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ABSTRACT

Recent advances in text-to-image diffusion models have enabled highly realistic
image synthesis, but they also raise concerns regarding the generation of unwanted
or unsafe content. Existing erasure methods often struggle to remove target classes
reliably when prompts are detailed, paraphrased, or adversarial, leading to incom-
plete forgetting and compromised fidelity of non-target content. To address these
limitations, we propose Context Graph Erasure (CGE), a framework that lever-
ages structured scene knowledge through context graphs to guide precise and con-
trollable concept erasure. CGE constructs enriched representations of the visual
scene by encoding objects, attributes, and relations into a learnable graph-based
embedding, which is integrated with the text conditioning. A dedicated erasure
module utilizes this enriched representation to suppress target superclass, while a
cross-attention mechanism preserves the integrity of unrelated regions. Further-
more, an adversarial concept graph strategy allows the system to manage prompts
that are phrased differently, maintaining consistent results. Extensive experiments
demonstrate that CGE achieves superior erasure accuracy and preserves unrelated
content with high fidelity, outperforming prior methods and providing a reliable,
generalizable solution for multiple classes erasure in text-to-image models.

1 INTRODUCTION

Text-to-image (T2I) generation models, such as DALL·E 2 Ramesh et al. (2022) and Stable Dif-
fusion Rombach et al. (2022), have achieved remarkable progress in translating textual prompts
into high-quality, photorealistic images Wu et al. (2023). Their versatility has driven widespread
adoption in creative domains, including content generation, design, and digital media, made possi-
ble by large-scale web-scraped datasets Schramowski et al. (2023a) and advanced neural architec-
tures Nichol et al. (2022). However, this dependence on uncurated data raises significant ethical,
legal, and safety concerns Jiang et al. (2023); Somepalli et al. (2023); Schramowski et al. (2023b).
These models frequently memorize and reproduce inappropriate material, such as NSFW imagery,
copyrighted works, or even personal photos Carlini et al. (2023); Lee et al. (2025). Existing counter-
measures, such as filtering training datasets Rando et al. (2022), retraining models Gandikota et al.
(2023), or applying post-generation safety filters Ganguli et al. (2022), remain limited, as they ei-
ther impose high computational costs, compromise image quality, or can be circumvented through
simple prompt paraphrasing Schramowski et al. (2023b).

Concept erasure has emerged as a promising approach for preventing text-to-image (T2I) mod-
els from generating undesired content Kumari et al. (2023). The objective is to suppress specific
concepts while retaining the model’s ability to produce unrelated content. However, existing meth-
ods often struggle to achieve this consistently. They perform adequately when tested with simple
prompts but fail when the prompts are paraphrased, detailed, or adversarial Gandikota et al. (2023).
In such cases, the supposedly erased concepts reappear in the generated outputs, indicating that the
erasure is incomplete and fragile. This limitation highlights the central challenge: concept erasure
methods must remain effective across diverse natural prompt formulations to ensure reliable and
trustworthy deployment of T2I models.

Current generative unlearning methods primarily focus on removing individual classes or small sets
of classes while preserving the model’s ability to generate unrelated content Zhang et al. (2023); Yu
et al. (2025); Gandikota et al. (2023; 2024); Bui et al. (2024; 2025); Wang et al. (2024; 2025); Wu
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et al. (2024). However, these approaches face a critical limitation: they are unable to erase entire
superclasses that encompass multiple classes. For instance, the superclass “Guns” includes classes
such as “pistol,” “revolver,” and “SMG.” Manually enumerating all classes within a superclass is not
only cumbersome but also nearly impossible in practice, as the full set of classes is rarely known
in advance. Some methods Gandikota et al. (2023) remove only a few classes within a superclass,
leaving others unaffected and thus failing to erase the superclass entirely. Others, such as MACE Lu
et al. (2024), attempt to use multiple prompts to cover several classes, but this substantially in-
creases computational cost and still risks incomplete erasure if any class is missed. Methods have
also tried to remove the entire superclass at once, but often suffer from suboptimal erasure or unin-
tended preservation of certain classes. These limitations underscore the need for scalable, structured
methods that can reliably erase whole superclasses by specifying only a single representative class.

To address these challenges, we draw inspiration from human visual reasoning, where abstract su-
perclass are first structured as a basic scene layout and then developed into detailed imagery. We
use context graphs (CGs) to achieve a similar approach in models. Unlike unstructured text, context
graphs explicitly describe objects, their properties, and the relationships between them, providing
richer semantic information. For example, instead of merely recognizing the word “pistol,” the
model interprets it as an object with attributes like “metallic” and relationships such as “held by
a person.” This structured information allows the model to better locate and understand the target
superclass, enabling more precise suppression when needed. Even with context graphs, objects, at-
tributes, and relationships are encoded in a shared space, which can make it challenging to isolate
and manipulate specific class precisely.

To address this, we introduce multiple enriched representation, each capturing different aspects of
the context graph structure. These are first combined into a single enriched representation through
a learnable gating mechanism, and this aggregated representation is then integrated with adapter-
based textual representations using a second gating mechanism. This dual-gating design enlarges
the conditioning space, allowing the optimizer to follow multiple paths instead of relying on overlap-
ping directions in the original representation. Through adversarial concept graph and class-focused
regularization within the dual-gating framework, our method reliably erases target classes while pre-
serving non-target content, effectively resolving the trade-off between erasure accuracy and content
fidelity.

We evaluate the proposed methods across three superclass, Guns, Bladed Weapons, and Musical
Instruments, as well as on tasks such as explicit content suppression and artistic style removal.
Experiments on physical superclass, I2P, and five distinct artistic styles demonstrate the effectiveness
of our approach in removing entire superclass while preserving unrelated classes. Our methods
consistently outperform all state-of-the-art baselines, including evaluations on CIFAR-10.

2 RELATED WORKS

Fine-tuning-based Concept Erasure: Fine-tuning approaches adapt pre-trained text-to-image
models to remove specific target concepts while preserving unrelated content, offering an efficient
alternative to retraining from scratch. A common strategy modifies attention mechanisms to suppress
concept-specific information. For instance, Forget-Me-Not Zhang et al. (2023) fine-tunes the U-Net
to re-steer attention maps away from target concepts, while TIME Orgad et al. (2023) adjusts key
and value projections in cross-attention layers to redirect undesired influences. Receler Huang et al.
(2024) introduces concept-localized regularization applied to cross-attention outputs, and MACE
Lu et al. (2024) leverages multiple LoRA modules for closed-form cross-attention refinement. UCE
Gandikota et al. (2024) and AdaVD Wang et al. (2024) further enhance selective erasure by pre-
serving non-target content through explicit objectives or orthogonal complement strategies. Other
methods directly optimize model outputs to disassociate the target concept from generation, as seen
in ESD Gandikota et al. (2023), AGE Bui et al. (2025), and AP Bui et al. (2024), with ACE Wang
et al. (2025) extending this to both generation and editing scenarios.

Adversarially Aware Concept Erasure: Several methods address the challenge of maintaining
concept erasure under adversarial or paraphrased prompts. Adversarial erasure schemes, such as
those in Receler Huang et al. (2024) and AdvUnlearn Zhang et al. (2024a), alternate training between
concept removal and adversarial resistance, often incorporating regularization to balance erasure
and content preservation. UnlearnDiff Zhang et al. (2024b) employs projected gradient descent to
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Figure 1: Overview of the proposed Context Graph Erasure (CGE) framework. Structured context
graphs are encoded and fused with textual prompts to form enriched conditioning, which guides
the eraser module for targeted concept suppression. Cross-attention regularization ensures localized
modifications, while adversarial concept graph enhances resilience to paraphrased or varied prompts.

optimize erasure under adversarial settings, while RACE Kim et al. (2024) identifies vulnerable
embeddings to target for removal. Similarly, AP Bui et al. (2024) and AGE Bui et al. (2025) focus
on adversarially sensitive concepts to guide stable erasure. STEREO Srivatsan et al. (2024) adopts
a two-stage min-max optimization strategy combining adversarial training with anchor-concept-
based compositional objectives. Despite these efforts, existing methods often struggle to erase entire
superclass reliably, leaving room for approaches that integrate structured scene knowledge to achieve
precise and generalizable concept removal.

Addressing these limitations, our work introduces a context graph–based approach that leverages
structured representations of objects, attributes, and relations to guide output-level fine-tuning, en-
abling superclass-level erasure while preserving non-target content and maintaining performance
under adversarial or paraphrased prompts.

3 METHODOLOGY

3.1 CONTENT GRAPH

The context graph G provides a structured representation of a visual scene by decomposing it
into three complementary components: objects, attributes, and relations. The object set O =
{o1, . . . , oN} encodes the entities present in the scene, with each object on associated with a super-
class label ℓon. Attributes describing object properties such as color, size, or material are represented
as A = {an,1, . . . , an,Mn

}, where each attribute an,m is linked to its corresponding object on. Re-
lations between object pairs are captured by R = {ri,j}, where each ri,j denotes an interaction
between oi and oj , labeled with ℓri,j from a relation vocabulary. Together, these components define
the scene graph G = (O,A,R), which provides a symbolic yet structured description of the scene.
To map symbolic elements into the model space, each label ℓo, ℓa, ℓr is associated with a learnable
embedding. The representation of an object on is then obtained by combining its object embedding
with the embeddings of its attributes, relations, and positional encoding:

hon = Eo(ℓ
o
n) +

∑
m

Ea(ℓ
a
n,m) +

∑
j

Er(ℓ
r
n,j) + Epos(n). (1)

These object-centric vectors are arranged into a token sequence that preserves both local properties
and contextual dependencies. A lightweight Transformer processes this sequence, augmented with
cross-attention to the textual prompt. Temporal consistency with the diffusion process is ensured
through AdaLayerNorm, after which outputs are projected to match the backbone dimensionality.
Since multiple graphs {Gk}Kk=1 can be derived from diverse object–attribute–relation triplets, the
model encodes each into a parallel sequence {Sk}. These are then fused through a learnable gating

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

mechanism that adaptively weights their contributions:

Senriched =

K∑
k=1

αkSk, αk =
exp(wk)∑
j exp(wj)

, (2)

where the gates wk are optimized during training. This formulation ensures that relevant graphs
contribute proportionally, while avoiding instability as the number of graphs varies. To balance
structured graph signals with the original text conditioning, a second gating mechanism interpolates
between the text embedding sequence en and the enriched graph sequence Senriched:

esg = g · en + (1− g) · Senriched, g ∈ [0, 1], (3)

where g is a learnable parameter. This layered design enables selective integration of structured
knowledge into the generative process while preserving semantic fidelity of the text. Training further
reinforces this balance through complementary objectives: the erasure loss enforces removal of
target classes, the preservation loss safeguards unrelated content, and cross-attention regularization
localizes modifications. Together, these components yield a coherent pipeline where context graphs
guide superclass erasure in a structured, controllable, and semantically consistent manner.

3.2 TARGETED SUPERCLASS SUPPRESSION

To selectively suppress specific visual classes in a pre-trained text-to-image diffusion model, we
introduce an adapter module called the eraser, parameterized by θE , which is fine-tuned indepen-
dently while keeping the main diffusion model parameters θ frozen. This design enables efficient
training without destabilizing the base model. The eraser is applied after each cross-attention layer
in the U-Net, which injects class-conditioned embeddings into image features during generation.
Using the enriched context graph representation esg of the target superclass, the eraser constructs a
negatively guided target noise ϵ̃ defined as

ϵ̃ = ϵθ(xt, t)− λ ·
[
ϵθ(xt, esg, t)− ϵθ(xt, t)

]
, (4)

where xt denotes the latent image at diffusion timestep t, ϵθ(xt, t) is the unconditional noise predic-
tion, ϵθ(xt, esg, t) is the context graph-conditioned prediction, and λ controls the strength of negative
guidance. Intuitively, this formulation pushes the model away from generating features correspond-
ing to the target concept encoded in esg by subtracting a fraction of the superclass-conditioned
deviation from the unconditional prediction. The eraser is then optimized using an L2 objective:

Lerase =
∥∥ϵ̂θE (xt, esg, t)− ϵ̃

∥∥2, (5)

where ϵ̂θE denotes the combined prediction from the base model and the eraser module. This setup
allows the model to suppress the target superclass while preserving unrelated content. By leverag-
ing structured context from esg , concept removal becomes precise and controllable, and the eraser
integrates seamlessly with the generative process to maintain high-quality, diverse image outputs
without degrading semantic fidelity.

3.3 ERASURE PRECISION

To ensure precise suppression of the target superclass, the eraser is constrained to modify only
regions highlighted by the diffusion model’s cross-attention maps. Let ϵ̂θ′(xt, esg, t) denote the pre-
dicted noise with the eraser applied, conditioned on the enriched scene graph sequence esg . Cross-
attention maps from the selected layers are used to compute a binary mask M ∈ R(W/4)×(H/4):

Mi,j =

{
1, if 1

|P |
∑

p∈P CAp
i,j ≥ τ

0, otherwise
, (6)

where CAp
i,j denotes the cross-attention at spatial location (i, j) in layer p, P is the set of layers

considered, and τ is the threshold. The mask M is then upsampled to the eraser output resolution,
producing M̃. The spatially localized regularization loss is defined as:

Lreg =
1

P

P∑
p=1

∥∥∥up ⊙ (1− M̃)
∥∥∥2 , (7)
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where up is the eraser output at layer p, P is the number of layers, and ⊙ denotes element-wise
multiplication. This objective enforces that the eraser primarily affects regions associated with the
target superclass, minimizing unintended modifications to unrelated areas. By leveraging cross-
attention from layers guided by esg , the eraser achieves precise superclass suppression, maintaining
the fidelity of non-target content while preserving overall generative quality.

3.4 ADVERSARIAL CONCEPT GRAPH

To improve effectiveness against adversarial or paraphrased prompts, we introduce a learnable ad-
versarial embedding eadv that simulates challenging modifications of the original conditioning. The
adversarial loss is formulated as:

Ladv =
∥∥ϵ̂θ′

(
xt, [esg; eadv], t

)
− ϵ̂θ(xt, e

′
sg, t)

∥∥2
2
, (8)

where [esg; eadv] denotes the concatenation of the enriched scene graph representation esg′ and the
adversarial embedding eadv . Here, ϵ̂θ(xt, e

′
sg, t) represents the noise prediction conditioned on the

target concept, while ϵ̂θ′ includes the eraser parameters. By optimizing eadv to generate difficult
perturbations, the eraser is trained to remove the target concept reliably even under adversarial input
conditions, enhancing generalization to unseen or obfuscated prompts.

4 EXPERIMENTS

In this section, we evaluate the proposed method across multiple unlearning scenarios. Section 4.1
describes the experimental setup, followed by superclass level erasure in Section 4.2, where we com-
pare against state-of-the-art methods across three superclasses. Section 4.3 and Section 4.4 present
evaluations on NSFW concept removal and artist-style forgetting, respectively. An ablation study
analyzing the contributions of the frequency filter and loss design is provided in the supplementary
material.

4.1 IMPLEMENTATION DETAILS

Experiments are conducted on Stable Diffusion v1.4, following standard protocols in prior work on
concept unlearning. Images are generated using the DDIM sampler with 50 steps, guidance scale
7.5, and resolution 512 × 512. All experiments are performed on a single NVIDIA A6000 GPU
(48 GB VRAM). We compare the proposed method against six state-of-the-art concept-erasure
approaches: Erased Stable Diffusion (ESD) Gandikota et al. (2023), Unified Concept Erasure
(UCE) Gandikota et al. (2024), Adversarial Preservation (AP) Bui et al. (2024), Adaptive Guided
Erasure (AGE) Bui et al. (2025), Adaptive Value Decomposer (AdaVD) Wang et al. (2024), and
Anti-Editing Concept Erasure (ACE) Wang et al. (2025). For fairness, we adopt experimental con-
figurations consistent with recent studies Wu et al. (2024); Bui et al. (2024; 2025). Specifically,
the model is fine-tuned for 1,000 steps using Adam optimizer with batch size 1 and learning rate
1× 10−5.

4.2 SUPERCLASS LEVEL ERASE

4.2.1 DATASETS

To evaluate superclass Level erasure, we construct a benchmark covering three superclass, each
containing five target classes. Dataset design follows three principles: (a) Distinctiveness, (b) Effec-
tiveness, and (c) Preservation.

(a) Distinctiveness: Superclass are chosen to be clearly defined and visually recognizable, ensuring
precise and controlled evaluation. The selected superclass include Guns, Bladed Weapons, Musical
Instruments, and Toys, each serving as a canonical example of object-type concepts.

(b) Effectiveness: To assess whether target classes can be reliably erased using straightforward lan-
guage cues, we adopt simple prompt templates of the form “A photo of class.” Each superclass con-
tains five classes: Guns (SMG, Rifle, Pistol, Shotgun, Revolver), Bladed Weapons (Knife, Sword,
Spear, Shotel, Dagger), and Musical Instruments (Trumpet, Guitar, Drums, Saxophone, Piano). For
each class, 50 prompts are generated, leading to 250 prompts per superclass. Importantly, erasure
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Table 1: Comparison of erasure methods across three Superclass: Guns, Bladed Weapons, and
Musical Instruments. We report the following metrics: AccE — accuracy on erased concepts (↓),
AccL — locality accuracy on non-erased (remaining) concepts (↑), and H — harmonic mean (↑).
Notably, CGE achieves the highest harmonic mean across all three superclass, demonstrating its
effectiveness in erasing multiple classes using only the superclass.

Method Venue Guns Blade Weapons Musical Instruments
AccE ↓ AccL ↑ H ↑ AccE ↓ AccL ↑ H ↑ AccE ↓ AccL ↑ H ↑

ESD Gandikota et al. (2023) ICCV23 52.80 66.20 55.11 18.80 68.60 74.37 51.60 68.80 56.82
UCE Gandikota et al. (2024) WACV24 55.70 67.40 53.46 33.60 67.80 67.09 68.00 74.69 44.80
AP Bui et al. (2024) NeurIPS24 55.60 67.00 53.40 32.80 66.40 66.79 62.80 65.40 47.42
AGE Bui et al. (2025) ICLR25 49.60 68.60 55.92 26.00 68.60 71.19 65.20 66.20 45.61
AdaVD Wang et al. (2024) CVPR25 78.40 44.65 29.11 57.20 45.65 44.17 65.60 44.30 38.72
ACE Wang et al. (2025) CVPR25 76.00 70.22 35.77 52.80 64.60 54.54 73.20 67.00 38.28
CGE – 9.60 67.00 77.6 0.0 69.60 82.1 12.00 70.20 78.1

is applied at the superclass level rather than only on individual classes, ensuring comprehensive
forgetting across all related class while preserving unrelated ones.

(c) Preservation: To verify that erasing target concepts does not negatively impact unrelated ones,
we include ten non-target classes from CIFAR-10 Krizhevsky et al. (2009). For each, 50 paraphrased
prompts are generated to reflect realistic usage where descriptions may be indirect (e.g., “a Dober-
man Pinscher in a police vest” instead of “a photo of a dog”). This ensures our evaluation captures
robustness under natural variations in prompt phrasing.

4.2.2 EVALUATION METRICS

Following prior work Huang et al. (2024); Lu et al. (2024), we use GroundingDINO Liu et al.
(2024) to detect erased concepts in generated images. Two metrics are defined: 1) Accuracy on
erased concepts (AccE): frequency with which erased concepts appear. 2) Accuracy on preserved
concepts (AccL): frequency with which unrelated content is retained.

To compute AccE , classes within each superclass are considered. For instance, in Guns, prompts
include SMG, Pistol, Rifle, Shotgun, and Revolver. Generated samples are analyzed using
GroundingDINO, and AccE is reported as the average percentage of images containing these
classes.

Lower AccE indicates stronger erasure, while higher AccL reflects better preservation. To provide a
unified measure, we report the harmonic mean H between (100−AccE) and AccL, following Huang
et al. (2024); Lu et al. (2024); Lee et al. (2025):

H =
2

(100− AccE)−1 + (AccL)−1
. (9)

4.2.3 RESULTS

Table 1 compares several superclass erasure methods across three superclasses: Guns, Bladed
Weapons, and Musical Instruments. Prior approaches achieve varying degrees of suppression but of-
ten face a trade-off: some leave residual traces of the erased concepts, while others achieve stronger
erasure at the cost of altering unrelated content. In contrast, CGE consistently achieves the highest
harmonic mean across all three superclass, showing its ability to remove entire superclass while
preserving non-target content. Notably, during training we assume that the specific classes within
each superclass are unknown. For evaluation, we identify sets of 5 classes within each superclass
using Wordnet 3.1, which confirms that CGE generalizes beyond individual classes to reliably erase
entire superclass. These results highlight that structured context and enriched prompt representa-
tions enable precise, scalable, and controlled concept erasure, offering a stronger balance between
suppressing target superclass and retaining unrelated information compared to prior methods.

6
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Table 2: NER comparison of text-to-image erasure methods on the I2P dataset for nudity removal
(lower is better).

Model Venue NER 0.3 ↓
CA Kumari et al. (2023) CVPR 2023 13.84
ESD Gandikota et al. (2023) ICCV 2023 5.32
UCE Gandikota et al. (2024) WACV 2024 6.87
AP Bui et al. (2024) NeurIPS 2024 3.64
AGE Bui et al. (2025) ICLR 2025 5.06
CGE – 4.95

Table 3: Quantitative evaluation of artistic style erasure across five artists using CLIP and LPIPS
scores. Lower CLIP and higher LPIPS indicate better performance.

Model Venue CLIP Score ↓ LPIPS Score ↑
ESD Gandikota et al. (2023) ICCV23 23.56 ± 4.73 0.72 ± 0.11
CA Kumari et al. (2023) CVPR23 27.79 ± 4.67 0.82 ± 0.07
UCE Gandikota et al. (2024) WACV24 24.47 ± 4.73 0.74 ± 0.10
MACE Lu et al. (2024) CVPR24 27.96 ± 4.22 0.60 ± 0.10
AP Bui et al. (2024) NeurIPS24 21.57 ± 5.46 0.78 ± 0.10
AGE Bui et al. (2025) ICLR25 22.44 ± 5.03 0.80 ± 0.12
CGE – 18.72 ± 5.87 0.83 ± 0.10

4.3 EXPLICIT CONTENT ERASURE

4.3.1 DATASETS

To evaluate explicit concept removal, we focus on Not-Safe-For-Work (NSFW) content using the
Image-to-Prompt (I2P) dataset Schramowski et al. (2023b), which contains 4,703 prompts spanning
sexual, violent, and racist content. Unlike suerpclass-level erasure, explicit content removal requires
handling abstract and context-dependent semantics. Following prior work, we target the “Nudity”
concept for removal. Each prompt is evaluated to verify effective erasure while ensuring unrelated
content is preserved, using the COCO-30K validation set Lin et al. (2014).

4.3.2 EVALUATION METRICS

For quantitative evaluation, we adopt the Nudity Exposure Rate (NER) metric Bui et al. (2024),
computed using the NudeNet detector Bedapudi (2019). NER measures the proportion of generated
images containing exposed body regions. Lower NER values indicate stronger erasure performance,
reflecting the model’s capability to remove the target concept effectively.

4.3.3 RESULTS AND ANALYSIS

Table 2 shows that CA exhibits the highest NER (13.84), indicating limited effectiveness in remov-
ing nudity from generated images. ESD and UCE substantially reduce residual explicit content,
achieving NER values of 5.32 and 6.87, respectively. AP and AGE further improve erasure per-
formance, with AP attaining the lowest NER of 3.64. The proposed CGE method achieves a NER
of 4.95, outperforming most prior approaches while maintaining strong preservation of unrelated
content. These results demonstrate that CGE effectively suppresses the target nudity superclass
across diverse prompts, achieving a reliable balance between erasure strength and content fidelity in
text-to-image generation.

4.4 EXPERIMENTS ON ARTISTIC STYLE ERASURE

4.4.1 DATASETS

To evaluate artistic style erasure, we focus on five prominent artists: Kelly McKernan, Thomas
Kinkade, Tyler Edlin, Kilian Eng, and Ajin Demi Human. The artist names themselves are treated
as the target superclass for removal during fine-tuning. For evaluation, we utilize a curated set of

7
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Figure 2: Qualitative results of concept erasure across five artists, presented as: (a) Ajin Demi
Human, (b) Kelly McKernan, (c) Kilian Eng, (d) Thomas Kinkade, and (e) Tyler Edlin.

Table 4: Ablation study on the effect of the number of context graphs (N ) used for enriched prompt
generation. Erasure (%) represents accuracy on erased concepts (AccE ; lower is better), while
Preservation (%) represents accuracy on non-erased concepts (AccL; higher is better).

Number of Context Graphs (N) Erasure (%) Preservation (%)
5 16.00 65.00

10 12.00 66.40
15 9.60 67.00
20 9.60 65.80

detailed prompts Bui et al. (2024; 2025), with each prompt paired with five random seeds, resulting
in 200 images per artist per method. This setup enables a comprehensive assessment of erasure
effectiveness across multiple samples.

4.4.2 EVALUATION METRICS

We employ two complementary metrics to quantify artistic style removal: 1) CLIP similarity Rad-
ford et al. (2021) between generated images and their corresponding text prompts. Lower CLIP
scores indicate more effective erasure of the targeted style. 2) Learned Perceptual Image Patch
Similarity (LPIPS) Zhang et al. (2018) between images generated by the original Stable Diffusion
model and those from the modified models. Higher LPIPS values reflect stronger removal of artistic
styles, while lower LPIPS indicates preservation of visual content and minimal distortion.

4.4.3 RESULTS

Table 3 demonstrates that the proposed CGE method outperforms all baseline approaches across
both CLIP and LPIPS metrics. In terms of semantic alignment, CGE achieves a CLIP score of
18.72, representing a 16.6% improvement over the second-best baseline, AGE. Regarding percep-
tual quality, CGE attains the highest LPIPS score of 0.83, corresponding to a 3.75% improvement
over the next-best model. These results indicate that CGE effectively removes artistic styles while
preserving fine-grained visual characteristics. Figure 2 provides qualitative comparisons across all
five artists. CGE successfully eliminates the targeted artistic traits while maintaining coherent and
visually appealing images, confirming its ability to achieve precise concept erasure without compro-
mising image quality.

4.5 ABALATION

4.5.1 NUMBER OF CONTEXT GRAPHS
Table 4 examines the effect of varying the number of context graphs on enriched prompt generation,
highlighting the trade-off between erasure and preservation of unrelated content. A small number
of context graphs enhances erasure but slightly compromises preservation, indicating that additional
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Table 5: Ablation study of CGE components. Tick (✓) indicates the component is present, and cross
(✗) indicates it is removed. Erasure (%) and Preservation (%) reflect AccE and AccL, respectively.

LErase LReg Context Graph LAdv Erasure (%) ↓ Preservation (%) ↑
✓ ✓ ✗ ✓ 12.60 66.00
✓ ✓ ✓ ✗ 6.80 65.80
✓ ✗ ✓ ✓ 10.40 64.60
✓ ✓ ✓ ✓ 9.60 67.00

Table 6: Evaluation of CGE on multiple subclasses of Bladed Weapons, reporting erasure rate (%)
and preservation (%).

Class Set Erasure (%) Preservation (%)
20 Classes 0.17 69.6
5 Classes 0.0 69.6

context initially strengthens concept removal at the expense of non-target content. Increasing the
number of context graphs yields a more balanced outcome, effectively improving erasure while
maintaining preservation. However, when too many context graphs are used, redundancy is intro-
duced, limiting further gains in erasure and slightly reducing preservation. These findings suggest
that an intermediate range of context graphs provides the most effective balance between removing
target concepts and retaining unrelated information.

4.5.2 COMPONENT-WISE

Table 5 presents a component-wise ablation of CGE, highlighting the contributions of LErase, LReg,
context graphs, and LAdv to concept erasure and preservation. Without context graphs, the model
struggles to effectively remove target superclasses, indicating the necessity of contextual informa-
tion. Incorporating context graphs substantially enhances erasure while also improving preservation,
demonstrating the value of enriched prompts for guiding concept erasure. Excluding LAdv further
sharpens erasure but reduces balance, suggesting its role in maintaining fidelity. In contrast, remov-
ing LReg destabilizes training and weakens preservation, underscoring its importance in retaining
non-target content. Together, these results show that each component contributes uniquely, and their
integration yields the most balanced trade-off between erasure strength and content retention.

4.5.3 MULTIPLE CLASSES ERASURE

To further demonstrate scalability, we evaluate CGE on the entire Bladed Weapons superclass. We
extended the superclass to encompass 20 constituent classes, including Gladius, Shuriken, Scythe,
Dagger, Axe, Spear, Knife, Machete, Sword, Kukri, Kris, Katana, Shotel, Naginata, Guandao, Estoc,
Falchion, Tanto, Ulu, and Cutlass. Earlier experiments focused on a subset of five classes to estab-
lish baseline effectiveness. This extended evaluation demonstrates that CGE generalizes beyond
individual classes, successfully erasing the entire superclass once all of its classes are identified,
while continuing to preserve unrelated concepts.

5 CONCLUSION

In this work, we introduced Context Graph Erasure (CGE), a structured framework for targeted con-
cept suppression in text-to-image diffusion models. Prior concept erasure methods often perform
adequately on simple prompts but struggle when faced with detailed, paraphrased, or adversarial
inputs, causing erased concepts to reappear and highlighting the fragility of unstructured forget-
ting. CGE overcomes this limitation by leveraging context graphs, which encode objects, attributes,
and relations within a scene, providing rich contextual information that guides precise and semanti-
cally consistent removal of target concepts while preserving unrelated content. An erasure module
suppresses target concepts, while adversarial concept graph maintains consistent performance even
under paraphrased or challenging prompts. Extensive experiments demonstrate that the integration
of structured scene knowledge via context graphs is critical for achieving accurate, stable, and gen-
eralizable concept erasure, establishing CGE as a framework that reliably suppresses target concepts
even under challenging or paraphrased prompts.
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A APPENDIX

A.1 ADDITIONAL QUANTITATIVE EXPERIMENTS

Figure 3: Qualitative results of concept erasure applied to the superclass Bladed Weapons.
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Figure 4: Qualitative results of preservation on the non-target Cifar-10 for target superclass bladed
weapons.
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Figure 5: Qualitative results of concept erasure applied to the superclass Guns.
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Figure 6: Qualitative results of preservation on the non-target CIFAR-10 classes for the target su-
perclass ”Guns”. Each row shows a few classes from CIFAR-10, including planes, cars, dogs, birds,
and cats.
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