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 A B S T R A C T

As text-to-image generative models become widely adopted, the risk of generating inappropriate content has 
increased. Traditional filtering methods are costly and easily circumvented, highlighting the urgent need for 
efficient safety mechanisms. Current concept-erasure models have made significant progress in suppressing 
the generation of inappropriate or copyright-protected content. However, these methods remain fragile to 
adversarial text inputs and exhibit limited generalization and stability in concept forgetting. We propose a 
novel approach, Fortified Concept Forgetting (FCF), which enables collaborative forgetting of both explicit 
and implicit concepts while demonstrating exceptional robustness against adversarial inputs. Specifically, for 
explicit concept forgetting, we apply the principles of machine unlearning to enable the model to forget 
the target concept while retaining non-target concepts. For implicit concept forgetting, we introduce two 
feature forgetting techniques — experiential feature forgetting and projection feature forgetting — and analyze 
latent concept representations within the encoded space, ensuring that target information cannot be subtly 
regenerated. Extensive experiments demonstrate that FCF not only maintains strong generative performance 
but also surpasses current methods in terms of generation security and robustness against adversarial text 
prompts. Our code and data are available at https://github.com/f-c-forgetting/FCF.
1. Introduction

Text-to-image models have advanced rapidly and are now widely 
applied across diverse fields, including digital art, design, education, 
medical imaging, and scientific visualization  [1–6]. These advance-
ments have been largely driven by the increasing scale and diversity of 
training datasets and the effectiveness of large-scale vision–language 
models such as CLIP [7]. However, the widespread deployment of 
these models also introduces critical ethical, legal, and safety concerns, 
especially due to the nature of training data [8]. In particular, many 
internet datasets [9,10] lack proper manual supervision, leading models 
to unintentionally learn and generate inappropriate content [8,11–14], 
such as NSFW material [15] or unauthorized copyrighted images [16–
18]. This raises ethical and legal concerns, highlighting the importance 
of filtering such content in model outputs—an urgent research prior-
ity. To address this issue, researchers have proposed approaches like 
pre-filtering and managing training datasets, which can be expensive 
for large datasets and models. These solutions often require substan-
tial computational resources and are difficult to scale to the massive 
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datasets used by diffusion models [19]. Recognizing these limitations, 
researchers shifted focus to fine-tuning pre-trained models [20–25]. 
This method enables the model to selectively remove features linked 
to sensitive concepts, such as adult content, violence, or copyrighted 
material, ensuring safer outputs without substantially compromising 
generation quality.

Despite promising progress, most existing concept erasure tech-
niques exhibit clear vulnerabilities when confronted with adversarial 
prompts. They do not account for the erasure effectiveness when con-
fronted with adversarial texts designed to bypass filtering mechanisms. 
These carefully crafted inputs can induce diffusion models to generate 
unintended, inappropriate outputs, thus exposing the weaknesses of 
existing safeguards [26]. For example, frameworks in [27–29] leverage 
red teaming tests and safety mechanisms in text-to-image diffusion 
models to generate adversarial prompts that exploit vulnerabilities, 
such as producing violent or explicit content. Their analysis demon-
strates that current safety mechanisms in concept-erasure models are 
insufficient, as problematic prompts frequently bypass the safety mech-
anisms, resulting in a higher rate of inappropriate content generation. 
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Fig. 1. We evaluated the robustness of our concept forgetting method against adversarial text, comparing it with existing concept erasure techniques. Red arrows 
indicate the transformation of original prompts into problematic ones through red-teaming operations designed to bypass model safety mechanisms. On the left, 
Stable Diffusion (SD) [32] generates content before concept forgetting, including NSFW elements, artistic styles, and objects. On the right, our method and prior 
approaches, including Safe Latent Diffusion (SLD) [20] and Erased Stable Diffusion (ESD) [21], show post-forgetting outputs. Our approach effectively forgets the 
intended concepts under both original and problematic prompts, demonstrating superior robustness. We use  and blurring for publication.
Receler [30] and RECE [31] begin considering adversarial prompts 
to enhance robustness of the models, achieving target concept forget-
ting by fine-tuning the attention layers under the guidance of these 
prompts. However, the introduction of adversarial prompts signifi-
cantly increases training costs, and due to the high variability and 
diversity of the adversarial prompts, methods sometimes fail to achieve 
the expected results. In other words, the robustness of the model is 
positively correlated with the number of adversarial prompts used 
during training, indicating that methods have certain limitations and 
weaknesses.

In response to this challenge, we propose a method called Fortified 
Concept Forgetting (FCF). While RECE [31] and Receler [30] have 
acknowledged the challenges posed by adversarial texts and have opti-
mized the cross-attention layers accordingly, our method goes further 
by thoroughly analyzing adversarial prompts, pinpointing vulnerabili-
ties within the texts, and applying forgetting mechanisms at the textual 
level, thereby achieving superior performance. We implement this by 
fine-tuning the parameters of the encoder model rather than retraining 
it, resulting in faster training. We aim to achieve concept forgetting 
within the encoding space by CLIP [7], employing both Empirical 
Feature and Projection Feature methods to facilitate implicit concept 
forgetting. Unlike previous methods that focus on fine-tuning the U-
Net within diffusion models, our approach suppresses inappropriate 
concepts directly in the CLIP embedding space. Given the widespread 
use of CLIP in text-to-image generation, cross-modal retrieval [7], 
and multi-task feature extraction [33–35], our method demonstrates 
greater generalizability and broader applicability. Although Safe-CLIP 
also focuses on the CLIP embedding space, it overlooks the impact of 
adversarial prompts. As a result, its constructed ‘‘safe embedding space’’ 
may fail when subjected to adversarial attacks. In summary, our ap-
proach integrates the CLIP embedding space with a defense mechanism 
specifically targeting adversarial textual vulnerabilities. This not only 
ensures broad adaptability of the model but also significantly enhances 
its robustness. Beyond forgetting target concepts, preserving non-target 
concepts is also noteworthy. Inspired by Machine Unlearning [36–38], 
we have developed a method to retain non-target concepts while for-
getting target ones, ensuring that the model maintains its generative 
performance within the encoding space of the text encoder of CLIP. 
2 
Ultimately, compared to previous works, our method effectively elim-
inates target concept information in generated images with negligible 
declines in generative performance, as shown in Fig.  1.

In summary, this paper aims to advance the in-depth study of 
concept forgetting and provide a safer, more reliable and more flexible 
framework for image generative models. The key contributions of this 
research are summarized as follows:

∙ We propose Fortified Concept Forgetting, which mitigates the 
influence of target concepts in the CLIP encoding space. Specif-
ically, the machine unlearning mechanism is incorporated to 
enable the forgetting of target concepts while preserving the 
expression of non-target concepts, maintaining the performance 
of models.

∙ We design a vector projection strategy to eliminate links be-
tween concepts. Specifically, adversarial texts consistently con-
tain cues that can bypass defense mechanisms. Our approach 
enhances model robustness by effectively forgetting both explicit 
and implicit concept cues present in adversarial texts.

∙ We conducted extensive experiments on I2P datasets and red-
teaming tools, including P4D, Ring-A-Bell, and UnlearnDiffAtk. 
Our method significantly improves the mitigation of sensitive 
concept leakage and enhances the robustness of model outputs.

2. Related work

2.1. Concept erasure models

In response to the issues of generating inappropriate content [15] 
and copyright-infringing images [16–18], several methods have re-
cently been proposed to erase specific concepts. In fine-tuning the 
U-Net, SLD [20] proposes safety guidance for latent diffusion models 
to address inappropriate degeneration. It incorporates classifier-free 
guidance for text conditioning, effectively removing or suppressing 
inappropriate concepts in generated images. ESD [21] employs a frozen 
model to fine-tune a pre-trained model, which involves editing the 
weights of the pre-trained diffusion U-Net model to eliminate a specific 
style or concept. RECE [31] proposes a fast approach to optimizing the 
training of cross-attention layers by deriving new target embeddings 
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through a closed-form solution, thereby enhancing the robustness of 
the unlearned model. Receler [30] aims to remove the target concept 
from each cross-attention layers of the diffusion U-Net and then erases 
concept by eliminating the negative noise predicted by the model. 
In fine-tuning the CLIP domain, Safe-CLIP [25] proposes an NSFW-
remove approach to fine-tune the CLIP embedding space using the 
Direct Preference Optimization (DPO) alignment method with safe and 
unsafe sample datasets.

2.2. Machine unlearning

In recent years, machine unlearning has emerged as a new paradigm 
that intentionally forgets specific data samples in a given model to 
comply with stringent regulations. Previous methods [8,17] have suc-
cessfully retrieved highly faithful samples from Stable Diffusion [32] 
that align closely with real training examples. Consequently, the ability 
to forget certain concepts within a model without compromising its 
generative capabilities presents both research and practical advantages. 
Machine unlearning enables trained models to selectively remove un-
desirable samples (the ‘‘forgetting set’’) while minimizing any adverse 
effects on the performance of the remaining data (the ‘‘retained set’’) 
without the need to retrain the model from scratch  [36,39–41]. How-
ever, existing machine unlearning methods primarily focus on classifi-
cation models [42–46]. There have also been attempts with generative 
models [47–49], but these methods require substantial computational 
power to be effectively implemented. Therefore, [38] provided a uni-
fied framework and was the first systematic, theoretical, and empirical 
exploration of machine unlearning tailored specifically for image-to-
image generation models. It effectively eliminates information from the 
forgetting set while maintaining negligible performance degradation 
in the retained set. However, this approach is limited to image-to-
image generation models, and the generated images may still exhibit 
noticeable traces of forgotten information. CLIP [7,50] exhibits high 
versatility, leading to the application of methods similar to CLIP across 
various fields [32–34,51].

2.3. Prompt-based risks in T2I models

T2I (Text-to-image) models inevitably generate some inappropriate 
content, such as violence, pornography, bullying, political sensitivity, 
and racism, due to their extensive training datasets. This content is 
categorized as Not Safe For Work (NSFW) [52]. Currently, to assess the 
safety of models in avoiding the generation of inappropriate content, 
specialized datasets, and tools are designed to provide inappropriate 
prompts for evaluation. For instance, Schramowski [20] establishes a 
new dataset called Inappropriate Image Prompts (I2P), which contains 
specialized real-world image-to-text prompts covering concepts such as 
nudity and violence. However, as models for eliminating concepts [20–
23] continue to evolve, the ability of I2P to thoroughly assess these 
models’ robustness diminishes. In this context, adversarial prompts [27,
28,53] have emerged as more advanced red-teaming tools for eval-
uating models. For example, P4D [27] manipulates seemingly ‘‘safe’’ 
prompts to circumvent the safety mechanisms of model deployment. 
By employing unconstrained text-to-image (T2I) diffusion models, it 
generates images containing inappropriate content, subsequently opti-
mizing the prompts for the model’s deployment safety mechanisms to 
minimize prediction noise losses, thus producing similar images while 
retaining inappropriate concepts. This approach results in problematic 
prompts but is limited to scenarios where the model is accessed as a 
white box. UnlearnDiffAtk [29] employs the well-trained classifier of 
the diffusion models to efficiently generate adversarial text. Similarly, 
it is assumed that white-box access remains its vulnerability. Ring-A-
Bell [28] can generate problematic prompts under black-box conditions 
to circumvent the model’s safety mechanisms. By employing paired 
prompts, this technique extracts the semantic targets of concepts while 
mitigating contextual influence and covering all possible scenarios. 
It achieves a comprehensive representation of concepts through em-
bedded pairwise subtraction and averaging, and it further optimizes 
prompts using genetic algorithms [54].
3 
3. Method

3.1. Definitions of explicit and implicit concepts

In text prompts, we define concepts that are readily perceptible 
to the human eye as explicit concepts 𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡. During model training, 
due to the presence of self-attention, an implicit relationship naturally 
forms between concepts in the text prompt. Concepts that frequently co-
occur in training tend to develop strong implicit associations, which we 
refer to as implicit tokens. Consequently, we define implicit concepts 
𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 as those that contain implicit tokens related to the explicit 
concept. For example, in the case of the Van Gogh style, the correspond-
ing explicit concept would be ‘‘Van Gogh’’, while its implicit concepts 
might include ‘‘painter’’, ‘‘starry sky’’, and so on. Similarly, for the 
explicit concept of ‘‘nudity’’, the corresponding implicit concepts would 
include ‘‘person’’, ‘‘male’’ and ‘‘female’’, among others.

Compared to explicit concepts, implicit concepts often exhibit greater 
uncertainty and ambiguity, making them more difficult to identify 
and define directly. Therefore, we propose a systematic method to 
assist in identifying implicit concepts associated with explicit concepts. 
Specifically, we begin by employing the Ring-A-Bell method on the I2P 
dataset to generate a set of adversarial textual prompts, which are then 
used to perform attack evaluations. These prompts are subsequently 
ranked based on their attack success rates, and we select the most 
effective adversarial prompts for further analysis. Next, we conduct a 
masking test on these high-impact adversarial prompts. In this process, 
each word in a prompt is individually removed (i.e., masked), and we 
observe the resulting change in the attack success rate. This word-
by-word analysis allows us to assess the importance of each term in 
contributing to the adversarial effect. If the removal of a particular word 
significantly reduces the success rate of the attack, it suggests that the 
word plays a critical role in the prompt and is likely indicative of an 
implicit concept closely tied to the corresponding explicit concept. In 
experiments, we denote by 𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 the implicit concepts we extract, 
where each 𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 represents a single concept within the implicit 
concept set. During each training iteration, every 𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 is used 
for model training and subsequently undergoes the vector-projection 
forgetting procedure to achieve implicit concept forgetting. In the case of 
forgetting a single target concept, there is only one corresponding vector 
projection operation for the implicit concepts—that is, the projection is 
performed specifically with respect to the target concept.

In other words, by identifying the words whose removal substan-
tially weakens the attack performance, we can infer the key implicit 
concepts embedded within the model learning. This approach not only 
provides a systematic and efficient pathway for constructing train-
ing datasets for implicit concepts but also enhances the richness and 
effectiveness of the implicit concept dataset.

3.2. Mechanisms and advantages of text-level defense against adversarial 
text

We extensively researched the adversarial prompts dataset pro-
vided by Ring-A-Bell [28], P4D [27], and UnlearnDiffAtk [29], and 
discovered that adversarial texts designed to induce the generation of 
forgotten concepts consistently contain explicit target concept cues, as 
shown in Fig.  2. In Section 4, Eliminating cues in the adversarial text 
significantly reduced the proportion of generated images containing the 
target information. Therefore, our approach places a strong emphasis 
on the textual level, highlighting our method’s advantages and pro-
viding the theoretical foundation for its exceptional robustness against 
adversarial texts.

Text filters can only filter out explicit concepts, but they become 
helpless when dealing with implicit concepts. Filtering every implicit 
concept would severely impact the quality of the generated output, 
while not filtering at all would leave vulnerabilities that adversarial 
texts could exploit. Therefore, unlike the simple mechanism of text 
filters, we mitigate implicit tokens to maintain generation quality while 
simultaneously defending against adversarial texts.
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Fig. 2. The left side presents Implicit concept cues (in blue boxes) and explicit concept cues (in red boxes) of adversarial text prompts and qualitative examples. 
The right side presents the quantitative study of the proportion of concept cues within the text prompts.
Fig. 3. The Concept Forgetting Model comprises two key components. The red box highlights the explicit concept forgetting process, in which the frozen text 
encoder of the pre-trained CLIP model extracts noise latent vectors to fine-tune the target model. The yellow box highlights the implicit concept forgetting process, 
in which a Feature Forgetting Process refines the vector to guide the model, as shown in Figs.  4(a) and 4(b). After the target concept is encoded into embeddings 
by the CLIP model (including the tokenizer and fine-tuned encoder), the results obtained after processing with the U-Net for T iterations significantly eliminate 
the target information.
3.3. Fortified concept forgetting (FCF)

We achieve the forgetting of target concepts by eliminating explicit 
concepts and implicit tokens in the CLIP [7] encoding space. The 
method of fine-tuning the CLIP domain to implement the concept of 
removal, with similar attempts seen in Safe-CLIP [25]. The pre-trained 
CLIP converts text prompts into a representation vector, which guides 
the U-net of diffusion model [32] during generation. Our approach fine-
tunes text encoder of CLIP to enable the forgetting of target concepts. 
As shown in Fig.  3, we employ two pre-trained text encoders of CLIP. 
The frozen encoder, denoted as 𝜀∗, as the original model, while the 
trainable encoder, 𝜀, serves as the target model, tasked with forgetting 
target concepts. The target model is trained by minimizing the 𝐿2-loss 
between its representation vectors and those produced by the original 
model. The overall objective is to: 
min𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 + 𝜂 ⋅ 𝐿𝑓𝑜𝑟𝑔𝑒𝑡𝑡𝑖𝑛𝑔 , (1)

where, 𝐿𝑓𝑜𝑟𝑔𝑒𝑡𝑡𝑖𝑛𝑔 defines our objective for forgetting target concepts, 
while 𝐿  specifies our goal for preserving non-target concepts. 
𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛

4 
The hyperparameter 𝜂 controls the extent of forgetting. We minimize 
the 𝐿2-loss between the representation vector obtained from the secure 
prompt 𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 input into the frozen model 𝜀∗ and the representation 
vector obtained from the prompt 𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 input into the model 𝜀. 
Therefore, our training objective for preserving non-target concepts is 
as follows: 
𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 =

‖

‖

‖

𝑇𝜀
(

𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛
)

− 𝑇𝜀∗
(

𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛
)

‖

‖

‖2
, (2)

where 𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 represents a prompt that does not contain the target 
concept, which minimizes contextual influence and captures the fea-
tures of the target concept effectively. 𝑇 (⋅) represents the encoding 
process of the text encoder. For 𝐿𝑓𝑜𝑟𝑔𝑒𝑡𝑡𝑖𝑛𝑔 , we have developed two 
forgetting methods tailored for explicit and implicit concepts. The 
detailed definition and implementation process will be elaborated in 
Sections 3.3.1 and 3.3.2.

3.3.1. Explicit concept forgetting
We initiate the explicit concept forgetting process by collecting 

prompts 𝑃  that contain the explicit concept 𝐶  = ‘‘Van Gogh’’, 
𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡
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Algorithm 1 Explicit Concept Forgetting
Input: Pre-trained frozen encoder 𝜀∗, trainable encoder 𝜀, target 
prompts 𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡, Non-target concept prompts 𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛, noise prompts 𝑃𝑛𝑜𝑖𝑠𝑒, 
forgetting weight 𝜂, training rounds 𝑡max
Output: Fine-tuned encoder 𝜀 with forgotten concept
Initialize: 𝜀 ← 𝜀∗, set optimizer for 𝜀 (e.g., Adam)

1: for 𝑡 = 1 to 𝑡max do
2:  𝑧𝑚𝑎𝑖𝑛 ← 𝑇𝜀(𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛) ⊳ Encode maintain prompt
3:  𝑧∗𝑚𝑎𝑖𝑛 ← 𝑇𝜀∗ (𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛) ⊳ Encode with frozen model
4:  Compute 𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 ← ‖𝑧𝑚𝑎𝑖𝑛 − 𝑧∗𝑚𝑎𝑖𝑛‖2
5:  𝑧𝑒𝑥𝑝 ← 𝑇𝜀(𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡) ⊳ Encode explicit prompt
6:  𝑧∗𝑛𝑜𝑖𝑠𝑒 ← 𝑇𝜀∗ (𝑃𝑛𝑜𝑖𝑠𝑒) ⊳ Encode noise prompt with frozen model
7:  Compute 𝐿𝑓𝑜𝑟𝑔𝑒𝑡 ← ‖𝑧𝑒𝑥𝑝 − 𝑧∗𝑛𝑜𝑖𝑠𝑒‖2
8:  Compute 𝐿𝑡𝑜𝑡𝑎𝑙 ← 𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 + 𝜂 ⋅ 𝐿𝑓𝑜𝑟𝑔𝑒𝑡
9:  Take a gradient step on ∇𝜀𝐿𝑡𝑜𝑡𝑎𝑙
10: end for

Algorithm 2 Projection Feature Forgetting
Input: Frozen encoder 𝜀∗, trainable encoder 𝜀, Implicit concepts 𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡, 
Explicit concepts 𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡, Non-target prompts 𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛, Forgetting weight 
𝜂, Projection weight 𝜇𝑝, Training steps 𝑡𝑚𝑎𝑥, Projection of 𝐴 onto 𝐵, 
Proj(𝐴,𝐵), as defined in Eq. (5).
Output: Fine-tuned encoder 𝜀 with forgotten implicit concepts
Initialize: 𝜀 ← 𝜀∗; Set optimizer for 𝜀 (e.g., Adam)

1: for 𝑡 = 1 to 𝑡𝑚𝑎𝑥 do
2:  𝑧𝑚𝑎𝑖𝑛 ← 𝑇𝜀(𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛), 𝑧∗𝑚𝑎𝑖𝑛 ← 𝑇𝜀∗ (𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛)
3:  Compute 𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 ← ‖𝑧𝑚𝑎𝑖𝑛 − 𝑧∗𝑚𝑎𝑖𝑛‖2

Begin projection computation
4:  𝑉𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 ← 𝑇𝜀∗ (𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡)
5:  𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ←

1
𝑁

∑𝑁
𝑖=1 𝑉𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖 ⊳ Average explicit direction

6:  𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ←
𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒

‖𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒‖
⊳ Normalize

7:  𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 ← 𝑇𝜀∗ (𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡)
8:  𝑉𝑝𝑟𝑜𝑗 ← Proj(𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡, 𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒) ⊳ Projection vector

End projection computation
9:  𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 ← 𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 − 𝜇𝑝 ⋅ 𝑉𝑝𝑟𝑜𝑗 ⊳ Refine implicit concept
10:  𝑧𝑖𝑚𝑝 ← 𝑇𝜀(𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡)
11:  Compute 𝐿𝑓𝑜𝑟𝑔𝑒𝑡 ← ‖𝑧𝑖𝑚𝑝 − 𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡‖2
12:  Compute 𝐿𝑡𝑜𝑡𝑎𝑙 ← 𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 + 𝜂 ⋅ 𝐿𝑓𝑜𝑟𝑔𝑒𝑡
13:  Take a gradient step on ∇𝜀𝐿𝑡𝑜𝑡𝑎𝑙
14: end for

as shown in Fig.  3. We define 𝑃𝑛𝑜𝑖𝑠𝑒 as the prompt that replaces the 
explicit target concept 𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 =‘‘Van Gogh’’ in 𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 with random 
textual noise. Random textual noise, composed of symbols, numbers, 
and letters, remains unseen during CLIP pretraining, enabling concept 
mapping to unknown domains while minimizing interference with 
learned concepts. We minimize the 𝐿2-loss between the representation 
vector obtained from the secure prompt 𝑃𝑛𝑜𝑖𝑠𝑒 input into the frozen 
model 𝜀∗ and the representation vector obtained from the prompt 
𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 input into the model 𝜀. The detailed procedure is presented in 
Algorithm 1. Therefore, our training objective for forgetting the explicit 
target concept is as follows: 
𝐿𝑓𝑜𝑟𝑔𝑒𝑡𝑡𝑖𝑛𝑔 = ‖

‖

‖

𝑇𝜀(𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡) − 𝑇𝜀∗
(

𝑃𝑛𝑜𝑖𝑠𝑒
)

‖

‖

‖2
(3)

3.3.2. Implicit concept forgetting
Due to the presence of implicit tokens, merely forgetting explicit 

concepts is insufficient. We initiate the implicit concept forgetting 
process by collecting implicit concepts 𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡, such as ‘‘starry sky’’ 
and ‘‘painter’’, as shown in Fig.  3. We have designed two variants, 
Projection Feature Forgetting and Empirical Feature Forgetting, to 
achieve the forgetting of implicit tokens. As shown in Fig.  3, the Feature 
Forgetting Process corresponds to the components shown in Figs.  4(a) 
and 4(b).

Projection Feature Forgetting. In the high-dimensional space of 
CLIP, word vectors are distributed along specific directions, which 
5 
(a) Vector Projection Feature Forgetting Strategy.

(b) Empirical Vector Feature Forgetting Strategy.

Fig. 4. Overview of Two Implicit Concept Forgetting Strategies. Forgetting 
specific concepts is achieved by weakening the implicit tokens that represent 
the underlying relationships among implicit concepts.

encapsulate distinct semantic information. To eliminate particular se-
mantic content, we employ a projection subtraction method, whereby 
the components of a word vector along a specific direction are removed, 
thereby refining its representation. The detailed procedure is presented 
in Algorithm 2. Specifically, we subtract the projection of an implicit 
vector 𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 = 𝑇𝜀∗

(

𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡
) onto the direction of an explicit vector 

𝑉𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 = 𝑇𝜀∗
(

𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡
)

, rendering them approximately orthogonal. 
This process effectively removes the implicit tokens, ensuring that the 
resulting implicit vector no longer retains information related to the 
explicit vector, as shown in Fig.  4(a).

We calculate the average vector 𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒 of the collected explicit 
concepts 𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡, represented as follows: 

𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
1
𝑁

∑𝑁
𝑖=1 𝑇𝜀∗

(

𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖
)

‖

‖

‖

1
𝑁

∑𝑁
𝑖=1 𝑇𝜀∗

(

𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖
)

‖

‖

‖

,
{

𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖
}𝑁
𝑖 ∈ C, (4)

where C represents the set of explicit concepts, we obtain the projection 
vector through the dot product and normalization, represented as 𝑉𝑝𝑟𝑜𝑗 : 

𝑉𝑝𝑟𝑜𝑗 =
𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 ⋅ 𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒
𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ⋅ 𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒

𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒, (5)

then, we eliminate the information of the implicit vector 𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 in the 
direction of the projection vector 𝑉𝑝𝑟𝑜𝑗 , resulting in a refined vector 
𝑉 ′
𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡, represented as follows: 

𝑉 ′
𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 = 𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 − 𝜇𝑝 ⋅ 𝑉𝑝𝑟𝑜𝑗 , (6)

where 𝜇𝑝 is a hyperparameter that regulates the degree of feature 
forgetting through vector projection. The component of 𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 in the 
direction of vector 𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒 approaches zero, effectively eliminating 
implicit tokens. Consequently, we can employ the refined vector 𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡
in  Eq. (9) to guide the training of encoder 𝜀.

Empirical Feature Forgetting. The average vector 𝑉𝑎𝑣𝑒𝑟𝑎𝑔𝑒 in Eq.  (4) 
is computed based on the concepts we have provided. To minimize the 
influence of context on the resulting representation, thereby enabling 
consideration of a broader range of potential scenarios, we introduce an-
other computational approach, which ensures a comprehensive semantic 
representation of the target concept, akin to the methods discussed in 
Ring-A-Bell [28]. The approach enables the direct extraction of latent 
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Algorithm 3 Empirical Feature Forgetting
Input: Frozen encoder 𝜀∗, trainable encoder 𝜀, Implicit concepts 𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡; 
Explicit prompt set {𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖}𝑁𝑖=1, Noise prompt set {𝑃𝑛𝑜𝑖𝑠𝑒,𝑖}𝑁𝑖=1, Maintain 
prompt 𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛, Empirical forgetting weight 𝜇𝑒, training steps 𝑡𝑚𝑎𝑥, loss 
weight 𝜂, Extract empirical feature vector, Ext(⋅, ⋅), as defined in Eq. (7).
Output: Fine-tuned encoder 𝜀 with forgotten implicit concepts
Initialize: 𝜀 ← 𝜀∗, set optimizer for 𝜀 (e.g., Adam)

1: for 𝑡 = 1 to 𝑡𝑚𝑎𝑥 do
2:  𝑧𝑚𝑎𝑖𝑛 ← 𝑇𝜀(𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛), 𝑧∗𝑚𝑎𝑖𝑛 ← 𝑇𝜀∗ (𝑃𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛)
3:  𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 ← ‖𝑧𝑚𝑎𝑖𝑛 − 𝑧∗𝑚𝑎𝑖𝑛‖2
4:  𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 ← 𝑇𝜀∗ (𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡)
5:  𝑉𝑒𝑚𝑝 ← Ext({𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖}, {𝑃𝑛𝑜𝑖𝑠𝑒,𝑖}) ⊳ Empirical vector
6:  𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 ← 𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 − 𝜇𝑒 ⋅ 𝑉𝑒𝑚𝑝 ⊳ Refine implicit vector
7:  𝑧𝑖𝑚𝑝 ← 𝑇𝜀(𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡)
8:  𝐿𝑓𝑜𝑟𝑔𝑒𝑡 ← ‖𝑧𝑖𝑚𝑝 − 𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡‖2
9:  𝐿𝑡𝑜𝑡𝑎𝑙 ← 𝐿𝑚𝑎𝑖𝑛𝑡𝑎𝑖𝑛 + 𝜂 ⋅ 𝐿𝑓𝑜𝑟𝑔𝑒𝑡
10:  Take a gradient step on ∇𝜀𝐿𝑡𝑜𝑡𝑎𝑙
11: end for

features corresponding to the target concept from the training of explicit 
concepts, without requiring specification from the user. Moreover, to 
facilitate a clear comparison with Projection Feature Forgetting, we 
refrain from using projection-based techniques in this approach. The 
detailed procedure is presented in Algorithm 3. Specifically, we compile 
similar text pairs from an explicit concept prompt set {𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖

}𝑁
𝑖  and a 

safe prompt set {𝑃𝑛𝑜𝑖𝑠𝑒,𝑖
}𝑁
𝑖 , and then we extract an empirical vector 𝑉𝑒𝑚𝑝, 

represented as follows: 

𝑉𝑒𝑚𝑝 =
1
𝑁

𝑁
∑

𝑖

(

𝑇𝜀∗ (𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡,𝑖) − 𝑇𝜀∗
(

𝑃𝑛𝑜𝑖𝑠𝑒,𝑖
))

, (7)

where 𝑉𝑒𝑚𝑝 is an explicit vector that encompasses a more comprehensive 
semantic representation. By performing a subtraction operation, we can 
derive a refined vector, represented as 𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡: 

𝑉 ′
𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 = 𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡 − 𝜇𝑒 ⋅ 𝑉𝑒𝑚𝑝, (8)

where 𝜇𝑒 is a hyperparameter that governs empirical feature forgetting.
We minimize the 𝐿2-loss between the refined vector 𝑉 ′

𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡, derived 
from the output of the frozen model 𝜀∗, and the implicit vector 𝑉𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡, 
produced by the model 𝜀. Consequently, the training objective for 
forgetting implicit tokens is as follows: 
𝐿𝑓𝑜𝑟𝑔𝑒𝑡𝑡𝑖𝑛𝑔 = ‖

‖

‖

𝑇𝜀
(

𝐶𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡
)

− 𝑉 ′
𝑖𝑚𝑝𝑙𝑖𝑐𝑖𝑡

‖

‖

‖2
(9)

Regarding the training order of the two stages, implicit forgetting 
follows explicit forgetting because it relies on prior knowledge ex-
tracted during the explicit phase, where the model learns stable features 
of the target concept. This prior knowledge guides vector projection 
and feature suppression in the implicit stage, ensuring the reliability 
and effectiveness of implicit forgetting.

Our method effectively addresses concept cleaning in the generation 
of sensitive information, such as nudity and violence. We evaluated the 
safety and robustness of our model. Detailed experimental settings and 
results are provided in Section 4.

4. Experiments

In this section, we first conduct quantitative experiments to com-
pare our approach with state-of-the-art baselines. Subsequently, we 
perform ablation studies and present experiments demonstrating multi-
concept forgetting. Through qualitative experiments and visualizations, 
we substantiate the feasibility and effectiveness of our method.

4.1. Baselines and evaluation setup

Baseline. For the baseline, we chose Stable Diffusion [32] and 
selected several state-of-the-art concept removal methods, including 
SLD (Default Medium) [20], ESD [21], Safe-CLIP [25], RECE [31], 
6 
and Receler [30]. We adhere to the configuration they recommended. 
For those not provided, we set the parameters for training erasure to 
‘‘full’’ and set erasing concepts to: ‘‘hate’’, ‘‘harassment’’, ‘‘violence’’, 
‘‘suffering’’, ‘‘humiliation’’, and ‘‘harm’’.

Evaluation Setup. We prompt ChatGPT to generate both explicit 
and implicit concepts using instructions such as ‘‘List works related 
to Van Gogh’’, ‘‘Provide adjectives used to describe Van Gogh’’, and 
‘‘List the words most strongly associated with Van Gogh’’. A total of 
200 candidate concepts are generated and then ranked using the ASR 
metric. We select the top three concepts and repeat the process until 
50 concepts are ultimately collected as the training set. For 𝑃𝑛𝑜𝑖𝑠𝑒, we 
use Chat-GPT(4o) to replace the explicit concept 𝐶𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 in prompt 
𝑃𝑒𝑥𝑝𝑙𝑖𝑐𝑖𝑡 with random text noise. The aim of using random text noise is to 
strictly align the input to the teacher text model, thereby disrupting the 
original associations of the concept and achieving the goal of mapping 
the concept to an unknown domain. We define the format of the textual 
noise as follows: it must include symbols, letters, and numbers, have a 
fixed length of five characters, and contain no repetitions. This design 
aims to maximize alignment with the objective of mapping into an 
unknown space. We set the learning rate to 2.5×10−5, the concept 
forgetting parameter 𝜂 to 0.25, and the feature forgetting parameters 
𝜇𝑝 to 0.7 and 𝜇𝑒 to 1. We use a randomly fixed seed to generate images 
for each original prompt and problematic prompt. The original prompts 
are sourced from the I2P dataset [20], while the problematic prompts 
are generated using the default configurations of red-teaming tools, 
including P4D [27], Ring-A-Bell [28], and UnlearnDiffAtk [29]. To 
ensure rigor, we additionally created new problematic prompts, which 
were re-generated by Ring-A-Bell using our fine-tuned CLIP model, 
represented as Ring-A-Bing(Re). To detect nudity in the images, we 
employ the NudeNet [55] classifier, categorizing images labeled as 
‘‘EXPOSED_ANUS’’, ‘‘EXPOSED_BREAST_F’’, ‘‘EXPOSED_GENITALIA_F’’ 
and ‘‘EXPOSED_GENITALIA_M’’ as explicit. In addition, we used the 
Q16 [56] classifier to identify instances of blood and violence in the 
images. For the artistic styles forgetting, we employ the LPIPS metric to 
evaluate the perceptual distance between image patches, where lower 
values signify greater similarity. We define the LPIPS𝑓  value to quantify 
the effectiveness of forgetting target artistic style, with higher is better. 
LPIPS𝑚 measures the retention of non-target artistic styles, where lower 
is better. We also introduce LPIPS𝑑 = LPIPS𝑓 − LPIPS𝑚 as the overall 
difference to quantify the comprehensive effect.

4.2. Comparisons and main results

For forgetting the concept of ‘‘nudity’’ and ‘‘violence’’, we designate 
‘‘nudity‘‘, ‘‘naked’’, ‘‘violence’’, and ‘‘blood’’, and similar as explicit 
concepts, while designating ‘‘person’’, ‘‘body’’, ‘‘man’’, ‘‘woman’’, and 
similar as implicit concepts. We provide a quantitative experiment in 
Table  1 to demonstrate the robustness of this approach and a qualitative 
experiment in Fig.  5 to illustrate its feasibility. Compared to baselines, 
our method(FCF-P) achieves a lower Attack Success Rate(ASR), indi-
cating a higher defense effectiveness, with an average improvement 
of 8.91%. This demonstrates that our method can significantly reduce 
the representation of target concepts within the encoding space of 
CLIP, leading to more effective concept forgetting and enhanced robust-
ness. Although Fortified Concept Forgetting with Empirical (FCF-E) can 
achieve a certain level of conceptual forgetting, it does not perform as 
well as Fortified Concept Forgetting with Projection (FCF-P). Therefore, 
we designate FCF-P as the default method for FCF in subsequent 
experiments. For artistic style forgetting, we designate ‘‘Van Gogh’’, 
‘‘Kilian Eng’’, ‘‘Kelly McKernan’’, and ‘‘Thomas Kinkade’’ as explicit 
concepts, while designating ‘‘painter’’, ‘‘artist’’, and similar as implicit 
concepts. Our method can effectively remove elements associated with 
the target concepts, as shown in Fig.  6. For the LPIPS metric, our 
method performs the best effect on forgetting, as shown in Table  2, 
higher LPIPS𝑓  scores indicate that our method is more effective at 
forgetting the target artistic style.
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Fig. 5. Qualitative Example on the Robustness of Inappropriate Concept Forgetting, which generated by original prompts from the I2P and problematic prompts 
from Ring-A-Bell. We use  for publication purposes.
Table 1
Evaluation of the security against prompts from I2P and robustness against attack prompts generated by red-teaming 
methods. We report the Attack Success Rate (the lower is better), which indicates the proportion of generated images 
belonging to the forgotten concept. 
Concept Method SD ESD SLD Safe-CLIP RECE Receler FCF-E FCF-P

Original Prompts 60.52% 6.43% 30.04% 5.15%  4.72%  3.86% 6.44%  3.00%
Ring-A-Bell 91.58% 32.63% 92.63% 44.21%  3.16%  2.11% 13.68%  1.05%

Nudity Ring-A-Bell(Re) 53.85 % 3.85% 38.46% 11.58% 4.81%  2.89%  1.92%  0.96%
P4D 81.05% 50.53% 66.31% 48.43% 28.42%  26.31%  7.36%  5.26%

UnlearnDiffAtk 91.95% 65.52% 72.41% 63.23% 22.99%  20.69%  14.94%  6.90%
Original Prompts 37.06% 26.91% 20.08% 18.01%  9.73%  6.83% 20.70%  3.73%
Ring-A-Bell 80.40% 67.60% 45.20% 68.40% 14.00%  11.60%  1.60%  0.80%

Violence Ring-A-Bell(Re) 32.80% 15.20% 5.60% 12.40% 10.80% 3.60%  2.80%  3.20%
P4D 78.09% 62.95% 37.05% 57.77% 33.07%  20.72%  19.12%  6.77%

UnlearnDiffAtk 76.89% 64.14% 42.63% 60.16% 38.65%  24.30%  20.32%  11.55%
Fig. 6. Qualitative examples on the Robustness of artistic style forgetting, which are generated by original prompts from the I2P and problematic prompts from 
Ring-A-Bell.
Furthermore, while ensuring the model’s ability to forget target 
concepts, the performance of models in generating non-target concepts 
needs to be considered. We use FID and CLIP score to evaluate the 
safe images generated by the nudity-forgotten model from the COCO-
30K dataset (which excludes nudity images), as shown in Table  3. 
Our method shows good consistency with SD and baselines, which 
7 
demonstrates that our method maintained the interference with the 
model at an acceptable level. For artistic style, as shown in Table  2 
our method achieved the best overall difference score, and we provided 
qualitative examples in Fig.  7. The SLD method is prone to forgetting 
failure, while the ESD method significantly compromises the retention 
of non-target concepts. Our method mitigates interference of deviation 
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Fig. 7. Qualitative Study on the Forgetting of Different Artistic Styles. We visualize the impact of model-forgotten target concepts on non-target concepts. Images 
enclosed in red borders represent the concepts being deliberately forgotten. Non-diagonal images illustrate the effects on non-target styles.
Table 2
Quantitative study of artistic styles forgetting by LPIPS score.
 Method Forget ‘‘Van Gogh’’ Forget ‘‘Thomas Kinkade’’
 LPIPS𝑓 ↑ LPIPS𝑚↓ LPIPS𝑑↑ LPIPS𝑓 ↑ LPIPS𝑚↓ LPIPS𝑑↑  
 ESD 0.35 0.23 0.12 0.34 0.20 0.14  
 SLD 0.24 0.13 0.11 0.24 0.15 0.09  
 RECE 0.32 0.09 0.24 0.31 0.06 0.23  
 Receler 0.36 0.08 0.28 0.38 0.06 0.32  
 FCF 0.39 0.09 0.30 0.41 0.07 0.34  

Table 3
Evaluate the performance of the nudity-
forgotten model using FID and CLIP. 
 Method FID↓ CLIP↑ 
 SD 14.51 31.35 
 ESD 14.95 30.13 
 SLD 15.53 30.85 
 RECE 15.08 30.64 
 Receler 14.89 31.02 
 Safe-CLIP 15.49 30.48 
 FCF-E 15.01 30.89 
 FCF-P 15.07 31.03 

Table 4
Quantitative study on multi-concept forgetting under the con-
dition of fixed implicit concepts within the same category. 
‘‘NC’’ denotes number of concepts.
 NC FID↓ CLIP↑ LPIPS↓ 
 1 14.81 31.18 0.06  
 3 14.87 31.10 0.08  
 5 14.93 31.07 0.09  
 10 15.06 31.01 0.10  
 50 15.98 30.56 0.23  

from textual meaning and reduces style degradation, which maintains 
model performance.

We present the performance evaluation under multi-concept forget-
ting, as shown in Table  4. We selected explicit concepts from the same 
category and unified implicit concepts, achieving commendable results, 
and provided qualitative examples in Fig.  8. Furthermore, in the quan-
titative experiments shown in Table  5, we showcase the effectiveness 
of our approach in simultaneously forgetting concepts such as nudity 
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Table 5
Quantitative study on the performance of 
nudity-and-violence-forgotten models. ‘‘IQ’’ 
denotes image quality.
 FCF nudity+violence

 P4D 5.78% 
 ASR Ring-A-Bell 0.85% 
 UnlearnDiffAtk 7.40% 
 IQ FID 14.85
 CLIP 31.05  

Fig. 8. Examples of forgetting multiple concepts of different categories.

and violence. Moreover, on an NVIDIA A6000, single concept forgetting 
training takes approximately 16.67 min with a peak memory overhead 
of just 8.4 GB.

4.3. Ablation studies

We conducted ablation experiments on both Explicit Concept For-
getting and Implicit Concept Forgetting, as shown in Table  6, the 
introduction of Implicit Concept Forgetting significantly enhances the 
model’s robustness. The combination of both components achieves the 
highest rate of concept forgetting and maximizes model robustness.

To evaluate the generalizability of our method, we additionally 
deployed the SD1.5 model along with the ViT-B/32 CLIP model. As 
shown in Table  7, we report ASR, FID, and CLIP metrics, and perform 
the forgetting operation on the Ring-A-Bell (Nudity) using the FCF-P ap-
proach. The experimental results demonstrate that our method consis-
tently maintains a high attack success rate across different models while 
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Table 6
Ablation study of the concept forgetting process. We evaluate the model’s performance using the ASR 
metric. ‘‘ECFP’’ denotes ‘‘Explicit Concept Forgetting Process’’ and ‘‘ICFP’’ denotes ‘‘Implicit Concept 
Forgetting Process’’.
 ECFP ICFP I2P Ring-A-Bell Ring-A-Bell (RE) P4D UnlearnDiffAtk 
 SD × × 60.52% 91.58% 53.85% 81.05% 91.95%  
 ✓ × 41.34% 48.42% 23.16% 40.53% 55.26%  
 FCF-E × ✓ 49.03% 87.37% 35.54% 59.69% 67.82%  
 ✓ ✓ 6.44% 13.68% 1.92% 7.36% 14.94%  
 ✓ × 41.34% 48.42% 23.16% 40.53% 55.26%  
 FCF-P × ✓ 43.92% 66.32% 31.34% 51.14% 60.42%  
 ✓ ✓ 3.00% 1.05% 0.96% 5.26% 6.90%  
Table 7
Validating the Generalizability of the Method Using Two SD 
Models and Two CLIP Models.
 Model ASR FID CLIP  
 SD1.4+ViT-L/14 1.05% 15.07 31.03 
 SD1.5+ViT-L/14 1.58% 14.38 31.28 
 SD1.4+ViT-B/32 2.10% 15.28 30.76 
 SD1.5+ViT-B/32 1.98% 14.87 30.82 

achieving excellent generation performance, effectively validating the 
generalizability of our approach.

We conducted tests on FCF-P using problematic prompts to evaluate 
the parameters 𝜂 and 𝜇𝑝. At 𝜂 = 0.6 and 𝜇𝑝 = 0.85, nudity reduction was 
increased by 1.00%, but the image fidelity decreased by 4.68%. With 
𝜂 = 0.01 and 𝜇𝑝 = 0.3, nudity reduction was decreased by 35.80%, 
but the image fidelity increased by 4.47%. Therefore, users can flexibly 
adjust the values of 𝜂 and 𝜇𝑝 based on specific applications.

5. Conclusions

This paper proposes a Fortified Concept Forgetting (FCF) method, 
designed to address the limitations of previous concept deletion models 
in adversarial text scenarios. FCF offers a novel approach by introduc-
ing a dual forgetting mechanism targeting both explicit and implicit 
concepts. This approach enables more effective removal of target con-
cepts in complex, diversified text scenarios. Extensive experiments 
exhibit that FCF outperforms existing methods in terms of concept 
forgetting effectiveness and demonstrates high safety and robustness 
while minimizing the decline in model performance. The CLIP-based 
FCF offers broader applicability and can be applied to a variety of 
downstream tasks. It is worth noting that the FCF method can be 
integrated with U-Net-based concept erasure models to generate safer 
outputs, thereby further enhancing the reliability and controllability of 
the model in real-world applications. In future work, we plan to apply 
FCF to the domain of multi-model machine learning and explore its 
performance in cross-modal scenarios.
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