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* Problem:
Text-to-Im (T2l) diffusion model n prod ndesirable content 0 CRHEE AR
ext-to-Image TTHSH ©'s Cah produce tihdesirable content. First to address both under- and over-erasure by leveraging Large Language Models (LLMs) to infer coreferential (to
Therefore, we have Concept Erasure. . :
erase) and retained (to preserve) concepts semantically.

* Challenges: * Novel Loss Function:

Under-erasure > residual traces remain (e.g., Service dog when erasing Dog). . . : .. : :
_ (€8 g g Dog) Integrates LLM-generated certainty-weighted coref/retain sets to jointly balance erasure and preservation, superior
Over-erasure > unrelated but similar or close concepts removed (e.g., Cat erased too0). )
Erasure—Retention balance.

* Observation: « CorefConcept Dataset:

Human semantic similarity # CLIP embedding distance : . . : : :
. . y . g : Introduces a new dataset mapping 20 object, 15 IP, and 15 celebrity concepts to corefs/retains with certainty scores.
geometric proximity in CLIP space fails to capture true conceptual relations.
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(e.g., “cat” when erasing “dog”) . . L
Figure 1. The overview of our pipeline.

Task: Erase Cat Coref: should be removed Retain: should be preserved
Prompt SD v1.4 ESD-x MACE RealERA CRCE(Ours)

» Coref-Retain Loss

1 , 2 1
L = LCE + M z CCIHEQ (C ) _ ESEChOF(C)H + N Z CCl”EH (T') o 69*(T)||2
c’'eCoref c'eCoref Cat

* Lcgisthe original concept erasure loss function
M and N are the number of corefs and retains
c is the target concept, ¢’ is its coref, and r is its retain Stamese

C is LLM-weighted certainty cat
* Combined Loss + LLM-weighted coref/retain regularizers
* Balances erasure precision and knowledge preservation DG

» Evaluations | A = &1 i 4
 Compared against ESD-x, FMN, UCE, SPM, Receler, MACE, RealEra Figure 2. Comparison to SoTA concept erasure models CRCE can robustly prevent over- and under-

erasurel Object Intellectual Property (IP) Celebrity
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¢ Eva |.U ate d on O bj eCt, I P, an d Ce le b I‘Ity conce ptS Accy L Acef™™ ] Accf']  Accg™ 1T Accg™ 1T | Accul  Acef™ ] Acce ] Accg™ 1 Accg™ 1 | Accul  Aec™ | Aec | Accg™ T Accgt T
: SD [31] §3.33 8722 9160  81.17 8063 | 88.33 3746 3013 8680 8675 | 90.90 712 1794 9264 9304

e Metrics: ESD—x [7] 333 3772 3992 7382 6989 | 3.33 10.67 773 6280  71.16 | 1.81 11.09  10.76 729 6837
: FMN [41] 400 5078  50.45 3006 2592 | 4.93 4.45 3.89 2.88 251 9.2 4.38 4.00 7.92 5.23

v AcclU -residual of ta rget concept UCE [8] 1.27 8.52 8.40 17.91 1458 | 1.17 1.38 6.57 1.01 1.02 | 147 3.14 3.03 5.83 5.00

: : SPM [25] 36.00  31.04 3329 1457 1545 | 16.86 952  10.13 5.87 8.05 | 16.85 1578 19.41 33.94 3435

v AccC -residual of corefs (t rain/te St) Receler [13] 2.40 6.53 7.09 11.68 8.71 0.27 0.77 1.74 0.87 0.91 0.53 2.87 1.76 4.11 4.96

: : MACE [23] 210  12.10 9.05 6273 6884 | 133 3.33 373 4453 373 | 0.00 3.33 240 2973 3040

™ AccR -retention of unrelated conce pts (tra | n/teSt) RealEra[22] | 48.88 7049 7260 8892  7715| 3.33 1667  14.66 7773 8181 | 12.72 1178 11.53 82.19  85.40

: . : : CRCE-Sphere | 2667  58.11 6240 8657  84.84 | 20.00 1373 1200 7520 7947 | 727 1178 1153 §2.19  82.70
 Usi ng Qwen2-VL Vision-La nguage model for robust visual semantic CRCE Fixed 8.75 1927 3221 7823 7239 |  7.66 4.80 426 6794 6947 | 557 1.36 259 8154 7945
CRCE 1.25 1281 2631 8520  79.56 | 0.00 6.27 746  78.80 8025 | 1.8I 2.04 129  87.35  87.02

detection evaluation — . : :
Table 1. Quantitative comparison of concept erasure methods across Object, |IP, and Celebrity
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