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Figure 1 Component Extraction Module (CEM)
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Figure 2 The proposed Swap-based Disentanglement Strategy (SDS) operates on the representation Af
Specifically, SDS first enhances Af5% with visual and textual noise, and then enforces the separation of style-
specific components by swapping the outputs of CEM-E and introducing an alignment loss.
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Figure 3 Unlearn erasure-critical components
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BN RNEUHEERA ew, ZHEIRA eg, WIS 2, WHTRMSE 0op WP HEE F() (WIEEN 00) , HFMRAL 0o WKL
RUHL Mop, TN CEM(:; Ocrm) HIERERKE Mcem

s EX Aff;‘e — fi(ew,2;0) — fi(eo, 2;0)

: MEE 1: 7£ SDS KB TII% bcem

: for ¢ < [1, Mcgum] do

[/ FRE R 5 SRR B I A

N0, I) HREE 2, 2/, FHAHIE 2 # 2/, BIHAR (9) 5 AfLe=

M N0, I) HIRFEY ey TEARARRIYMERS ] B noise

HH el + ey + B noise ||ey |2, FHRIEAL (10) 314 AfLe

[/ R CEM 4pfilsh . SEdal AR SCA Ll i A R4

A (11) 75 Eoris Eva, Een

10:  //iliid SDS 23] & L2

11: ﬁﬁ?ﬂﬁ:ﬁﬁﬁ ﬁswapl, ﬂswapz, Lyec

12:  dEidE/ME Lsps BH Ocem

13: end for

14: MER 2: XPEHIRS

15: for i < [1, M| do

16:  FEEER Ocem KR, AKX (13) 155 d;

17:  ifdy = n||AfL%|; then

18: Bk 24 T A I

19: end if

20:  PHESBERMGIN: Lrps = Bz [||fi(eo, 25 00p) — fi(en, 25 00)]l2]

21: HAHAME Lop + Lrps EHT Oop

22: end for

Ml BUEREESH 00,
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4 SLIGLER

4.1 SKWIKE

WIS MRIET AT (62,71, 72], ASCETREY BAL (Stable Diffusion, SD) (73] &I 5L5 43
Br, R SD-v1.4 F1 SD-v2 BANCA. At FE6i A Adam fifbss, K TR Ocem F1 Oop 1
RO HIBER Te-4 Fl 1e-5, 0o, FIRA LRI SHL. BSBBCEN T A5 (10) iy
n BUEH 0.03, 23K (12) HH o BUEN 100, A, v F1 B BB 10, Merm BWEH 500, Mo, BHE.
k100, iy SEBITER K GeForce RTX 3090 GPU ESEM. YRS HESINHIN, £ BHEH 0,
MRS HTERANHI, £ WEHN 1.

SYEETTIE. AN SCRFTHE 1 st s 5 2 Ao i B VA AT T I, £U4E FMIN [55].SDD
[25]. ESD [56]. AbConcept [26]. UCE [28]. RECE [60] #1 ABO [24]. A5 Scua ¥ feAH [ 11 EAk i3
BT, PIAMUOEATE B T2 S8 AU 2 $ 7R 0 55 SRS ORI AT
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Table 1 Comparative results on object unlearning. Bold text indicates the optimal result.

Crps Erasing Performance Retain Perforamnce Overall
FID LPIPS ACCl FID| LPIPS|, ACCT AACCT

ORI 0.00 0.00 90.5%  0.00 0.00 90.5% 0.00%

FMN 177.2  0.351 30.2% 14.1 0.190 84.5% 54.3%

SDD 244.6 ).402 14.5%  22.3 0.238 74.2% 59.7%

ESD 242.2 ).399  9.24% 15.9 0.194 81.4% 72.1%

X AbConcept  237.5 ).397 12.4% 21.9 0.228 75.7% 63.3%

RECE 210.1  0.395 7.18% 184 0.203 78.7%  71.5%
UCE 237.5 0.429 3.32%  26.0 0.258 72.6%  69.3%
ABO 207.8  0.378  23.9%  20.5 0.223 78.2%  54.3%
FMN 177.0 0.350 30.5%  14.1 0.190  84.4%  53.9%
SDD 279.4 0423 9.39%  15.8 0.195 82.1%  72.7%
ESD 233.3  0.387  15.2%  14.2 0.189 83.8% 68.6%
v/ AbConcept 258.6  0.417  7.24%  14.9 0.188 82.9% 75.7%
RECE 201.7 0.381  9.10%.. 15.7 0.196 81.0%  71.9%
UCE 258.7  0.451 1.94%  19.9 0.237 76.8% 74.9%
ABO 154.5 0.341 32.1% 15.5 0.201 83.1%  51.0%
v Ours 259.5 0462  9.42% 11.9 0.166 87.8% 78.4%

TEEIERR. (1) B AR BT Fréchet Inception Distance (FID) [74] 1 Learned Percep-
tual Image Patch Similarity (LPIPS) [75] b5 it R AGH HUR AL (241 00) S8 59 HURAL (S8
Oop) TEAMER ERYMRIYE. (2) PR 2EPPH: BT TmageNet $dfige FHIZEAY ResNet50 £
B [76] XA R T B PR B HEAT R0, AT AN AL 0 P (A A JUAE 55 vh i R RE DRI L. (3)
PRI BT TIZRRY ResNet50 A4, X HA 1R Z AT H0H, ME— 8 10 RS HY 7
et NSRBI rh R ISR A FlC Y T AR M 8, B i — s 1 KUK DA S LR B R AU, 3331
Cézanne. Van Gogh. Picasso. Jackson Pollock., Caravaggio. Keith Haring. Kelly McKernan. Tyler
Edlin #1 Kilian Eng. (4) @§NZ 720 RN Nudenet £2 [77] XL A B @ 00 5 #REx B
PRFROLIEATHRN 5 432, 45 AT RUR N AR i BRSOk (5) 12P (Inappropriate-to-Photo )
F IRV 5 WA 2SR, BT M SRy ResNet50 AL 12P Bl p 2RIt 77026, It
Gb, G B ERR S R S PR RR PR R TR AU K 2R, ARSI ATRER AACC, HE SN PR T
RS SRR R R 22, |

AACC = ACCretain — ACCrorger- (15)

Horp, ACCretain FRBIATE LR MRS BTC KA S5 ERY RIERR R, ACCrorger AN A&
(0 FEHER R, AR T 20 A AR S B 1 1 [ B 2R B A O RE T Y 2 8.

PRAERAA. (1) 2P RCRI, ARCATRRE (ACC) R EZIF TR, FFLA FID Al
LPIPS fENHiBiZ%. 22, ®Rn FID 5 LPIPS Jp 8 SR WA o165 I i B A
AR RZE S, HizZR ARSI A LGIEH H S Y &k, (2) S % ERMHT I, 43
BUR 2R3 57 RS AERFR RN, R e 5 S il A WAL

PEEAE. (1) HAREE: DA Imagenette Zdfide (78] *HBO# TR FFE BN I B4R &
FURTTE, A TR RSN, 265 200 AR BB T-, ap S Fh1A2 80 5 5KIEMR, Btk
1,000 SKMARFEAS. A PGSR IE H 2 EROPEREORFFRE T, XTSRRI 5, BEPLRAE 50
ASZEIRN T, AR TR 5 KR, (2) KURIEE: B SUR ZAR KA ikt H A,
FR A SRR S P 1551 5 H AR S R — 2 (3) G NA IR BT 12P 24 [19]
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Figure 4 Qualitative results of ShallowUnlearn on object unlearning. All the above images were generated using
the Stable Diffusion model before and after unlearning, along with corresponding text prompts. No additional
copyright-related data was collected.

PSR R [R]I, FH) TmageNet JEIHE7R AL MY PR, A0 AR 2R A E 108 FH 2 0 A2 ml b Ay
AEORFFIGOL. (4) 12P HARBRSHIBS: PN Ao, SERtae iR 2607, A%, Wt JHE
Bl AR, HAMEAE S @i NaERER" Lh—2

4.2 BESER

BOINE LT, A0 Kt s Se e SD-v1.4 54 | k4T

BARER. KB TR INE 1 PR, i AR 2408 (1) BERCE: A
FEAE A AR bR (ACC, BUEBURF R B ARG ) | A SO A s A IS B AR i R IR e, K
ACC 4 9.42%, 5 SDD (9.39%). AbConcept (7.24%) Fl RECE (9.10%) 25540 T [a—KF. R
% UCE ez fahr LHUS T HeE(E (1.94%) , (AHAE A PERR R AR LB TSR L. (2) PREA
AT EEAE FID Fl LPIPS $545 B4 BIHURRAM(E 11.9 5 0.166, fL Tk L% ESD (FID=14.2,
LPIPS=0.189) . [R]f, HAEAR A MM 40 JkE B ik 5] 87.8%, #5k FMN (84.5%) 1 ESD (83.8%)
» FRIZ T VEAEA RO S AN AR A (R B, BRSSO AR R B (R A bR (3) BEIARR:
KA AACC F5brfii st SACR SR YRR Z BRI LR G T4, ASCHER AACC 183 78.4%, LK
WAL AbConcept (75.7%) $EF-2 3 ANE 43 mi, BEHILAE B SUR 5 BIBYEE Ay H AR B 22 ) 52
T RIS, (4) SHERIH: LIgRERN, Bl ASHERIHLH, 28304 5
YR RS ARSI I A, R TR MERE LR B BE 1. (B) IR R SEoigh i
Y, BT st i E S R — 2 A _ BB R I 2y B 2t A AN I B AR, 3 SR B 52
B FID #1 LPIPS 434 & Tk, B0, R IaB A3 m] ERmsidstridsh 0, w5 1 Bt
% 222.4 1 0.393.

ZOTEMERERR THY) F R e T H R AT s AR, WMITER AR Bl b T X8 2
B TCRVEE. B 4 R T Bt e M. GBI R, A8 SCHE R B VR REA O e A 10
BEHEAR, [F R AR TR L BR i A i
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Unlearning Performance Evaluation Retrain Performance Evaluation
ORI AbConcept ESD ABO RECE Ours ORI AbConcept ESD ABO RECE Ours

Erasing “English Springer”

Erasing “Golf Ball”

Erasing “Parachute”

Erasing “French Horn”

B 5 BfnEs EAREGENEMMEER. U EEGRABIESHIEH Stable Diffusion RAFIEN AR TE
B, i R AR SRR ER T 32

Figure 5 Comparative results of different methods on object unlearning. All the above images were generated
using the Stable Diffusion model before and after unlearning, along with corresponding text prompts. No addi-

tional copyright-related data was collected.

BISZ5 T A SO VA5 BUA T AE B Rast AT 45 B X LU SR FEsstis e R 7 T, TR X B
Ty ¥R X AN TR N A RN A A AR R . Horp, RECE 5t H ARl i eie 2
SO, FEus A BG5S R R G 2 5 SO L sE 4 k. ML TR, AR SO SE
L E AR [, GRS AT O B TR R G i B 8. BN, ZERERR “Golf Ball” Mf&HT, 4<3C
3 O IR RERA B AP A TR, T R WA B AR FRANAS. A, et “parachute” #f&
FISEIG Y, AR SO REIS B AT RO I H AR S A AR B, 1T ERAT 3% (40 Abconcept il ESD) #E4:
G AT AT UL B e T - 5 B AR AL, RIS AN B, FEOR B8 MR BR 7 T, A4S SO R TR
R BEMS. KR “English Springer” &N, 48307 EAE Bsts H A& FE, Gefg
AT HLAREF Imagenette A28 10 A BT &, 51 A0t 6 21 PR A i

RARIRTS. SLEREE RN 2 FiR. A SOy BRSO R B R G 5a 4 77, (A I 28 XUk
KNP KRR 2 7.85%, 5 1AL 77 ESD (6.98%). UCE (9.14%) PAK RECE (10.8%)
AT AP FERTBMERBOR B 5 T, A SO RS T /() FID 5 LPIPS 2304k, FHECR &S
S IEMERR R FIRB R E. AN, TR SRR (AACC) b, AJykiks 87.8%, WL T ikt
P vk, R BLH B it AR P 2R B e

HRASHRR. LA RN 3 Fin. Total Fm ARG P T B IR XIS 21T 285 W,
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% 2 FESEERRES LORLER. MENTERRRROER.

Table 2 Comparative results on style unlearning. Bold text indicates the optimal result.

Erasing Performance Retain Perforamnce Overall

£rps FID LPIPS ACCL FID| LPIPS| ACCtT AACCT
ORI 0.00 0.00 98.9% 0.00 0.00 98.9% 0.0%0

FMN 272.8 0.419 30.6% 86.9 0.242 55.1% 24.5%

SDD 258.7 0.439 16.5% 53.8 0.232 84.3% 67.8%

ESD 261.6 0.413 13.9% 41.4 0.195 92.4% 78.5%

X UCE 256.9 0.479 12.8% 67.5 0.260 82.0% 69.2%
RECE 273.1 0.445 9.00% 54.3 0.231 83.2% 74.2%
AbConcept ~ 246.6 0.410 25.8% 53.6 0.223 85.9% 60.1%

ABO 296.8 0.466 4.71% 63.9 0.220 79.5% 74.8%

FMN 281.0 0.429 26.6% 58.1 0.251 84.8% 58.2%

SDD 280.2 0.456 9.96% 42.4 0.196 91.3% 81.3%

ESD 283.4  0.455 6.98% 38.2 0.183 94.3% 87.3%

v UCE 272.4 0.497 9.14% 51.9 0.241 89.5% 80.4%
RECE 255.0 0.421 10.8% 42.9 0.194 90.2% 79.4%
AbConcept ~ 244.3 0.388 21.6% 42.4 0.187 93.3% 71.7%

ABO 265.7 0.430 15.9% 40.1 0.181 94.1% 78.2%

v Ours 294.2 0.459 7.85% 35.8 0.172 95.6% 87.8%

T3 A i B SR N 25 AR U TR B SOR, BN R s M AR A TR S B B Xt
PR R A B RE ST SE I, SR A FID A1 LPIPS H5hnA st s mi oA 24 A Bl MG 2077 J2 i AT
JE T ARIYE, FEBNFoR A U PR F B[R, ) TmageNet 28 514 7R A= i) BHR 254743
FEMAL, A ACC i A2 38 S A AT 45 I BE AR 100, S0 S /R R ol el
. B UCE. RECE 543 (n = 0.06) BRSO HFRIANY; [EEREER I, A
OEBUS T = AL FID s ACC, SR Rk 68 1. b4k, 5 FMN,
AbConcept, ABO F1 SDD % /A I, ASCH7E (n = 0.03) FEBUSUR 5 08 B L RE P 7 TR HUS:
TR K 6 KW, 5 RECE ML, 48 S0 EAEAER BRI (R A 1l B T 2 ISR AR

I2P ZERIRRR. % 4 41 TASO S HAN I A 12P AIFEBRAT 55 h BT LLZ IR, SCaR R,
AR EAE S BE T T RIS, AN ISR 4 R R R & 12.65%, 5 RECE (11.45%)
ACPAHRY, HACFAHE SSD (14.54%) TN MM RZ ik, FEBBIMERE AR B 0 T, A SO R BB
YR i A R LR, H FID. LPIPS fil ACC 4052k 22.34. 0.188 Fll 52.37%, 541 ffl L4k
AbConcept (FID=22.06, LPIPS=0.183, ACC=52.58%) I:AEH:T. Friste 5 4% B i ~FA k5 1a, 4
SUTYER AACC 353 39.72%, @i Fraxt ik (A RECE, 38.69%) , Bk T HAE 12P 2851
BT S T LR A S

£ SD-v2 EHIXEEEER. % 5 R TA SO 5 HA e SD-v2 kT H FRists 5 K8t
I HEREXS HLAE . A SO VELE H it s US T i BRI, H AACC k%) 73.4%, Rrf 7
YRR FE RSB P, AR SO YA R R R B B BB T AR R RE T, B T el FID (24.4),
R LPIPS (0.109) PAKEE R ACC (83.0%) , B2 T433% ESD (FID = 27.4, LPIPS = 0.124,
ACC = 79.1%) FEWRYIRL . FE, i EE AACC Pk EIHAE 51.6%, F I HAE KK
x-S AU A5 P e 2 ) S B T S A

E ERE SRR E AR AR TSRS, A SR A TAE [64,66] i itk
O5 R, XHBEAR  EE R TIN. BRI, T E AR R A S AT R AR A, e x)
AR A T G 2E ) WS (B A A i s T 5 SR AR AR AL 5. X T
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x 3 BEAZBERAMILELERF.B, ‘F.G'. ‘M.B> M ‘MG H5HFRFR ‘Female BREAST’, ‘Fe-
male.GENITALIA’, ‘Male. BREAST’ #1 ‘Male. GENITALIA’. MM FHRRHRMLNLER.

Table 3 Comparison results of sensitive content removal. ‘F.B’, ‘F.G’, ‘M.B’, and ‘M.G’ denote ‘Fe-
male.BREAST’, ‘Female. GENITALIA’, ‘Male. BREAST’, and ‘Male. GENITALIA’, respectively. Bold text in-

dicates the optimal result.

Mothods Exposed Regions Erasing Performance Retain Performance
F.B F.G M.G M.B BUTTOCKS ARMPITS BELLY FEET Totall FID| LPIPS| ACC?t
ORI 200 26 22 46 51 211 196 63 815 0.00 0.00 54.89%
FMN 106 6 2 18 17 94 109 23 375 21.99  0.181  51.92%
AbConcept 75 3 3 13 10 64 69 14 251 22.53 0.188  50.16%
ABO 76 3 3 19 7 72 81 22 283 21.96 0.185 51.88%
SDD 69 3 4 17 9 66 79 21 259 22.32  0.186  50.86%
UCE 32 1 3 5 7 18 20 11 97 23.37  0.189  51.61%
RECE 20 1 1 3 3 18 22 8 76 22.93 0.187 51.43%
ESD 73 5 4 16 10 68 61 26 263 22.82  0.189  52.37%
Ours (n = 0.03) | 53 1 1 13 13 70 58 18 227 21.42 0.181 53.60%
Ours (n = 0.06) | 21 1 1 3 2 20 22 10 80 22.03 0.186  52.13%

#* 4 12P BEMLER, AEXWHNEESEZBIISIFITIERE. MENFARIRRNER.
Table 4 Comparative results of I2P unlearning. All experiments are enhanced by RDS. Bold text indicates the

optimal result.

Erasing Performance Retain Performance Overall

ACCL FID| LPIPS| ACCT AACCT

ORI 20.07% 0.00 0.00 54.89% 34.82%
AbConcept 16.76% 22.06 0.183 52.58% 35.82%
ABO 17.74% 22.08 0.183 51.64% 33.90%
SSD 14.54% 22.16 0.184 51.43% 36.89%
RECE 11.45% 23.01 0.195 50.14% 38.69%
ESD 15.76% 22.08 0.184 52.18% 36.42%
Ours 12.65% 22.34 0.188 52.37% 39.72%

SR, T2 S M RS R E N 50, BRI 0.0LN (0, 1), 23 5iH 3 x 1072,
HR Adam (EALEEGF AL HI S5 6 MFE T PR SRAEREN, 2t eIz
RECE 7y 2E SRR i B0, 10K | ARH IR v (35S 7)) ZEH
BRI B PR AL 5 P TR, 35T FOATLEE, R RTI5E T AFRZ A BB HI3 ] A vkitens
HEZL, DAZEHEIRR I P A 5 R DRSO R AT, 4R T e R S

4.3 HEASCH

B XRIBFT AR, & 7 R T SURMBERIETRSEL 8O ERIN R KA SR TR IS SEE
SERFE, BEUEME S BME R IR A AERFE R MK T, FEARR B IRE N UE 1.4% 2 2.2% 217
/IR ES, BESSRCR B TR E. SRR, BEE B ISR, SRE RS S R BRI 24 6 =0 i,
FID 43408 63.2, THE 8 = 20 BHFARE 49.2, BRIRE 22.3%; 2 ZSMERR A 86.1% $#F+ 2 91.0%,
FHXFIGIR A 5.7%. LR O BB SRR, 430K 8 & 10.

CEM IZRNERRBINRIES AR, % 8 /R T CEM MRE (epoch) it
H AR S B UR A R. Horr, £—4> epoch XM —K 5281 CEM {4k 72, #5s 500 4~ifk
B ISR R (1) HAFMES s 3 2ERT 2-3 4> epoch WFERL, LB HAR ACC T2
AT 0GR ik AR BOT KA K 8 B 08I, ST AT AEXT o R & AN b B 4. X —



indicates the optimal result.
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#* 5 £ SD-v2 LEHTYHRMNEIESHXELER, FRESNIEHES

Types Erasing Performance Retain Perforamnce Overall
FID LPIPS ACC, FID, LPIPS|] ACCT AACC?T
ORI 0.00 0.00 91.3% 0.00 0.00 91.3% 0.00%
ESD 231.9 0.350 25.2% 8.31 0.104 90.0% 64.8%
Object Unlearning AbConcept 263.6 0 15.5% 9.61 0.120 88.5% 73.0%
ABO 231.7 0 26.6% 8.10 0.101 90.4% 63.8%
Ours 244.6 0 17.0% 7.32 0.104 90.4% 73.4%
ORI 0.00 0.00 86.4% 0.00 0.00 86.4% 0.00%
ESD 197.2 0 29.2% 27.4 0.124 79.1% 49.9%
Style Unlearning AbConcept 196.0 0.369 37.0% 28.7 0.131 82.4% 45.4%
ABO 202.4 0.359 30.7% 30.7 0.125 78.7% 48.0%
Ours 212.0 0.371 31.4% 24.4 0.109 83.0% 51.6%

* 6 AEIFEERS

— b

u ey

S LR EEHEIEEEER.

Table 6 Robustness comparison of different methods on object unlearning.

SEZBIFIEITIEE. MENFERRTHMR

Table 5 Comparative results of object and style unlearning on SD-V2, both enhanced by RDS. Bold text

Methods chain_saw church gas pump tench garbage truck english springer golf ball parachute french horn Mean
AbConcept 64.8% 38.8% 59.6% 37.2% 66.8% 78.0% 92.8% 94.4% 66.2%
ESD 95.6% 55.2% 98.8% 98.4% 93.2% 96.4% 0.0% 100% 91.5%
RECE 0.0% 51.2% 9.20% 0.0% 13.2% 0.0% 18.4% 16.4% 12.1%
Ours 68.0% 91.6% 69.6% 82.8% 90.4% 89.6% 90.0% 89.2% 85.3%
AbConcept 127.25 68.98 40.28 117.61 58.70 36.42 40.23 24.01 74.55
ESD 144.42 37.27 33.49 42.14 40.30 26.67 14.27 33.37 44.44
RECE 431.69 146.72 160.31 246.32 89.80 269.01 293.43 212.08 239.15
Ours 108.53 116.22 42.48 30.78 28.53 24.41 37.67 29.13 48.78
AbConcept 0.265 0.248 0.250 0.366 0.226 0.179 0.301 0.279 0.274
ESD 0.289 0.259 0.218 0.328 0.264 0.175 0.243 0.367 0.283
RECE 0.508 0.313 0.338 0.392 0.324 0.380 0.462 0.473 0.399
Ours 0.269 0.303 0.228 0.226 0.181 0.141 0.292 0.256 0.234
R T AREFEEREES EREHIEER.
Table 7 Robustness comparison of different methods on style unlearning.
Methods Cézanne Van_Gogh Picasso Jackson P. Caravaggio Keith Haring Kelly M. Tyler Edlin Mean
AbConcept  98.8% 60.0% 84.8% 89.2% 98.0% 92.8% 85.2% 97.6% 88.6%
ESD 100.0% 99.6% 100.0% 96.8% 100.0% 100.0% 99.2% 100.0% 99.5%
RECE 0.0% 27.2% 60.0% 3.60% 68.0% 56.4% 4.80% 0.0% 28.1%
Ours 98.8% 52.8% 91.6% 88.8% 68.4% 99.2% 88.8% 100.0% 87.3%
AbConcept 133.79 185.94 102.11 299.62 142.95 146.19 119.12 164.40 160.31
ESD 138.99 94.20 150.70 230.17 123.36 157.23 86.89 161.22 143.77
RECE 221.81 270.15 188.26 457.67 240.24 172.03 212.66 269.75 254.08
Ours 122.79 173.94 72.50 242.61 181.32 108.67 112.75 169.69 147.15
AbConcept  0.246 0.400 0.207 0.286 0.243 0.379 0.232 0.170 0.264
ESD 0.214 0.244 0.260 0.157 0.219 0.472 0.180 0.160 0.235
RECE 0.368 0.422 0.391 0.500 0.288 0.505 0.392 0.389 0.411
Ours 0.250 0.356 0.207 0.320 0.225 0.328 0.231 0.215 0.262




BEHE PENFE:FEHE AEXE 15

F ‘ .- F s : 82 .ua\ il =2V N ‘—v s
B 6 RESHEEBBRATBMRLLNESESER (MaERE . I EBGRBESHIER Stable Diffusion &A1
MRS ARRER, 9 R EIRNILETIE.
Figure 6 Qualitative results of ShallowUnlearn on sexual content removal (Model utility preservation). All

the above images were generated using the Stable Diffusion model before and after unlearning, along with corre-

sponding text prompts. No additional copyright-related data was collected.

& 8 % CEM HWERREBMNXRETHEEBFES LW, MENFERRELNER.
Table 8 Effect of the number of CEM training iterations on object unlearning in ShallowUnlearn. Bold text

indicates the optimal result.

n = 0.03 n =0.
Epoch | Erasing Performance Retain Performance Overall | Erasing Performance Retain Performance  Overall
FID LPIPS ACCJ| FID| LPIPS] ACCT AACC?T| FID LPIPS ACC|l FID| LPIPS| ACCtT AACC?tH
0 256.76 0.365 36.8% 9.37 0.166 85.5% 48.7% |256.61 0.365 36.4% 9.36 0.166  85.2% 48.8%
1 306.9 0.428 13.2% 9.38 0.171 87.4%  74.2% 307.2  0.428 13.2% 9.38 0.171  87.6% 74.4%
2 324.6. 0.415 /0.02% 9.32 0.173 86.3% 86.3% | 384.0 0.435 0.00% 9.79 0.182 86.6% 86.6%
3 337.6 0.432 0.00% 9.41 0.176 85.4% 85.4% 416.9  0.684 0.00% 18.8 0.233 84.7%  84.7%

MG E, CEM 2RI EC T B A 22 2 ISICIRAS.  (2) FID. LPIPS PAKAREE ACC 4
FEhm T IPAG AL A: AT A R e M, X BEHRARAE ] epoch B TARE, ARBHIZRF0EAF LA &2
W MR, TERKI 0 W8T, B2 E RS S8 B R BIAERE.  (3) BERRCRIER
AACC B, S5E3EH I n SHRMINZGRE, GEWSAE H ARSI ROR 52 S R v BE AR 2 1R B
AT, 45 1, ahE ST CEM AL AR, I/ g i as i R 22, nDARE— 4542
THASCO R P BE.

PEAHEBIKIET AN RRFM. BINRE TR, A0 (14) hifRs HRRT X
— PSR, SEAD R XTI ) R B dy R T DA SE I A R Iy TR, o A 2H T B FR
dj, (j € Tretain) VR IEIASEI— i LR, H RGBTSR A B0 U SR
PREFIG IR, A SCFEAS (14) BUREZE N A E T VU ZSBUEAR R - 43 FPRE DU FPOR [ 20 1428 B4 35 5 R it
S HAR, MR AR VEES HARI AR E R B AR T2, &l 8 X R AR R ZH 2R B
WS R AR R T TR HE AT T s AR R A R I GRic & 5 S EE A T T Ak,
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For Erased Concepts For Preserved Concepts
——————————9
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Figure 7 Impact of varying textual noise levels

FID Evaluation [__] ACC Evaluation V.. Vv, 7. V.T.[] V.T.

N - &

FID for Erasedf FID for Preserved¢ ACC for Erased * ACC for Preserved?

8 FEHEHFEBILIET T ERIFN

Figure 8 Impact of different component types

PABRERAS [ 2 258 7 (R SR IG 25 R B mT Lok, SER g SRR, eI S b, Irf Ry s
TR FID PARBART) ACC, BEHIAR RSB IR A4S th ) R BAH R AE AR S
1B Rk FE (BIE 8Hf) FID for Preserved 5 ACC for Preserved $5#4%) , V. T, 5 V. T, Wifpas
AR R . 320 R BTN I B E R s RO AT AR, Ve T WA A& Y
BB 7, VLT FEAN NS BRI SR GBIGET) - R SeIn g g
TR DR FEREEHEZE b, MR 42 B 1 ¢ B LA 7 [ B L A 2 i ) A0 o A P DA B
W SCASTE: SRR, T RETE AR UETSDFCR B[R B, B R A A AR (R RO

FIOJ/R T HER A R AL T it R BRI B e XS FU SR T DAMLER R, 8% il v B4 (ELX)
SCAEE R U ), IS AR AT I 55 H bR TR R R, REASE L O BE LG P R R IR SR 2 A
PYFAB R ZR, AR A R AR — R . AT, FERS 3 [ s T WL i R SAS 2 A U L B
AR AR ) T A Lo b R s B G, R AZ SRR A G o e B S . 53—y,
2 [ L D BRI SCA R B ) 2 I, ARLBG) H B 8 A ) it S SR AR R, AR A SR P AT
AR B —E REFE R B RRAE, YRR E N s s AR, X—I R S5 E 8 iy SLin g R A
— 2, P RE TN R AR R XS S B Y 5
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Unlearn “Kelly McKernan” Unlearn “Cezanne”
. | b W/ 8\ >N i\ B

& 9 AREHHRBINRESFEMENEMXTE. U EEGRABESHIFER Stable Diffusion #HEIFIHEN LA
RBREM, N5 RRREIRMEDE.

Figure 9 Qualitative comparison of ShallowUnlearn with different component types. All the above images were
generated using the Stable Diffusion model before and after unlearning, along with corresponding text prompts.
No additional copyright-related data was collected.

4.4 FBSTLEMFEPRE R REAVEIRYBNSMIETE

2 HIT AT B ARSI i R A R S0 A e R i P 3 2L A S B e R B ) AT A T
HETEmM9 7% (Principal Component Analysis, PCA) HIEBDHEEFEIR. 24ffiJf] PCA
i, AR W] PARIR A -

Igin E.ezp [Hft(eua Z5 eop) - ft(PCA(em Iind)? 2 90)”2] ) (16)

Hort PCA(ew, Lina) FmPA eu A, SUBIZRT] Ting R ARFL i) S 0EFT EAY. e M AL
il PR A B T S S AR FIR, A S B 8 S B AR AE FAHS 0 75
ERD T PCA. fEhi A X € RON, PCA H it 2 i DAL 5 8

1 ~
p=yXly, X=X-ply,

Hh poe RC H@mEMEnE, 1y € RY 244 1 WslnE. FE, 215 o X i@
TR, BT W 2 0 e SR 4 A

M = ﬁfﬁfﬂ € RO*C,
M=VSV', §=diag(\,...,\c),
o, FRAEE (N} #RFRFHES. AR E R R T] Tna € {1, -+, O}, SRIGREOR B 1 3 28050
Vind = V[, Iina] € R¥*9,
Horb, kA OREE R E . Ba, AL E Y S B A PR

Z=v] XeR"N X =vyZ+pl}. (17)
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* 9 BEERIMEER CREAEMNLEL) PCA (Index:i) RRAEEMIEFVREE « MEMS. M
MFFRTRIMLER.
Table 9 Comparative results for object unlearning (without the regularization function). PCA (Index:i) denotes

the scenario where only the i-th principal component is retained. Bold text indicates the optimal result.

Unlearning ‘Chain Saw’ Unlearning ‘Church’

Methods Erasing Performance Retain Performance Overall | Erasing Performance Retain Performance Overall

FID LPIPS ACC| FID] LPIPS| ACCt AACC?T| FID LPIPS ACC| FID| LPIPS| ACCT AACCtT

AbConcept |233.8 0.275 17.6% 19.2 0.242 73.4% 55.8% | 151.6 0.363 29.6% 21.3 0.219 74.6%  45.0%
PCA(Index:0) | 243.8 0.349 10.8% 16.1 0.221 79.1% 68.3% | 33.1 0.304 45.6% 16.9 0.192 79.6% 34.0%
PCA(Index:1) | 228.5 0.314 23.2% 21.1 0.235 72.4% 49.2% | 157.3 0.376  20.6% 20.0 0.218 76.9% 56.3%
PCA(Index:2) | 244.1 0.316  13.2% 24.4 0.248 70.5% 57.3% | 133.1 0.351 25.6% 21.9 0.226 74.5%  48.9%
PCA(Index:3) | 250.2  0.343  13.2% 18.7 0.232 75.3%  62.1% | 104.1 0.309 24.4% 16.9 0.199 79.1%  54.7%
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ShallowUnlearn: Rethinking concept unlearning through dis-
entangled component-level erasure in text-guided diffusion
models
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Abstract Text-guided diffusion models have revolutionized image synthesis but also raise ethical concerns,
such as privacy violation and harmful content generation. To mitigate these issues, prevailing methods typically
leverage an alignment mechanism—with predefined erasure references—to fine-tune pretrained model weights.
However, such methods suffer from two major limitations: (1) they are constrained by the representation ca-
pacity of the text space and exhibit high sensitivity to the predefined erasure references; (2) they tend to cause
significant degradation of model utility during concept erasure. To overcome these limitations, we introduce
ShallowUnlearn, aiming to disentangle and remove the erasure-critical component of the undesirable concept.
Specifically, ShallowUnlearn comprises a Component Extraction Module (CEM) and a Swap Disentangling Strat-
egy (SDS). Guided by SDS, CEM is pre-trained to decompose concept embeddings into distinct component types.
Leveraging this decomposition, ShallowUnlearn then removes the erasure-critical component while retaining non-
critical ones by fine-tuning model weights. Extensive experiments demonstrate that ShallowUnlearn achieves

effective concept erasure with minimal impact on overall model performance.

Keywords diffusion model unlearning, shallowunlearn, component extraction module, swap disentangling strat-

egy, performance trade-off
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