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Abstract:  Fine-tuning text-to-image diffusion models enables high-quality customized image generation, yet it also
introduces risks of privacy leakage and potential misuse for opinion manipulation. Current research primarily focuses on
prompt- or image-level adversarial attacks to counter model customization; however, it overlooks the inter-modal correla-
tion between prompt- and image-level adversarial perturbations, as well as the adversarial interplay among the model’s inter-
nal functional modules. This limitation restricts the practical effectiveness of existing anti-customization methods. To ad-
dress this, we propose dual anti-diffusion (DADiff), a two-stage framework that integrates prompt-level adversarial attacks
into the generation of image-level adversarial examples. In the first stage, DADIiff generates adversarial prompt vectors to
guide the subsequent image-level perturbation. In the second stage, beyond performing an end-to-end attack on the diffusion
UNet, DADiff further perturbs its self-attention and cross-attention modules—aiming to break pixel-wise correlations and
enforce consistency by aligning the cross-attention maps derived from the original instance prompt and those from the ad-
versarial prompt vector. Additionally, DADIff introduces a local-random timestep gradient ensemble strategy, which up-
dates adversarial perturbations by aggregating stochastic gradients sampled from multiple segmented timestep intervals. Ex-
perimental results on mainstream facial and artistic style datasets show that DADiff achieves an average performance
improvement of 20% over existing methods across cross-prompt, keyword-mismatch, and cross-model anti-customization

scenarios.
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5 A2V R VGG Face2 B dl 82177 78 A5 1~ B4 4 P B AL
VEPE 164 500y, I MR- B s 8 sk AN RIS . &
B350 R T Fk sl 4 . i EHGER IR 2 oy
512x512 K /IN . A5 5250 4% DADiff 5 2 A G Y Ad-
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vDM . Anti-DB . SimAC I DisDiff Jy 353647 T Ho 2, 5050
HTE 5K NVIDIA A800 GPU L i#E47.
5.1.2 iEMMERR

S VEAS DADIf B A M AT R T — R IR bR
PEAS 2 Hil A6 SO U 2553 I8 ) DreamBooth 152751 77 A= (14 5]
B 5% 8 Retina ARSI #5828 SEAS A6
I 3 % (Face Detection Failure Rate, FDFR) J] 5§ #
BEA A A T R 5 SR AR A s A I 3 T K
HE— 2 F I ArcFace A SR 2 Ja 2 A i 4%
003 1) 55 5 0 P AN T4 AR B 5 191 1 B 1) o
YA 5L IR RS, X — ak FE AR R B 43 3F 43 DL IC (1dentity
Score Matching, ISM). HeAh , 18 BT RE AL A SR
P K B A% 5 & B4 (Face Tmage Quality based on
Stochastic Embedding Robustness, SER-FIQ)™' &% %
14 25 8] 5t i R4 2% (Blind/Referenceless Image Spatial
QUality Evaluator, BRISQUE)"" 1 31 75 #k %1 4 #i &5
(Fréchet Inception Distance, FID)BZ] =R TEAL A AL
PG5 5T i . SER-FIQ 38 52 TH 580 A TR 1 458 780 A= B
B R AR A B A B R DA T 2, 43 BSOBR IR 108 1 A= i ]
& BRI ; BRISQUE 2 — M2 T A AR 4TI G
Z: 7% RIMG o i DA AR AR, 3 3 3 A R 4 TR) SRR fi
B ARG AL R R R R AR I B e R 1A
155 A 25 5 FID J2: 1) FH A 26 90 26 v i) J2 4 AiE DA 14114
ARRIPE R bR, BUE B S R BUG R BBOK . TEJR 22
AL R, DU 58 4 e A Y S g 4 21
5.1.3 ERRES5SHIRE

725 i HuggingFacem:Tﬁ Y = A BRAS 59 T3]
SR IF IR IO AY - SD-v1.4  SD-v1.5 Fl SD-v2.1 ¥ £7 5%
5 . %FF DreamBooth YU 25 , BANHE IR S A nY ESR 0
% &M 2, DreamBooth Y| 2R B AR B &M 1 000, 2>
HRULE N 5 x 107 BRAEASP A B, 75 W HS ] SD-v1.5
BEAIAE g e O B RE A B AR | HL A A X 02K
i, AL4E APV A2 8, AR LA — 5K sks (9 B8 774 SR A JOxt
BUREAS R 52051132 715 17] . DA DI T RFHUREAS (127 2] 5
BCE N 0.005. 76 APV AR, AR UL R'=500. APV
N EEZ B AR R 2 R B AT L A 0 =
0.05. 7EEMSZ XL g7, DADIff X UNet f5E5_F 5%
FERL R (Y BT AT A TS NS SRR IRk
7E LRTGE 7 K S (] 254K T=1 000 4553 B=25 B¢,
DL AE OB . i AR BB AL S i v, fff UNet i
S FTRE I B 2 H b, HoAy S B S 4 R
RN 5 GEE R, NS o, =0.5 Fla,=0.4.
DADiff #455 Anti-DB b £ 3] () ASPL X i 5 2 AR 7] 64
B, BT 300 5 B, Horb AL 50 48 A A AL
Gr—XPOREAAE R AU 6 2119 PGD Xt et .

5.2 SRIGLERIEM
5.2.1 ERRFASEHERITLE

L 1R/R T DADIff )5 E7E SD-v1.5 -5 F i riEm
AT AR 7 S R —ik sks (IR A7 I
5L AdvDM Fl Anti-DB AH [E , 355 3 19 SimAC Fll Dis-
Diff k774 T A AR . SimAC 7E CelebA-HQ 54
by T HAT 354 1 BRISQUE {H , B 7E VGGFace2
BARAE FROPERERA R B . DADII7E PSR b #ox
A S B 1 A T S R ER , AN 5 SO A LA A
A AT PR A K (5 A4 FDFR AR A% ISM) L 11 HLi6
S ACAE B EMR B S a4 i — 20 EAL T H
P 5 (BRI SER-FIQ =5 1Y) BRISQUE I FID).

MAE RGN — K sks R BRI I,
DADIff 75 P A 56 42 T30 s B 8 e 3, ek A
T30 G () PR He B4 0 T 329 LA b, AR R PR B
IR TR T 30% LA L, 3 Ui B DADIfF [A] i 2oy sS4
PR TA) T R AR RN [R] s [) A5 e 1) 5 s o 2 e ok
PUREAS 1 28 6 B e AR R 1 i 2 $2 71, R W] DA-
Diff AWM IR 1 S8R “sks™ F H b A4 K% 2 1]
FARE M
5.2.2 BRFAFTHALKIRETR

B R TSR R 18 322X b )y 32 A DADiff
YR E AR BT . AT DA T, DA DX 2B i 5T 1 i B
TR AR B RS METE IR AE R [R] Y
EEHEEPR Z R A BeAh S R
&l 6 F] ] VGGFace2 1 CelebA-HQ %4 4 v i1 HoAth 1D
E—P WoR T Z A AL SE I S5 R X . AT LUE
DADIff7E A ] B0 42 A BE R 7R 18] A9 AN ] TD &% 12
BT S A A o ol A s SR . B B TE TR — Bk
sks [ B 14 127 Fl“— 5K sks TR TE IR BRIE T 09 RS
)R G T L 7 ] v 98 A BT A B R e IR, fH DA-
Diff /53R S T 5 22 A 4 S, NSO AR A i 1 5 b
F NI , T EL™ SRR T 75 5 WS

F T 2 T AN [FIXHURE AT UNet 457 Py R 45
Py sz, & 7 R T A A R AE UNet 5280 | 58
WEBEOMBFEENRER. E—1T8xR T WA
B4 PE1T DreamBooth Il 254 Y A Al G 1) g 2 1, HE
A2 P HURE A 4T DreamBooth VI 255 |- 4 1 5]
BB BEPE 16 x 16 K/NAY RS X RE T A H R
TR oA 2 o) 3 IR I AE B[R] 2P K 1= 500 B
AT R . AR ) 2 R AT R R S R
SRR 1w, DRR T S e T RS A AR X
5. A AT E 1, DADISE A B R AS I 25 4
DreamBooth 15 Y fR % 75 $2 715 5 8 1] A1 RME 2 (8] 4 575
BB TCEA SO R &R etE . X AR
R0 T B R 1 A 2 5 RS % 25 22 0] AH M 9 g
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x1 BERERIAELERITMGE
“a photo of sks person” “a dslr portrait of sks person”
Dataset Method
FDFRT |[ISM | |SER-FIQ | | BRISQUET | FIDT |FDFRT |ISM | |SER-FIQ | |BRISQUET | FID 1
w/o Protect 0.00 0.72 0.77 10.96 185.61 0.00 0.53 0.65 1.27 218.03
AdvDM 0.33 0.17 0.46 15.33 341.05 0.00 0.23 0.54 15.15 274.12
Anti-DB 0.78 0.10 0.19 40.06 373.48 0.10 0.22 0.46 21.18 329.76
VGGFace2
SimAC 0.72 0.15 0.17 34.88 399.45 0.22 0.38 0.51 20.46 266.95
DisDiff 0.97 0.02 0.01 50.45 427.12 0.20 0.30 0.55 20.92 281.64
DADiff(Ours) 0.99 0.00 0.00 53.50 526.90 0.91 0.04 0.08 43.79 462.63
w/o Protect 0.00 0.77 0.84 27.35 139.33 0.07 0.49 0.79 2.79 226.92
AdvDM 0.67 0.06 0.53 14.41 294.45 0.10 0.06 0.68 16.40 258.36
Anti-DB 0.77 0.04 0.17 54.97 336.57 0.17 0.12 0.70 17.08 291.99
CelebA-HQ
SimAC 0.97 0.03 0.03 60.15 478.24 0.47 0.16 0.55 19.50 228.09
DisDiff 0.98 0.03 0.01 58.15 471.06 0.56 0.12 0.54 20.92 356.36
DADIff(Ours) 0.98 0.01 0.00 59.77 479.66 0.88 0.03 0.15 36.41 383.60
T LSS R Ry Fe A 45
SEf R iR LR 1 BEED | e
Avovar | i | oo [ A G pomut of s e | W
SKS person > Person T person mirror chair Eiffel tower { . 4
- JRE
SES st v
I
SREHIIT Anti-DB v
Anti-DB
SimAC % 4
SimAC
DisDiff 4
DisDiff T()éz:f)f X
S £ = 5 S
DADIff 517 B # DreamBooth I ZRHIA 1] S il 5 123 Az e EHE 1 2 )
= b B

5 VGGFace2 BUHE4E ID EUZ 09 & AT WAL T

HERE R
Dslr portrait ~ SKS person
of SKS looking at the

ESITE 2N

A photo of
SKS person

Dreambooth
3

SKS person
sitting on the
i

SKS person
in front of
Eiffel tower

A photo of

SKS person
person mitror

3¢/

E*'Ht

SRSEHTri
Anti-DB

56 CelebA-HQBHE4E ID FIR 4P e n] R4 XT
J1, A8 X A APV 595 S i T e AR
2 ) P in FH AR N EHR Z [ AH S i IR . 3 sz i
TXF B AR SO BB B A Rk

5.2.3 KREBIRKELIIRITLL
SEBRAT G WS IO R B DR 3 O DL S
T FH P R A FH R 2 S ] [ AR FE A H AR . o
I, FE 2 9FAE T A€ DreamBooth Y1125 WP i 2 e 1) S 4R
JE B A A T . ELART 5 B sks " AE S AR BN
PUREAS (1) G5 1m] ﬁf&*&ﬁﬁ “asdf”"VE AN ZRFNPEAS Dream-
Booth A& BT & B (%) SCB 1] . 45 S 36 B, DADIff 78 JC 8
TR AR 0 S ABSR R T AR MERE . FER &
FEEZR T, DADIf SR UL F A 7k . X uaAX A &
FIREH AT 0T GEHI 55 T X HUREAS G o R 1R AR
T, DT A DG 37 R THC A 7 190 R 300 0 R 194 XoF 70 2
&l 8 Xif DADiffTa‘é%ﬁﬂ%@ﬂ‘f*%Tﬂ‘]ﬁzﬁEﬁa‘
T TR . GBS FE RS L, SR AE I 3
ﬁﬂ‘?ﬂ’ﬂﬂﬂﬁmxﬁ(%ﬁ@??ﬁk H DAlefiZA AREF
BRI ROE IR . X AE S — IR (4] Aa e AR L R
A K (AN TR R AR IR R IE Y B B S s 1) R G
S B ok sks B BR AR T BTREAR
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F2 XBIRKREERTHELITE R

“a photo of asdf person”

Dreambooth
Method FDFR | ISM | SER- | BRIS-
Prompt FID T
1 L | FIQL | QUET
AdvDM 0.08 | 0.18 | 0.53 13.25 |339.24
Anti-DB 0.47 | 0.14| 0.35 23.32 | 347.25
SimAC 0.59 [0.04| 0.35 29.02 | 348.97
DisDiff 0.88 |0.02| 0.10 37.53 |417.05
DADiff(Ours) | 0.91 |0.02| 0.08 44.58 |443.06
“A photo of

“a dslr portrait of asdf person”

asdf person”

AdvDM 0.11 | 0.15| 0.60 15.75 | 284.37
Anti-DB 0.11 | 0.17| 0.60 12.68 | 277.85
SimAC 0.08 | 0.17| 0.70 5.59 [227.91
DisDiff 0.13 | 0.23| 0.60 19.32 | 253.16
DADiff(Ours) | 0.25 [0.09| 0.14 24.80 |289.75

T OHLAS AN fRe R4

Ml — K asdf /Y B R HEAT
SRICIE A LT MR A T 451

DreamBooth Il Zx i, 4]}

A
Sl

FONET @7 0[:. o 5 é,”f?é'}f’"l LK ]

person

&8 3%%%115:@6 fﬁ /RTE@ DADIffiEAUF el %Mc

5.2.4 BRBAIERBMELIEMEREITEE

23 R T 43 d H SD-v1.5 . SD-v1.4.,SD-v2.1 #%
R 3 548 F VGGFace2 F1 CelebA-HQ U df 5 A1« — 5K
sks A BB R 1 Ry 2010 4 7S 1) Of A RGO REAR | IF Bl 5
" —5K sks R 7 — ik sks B AR — ik
sks FER AR /R BRI AT IR A7 — ik sks RS T IO R
F— ik sks AR FERT T 00 BE R 7V A B 7 ot 2B il
PG T3 A B % ) A B PR 3 R 1A A
Bgh g #e L B B R S N BT AT F5 bR R, DA-
Diff #5:2¢ BHH B3 119 S R . D H R AR I B A 1
T, 5B D7 A, DA DR Y 6] 1T 5% 1 7 24 48
1E T 2%~40%. 75 JE BB RN 1Y = 78 A Bl 4R
B F A TR X A Y 32 4 1D R AT SR 2
o R TEA L 25 22 W, DADfE7E AN [RIRE Y A [R5 7% 17
Z (A ELAA 2 B AT R i L AN ] A4
PR YA . ARSI — A5 UE B, 7R AT O A (1 X
Pt v, T AT S ) JES MR T RO AR ) S 2 1

AT, AT LS B A R B S E R 9 RAR T
DADiff 78 B AV 50T A AT AL SEERCR , AT LUE H
DADIff 588 2 B0 H A &50H: | (A 5 G4 57 AN DE L ) A 1
DU EE , B SR A8 R e R TR A AL | W5 o i B R 1.
ML%#}@W&EQT X 2 I, BRI 2 T 14 22 S A B RE AR
BRI B B4 SN LB % 1) 2 10 0 22 S K R, S
SERIE TR ASZ 0T UNet B 75 Ay 38 240715 %o $2 7 5z e ol
RUET = NI B 7 2 0D A% o

HEFRFE R
Ds portrait ~ SKS person ~ SKS person SKS e
of SKS  looking at the sitting on the of

A

A R Pl el

EPNE

()
()

gt

519 DADiffE’%Tﬁi”fi% R AT

5.2.5 HERCIE
DADiff L MBRIAUR, BP UNet4ir ik L, [ 3X(2) ]
FEE R L, (R (10) ] 48R T HrA AW
A RS G, P RO R A R AR R
P B A AE  32 0 1D ) RS 1 2 45 5 2B T
3. Y HAl A B R AR R A 24 (a,
B 1 —a) BB N 1. 24 UNet B 451 26 AT ] 3 35 97 46
%E@T%Eéﬁé%#@ﬁ,ﬁ%ﬁ o, IRV BN 0.4.
GER T, Lo B0 502 S il FE 2R . HERBR
Lo K%ﬁz&xgﬁ%ﬂ B R B ERRAR . B L, K Lo, 5
Lo 5 S sm X B A B R e R . A A
Wil SN PR A N SIS RS DR el ESIPN
(FDFR B 57 ) , 3X 22 BB IR [ R 0 ) B 2 Bl IR 7 i 45
RIS G Z A NMERIRE ST . EAh e RS AR sg X
B B B 23 iF — 20 BRI AE TR AR Y T i
(SER-FIQ ik , BRISQUE Al FID ¥ /&) , iX &£ 5] ARy
SCARJZ B AE 56 0] LAFE S UG 2 X B AT B &
PR IE— 3850 . BOnE 2, A R R AR A
B
BEAT , DADIFE I $2 H T Ja) 388 Bl AL s ) 25 4 s
JERE L (LRTGE ) SR B SR B 5 7E 2 I [ 20K 15
T 5, R Ji 11 FH A B4 A B A fE L PGD i ) X B A
A i AR SR AT PG B SR . AR A 1R 1
T, 38 5 % D R S RN LRTGE B2 3 48 50
PEAT T IS R0SERG . R T S 50 Hh A 25 R e A ]
K BB (SimAC) FlE T B[] 25 4 43 L % ) %2 (Dis-
Diff) , FUE ] 5K 5 B T AR (S Ant-DB A Y . X

A photo of
n

SD-v1.5

SD-v2.1

SD-v1.5

SD-v2.1
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*3 EEBRLERMEITESER
SD-v1.5 SD-v1.4 SD-v2.1
Surrogate | Method | FDFR | ISM | SER- | BRIS- FDFR | ISM | SER- | BRIS- FDFR | ISM | SER- | BRIS-
FID 1 FID 1 FID 1
1 | |FIQ| | QUE? 1 | |FIQ! | QUE?T i L | FIQL | QUET
wlo Protect 0.07 |055| 0.62 | 1197 [232.98( 0.09 |0.39| 0.58 | 1573 [310.72] 0.06 | 0.41 | 0.71 | 10.04 |207.54
Anti-DB | 037 [0.15| 027 | 2449 [377.66| 039 [0.12] 029 | 21.10 |391.21| 0.09 | 0.32| 058 | 17.99 |225.15
SimAC | 0.26 [0.25] 029 | 2055 [356.03| 0.04 |037| 050 | 18.22 |343.94| 0.79 | 0.04 | 0.23 | 30.45 |284.75
v1.5 | DisDiff | 0.62 |0.13| 025 | 2545 [399.73| 031 [022] 036 | 22.75 |374.05| 0.78 | 0.05| 0.30 | 3271 |294.28
DADiff
Oure) 093 [0.06| 0.03 | 4059 |464.56| 093 |0.06| 0.10 | 4221 |444.20| 0.81 | 0.03| 022 | 36.88 [311.12
Anti-DB | 050 |0.10| 026 | 26.00 |396.45| 048 [0.09| 032 | 22.18 |397.46| 0.16 | 0.24 | 0.36 | 34.74 |340.39
SimAC | 0.19 [0.31] 043 | 1852 [344.69| 029 |020| 036 | 28.90 |395.83| 0.59 | 0.12| 0.13 | 42.60 |407.08
vl4 | DisDiff | 0.61 [0.10| 0.16 | 31.20 [409.17| 0.19 [023| 031 | 22.22 |344.71| 041 | 0.14| 028 | 4333 |389.85
DADiff
(Oure) 0.86 [0.08| 0.12 | 3325 [441.07| 094 |0.04| 004 | 3872 |478.57| 0.64 | 0.11| 0.13 | 40.42 |414.60
Anti-DB | 0.10 [0.26| 042 | 2068 [349.72| 0.25 [0.20| 033 | 21.54 |368.05| 0.16 | 0.22| 045 | 25.63 |315.55
SimAC | 044 [0.18] 033 | 29.00 [394.69| 0.24 |029| 041 | 2423 |374.57| 0.70 | 0.14 | 0.17 | 43.02 |389.57
v2.1 DisDiff | 039 [0.13] 032 | 2627 [397.12| 046 |0.12| 027 | 27.27 |386.26| 0.70 | 0.11 | 0.16 | 43.06 |411.66
DADiff
Oure) 0.63 |0.12] 0.18 | 3215 |41328| 0.78 |0.11| 0.12 | 33.54 |419.26| 0.72 | 0.10 | 0.14 | 44.43 |424.20
T IS SRy e A 45
R4 BRERDHBUHRETL U 0 BB K BEUR T R D KA 2
Vet Average EIRE B ER KBTI E . B=50 ik s irn K
FDFR T | ISM | | SER-FIQ | | BRISQUE T | FID 1 955 T B =25 (S (H XS HTRCR AR 20 30A B
Lo, only | 059 | 0.09 0.20 3421 | 430.10 T TFIREE B=25%F o, BUNFRIEUE A IR EE . 4.475
Loy | 022 | 023 | 041 | 2836 | 35561 45y, o MUMCIHCRE TSR v BB HHO B I 15 05 )
Lnatlsy | 081 | 008 0.1 34.86 45148 i B R BB B 2 18] B EE AR . o, AR 3 R DD RO IR R
Lowtbes | 066 | 009 | 016 | 3390 | 4965 g uif ¥ fF RGBSR R % TR BCR K B 3E
DADiff 0.93 0.06 0.03 40.59 464.56 u}—k % Xd. ﬁ %K éﬁf 1:@ E':] 3“6 Ejé ZJE % ﬁ 7l }Ee , MS Bl j] FDFR .

T RSSO0 R 2R

P WAL B I [R] AT B B (A A2 DA S A5 2k Hh AL
BT XA 3 AL A B E S BORI % Bl 52
FELAT T XU AYERERY ST ML Z R, (] LRTGE
oK B A I T B P By BEBIL 2B A R T L fe A
PGD et B B2 A 75 B 2 5 B0 LA 8 [T 1 (]
I T LR OB B AR ), e A R
JR X UREAS 1A 251

RS EERRMEEMEE
Average
Method
FDFRT | ISM | | SER-FIQ | |BRISQUE T | FID 1
Single Step |  0.32 0.19 0.31 25.03 372.65
LRTGE 0.93 0.06 0.03 40.59 464.56

T VRS 5 b A

TSk, £ 6 13 720 X LRTGE R i 9 #8251
Bl o, AT IH RS S . 3R 6 RN [E € a,=0.4, X BIUA
[ A SE IR 45 . AT LA, 24 BT, X i SR

ISM . SER-FIQ %8 I 9 50 5 o, AAG , S 380 0 B IR L £51)
A, BN XS 2R 2 1T AR IR A (e (FID B AL )
R SUAR 8 A PRI 55 110 B S A B R . IR
R T AU T SRR S A8 BB R A 2% S 2 B )
TS, AR SCEFE T a,=0.4, B=25 B HA 4.

®6 BSYBEMER

Average
a,=0.4
FDFR T | ISM | | SER-FIQ | | BRISQUE T | FID 1
B=10 0.90 | 0.09 0.10 3826 | 433.10
B=25(0urs) | 0.93 | 0.06 0.03 40.59 | 464.56
B=50 1.00 | None 0.00 4509 | 497.51

TE IHLAE R N R EL R

TESR 4450 pRERIH Rl 55 50 A il |, 3R 8 X APV (1)
W B AT 73— LRI RL e . BRI &, 405t T
A APV (wio APV) fd 145 APV [ 4 15 (19 BEHIL = 39
I8 75 i) 7 (w/ Random Vector) F14 2% [4] 11 (w/ Zero Vec-
tor) AE JMORHHURE A TF B IERCR | DLk APV 1 K14
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£7 BEH 0, WBTR

Average
=2 FDFR T [ISM | |SER-FIQ | [BRISQUE T | FID 1
a,=0.1 0918 | 0.072 0.040 37.675 |497.572

2,=0.4 (Ours)| 0.930 | 0.060 0.030 40.590 | 464.560
a,=0.8 1.000 | None 0.001 40.147 | 457.312

TE IHRLZE S oh B4k

JETH XS HUREA X BT S5 " i Dk . 25 R ER I T T
APV 515 (1) DADIff 76 JT A PPAl F8 b #8087 wo
APV, X ETHAIEH] T 91 A APV /E 25 B0 030, RERE A7 2L
51 I 4 R G2 T AR (T L SRR T
AL, DADIff YRR AR T “w/ Random Vector” Fll
“w/ Zero Vector” , iX WL T APV A B #5347 T4 80K 5F
XoF M B X 0 SUAE R AR — N TR 1)
APV Ry B RAR Se i J R A O M EAE T REE 51
S RGO Bt (RS o bR R ASERY pR 4) 1
R, T ARAR B 5 Y S RO FE Rk

®8 MHIRREENRER

Average
Method FDFR | ISM | SER-FIQ | BRISQUE FID 1
1 ! ! 1
w/o APV 0.61 | 0.12 0.16 34.21 430.10
w/ Random Vector | 0.69 | 0.13 0.17 35.05 422.35
w/ Zero Vector 0.63 | 0.10 0.12 34.13 433.02
w/APV (DADIff) 0.93 | 0.06 0.03 40.59 464.56

VE < IR SRR e
5.2.6 XEARNXIEEGKEH B FELIE

ML se, 2R SRR s R 5 2247 HLOG
TR AT Wiki Art 25 AR XS B4 e B 1S A
) 2 AR IR A XA T, LA “sks” g 4t 3] £ 4T Dream-
Booth Y1 &5, FF 04T — R H B a2 il X P sh 5088 . %9
JER T R ST 3 5 T W ARt L ROR T AR
A EUS A NG AH @, PR U AS F0 ] FDFR \ISM
F1 SER-FIQ #8 b U 17 7 & . A 5256 FH sks F8 482 R K
&, FH “sks JRURE (8 780 18 4 S B2 0] 1 47 % O RE AR A=
B AR5 asdf 9EAT T BRI R Bl Bt o i . Ak gh
L], DADIff/E K Z A8 b B8 T 30A ik

B Je A5 9 L9 o RS A S s a1 A 7 ] Ak
FETER O LG (I FEhtl b E— 2B 47 T “sks KU A9 2
B A7 “skes JRUR 1) Aol il e VO A 15 4 s 1) TG AR
AR IR0 firs . 25 53R I 78 SC R G B AL T
DADiff % 5 v o6 G 0 45 #9455 5280 1T B8 10 S A9 i
WA LTS, HoAh 5 Bk XU R o 2R B A SO 2
T A PE 3l AEATS R B T B8 i Joh i XU P AP 4544 . FE
5 LR S LR L DADIff & JCEE 22 BV T 2R K
K, T A5 2 06 AR AU 04 2 B L3 52, 1

X AR 58 At 2 . DA DI 1 B4 56 B i) R $ R 1) 1
BT B ROR ¥ 3 T H A v, X 3R W DADIE X E &
I P sl B MBI T O A R 254 5
ENINPL AT UV E

®9 WikiAn BIREXRIAKRRNL L RITH

“an oil painting in | “an oil painting in as-
sks style” df style”
Dataset Method BRISQUE BRISQUE
FID 1 FID 1
1 1
w/o Protect 22.235 341.938 11.137 388.006
Anti-DB 45.733 | 554.505 14.995 | 565.801
WikiArt SimAC 55.686 | 552.395 18.698 | 416.948
DisDiff 52.104 | 452.504 15.382 | 401.065
DADiff(Ours) | 53.644 | 637.006 | 19.491 577.001
T VRLZS SRR e AR R
SRR HEEAR R
T Dreambooth An oil An oil A SKS Style
An ({‘l painting Il painting in  painting in AL | Painting
in SKS style SKS style  ASDF style il o of angels
SKS SE I

a
A g;ﬁ;

5.2.7 XEHUEEZAXSE M4 B RE TR0

N T BAE 2R HUREAS IR AL F) LA 1l RE
T2 ZE 5, A5 A photo of sks person” A= X
PUREA, I 7547 Dreambooth W5 , fff F—41 5 “sks "1
MTE K HE R 18] (B4 - “A photo of a person” A photo of
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