (40 DIT MMDIT 4244 ) B2 [l ic 12 0L
il R 28— BRISHE SR, BRAT AR B gt J55 77 1% 1 A fih A
ICTCTH BR A5, 1117 5 22 4 e 9 —F g e U
FRBAR . DOHDRLEE B 42 Jry MR 7S T A (2290 Bl ) | 3
)2 I A s Ak (BRI DAL ), PR8I T 50
JE (1% Jmy PR A 4 o (R B S A B S ) | X STy
B BT R — B A A v 4R . RN, E
H T2 Be Ay Bl R X S8 TRRAN T AR E H e il
TER)ZRRE SRR AR B R0 ICIC R X E
e BT AT 18R DR O AR 3 AR T T
i IR B R R ME s 1 o T Ry T N 1 < st
LA (Voigt #1 Von dem Bussche, 2017) 45 Bt RA K 4
Prapas oK, DL I ZRiodts 24 vh s A — i o 2
JEAF BGOSR S 26R , o
VER P 52 MR A R a9 M SR ™ 2 1R
A EEAL PR E X —— R 5t 52, JE S b, AR A
iR ) AUE AR s g E — S TE R R X =
{m), o, m, ) LN RAGAERY A, B 388 5 ) Y H b
SRR A BRI 35 R U, L RE S A AL
WAL FRBIEE X — D TFHEU = {ul, ‘e, um} cX,
Horbrm KR BRI AR 1 PR RE S5 7E X\U L 15011 245
RSB L-F-AH [R] , JF HL BB HRAE &R AT T

an ERgsE g th T R i AR PR 3R T
125 s — R B Al ] ) B3k SRR B A Edh 2R Ak
FHR VNSRBI AR X Fh 7 o S 7
T 37 5 id 2 it 2RO 7 5 AR 2 O R T A
THAE. PG, S IR 5 2 2 A AR B B T35 7
IR BT AL IE S AN SRR B R . DA B e L Ok
Ui, X LI AZ A G 1Y 5 A BT AR R TR A gt
= (machine unlearning,MU)ﬁ/l\ﬂié'ﬁo

A1 5 1 2 AR A A5 B 38 A 5 ¥ A T S BORDRE
JERIANTR] A 8 BN 25 )R UG DI 2R LK e BRI B
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4 WA RS AL R 7 1, B < 2500 AL (47 1)
DAl R, R4 R W7 A OB

RELLEL .

I
| e m
esmons | | e | O

Fe
| BN | Rt
S HORICAZEH I R4 2

Fig. 5 Categories of memorization mitigation

E

51 ZHEF

7 77 B2 A (differential privacy, DP) (Dwork %5 ,
2006 ) 2B B 3ot SR AE WO St B v g DT . 22
3 B 2 A B R B RA I B 1) — AR e . WL
U, HAEBERIYIN 521 bR — R sh SR m , AR RS
AS[E) B AT (] an s A 7E Hamming 25 F A 1),
RS REAE LA o ML 3 A ) AH W] 1 28 58, AN 23 PR A 1
B 2203 S BUUBEE (M . FERTRL b T2 03
Bo AL GE AT LA 4RO 3 R A O s AR B
(Kasiviswanathan 2% , 2011 ; Warner, 1965) & f N B
FER N T =X, A0 Ak BT 15 D 0 D i Kl 4 b
8 — R AR B FRAE S N B AL 7S I 1 M
Ji A\ Laplace 434 8¢ 35 Gaussian 73 /i ) , 3X Ff il 2 78
7 b 2 3 B A (Arachehige 5, 2020) 35t W0 O R W
L, BRI SRy i S P A A A O 1 R B
1117 27— e i) 7 =X it A 3l L BB TE T4 iy

s E TN GR TR U A S R Z 5 TR
SR A SR BB L f, R U BE N B FA TR €, 117
a2 RN IR ME 22 5 2 75 ( Chaudhuri 45,2011 ;
Dwork %5 ,2006) . #RTI0, 3% P24 3 5 ik B AT [Rl #F
RSB R T B )8, TEIRBE 2 > v By
R 22 2 AL FHAE VI 25008 b AR B2
BEXTUN GR350 75 20 A B8 B2 HEATHR 30, 140, Abadi
4 N (2016) 2 i1 B9 DP-SGD (differential private sto-
chastic gradient descent ) 77 5 W & 18 1o s —Fe Il kv
B BAURE AR B AT HE R BT B BESR AN LA KA
M 75 (1] ] moments accountant J7 ¥ 35 S 1) B AL TH
F&) A BN 2 A B RS IS ECE BT . XL
K L e ER R 3 156 TR B T BRI 2Ry A
2R 5L T ELRE S AT RUCHRAR 24 I K A A R 5% 4
W A o RS 4 B R T 8 A I R AR A
WIGRRY BT ¥ TEY BB ALY 5 T Ly 8 A
(2024) #2H TAE TN ZR B BOM FH 2 28005011 25 A 2
s , MAETE BT B R4S H i , S0 AN 6] T e
FH 0 FAAT H505 157 F DP-SGD 83k o 1% 7 ¥k nl K i ik
YN SE AR . SRR, RO R B
EL B 8 3 A 578 1 ResNet HURIUR 004, BE B 450
AR R 70 A B9 I8 |, [R5 /D DP-SGD 5| A g I
A, R 2 P I ZRB Beh T IR B AR R AL T
B e=1 Ml e=10 B} stable diffusion (SD) v1.4 ¥£
CelebA $di £ _EBPERESR L, AT LA H 24 B ofL TG
AR 7INESF, X5 % FID (Fréchet inception distance ) K g

R2 BERERRICERAESUERI L
Table 2 Comparison of memorization mitigation approaches by defense stage
KBt i G/ S H A FID SSCD CLIP
DP-LDM (e = 1) (Lyu%§,2024) CelebA SDvl.4 21.120.2 - -
2
DP-LDM (e = 10) (Lyu %,2024) CelebA SDvl.4 14.30.1 - -
LRI AL (Somepalli %5 ,2023a, b) LAION SD v1.4/2.0 - 0.30.1 0.28+0.03
e HEREIIA (Ren 5 ,2024) LAION  SDv1.4/20  15.0+0.2 0.30 0.22
Token #&5)) (Wen 55,2024 ) LAION SD v2.1 18.0+1.0 0.5+0.1 -
P28 ICAG I (Hintersdorf 25, 2024) LAION SDv1.4 16.5+0.5 0.1£0.07  0.31x0.02
ESD(Gandikota %5 ,2023) LAION SDv1.4 13.68 - -
GeENERIER B T B (Kumari 45 ,2023) - SDvl.4 16.99+0.2 0.30 0.60 = 0.02
SalUn(Fan%,2024) Imagenette  SD v1.4 1.22 - -
SISS( Alberti %5,2025) CelebA-HQ  SDvl.4 20.1 0.32 -

IR TR BN . SD 4 stable diffusion; “~"F /8 RPEHIZ SR S AE H .
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R R MR A A JUBT A 2 R R R TR

SR, 2273 B RA 2 B0 BN Y R8s S Y e
BERA , TR SRR AL , 2 2 Bt 5l ARG RRAS |, ATt
TE2 BRI NN R )5  BBUE BE [ AR 25 B3 T
Beo LAh, i T DP-SGD Hh A3 BT 4RAE (2223 B AL
Rz L), 25 BRI Zhas 7 A B R HSEIHAE
PO T RN G B ME LR Z 1 . PG, — &
FIBFIE TAEBUT TAEA R 5 2 5t h o i %
AR T, LA R BT 22 53 B Rh 1 AE 2R A8 fin i
FASEHY (1 B FA LR 47 75 125 (Steinke %5, 2023 ; Nasr 55,
2023; Cebere % ,2025; Panda % ,2025) . Z/rFa A,
AT DU T e B, B 5 g B Ze s B TS
SERERNIC AL 2 A 7 125 R4t R 22 23 BR R 18 31 53001
FE, P HU AR BRRA TUIBZR T FH X 2 i o
5.2 RRiRMEK

S 1AL AR AT 35 T A A Wi e v ) I 7
7. Somepalli % A (2023a,b) FUIFFE KB, B iC 4209
e a) v ) 3R] T BRI 0 2 X I R ik i AR
TR B T 0 A U A I A B BB X
BEHY (% AT RS , A A T vk b 28 e s el
i AN FNRCAZ AN GBI i X 00, (645 A A A5
FPACAL IR AR A 2250, I8 B 1 R 5t I AUk
Bl nIROR o S A Bl i e Sh s i AR B 1k
S 3 ) i i T I PR A 5 TSR B s ALY B S
BHAKIF 4% — 8 N ric s p i #oR
RN e, E SCHAR/ MU RS H AR I

L(xt,e) = 60(x,,e) - Eg(xt,e@) ”z (29)

A, e KR BB SURREAR I SCAR IR e, 22
NN
Somepalli % A (2023a, b) [AF 78§ ) — Fh B 2
(805 1% 3k 2 fh 1) AR A2 5 BEAL IR DT A8 R
HIX AR 7 AL S B0 T AR A A 45 A LU SR A 1Y
S R E AR L . Wen 558 A (2024) 2438038 i $R
WAk O I g, BRI %07 1S4 —
SEAR BN HGHRA [0 fE e, i 75 SO 2 11 M 7 000 )
JEfe /M, IF B T B IR DA R A 5] i R i
e SORIE (52804 A AR 7R 1R T2 G ) 1R 5
AT — A HIRUR BE L0 — B R IK 3%
(L, BP42 ak DAL, UG SP i8S A58 Lo Chen 98 A
(2025a) 5 22 TAEUE— LSS 1 R iz it &,
DS G Al S i 12 itk i, O ) 2 & 1 o 4 s 10

o 2 AHMERLFTBLLG TN AR R R i Ak
J7¥57E FID, SSCD Al CLIP X 3465 F YR, 7]
DL, B Tl O A0 78 41 25 B B B R L 2 it
Bk B T AR

SRR IR LA TEHE R T B I T AR Y
SETF 885 B 1900 28 B O ABAS BT A2 B
Wi 1 45 5 SO 55 155 BRI 22 1) Y e e G
o SR, HUBEE B IS JE LT AR AEAR SRR 9 T8 2%
R 51 30 5 Xt e ) 7 25 MR 1Y) 4 (0 U-Neet 119
B% 26 Pl DIT BRI M) B ITCARZSH b . X Rl
it 2 4 B RE LA 8 S i T T 3 3l i A i BT
PESE 7R 0] | BUE % 22 8 5 (8] v - P A A e s A8 i
ek, PR, A e A EA T 09 D ) 4a ], Tok
PRI SR A TR 2 T
5.3 REER

P8 385 15 (Nguyen 25, 2025 ; Cao il Yang, 2015)
JE BT X C IR B R AT 4 5 W T B A I Ak B
B ARG B A SR (N 22 73 Bl ) SRR RETE 1)1 25
W Bef it g it A Ok, (AR R M IR 1T A UBOT o
PRI, AT 50 B R SR 1) 1 PR AR BEAER 0 e B i
A E IR Be—— RIS R 5 . AL S B 7R AT
I 2 B AR B A vpoRS TR 458 Bk A S R BOE S Y R
M , B DRAF i PR A2 S B8O P 35 AR T Ay e 1R (A
JEAR A ) , ELIE G Sk BRI A58 . e i
IR 56T, AT AOBE R 352 505 1 2 2] LU
BT E ] BT T R R S OE AL LA S
T P A DR i o 3 2SR

FET L E 0] A SROJ J d RO T O Y 3
) E TR o 2T I A% C JE AR 8 o A A Y
80, B E BRI B A A T ) 2R T G A S M
A BEHLE L o 9140, Gandikota 55 A (2023) 42 H (1
ESD (erased stable diffusion) J5 1 i 13 f#{ % U-Net H
AR A8 SCTE AL, P 67 1w 5 | SR H A MR 23 B9 93
I Mg 75 A 1) 23 SCAS X L8 A, DT 7 T i E 5 |
R OL T B BRRE ZARKAS B IR . Zhang 55 A\
(2024a) ¥2 Hi 1Y forget-me-not 1 Kumari 25 A (2023)
Pt AR T R it R T T 2SR ol 2 4, e
TS5 H AR RS G A AT A ] SRR N 25 1
1o Heng 1 Soh (2023 ) B B 58 DA F 25224 2T (UL A5,
PR R AT 55 O KAEPE R A HEZR Y
PRI AEE 2 I T — > DU S e AE e,
Je xS s iRl h U A S AT O A L AR R — AR



$31% /5% 108) /2026 £ 10 A

HFHE, WAL, BB, AR /¥R PRI TALEILRA

5 HR AT R Fisher 5 B0 15 I00, I ELAR
B FHAS B 25 ) DO B A T IO A C e R DR R
SR, 42 Jay G4 AT B8 2 0 A5 28 )i A= i
W . O T X — ), BIESEE R T T
BEVENSECEN 7. BAL G2 XS 28
ANEE X g A Bl B . RIS B th Y
A TRy O B B o e S R AR . ST
Maini 55 A\ (2023) Fil Chen 5 A (2024) & FiC 12 E AL
R BIF 5 3 AR B2 S A AEASE R R A v f) R oL
B EIEAE R PR TN T R BRI A2
h—/NER AT IR . BRI R T T
B w s gt RO SE IR R TR rh
ICAL T2 AT LAUSE 7, LA K AT A7 28 b 5 A7 3 2 i

£,

Fan 2% A (2024) 42 1 (9 SalUn LA K& Wu Al
Harandi (2024 ) # HH} /9 ScissorHands F) FHER B A5 BT
SRR B RS L5 R st TS v A DG Y
ST S IEAT B, DI A S5 B 33 s ¢ [) P e R AR
JE LR BB ARVAE AT 55 Btk RE . Heah, o T i —
A P2 T 35 XY A% |, Gandikota 55 A (2024) 42 1 T
UCE (unified concept editing) , 3 J& — Ff & F [ =0 i
S5 5 125l e PR 2O 20N B S RS Y
PO AR, SEL TR FOE A & ) PR A8 T, A
T AU EIL b R . Hintersdorf 55 A (2024) (1)
TS I FH L T (R SR, 1) T SSIM A5 R 47l
TS 1 A S B T A B AT value 22 HAT 43 A Ab
ORI IC IR 200 . kPt FRAL A W) 0 R0 20
i , AT ot FE SR BR A A TTICIC IR 2 TT . SR
AR B o 22 o0 BV AT (i 28 AR IC i 87 o )
— i Rl & 38 3CH, Chavhan 48 A (2024) 1 BT
FEREH T —Ff Wanda B9 (Sun 25, 2024) 1Y 5 250 Y
OOk T3 OB AR5 0 28 i A 4 k)2 v il
AR ZE TR o SER AR T %0 R R IOA Y
ARSI, RV AT REFAICIC IR B RE T

5 ER A SN R BT AT bR 2 TR
AR JZ T b 35 DA A2 SIS M A B A 88 17
F PR TR o Alberti % A (2025) 42 Hi 19 SISS (sub-
tracted importance sampled scores ) J5 7% , F| Ff 85 2Pk
SRAERE b ek RO B4 5 B I 2501 H AR R S
RN B AR R 2 | A IR RE A 1A 5 LA
SRR BB LR R 35 SRR B R TR
() an s 1 A L 22 HOA — 3R B REAS ) | [a] I £

FERA Y A R RE ARk

B2 TR/ S 2RI BeA T8 T AR BT i AR 7Y
R S MR S A PR REFR AR . BRI, H T A
25 BT R FH 0 58 SR R ), BBk = FE FID . SSCD Fl
CLIP %4845 L i 4 —PPAG , BB 3 R 1) PR BE 1L
BERTIAT o T 37 50 0 3 e 3 o ) 3y o 22
PEKG T 6 bk — 2 1HE

RAE FRIEAEIEX IR T R T R
RO HLVT ) ) 2 4 PR 5T (Zhang 55, 2024b;
Chin%%,2024 ; Pham %5, 2024) 45 H , Bl (8 25 1k
T THDAE X TR 32 78 Bk AT 2R 300 1 28 7 i 55
Mk 30T DATE 3 7E 5 A B 7R i in i N et
Bl (BIANFETR TT iR A 25 R AT A, P S it 15t 0
BLA 755 s AR AR F B A A S A 8 3 ok
IR NE . X R WA MR8 Ty vk FR B8
BT 157 A AR B, T RIS A N R .
I AEXT LR EE T 2 A AR R 35 T A S T 4
R R ATk K (Zhang 55, 2024¢ ) o

6 KRFEERE

W BIOAE R 7 A 5 A U )R R, 2
BT EE R RARLCAZ 5 R AAE S I AR T — %€
PERE  (EBA BB E R LT S AL e B T
A AT RE R RBRIE . DX SE R B &, Al L
JR BRI A K A S

1) B AAKICHE Ak B AL 7K 28 00 e o 00 3 i £ AL
o ST O ECEA B S G — WP R v A el 2 4x ]
R AL ST, BRI S O A2 17—
6T S AR S L HY AT E A AR iR e
Sre ELS I SR PP A Y 7 i TR A AR A K
ZE[] . —J7 T, 5 R R IR B sk = 4 A U Y
PLEF | K 2 B8 75 A S A5 B A5 2R ol ) 8 s Ik
B, A0 1UAR BE 7 1 S BR T — L6 Tk B 1 ] ik
ZREAL R TAL B RE | DR , A B S — A
JECHCHE AG I 2 AR T 5 TS R AL B B SE B UR K 28
SR B FAZE A R BB B A . 55— D7 T, Y i
AU R Z 23 I , 5 SOAS (] B A AL o LA
TER]—H4ERE N A LB, B DTl 22 MO Y
Kn e MELL S W ST 5 T ) BEORL T  XUS:
PRI, AR R B TF 5 7 20 A T ot 22 4 B2 O 98— TP A
L, LT AE AR T B AL AP 3 | TR A= Ji 5 FTER
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AR A B B A8 45 AR i) A AR AU LSt SR G (i
B AW R S ) Y e DR LR A o AT ik
THRES AU — B AR B b v A T8 B, AT 44
A R R T AR 2 R i B PEI AE  HR R  EE—
RN

2) BAFE Y RSB RR R A BRI 58 SRR
BSEE R . AR T RO R A 5 R
THAE TR G B, 8 AR e — B BB HEZ . Eii
AT R 221 S R 5 A B A O B R, g A )
BRI 1% G 8 07 ¥ A R B 3 i S e O |
2T Y BT RDURR A AL S R T
RRBE AR AT 555 SO U 55t A 7 = B A
TEAR T 22 5, HHOT M 1Y 5 I AL B B il o i ™
HOFREEGCIZERABIE . i, A D EZ RS
P RIS R Y AR A SR B 1 O, W A LT
AL SC, ST AR GO B T SR ) R B A5
BRYICAZ R ACERIE s HUK, R AL B IRAY”
B R A P FRATL B, 2 (DI 5 25 4 5 0%, i A
IR B 5 0] A A IR e AR 1 AR (] ) AT
VL AR FR AR E I 8] 25 305 43 ek 2 T R AT T
I A, A5 AR B F IO R — A EE T[], Y
U-Net B¢ DiT 22 b4 5 i 4 35t 5255005 IOk 58 2 ik 4
BRI EURE B Ak s g S AR S B R ARG
(mixtral of experts, Mok ) B A5 B 5Y A7 $7 A S i 48 44)
ELATORTRE VA 2 - N TR = SR S = N ]
SR PR

3) 5 2 G R AL A st AL 5 i A
SR L. YT RIS 2 R AR TS ]
I AYBSAL R, T2 TR 2 ) S AU AR R Y
B PR AR LA K ey R TR Y R AR SR o — T T, B
32 B 1 5 (test-time training, TTT) (Behrouz 4§ .
2025a,b) 1% i 4 THSE R AL RE J1 BT YE =, 5
TN Ab T S S BB BRI o A RSB AL
) 8 TRDAS R 2 57 > I 2 5 R, h el ok T s S B
ANRAFT B LIE < AfaT B RIS 5t AL, ZEASE A 52
55 A B B4 1 e v sl 2 IO R gL,
SR G R RGO . Ty — T, R
BRI R O A IRER HE AR BT R SR
U A Ve AT T I RS9 X BE AU R B RAAT
W v (8 G BRI ANTE B 7 AR Jrh , anar 78 A% 1
I S8 A AR 1 [ I 5 S 08 P i BRARRAIE , 2
S ME LR D MR PR, B R U &

TSR AT Af P < i AR BT 7 45 B R
AR TR SRR S AR S FRAL R 3 1
ARIEH LT T8

7 % &

ARICLER T HUSR AP AR AL — 33 AL )
WETEERE o BARTIT R, AR SO 7 IS 2 ) B8
B2 B RCAZ AR e AR P9 BB 1 Y
S SCRER R AL 7 125 DA MRS 010 G2 ik 5 12 R AT
T e F A TSR RO B A AL — 1
AL 75T T A ) O (R R
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