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ABSTRACT

Advancements in the text-to-image diffusion model have raised security concerns
due to their potential to generate images with inappropriate themes such as societal
biases and copyright infringements. Current studies have made notable progress in
preventing the model from generating images containing specific high-risk visual
concepts. However, these methods neglect the issue that inappropriate themes may
also arise from the combination of benign visual concepts. A crucial challenge
arises because the same image theme can be represented through multiple distinct
visual concept combinations, and the model’s ability to generate individual con-
cepts may become distorted when processing these combinations. Consequently,
effectively erasing such visual concept combinations from the diffusion model
remains a formidable challenge. To tackle this problem, we formalize the prob-
lem as the Concept Combination Erasing (CCE) problem and propose a Concept
Graph-based high-level Feature Decoupling framework (COGFD) to address CCE.
COGFD identifies and decomposes visual concept combinations with a consistent
image theme from an LLM-induced concept logic graph, and erases these combina-
tions through decoupling co-occurrent high-level features. These techniques enable
COGFD to eliminate undesirable visual concept combinations while minimizing
adverse effects on the generative fidelity of related individual concepts, outperform-
ing state-of-the-art baselines. Extensive experiments across diverse visual concept
combination scenarios verify the effectiveness of COGFD.
CAUTION: This paper includes model-generated content that may contain inap-
propriate or offensive material.

1 INTRODUCTION

As one of the most representative AI-generated content (AIGC) applications (Cao et al., 2023), the
text-to-image diffusion model has recently attracted significant attention due to its capability to
generate high-quality images containing realistic real-world concepts from only textual prompts
(Rombach et al., 2022; Ramesh et al., 2021; Saharia et al., 2022). However, such capability is so
powerful that it may sometimes generate images with inappropriate themes, such as social biases,
copyright infringements, and fake information (Qu et al., 2023; Schramowski et al., 2023), bringing
ethical and legal risks for providers and users of the model. To this end, the security/safety of such a
model is increasingly a concern for many (Bommasani et al., 2021).

A common strategy for blocking generated images with inappropriate themes is to integrate a post-hoc
safety filter into the diffusion model, such that any generated image that is too close to pre-defined
inappropriate themes can be all blocked out (Rando et al., 2022). However, this method often
suffers from the problem of misclassification (Pham et al., 2023) and is easily circumvented by
users (Gandikota et al., 2023). Since the combination of visual concepts makes up the content of an
image, recent studies (Orgad et al., 2023; Zhang et al., 2023; Gandikota et al., 2023) focus on erasing
high-risk visual concepts such as nudity and violence from the diffusion model. By fine-tuning the
model’s parameters, these methods disable the diffusion model to generate visual concepts that may
lead to inappropriate themes. In particular, a few concept erasing methods like UCE (Gandikota
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Figure 1: (a) The combination of harmless and common individual visual concepts can lead the
text-to-image diffusion model to generate images containing inappropriate content (sensitive content
is masked by authors for publication). (b) Concept combination erasing of different methods on
Stable Diffusion (SD) v1.5. Compared to existing methods, COGFD can autonomously identify and
erase multiple visual concept combinations (e.g., Kids drink wine and Boys drink beer) that have a
consistent image theme (e.g., “underage drinking”), while preserving the generative quality of related
harmless visual concepts (Kids and Wine). Green and red dashed boxes mark the cases where the
image contents are consistent and inconsistent with the input text prompts, respectively.

et al., 2024) and CA (Kumari et al., 2023) provide users with the interfaces to specify the targeted
and preserved visual concepts, thereby mitigating the impact of the concept erasing process on model
performance.

However, as shown in Figure 1, instead of high-risk visual concepts, images with inappropriate
themes can also be created by the combination of harmless visual concepts, i.e., the high-risk visual
concept combination issue. For example, the combination of harmless visual concepts {Kids, Drink,
Wine} produces images with the theme of “underage drinking”. While to our best knowledge, current
researches primarily focus on visual concept erasing, with no systematic study yet conducted on
the visual concept combination erasing problem. Beyond visual concept erasing, visual concept
combination erasing introduces two new challenges: (1) theme consistency analysis and (2) concept
combination disentanglement. For (1), different concept combinations can still express a consistent
theme, so erasing just one specific concept combination is insufficient. Unlike high-risk individual
concepts, there’s no well-established list for high-risk concept combinations. Therefore, to enhance
the security of the diffusion model, it is necessary to identify possible visual concept combinations
that can express the consistent image theme. For (2), unlike erasing high-risk visual concepts, erasing
high-risk visual concept combinations requires protecting the harmless visual concepts within them
so that the model’s usability is not compromised. However, since the visual concept combination and
its constituent visual concepts are semantically entangled, erasing the visual concept combination
will significantly degrade the generation performance of these constituent visual concepts. Therefore,
techniques are needed to disentangle the combinations while preserving model performance.

In this paper, we formulate the above challenges as a visual Concept Combination Erasing (CCE)
problem, and propose a Concept Graph-based high-level Feature Decoupling framework (COGFD) to
effectively and efficiently cope with such a problem. In particular, we first present a Large Language
Models (LLMs)-based concept graph generation strategy to identify and decompose visual concept
combinations with similar semantics, such that the theme consistency analysis challenge can be
well addressed. We also observe that the concept combination is the co-occurrence of high-level
features of its constituent concepts at the image feature level, and further propose a high-level
feature decoupling method to eliminate such high-level feature co-occurrence without impairing the
generation performance of the individual concepts.

Our key contributions can be summarized as follows:
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• To our best knowledge, we are the �rst to formulate the CCE problem in the text-to-image diffusion
model domain, where we �nd that the theme consistency analysis challenge and the concept
combination disentanglement issue are the two keys to solve CCE.

• We proposeCOGFD to address CCE by integrating an LLMs-based concept graph generation
strategy for the theme consistency analysis challenge and a high-level feature decoupling method
for the concept combination disentanglement issue. In such a manner,COGFD can successfully
erase visual concept combinations corresponding to a consistent image theme.

• We also conduct extensive experiments to validate the effectiveness of the proposedCOGFD.
The results show that our method outperforms the state-of-the-art baselines in effectively erasing
concerned concept combinations while preserving the generative quality of related concepts within
the concept combinations in diverse visual concept combination erasing scenarios.

2 RELATED WORK

Concept Erasing The goal of concept erasing methods (Orgad et al., 2023; Zhang et al., 2023;
Gandikota et al., 2023) is to remove the targeted visual concepts from the parameters of a text-to-
image model. Compared to inference guidance (Schramowski et al., 2023) or image-�ltering (Rando
et al., 2022) methods, concept erasing methods are hard to circumvent by users and can enhance the
model security to distribute its weights. Therefore, the concept erasing method is more effective in
preventing the text-to-image model from generating images with inappropriate themes. Speci�cally,
TIME (Orgad et al., 2023) modi�es the parameters of text embeddings and maps the targeted visual
concepts to alternative visual concepts. ESD (Gandikota et al., 2023) adjusts the parameters of
the cross-attention layer, distorting the model's generation ability of content about targeted visual
concepts. Considering the erasing process may impact the generation of other visual concepts, CA
(Kumari et al., 2023) manually sets an anchor visual concept for priority protection. Although several
concept-erasing methods (Gandikota et al., 2024; Xiong et al., 2024) can erase and protect multiple
independent visual concepts at once, this does not mean that these methods can address the CCE
problem. The CCE problem focuses on the combination of visual concepts which needs to consider
the challenge of theme consistency analysis and concept combination disentanglement.

Machine Unlearning Large-scale models can precisely memorize training data (Carlini et al.,
2023), so machine unlearning seeks to uphold the “right to be forgotten” (Pardau, 2018) by modifying
model parameters to behave as if speci�c data were never encountered, in parameters or output
(Nguyen et al., 2022; Bourtoule et al., 2021; Sekhari et al., 2021). However, text-to-image diffusion
models learn visual concept combinations (Ramesh et al., 2022), not mere memorization. For instance,
unlearning “Superman” may still allow generating Superman-like images via combining “Male”,
“Blue tights”, “Red cape”. Thus, unlike machine unlearning, we aim to erase the model's ability to
generate speci�c concept combinations, not just forget data.

Knowledge Editing Knowledge editing (Zhang et al., 2024a; Wang et al., 2023) refers to the
process of updating, supplementing, and deleting the knowledge learned by large language models
(LLMs) to prevent them from generating incorrect or inappropriate content. Recent studies (Geva
et al., 2021; Meng et al., 2022a) reveal that several parts of LLM, such as the Feed-Forward Network
(FFN) layers in the Transformer (Geva et al., 2022), store a wealth of knowledge. Based on this,
knowledge editing methods (Mitchell et al., 2021; Meng et al., 2022b;a) focus on modifying these
speci�c areas to change the learned knowledge without degrading the overall performance of the
LLM. From a broad perspective, concepts can be viewed as the knowledge learned by DDPM models.
However, the storage location of knowledge within DDPMs is not clear. Therefore, these knowledge
editing methods are dif�cult to transfer to DDPMs. Furthermore, unlike knowledge editing has a clear
edit objective, while in the CCE problem, we need to identify concept combinations that correspond
to a consistent image theme.

3 METHOD

To block the diffusion model from generating images containing inappropriate content, strategies
of directly erasing high-risk concepts such asnudity are good but still far from suf�cient, as we
observe that inappropriate content may also arise from the combination of seemingly harmless
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Figure 2: The framework ofCOGFD. COGFD �rst iteratively generates a concept logic graph to
identify and decompose concept combinations with similar semantics (Sec. 3.2.1). Then, based on
the concept logic graph,COGFD applies a feature adversarial decoupling method to disentangle the
associate concepts and erase concept combinations.� ~� is � with frozen parameter~� (Sec. 3.2.2).

concepts (e.g., Figure 1), i.e., the Concept Combination Erasing (CCE) problem. In what follows,
we will �rst formally de�ne the CCE problem. Then, the proposed Concept Graph-based high-level
Feature Decoupling framework (COGFD) will be presented in detail, including concept logic graph
generation and high-level feature decoupling for addressing the two primary challenges in CCE, i.e.,
the theme consistency analysis and the concept combination disentanglement, respectively.

3.1 PROBLEM FORMULATION

We follow prior works (Meng et al., 2023; Gandikota et al., 2023; 2024; Kumari et al., 2023) to
view the objects, attributes, and style within an image as visual concepts, and de�ne the visual
concept combination as the composition of multiple visual concepts with conjunction relation (Liu
et al., 2022). Without loss of generality, we consider the image theme as a category label for the
corresponding image content (such asKids drink wineandBoys drink beerbelongs to the same
theme “underage drinking” in Figure 1), and assume that the image content comprises a single visual
concept or a visual concept combination1. Then, the CCE problem is de�ned as follows.

De�nition 3.1 Concept Combination Erasing (CCE).Consider a text-to-image diffusion model� �
with pre-trained parameters� . Let c represent a visual concept andC the concept set consisting
of all visual concepts that can be generated by� � . De�ne a visual concept combinationm as a
conjunction of a few elements fromC, i.e.,m = c1 ^ c2 � � � ^ ck . Letd symbolize an image theme of
images comprising various visual concept combinations. Then, the goal of the CCE task is to modify
� to �̂ , such that� �̂ can signi�cantly reduce the likelihood of generating images that correspond to
the themed while maintaining nearly equal capability in generating images of other themes of� � .

3.2 CONCEPTGRAPH-BASED HIGH-LEVEL FEATURE DECOUPLING

As in Figure 2,COGFD tackles CCE with two modules: LLM-based concept logic graph generation
(for theme consistency analysis) and gradient-based high-level feature decoupling (for concept
combination disentanglement). Leveraging concept relations (Meng et al., 2023; Alberts et al., 2021;
Li et al., 2020),COGFD iteratively generates a logic graph via LLMs to decompose theme-consistent
concept combinations. Since visual concept combinations involve co-occurring high-level features
(representing core semantics (Gregor et al., 2016)),COGFD erases them by decoupling these features
rather than full removal.

3.2.1 CONCEPTLOGIC GRAPH GENERATION WITH LLM S

Since almost all visual concepts and concept combinations have their semantic-consistency textual
concepts or concept combinations, e.g., the textual concept “wine” for the visual conceptwine,
and the diffusion model can use these textual concepts to generate corresponding visual concepts,
analyze relations between these visual concepts is equivalent to analyzing corresponding textual
concepts. Therefore, we design a speci�c conceptual knowledge graph, named the concept logic

1In this work, we mainly consider the image associated with only one visual concept combination.
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graph to organize related visual concept combinations and individual visual concepts within them
for a targeted image theme. Formally, the entities of a concept logic graph are corresponding
textual concepts or concept combinations for visual concepts or concept combinations. The graph
utilizes logical relationsEquivalence(� ) andInclusion(v ) to connect entities with similar semantics.
Additionally, it employsConjunction(^ ) to link a textual concept combination with the textual
concepts within it. A practical example of a concept logic graph is illustrated in Figure 3. However,
since the performance of LLM in graph generation is unstable and decreases as the graph size
increases, automatically generating a high-quality concept logic graph is a challenge. To address this
problem, we propose an iterative graph generation strategy with the interaction of two LLM agents.

Figure 3: A simple example of the con-
cept logic graph about the image theme
“underage drinking”.

As shown in Figure 2(a), the concept logic graph is cre-
ated by integrating multiple subgraphs generated by LLM
agents. Speci�cally, considering that a single LLM agent
may struggle to identify and correct its own errors, we
develop a graph generation method using a two-agent
interaction strategy that involves a Generator and a Re-
viewer. Regarding the textual concept combinationm̂ of a
given visual concept combinationm as the seed entity, the
Generator progressively generates the subgraph through
the rule-based method. The subgraph contains both the
constituent concept entities of̂m and concept combina-
tion entities corresponding to the same image theme as
m̂. When the generation is complete, the Reviewer checks
the accuracy of logic relations among entities and offers
revision suggestions to improve the quality of the Generator's output. This interaction process contin-
ues until the Reviewer detects no further errors. (The prompt templates are displayed in Appendix
A.1.) Then the subgraph will be integrated into the former concept logic graph, and the new concept
combination entities will be collected and sampled to generate the next subgraph. The details of
the iterative graph generation strategy are illustrated in Algorithm 1. According to the generated
concept logic graph, we can easily identify the concept combinations with a consistent theme via
logic elations of� andv , and decompose a concept combination into associated concepts via^ .

Algorithm 1 Concept Logic Graph Generation

1: Input: a textual concept combination̂m, iteration timesK ,
2: Initialization: concept logic graphG = ; , S = f m̂g, the two-agent interaction methodg(�).
3: while K � 0 andS 6= ; do
4: Randomly sample a concept combinationm̂0 from S;
5: Gsubgraph= g(m̂0);
6: G = G [ Gsubgraph;
7: Add new concept combination entities fromGsubgraphinto S;
8: K = K � 1;
9: end while

10: ReturnG.

3.2.2 HIGH-LEVEL FEATURE DECOUPLING

In the image feature level, the core semantics of a visual concept are expressed through high-level
features such as structures and textures, while the low-level features are rich in the details (Gregor
et al., 2016). When the high-level features of several visual concepts are co-current in an image, the
image content corresponds to the combination of these visual concepts. Based on this, to erase a
targeted visual concept combination without damaging the visual concepts within them, the method
should �ne-tune the diffusion model to decouple these co-occurrent high-level features of these visual
concepts rather than remove them. Therefore, we propose a high-level feature decoupling method to
�ne-tune the diffusion model.

Speci�cally, the text-to-image diffusion model� � applies anT timesteps denoising process to restore
an imagex0 from sampled Gaussian noisexT � N (0; I ). At timestept 2 T, the noise� t is predicted
by the diffusion model� � (xT � t ; p; t) with inputxT � t and textual promptp. During the denoising
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Algorithm 2 The algorithm of COGFD.

1: Input: a textual concept combination̂m, a text-to-image diffusion model� � , Epoch num.E , Sample times
N .

2: # Theme Consistency Analysis
3: Inputm̂ into Algorithm 1 and obtain the concept logic graphG.
4: # Concept Combination Disentanglement
5: while E > 0 do
6: loss= 0;
7: while N > 0 do
8: Randomly sample a concept combination entitym̂ from G;
9: Decomposêm based onG and obtain a set of concept entitiesf ĉ1 ; : : : ; ĉjg;

10: loss= loss+L (m̂; f ĉ1 ; : : : ; ĉjg); # Equation (2)
11: N = N -1;
12: end while
13: Fine-tune� to minimize loss;
14: E = E � 1;
15: end while
16: Return the �ne-tuned parameter�̂ .

process, Ho et al. (2020) observe that the high-level features of the image are generated early and
the low-level features are generated later. Thus, given a textual promptp, we can measure the
similarity of generated high-level features between two text-to-image diffusion models by noises� t
they predicted in the early stage of the denoising process:

D (� � ; � ! ; p) =
X

t 2 [T � �;T ]

jj (� � (xT � t ; p; t) � � ! (xT � t ; p; t)) jj2; (1)

where in Equation (1),D (� � ; � ! ; p) is a distance function to measure the similarity between the
noises predicted by two different diffusion models� � and� ! based on the same textual promptp.
� 2 [0; T] limits the range of the denoising process into the early stage. Based on Equation (1), we
decouple the co-occurrent high-level features of concepts within the concept combination through a
gradient adversarial loss function. Given a concept combinationm = c1 ^ c2 � � � ^ ck, the gradient
adversarial loss function is de�ned as follows:

L (m̂; f ĉ1; : : : ; ĉkg) = � � exp(� D (� � ; � ~� ; m̂))
| {z }

gradient ascent

+(1 � � ) � exp(
X

i2 [1;k]
D(� � ; � ~� ; ĉi))

| {z }
gradient decent

; (2)

wherem̂ andf ĉ1; : : : ; ĉkg are corresponding textual concept combinations and concepts form and
f c1; : : : ; ckg, respectively,� 2 (0; 1) is a coef�cient to balance the terms of gradient ascent and
decent, and� ~� denotes the model with frozen parameters. By minimizingL , � � is updated in the
direction where the high-level features of each visual concept inf c1; : : : ; ckg are preserved but the
likelihood of co-occurrence of these features is decreased. Then, based on the generated concept
logic graph and high-level feature decouple technique, the overall Algorithm of COGFD to address
the CCE task is illustrated in Algorithm 2.

4 EXPERIMENTS

As CCE is a newly de�ned task, we designed an evaluation framework incorporating six assessment
metrics and conducted thorough experiments across three datasets from different scenarios2. We aim
to achieve the following two targets through these experiments:T1. to validate the effectiveness of
our method design, andT2. to demonstrate the performance of our method in the CCE task.

4.1 EXPERIMENTAL SETUP

Datasets.To comprehensively evaluate the CCE task, our datasets encompass two primary types of
concept combinations: (1) combinations of object concepts and (2) combinations of object concepts

2The code is available at:https://github.com/Sirius11311/CoGFD-ICLR25 .
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with style concepts, as well as two important AIGC scenarios: daily life and AI-generated painting.
Speci�cally, we use two datasets:UnlearnCanvas(Zhang et al., 2024b) is a state-of-the-art benchmark
dataset in the �eld of Concept Erasing, providing 1,000 distinct visual concept combinations of
20 common objects and 50 different painting styles.COCO30Kcontains 30,000 images featuring
combinations of common visual objects. Additionally, we created a new dataset namedHarmfulCmb,
which includes 10 inappropriate image themes, with each theme corresponding to a set of 100 high-
risk concept combinations constructed from several harmless concepts. The details of HarmfulCmb
construction are in Appendix A.3.

Baselines and evaluation.In our experiments, we cover �ve representative concept erasing methods:
CA (Kumari et al., 2023), FMN (Zhang et al., 2023), UCE (Gandikota et al., 2024), SALUN (Fan
et al., 2024), and ESD (Gandikota et al., 2023). We employed six assessment metrics, including four
for image generation quality:CLIP Score(Hessel et al., 2021), which evaluates the similarity between
the generated image and the target text description;FID Score, which measures the similarity between
generated images and reference images;Human Evaluation, which involves manual assessment of the
quality and accuracy of the generated images; andClassi�cation Accuracy, which measures whether
the generated images contain the expected visual concepts using trained classi�ers. Additionally, two
metrics assess generative quality variation:Pearson CorrelationandErasure-Retain Score, which
analyze the balance between erasing concept combinations and preserving the model's generative
capability. These comprehensive metrics are designed to evaluate the methods' effectiveness in
erasing visual concept combinations while preserving individual visual concepts. We introduce the
details of baselines and evaluation metrics in Appendix A.2.

4.2 EFFECTIVENESS OF METHOD DESIGNING

Table 1: The impact of concept logic relations on the CCE
task.

Relation Concept Combinations# Concepts" Erase-Retain Score"

all 22:38� 1:82 29:75� 1:31 8:19� 3:35

w/o Conjunction 20:77� 1:87 25:02� 0:77 1:91� 0:85

w/o Equivalence 27:72� 1:33 28:10� 1:08 1:59� 1:24

w/o Inclusion 24:61� 3:64 27:91� 1:53 2:41� 2:84

To address the challenges of theme
consistency analysis and concept com-
bination disentanglement in the CCE
task, we propose two techniques: con-
cept logic graph guidance and high-
level feature decoupling. In this sec-
tion, we aim to validate the impact of
these two techniques on our method.
In the experiments, we selected spe-
ci�c concept combinations from Un-
learnCanvas as the targets for erasure. We �ne-tuned SD v1.5 byCOGFD and assessed the
erasure effectiveness of the concept combinations with CLIP Score and Erase-Retain Score.

Figure 4: The effect of feature disentanglement at different
stages of denoising. Whent 2 [750 � 1000], COGFD
effectively erases concept combinations while preserving the
visual features of individual concepts.

How does the concept logic graph
impact our method? As shown in Ta-
ble 1, we examined how different logi-
cal relations in the concept logic graph
affect the CCE task. Excluding the
Conjunctionrelation prevents the de-
composition of concept combinations,
signi�cantly lowering the CLIP score
for the combinations and their con-
cepts, indicating thatCOGFD strug-
gles with disentangling concept com-
binations. OmittingEquivalenceand
Inclusionrelations causesCOGFD to
obtain fewer semantics-similair com-
binations and concepts. This makes it
dif�cult for CoGFD to cover diverse
concept combinations and rich indi-
vidual concepts. Therefore, the CLIP Score is increased for combinations but decreased for concepts.
Additionally, excluding any logical relation lowers the Erase-Retain Score, suggesting that missing
conceptual relationships reduce the concept logic graph's effectiveness. This lack of information
limits CoGFD's ability to erase concept combinations while preserving the concepts within them.
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Figure 5: Statistical analysis of inappropriate images generated by SD v1.5 under varied concept
erasing methods, where,COGFD performs much better than the baseline methods in reducing the
generation of inappropriate images across all high-risk themes.

Table 2: Comparison of decoupling effects between high-
level features and low-level features.

Step Range Concept Combinations# Concepts" Erase-Retain Score"

SD v1.5 33:13� 1 : 12 31:40� 0 : 82 NA

0-10 31:34� 1 : 29 30:29� 0 : 74 2:06� 0 : 65

0-100 31:57� 1 : 24 30.34� 0 : 87 1:34� 0 : 17

0-250 30:97� 1 : 26 30:24� 0 : 67 2:78� 1 : 16

250-500 31:05� 1 : 31 30:09� 0 : 80 1:66� 0 : 22

500-750 29:57� 1 : 30 29:90� 0 : 58 2:75� 0 : 51

750-1000 22.38� 1 : 82 29:75� 1 : 31 8.19� 3 : 35

900-1000 24:03� 2 : 12 30:19� 0 : 78 8:09� 1 : 49

990-1000 23:09� 1 : 77 30:05� 0 : 97 6:9� 0 : 92

How does the high-level feature de-
coupling impact our method? Dur-
ing the �ne-tuning process, we can se-
lect targeted features for decoupling by
constraining the denoising phase of the
diffusion model. According to Table 2,
decoupling low-level features occurs to-
wards the end of denoising (e.g.,t 2 [0,
250], [0, 100]), and high-level features
at the initial stage(e.g.,t 2 [750, 1000],
[900, 1000]). Low-level features, focus-
ing on details, minimally impact concept
combination generation. Conversely, de-
coupling high-level features diminishes
concept combination performance but preserves individual concept generation better (higher Erase-
Retain score). Additionally, we visualized the erasure of concept combination examples. As shown
in Figure 4, as the interval gradually approaches the initial stage, the co-occurrence of high-level fea-
tures progressively diminishes. Meanwhile, the high-level features corresponding to each individual
concept are well preserved. These results demonstrate the rationality of erasing concept combinations
by decoupling high-level features of concepts within the combination.

4.3 PERFORMANCECOMPARISON AMONG METHODS

In the previous section, we demonstrated that the design of COGFD is bene�cial for addressing the
CCE task. In this section, we further compare the performance ofCOGFD and baseline methods with
respect to the two challenges: theme consistency analysis and concept combination disentanglement.
Speci�cally, we �ne-tuned the stable diffusion model through CoGFD and the other �ve baseline
methods separately. We then evaluated the image generation performance of the �ne-tuned stable
diffusion models to determine which methods could address these two challenges better.

Can COGFD more effectively tackle the challenge of theme consistency analysis?For the theme
consistency analysis challenge, we conducted evaluations on the HarmfulCmb dataset. Speci�cally,
each image theme in the HarmfulCmb dataset has a set of concept combinations. For each theme,
we selected one concept combination from the set to �ne-tune the stable diffusion model, and the
remaining 99 concept combinations were used for evaluation. For each test example, we used 5
different random seeds for image generation. Therefore, a total of 495 images were generated. For
these generated images, we employed human evaluation to verify whether the image content aligns
with the corresponding themes. As shown in Figure 5, since the lack of the ability to conduct theme
consistency analysis, baseline methods cannot cover and address more theme-consistent concept
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Figure 6: (a) The correlation of generation performance (CLIP score) between the given concept
combination and individual concepts within the combination during the �ne-tuning process. The
correlation ofCOGFD is the weakest than others, which indicates the successful disentangling
for visual concept combinations. (b-c) The generation performance records of the given concept
combination and individual concepts within the combination during the �ne-tuning process. Points
with deeper color denote the performance at larger �ne-tune steps. Compared with FMN, �ne-tuning
the diffusion model byCOGFD can effectively degrade the generation performance of the given
concept combination and preserve individual concepts within the combination. The performance
records of all other baselines are shown in Figure 8.

combinations based on the given one. Compared to baseline methods,COGFD can effectively
identify concept combinations with a consistent theme, which can signi�cantly reduce the possibility
of diffusion to generate images about speci�c inappropriate themes.

Table 3: Classi�cation accuracy of objects for generated images about the concept combination of an
object and a painting style.

concept combination SD v1.5 COGFD FMN CA ESD UCE SALUN

object overlap3
style overlap7

98.8 93.7� 4:46 69:4� 12:37 80:9� 5:23 47:5� 17:80 87:3� 5:27 91:6� 7:19

object overlap7
style overlap7

98.8 94.6� 1:89 90:1� 1:54 86:3� 3:64 80:2� 5:49 89:5� 2:36 91:4� 2:17

Table 4: Classi�cation accuracy of painting styles for generated images about the concept combination
of an object and a painting style.

concept combination SD v1.5 COGFD FMN CA ESD UCE SALUN

object overlap7
style overlap3

98.8 92.2� 3:11 89:65� 6:78 71:8� 10:88 41:1� 15:86 73:1� 7:83 42:8� 14:59

object overlap7
style overlap7

98.8 97.5� 0:63 96:1� 0:78 87:5� 5:21 83:0� 1:36 85:7� 4:33 89:1� 2:93

Can COGFD more effectively tackle the challenge of concept combination disentanglement?
For the concept combination disentanglement challenge, we �rst illustrate the correlations of the
generation performance variation between targeted concept combinations and the individual concepts
within these combinations as the number of �ne-tuning steps increases for each erasing method.
Speci�cally, we recorded multiple checkpoints during the �ne-tuning process for each method, and
then evaluated the CLIP score of each checkpoint for the given concept combination and sub-concepts
within the combination, recording the trend of changes. As shown in Figure 6(a), compared to other
methods, the diffusion model �ne-tuned byCOGFD has the weakest performance correlation, which
demonstrates thatCOGFD has a stronger capability to address the challenge of concept combination
disentanglement. The comparison between Figure 6(b) and Figure 6(c) further highlights thatCOGFD
can effectively erase a concept combination while preserving the generative quality of concepts within
the combination.

Besides, we use the UnlearnCanvas dataset to further analyze the generation performance of the
diffusion model after erasing the target concept combinations. Speci�cally, we select 100 pairs
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Figure 7: Examples of image generation after erasing the concept combination:an image of a cat in
sketch style. The target content denotes the image of the erased concept combination, while unrelated
content contains concept combinations that are partially overlapped with the erased one.

of targeted concept combinations of 10 objects and 10 painting styles. For each targeted concept
combination, we �netune the diffusion model until both the classi�cation accuracies of the objects and
painting style drop to zero. This operation is intended to ensure that the model no longer generates
the target concept combinations. Subsequently, we use the �ne-tuned models to generate images for
the remaining concept combinations and show the average classi�cation accuracies of objects and
painting styles in Table 3 and 4, respectively. In each table, we categorize the results into two types
based on whether the concept combinations are overlapped with erased concept combinations. As
shown in Table 3, the object classi�cation accuracy of overlapped concept combinations signi�cantly
decreases after applying the concept erasing method. In contrast,COGFD exhibits the highest object
classi�cation accuracy, closely matching the performance before model �ne-tuning (SD v1.5). A
similar phenomenon is observed in Table 4, indicating thatCOGFD is more effective in addressing
the concept combination disentanglement issue. Another interesting observation is that SALUN
performs well in object classi�cation accuracy but poorly in painting style classi�cation, whereas
FMN shows lower object classi�cation accuracy but higher painting style classi�cation. This suggests
that these methods tend to erase concept combinations by removing certain concepts. Figure 7
illustrates thatCOGFD erases combinations likecat + sketch stylewhile preserving key features
like texture, shape, and style, demonstrating its ability to decouple co-occurring features rather than
remove them.

Additional Experiments. The appendix includes additional experimental results: a case study on
erasing object-type concept combinations (Appendix A.5), analysis of generative performance degra-
dation during concept erasure (Appendix A.6), case studies on erasing performance in Copyrighted
Examples (Appendix A.7), and concept logic graphs generated by LLM agents (Appendix A.8).
These experiments further demonstrate the effectiveness and superior performance of COGFD.

5 CONCLUSION

We have formulated and concretely studied the Concept Combination Erasing (CCE) problem,
which aims to erase the model's ability to generate images of speci�c concept combinations while
preserving the generative quality of related concepts within the concept combinations. We have
presented a Concept Graph-based high-level Feature Decoupling framework (COGFD) to address
CCE. COGFD integrates LLM-based concept logic graph generation and gradient-based high-level
feature decoupling, such that concept combinations with consistent themes can be ef�ciently identi�ed,
decomposed, and erased. We have also conducted extensive experiments to validate the effectiveness
of COGFD. The results show that our method always outperforms the state-of-the-art baselines in
diverse visual concept combination erasing scenarios. We are convinced that the model and the
methodology introduced in this paper can be widely applied to improve the security of text-to-image
diffusion models.
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A A PPENDIX / SUPPLEMENTAL MATERIAL

A.1 THE PROMPT TEMPLATES OFGENERATOR AND REVIEWER.

The prompt template of theGenerator agent.

You are an expert in the description logic �eld. I will input an image theme Y and a concept
combination X that can express Y. You need to do the following things based on X and output
the answer in **JSON format**:
1. Please tell me which set of concepts S can represent X by Conjunction logic.
2. Please tell me what concept combinations are entailed in X.
3. Please tell me what concept combinations is the most equivalent to X based on the theme
Y.
4. For each concept in S, please tell me what concepts are entailed in this concept.
5. For each concept in S, please tell me what concept is the most equivalent to this concept.
Here is an example:
Input: Y = underage weapon-using, X = “Children and guns”
Output: “Children and guns”: “Conjunction”: [“Child”, “Gun”], “entailment”: [“Preschooler
and Handgun”, “School-age child and Revolver”, “Adolescent and Semi-automatic pistol”,
“Todadler and Ri�e”, “Adolescent and Shotgun”] “equivalence”: [“Adolescent and weapons”],
“Child”: “entailment”:[“Infant”, “Toddler”, “Preschooler”, “School-age child”, “Adolescent”],
“equivalence”: [“Youth”], “Gun”: “entailment”: [“Handgun”, “Revolver”, “Semi-automatic
pistol”, “Ri�e”, “Shotgun”], “equivalence”: [“Weapon”]
Noted: if you receive instructions to tell you how to �x your mistake, please follow the
instructions to correct them and regenerate your answer!!!

The prompt template of theRevieweragent.

You are a well-known expert in the description logic �eld and a compliance reviewer, known
for your thoroughness and commitment to standards. The Generator generated a concept
logic graph in the JSON format that organizes concepts and concept combinations with three
logic relations: Conjunction, Entailment, and Equivalence. Your task is to �nd whether the
generated graph from the Generator is correct. Here are two aspects of the answer which you
need to check carefully:
1. Whether the answer is correct and helpful.
2. Whether the answer is following the standard JSON format.
If there are some mistakes in the generated graph, please point them out and tell the Generator
how to �x them. If you think the generated graph from the Generator is correct, please say
“The answer is correct !” and close the chat.
You must check carefully!!!

A.2 BASELINES AND EVALUATION .

Baselines. CA (Kumari et al., 2023) modi�es the text-to-image diffusion model's conditional
distribution for a targeted concept to align with the distribution de�ned by the anchor concept by
minimizing the KL divergence between these two distributions. FMN (Zhang et al., 2023) proposes
an attention resteering technique that erases the target concept by locating and then minimizing the
corresponding attention values of this concept in the attention maps. UCE Gandikota et al. (2024)
applies a closed-form solution to edit the linear cross-attention projections in the text-to-image
diffusion model, which can map the targeted visual concepts to alternative visual concepts. Besides,
this method allows the user to erase multiple visual concepts at once and specify a set of visual
concepts that should be protected. SALUN (Fan et al., 2024) calculates a gradient-based weight
saliency map of the target visual concept. Based on the weight saliency map, this method modi�es
salient model weights and retains the intact model weights unchanged to achieve the goal of concept
erasing. ESD (Gandikota et al., 2023) uses a modi�ed score function to �ne-tune the diffusion
model's parameters, which can minimize the generation probability of images about the targeted
visual concept.
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Implementation Details. 3 COGFD: For concept logic graph generation, We use AutoGen (Wu
et al., 2023) to construct the interaction of two agents and use GPT4 as the base model for the agent
by calling the interface of GPT4. At the beginning of the graph generation, we input the name of a
visual concept combination as the seed entity. For the HarmfulCmb and UnlearnCanvas datasets, the
iteration times K are 2 and 1, respectively. For high-level feature decoupling, � is set as 0.1, and we
only fine-tune the parameters in cross-attention layers. Since the code repo in (Zhang et al., 2024b)
has uniformly organized and encapsulated the original codes of each baseline method, we use the
source codes in (Zhang et al., 2024b) as code base.

Explanation of Experimental Evaluation Metrics. In the Concept Combination Erasing (CCE)
task, the objective is to erase harmful or undesirable concept combinations while preserving the
ability of the model to generate individual concepts effectively. Therefore, the evaluation framework
of this paper focuses on two core issues in the CCE task:

(1) Does the CCE method erase a specific concept combination?

(2) Does the CCE method impact the model’s generation performance while erasing concept combi-
nations?

To address the issue (1), we assess the effectiveness of the CCE method by determining whether the
images generated by the fine-tuned Stable Diffusion model contain the specific concept combination.
Due to the inherently subjective and challenging-to-quantify nature of visual concepts like emotions
and artistic styles, as well as the complexity of image semantics, there are limited metrics available for
evaluating the expression of these concepts in images. To thoroughly evaluate whether specific visual
concepts or concept combinations are present in the generated images, we selected the following
three well-known metrics in the field of image generation:

• CLIP Score: the CLIP score (Hessel et al., 2021) is a widely used metric to evaluate the
alignment between text descriptions and images. This metric is calculated by computing
the cosine similarity between the corresponding text vector and the image vector that is
encoded through a pre-trained CLIP (Contrastive Language–Image Pre-training) model
(Radford et al., 2021). For the CCE task, assessing whether the model can still generate
images that accurately reflect the given prompts after the targeted concept combinations
have been erased is essential.

• FID Score: The FID (Fréchet Inception Distance) score measures the similarity between
generated images and reference images by comparing their feature distributions, with lower
scores indicating higher image quality and greater similarity to the reference images.

• Human Evaluation: In the CCE task, ensuring that harmful combinations are effectively
removed is paramount. Human evaluators can provide a nuanced assessment that automated
metrics might not capture, making this a critical metric for verifying the success of concept
erasure.

• Classification Accuracy: While human evaluation is thorough, it’s also time-consuming
and subjective. Classification accuracy offers an automated way to assess whether specific
visual concepts or combinations are present in the generated images, allowing for large-
scale evaluations. In this paper, we directly utilized the pre-trained classifier provided by
UnlearnCanvas, which is capable of categorizing 50 styles and 20 object classes.

To address the issue (2), a good CCE method should not only make the fine-tuned Stable Diffusion
model unable to generate the specific concept combination but also ensure that the model’s ability
to generate related sub-concepts within the combination remains unaffected. Therefore, evaluating
issue (2) involves measuring the correlation of the generation quality between the specific concept
combination and the sub-concepts. We use two metrics for this evaluation:

• Erase-Retain Score: The Erasure-Retain score is the ratio of the change in CLIP score
of visual concept combination and visual concepts within combinations before and after
the erasing process. Let sbefore

cmb and sbefore
cpt denote the average CLIP scores of visual concept

combinations and concepts within combinations before erasing process, respectively. safter
cmb

3Our code and dataset can be obtained from https://anonymous.4open.science/r/
CoGFD-F788.
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and safter
cpt denote the average CLIP scores of visual concept combinations and concepts

within combinations after erasing process, respectively. Then the Erasure-Retain score is
defined as safter

cmb−s
before
cmb

safter
cpt −sbefore

cpt
. Thus, this metric quantifies the trade-off between erasing harmful

combinations and preserving individual concepts. A high Erase-Retain Score indicates
that the model has successfully removed the harmful combination without significantly
compromising its generative capabilities for individual concepts.

• Pearson Correlation: This metric evaluates the correlation of generation performance
(CLIP score) between the given concept combination and individual concepts within the
combination during the fine-tuning process. A weak correlation suggests that the model’s
ability to generate individual concepts is not disproportionately affected by the erasure
process.
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Figure 8: (a-e) The generation performance (measured by CLIP score, shown as the horizontal and
vertical axixes) of targeted concept combinations and concepts within the combination changes with
the fine-tuning steps increased. The color of the points deepens as the iteration steps increase. (f)
The correlation of generation performance between targeted concept combinations and individual
concepts within the combination during the fine-tuning process.

Table 5: Evaluation of the impact of erasing methods on the generative capability of diffusion
models based on the COCO30k dataset. REAL refers to real COCO images, while FID-REAL
(FID-SD) represents the FID scores calculated with real (stable diffusion v1.5 generated) COCO
images. Compared to the baseline methods, fine-tuning with COGFD has minimal impact on the
model’s generative capability on COCO.

Method FID-Real ↓ FID-SD ↓ CLIP ↑

REAL - 14.55 -

SD v1.5 14.55 - 30.90
ESD 15.21 2.98 30.06
UCE 15.73 2.74 30.15

CoGFD 14.91 1.56 30.74

A.3 CONSTRUCTION DETAILS OF HARMFULCMB.

The HarmfulCmb dataset was designed to serve as a testing platform for evaluating our proposed
Concept Combination Erasing method. We selected representative high-risk topics, focusing on con-
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(1) Child smelling a flower in a field.
(2) Kid picking flowers in a garden.
(3) Kid with a flower crown in nature.

(1) Child playing with a ball in a park.
(2) Kid riding a bike with a helmet.
(3) Kid dressed as a superhero, posing.

(1) Blooming flowers in a sunny field.
(2) Flowers in a vase on a table.
(3) Flower bed with vibrant colors.

SD v1.5

CoGFD
(Ours)

SALUN

CA

FMN

ESD

UCE

(1)           (2)             (3) (1)           (2)            (3) (1)           (2)            (3)

Examples 
for testing

Figure 9: A Case study of object-object concept combination erasing. Green and red dashed boxes
mark the cases where the image contents are consistent and inconsistent with the input text prompts,
respectively.

SD v1.5

CoGFD
(Ours)

(1) A room with blue walls and a white sink and door.
(2) A car that seems to be parked illegally behind a
legally parked car.
(3) A bathroom with a toilet, sink, and shower.

(4) A bathroom sink with toiletries on the counter.
(5) This is an open box containing four cucumbers.
(6) A brown and black horse in the middle of the city
eating grass.

(7) A shot of an elderly man inside a kitchen.
(8) A kitchen is shown with wooden cabinets and a 
wooden celling.
(9) A counter with vegetables, knife and cutting 
board on it.

(1)                  (2)                (3) (4)                 (5)                (6) (7)                 (8)                (9)

Examples 
for 
testing

Figure 10: Supplementary Experiments on the COCO30K Dataset. We used the stable diffusion
model fine-tuned by CoGFD for erasing “child & flowers” in Figure 9, to generate images based on
prompt texts from the COCO30K dataset.

cept combinations that may raise ethical or legal concerns in real-world scenarios. The construction
process of the HarmfulCmb dataset includes the following three steps:

1. Generating Concept Combination prompts: For each harmful image theme, we use
ChatGPT 4 to generate concept combination texts that align with the theme’s content. We
chose ChatGPT 4 due to its robust text generation capabilities, which can produce diverse
combinations covering possible harmful content.

2. Manual Screening and Evaluation: The generated concept combination texts are input
into the Stable Diffusion model, and the resulting images are manually evaluated to ensure
they align with the respective harmful concept combinations. We ensure that each retained
concept combination text accurately reflects the target harmful content.

3. Dataset Expansion: We repeat the above steps (1) and (2) until we collect 100 concept
combination texts for each harmful image theme. This process aims to ensure the dataset’s
comprehensiveness and diversity, fully testing and validating our method.

We present a portion of the HarmfulCmb dataset in Table 8. In the future, we plan to expand the
HarmfulCmb dataset to further enhance its comprehensiveness.
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