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Figure 1: We propose a method to erase concepts by guiding the diffusion trajectory; protecting
against adversarial prompts designed to bypass defense mechanisms. We perform it in a training-
free manner without any weight updates and pre-collected prompts/images.

ABSTRACT

Recent advancements in text-to-image diffusion models have brought them to the
public spotlight, becoming widely accessible and embraced by everyday users.
However, these models have been shown to generate harmful content, such as not-
safe-for-work (NSFW) images. While approaches have been proposed to erase
such abstract concepts from the models, jail-breaking techniques have succeeded
in bypassing such safety measures. In this paper, we propose TraSCE, an ap-
proach to guide the diffusion trajectory away from generating harmful content.
Our approach is based on negative prompting, but as we show, the widely used
negative prompting strategy is not a complete solution for concept erasure and
can easily be bypassed in a simple corner case. To address this issue, we introduce
two techniques. We first borrow the idea of concept negation from compositional
generation and propose to use it instead of the conventional negative prompting.
Second, we introduce a localized loss-based guidance that enhances the modified
negative prompting technique by steering the diffusion trajectory. We demonstrate
that our proposed method achieves state-of-the-art results on various benchmarks
in erasing harmful content, artistic styles, and objects, including on benchmarks
introduced by red teams without impacting unrelated concepts. Our proposed ap-
proach does not require any training, weight modifications, or training data (either
image or prompt), making it easier for model owners to erase new concepts.

CAUTION: This paper includes model-generated content that may contain offen-
sive or distressing material.
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1 INTRODUCTION

Diffusion models (Rombach et al., 2022; Song et al., 2020) have pushed the boundaries of realistic
image generation by making it as easy as writing a simple prompt. This advancement has brought
these models into the public space. However, these models are trained on billions of images that
have not been cleaned to remove harmful content such as nudity and violence, which have intro-
duced unwanted capabilities into these models. To address these issues, various safety checks and
alignment methods have been proposed (Gandikota et al., 2024; Pham et al., 2024; Lu et al., 2024;
Gong et al., 2024; Gandikota et al., 2023; Kumari et al., 2023; Zhang et al., 2024a; Schramowski
et al., 2023; Li et al., 2024; Yoon et al., 2024). However, adversaries have demonstrated the abil-
ity to bypass these measures (Chin et al., 2024; Pham et al., 2023; Zhang et al., 2024c; Tsai et al.,
2023), highlighting the need for more effective solutions to prevent the generation of harmful con-
tent. In addition to safety concerns, diffusion models have knowingly or unknowingly been trained
on copyrighted content scraped from the web. Model owners now face scrutiny in the form of law-
suits asking them to remove the capability of the model to generate such content or concepts (Mac;
Obrien; Berry Wang; Korn). One such example is generating images with artistic styles similar to
those of particular artists.

A naive solution for model owners is to retrain the base diffusion model after removing the prob-
lematic content from the datasets. However, this approach is impractical due to the immense cost
and effort required to annotate billions of images to remove harmful data samples and retrain the
model. Model owners seek quick fixes that (a) require little to no training; (b) allow easy removal of
new concepts; and (c) do not impact the overall model performance on other tasks. Although many
approaches have been studied to tackle this problem, most existing approaches require updating the
weights of the model (Gong et al., 2024; Gandikota et al., 2024; 2023; Lu et al., 2024; Zhang et al.,
2024a; Kumari et al., 2023; Heng and Soh, 2024). Updating model weights poses several challenges:
(1) it requires a collection of problematic prompts or images that define the concept, which can be
harmful content, making it difficult to implement in practice; (2) this comes at a cost to the overall
generation capabilities of the diffusion model on unrelated concepts, especially when a large num-
ber of concepts need to be erased; (3) once a concept is erased, it cannot be reintroduced, limiting
flexibility; (4) updating model weights is a computationally expensive procedure. Therefore, a more
practical solution for model owners is to have methods that work during the inference stage without
requiring weight updates.

More recently, researchers have shown the ability to jailbreak text-to-image concept erasure method-
ologies (Tsai et al., 2023; Chin et al., 2024; Yang et al., 2024; Zhang et al., 2024c; Pham et al., 2023).
These jail-breaking methodologies find harder prompts that do not directly contain identifying in-
formation of the concept that needs to be erased, thereby bypassing the security measures. While
previous defenses (Gong et al., 2024; Gandikota et al., 2024; 2023; Lu et al., 2024; Zhang et al.,
2024a; Kumari et al., 2023; Heng and Soh, 2024; Schramowski et al., 2023; Yoon et al., 2024) per-
form well when prompted with the concept or its synonyms, they often fail when prompted with
prompts that do not explicitly identify the concept. They focus on removing the ability of a partic-
ular set of prompts to generate a particular type of image, but this does not necessarily remove the
ability of the model to produce such images when prompted differently. We instead require meth-
ods that prevent a model from producing harmful concepts even when the model is prompted with
phrases and jail-breaking prompts that do not directly imply harmful concepts.

In this paper, we propose TraSCE, a method for concept erasure based on negative prompting, which
operates during inference time, such that it requires no training, providing flexibility to the model
owner. TraSCE consists of two parts: a modified negative prompting strategy and a localized loss-
based guidance. We start by arguing that the widely used negative prompting strategy has an issue
in its formulation (in particular, when applied to the concept erasure task) by providing a simple
corner case. To fix this, we borrow the concept of negation from compositional generation (Liu
et al., 2022) and propose using a modified negative prompting strategy. Secondly, in our preliminary
experiments, we observed that even with the modified negative prompting technique, adversarial
prompts could still successfully generate the concept we wanted to avoid. We hypothesize that this
is because adversarial attacks can find prompts that do not directly imply the concept and do not
completely align with the negative prompt, bypassing the negative guidance. To address this issue,
we introduce a localized loss-based guidance that further steers the trajectory. We demonstrate the
effectiveness of TraSCE on various concept erasure tasks, including NSFW, violence, artistic styles,

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICLR 2026

and objects. We demonstrate that we can achieve all this without compromising general image
generation on unrelated concepts.

We summarize our contributions in this paper as follows:

• We show that a widely used negative prompting formulation does not work and propose
using a different formulation instead of the widely used one.

• We propose localized loss-based guidance that helps the negative prompting in preventing
the model from generating an undesirable concept.

• Our approach does not require any training, training data (either prompts and images), or
weight updates to remove concepts from conditional diffusion models.

• We show that our approach is robust against adversarial prompts targeted towards gener-
ating not-safe-for-work (NSFW) and violence-depicting content, reducing the chances of
producing harmful content by as much as 15% from the previous state-of-the-art on some
benchmarks, without deteriorating general image generation performance.

• Our approach also generalizes to other concepts, such as artistic styles and objects.

2 RELATED WORK

Concept Erasure. Researchers have explored methodologies to erase concepts by updating the
model weights (Gandikota et al., 2024; Pham et al., 2024; Lu et al., 2024; Gong et al., 2024;
Gandikota et al., 2023; Kumari et al., 2023; Zhang et al., 2024a; Heng and Soh, 2024; Fan
et al., 2023; Huang et al., 2024; Zhang et al., 2024b) and also during the model inference stage
(Schramowski et al., 2023; Li et al., 2024; Yoon et al., 2024). Kumari et al. (2023) proposed min-
imizing the KL divergence between a set of prompts defining a concept and an anchor concept.
Schramowski et al. (2023) proposed a modified version of negative prompts to guide the diffusion
model away from generating unsafe images. Gandikota et al. (2024) found a closed-form expres-
sion of the weights of an erased diffusion model based on a set of prompts and updated the weights
accordingly in a one-shot manner. Lu et al. (2024) used LoRA (low-rank adaptation) for fine-tuning
the base model along with a closed-form expression of the cross-attention weights. Gandikota et al.
(2023) updated diffusion model weights to minimize the likelihood of generating particular concepts
based on an estimated distribution from a set of collected prompts. Gong et al. (2024) proposed using
a closed-form solution to find target embeddings corresponding to a concept and then updated the
cross-attention layer accordingly. Heng and Soh (2024) updated model weights to forget concepts
inspired by continual learning. Zhang et al. (2024a) proposed cross-attention re-steering, which
updates the cross-attention maps in a UNet model to erase concepts. Li et al. (2024) proposed a
self-supervised approach to find latent directions pertaining to particular concepts and then used
these to steer trajectories away from them. Yoon et al. (2024) found subspaces in the text embed-
ding space corresponding to particular concepts and filtered text embeddings based on this to erase
concepts. They additionally applied a re-attention mechanism in the latent space to diminish the
influence of certain features. Other recent works follow a detect-and-erase paradigm, which first
detects if a negative concept is going to be generated during inference and then only activates the
concept editing/unlearning if it is detected (Li et al., 2025; Lee et al., 2025).

Firstly, most methods have been shown to be vulnerable to adversarial prompts that attempt to by-
pass defenses, as discussed in the next section. Our work focuses on how to mitigate the threat of
adversarial prompts. Secondly, most approaches require one or more of the following things: train-
ing, weight updates, and/or training data (images or prompts). This makes it harder or impossible to
remove new concepts and reintroduce previously erased concepts in certain scenarios. Our approach
is free of all these constraints.

Jail Breaking Concept Erasure Red-teaming efforts have focused on circumventing concept era-
sure methods by finding jail-breaking prompts via either white-box (Chin et al., 2024; Pham et al.,
2023; Zhang et al., 2024c; Yang et al., 2024) or black-box (Tsai et al., 2023; Yang et al., 2024)
adversarial attacks. Pham et al. (2023) used textual inversion to find adversarial examples that can
generate erased concepts. Tsai et al. (2023) used an evolutionary algorithm to generate adversarial
prompts in a black-box setting. Zhang et al. (2024c) found adversarial prompts using the diffusion
model’s zero-shot classification capability for guidance. Chin et al. (2024) proposed optimizing the
prompt to minimize the distance of a diffusion trajectory from an unsafe trajectory. Yang et al.
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(2024) proposed both white-box and black-box attacks on both the prompt and image modalities to
bypass prompt filtering and image safety checkers.

In this paper, we propose a method that safeguards against such attack methods, especially in the
case of generating harmful content such as nudity.

3 PRELIMINARIES

Diffusion models (Song et al., 2020) such as Stable Diffusion (SD) (Rombach et al., 2022) and
Imagen (Saharia et al., 2022) are trained with the objective of learning a model ϵθ to denoise a
noisy input vector at different levels of noise characterized by a time-dependent noise scheduler (see
Appendix section A for more preliminary details on diffusion models). In conditional generation
tasks, the classifier-free guidance technique (CFG) (Ho and Salimans, 2022) is widely adopted. The
CFG guides a diffusion trajectory so that a diffusion model generates an output that better aligns
with a condition. The trajectory is directed towards a conditional score prediction and away from an
unconditional score prediction

ϵ̂← ϵθ(xt, e∅) + s(ϵθ(xt, ep)− ϵθ(xt, e∅)), (1)

where s controls the degree of adjustment and e∅ are empty prompt embeddings used for uncondi-
tional guidance.

4 AN EFFECTIVE CONCEPT ERASURE TECHNIQUE

Algorithm 1 Sampling in TraSCE

Require: noise estimator network ϵθ(·),
guidance scales λ, s, empty prompt em-
bedding e∅, text prompt embedding ep,
negative prompt embedding enp

1: xT ∼ N (0, Id)
2: for t = T to 1 do
3: ϵ̂∅ = ϵθ(xt, t, e∅)
4: ϵ̂p = ϵθ(xt, t, ep)
5: ϵ̂np = ϵθ(xt, t, enp)
6: Lt = − exp{−∥ϵ̂p − ϵ̂np∥22/2σ2}
7: x̂t = xt − λ∇xt

Lt

8: ϵ̂ = ϵ̂∅ + s(ϵ̂p − ϵ̂np)

9: xt−1 = 1√
αt
(x̂t − 1−αt√

1−ᾱt
ϵ̂)

10: end for
11: return x0

Most previous concept erasure methods are suscep-
tible to adversarial prompts because they erase con-
cepts based on modifications from a set of prompts
that literally define concepts. However, this does
not completely erase the ability of models to gen-
erate the concepts. Black-box adversarial prompts
using approaches such as evolutionary algorithms
(Tsai et al., 2023) simply find other prompts in the
embedding space that are not suppressed by the de-
fense method. Thus, we need an approach to guide
the trajectory away from the space corresponding to
a particular unfavorable concept. To do so, we pro-
pose a method that consists of two parts: (1) a spe-
cific version of negative prompting and (2) localized
loss-based guidance to steer the diffusion trajectory.
We explain the details of the two techniques below
and describe the sampling process of our method in
Algorithm 1.

Modified Negative Prompting. Negative prompting is a commonly used technique for guiding
away from generating certain concepts/objects. It simply steers away from the space pertaining to a
negative concept and towards an input prompt. However, in the case of concept erasure, if the input
prompt is adversarial in nature, it does not work well.

A commonly used negative prompting has been implemented as

ϵ̂← ϵθ(xt, enp) + s(ϵθ(xt, ep)− ϵθ(xt, enp)), (2)

where ep is the embedding corresponding to a prompt that expresses what we wish to generate and
enp is the one corresponding to a negative prompt that expresses what we wish to avoid.

However, this implementation is not effective in the context of concept erasure in the case where the
input prompt is adversarial. When ep is the same as enp, the trajectory will be guided towards enp,
which is the concept we want to avoid. For example, if a model owner sets a negative prompt as
”French Horn” and an adversary prompts the model with the same phrase, i.e. ”French Horn”, the
expression ϵθ(xt, ep)− ϵθ(xt, enp) becomes zero. Thus, we end up guiding the diffusion trajectory
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towards the concept ”French Horn” (ϵθ(xt, enp)), which we wanted to avoid in the first place. To fix
this issue, we adopt the following formulation introduced by Liu et al. (2022):

ϵ̂← ϵθ(xt, e∅) + s(ϵθ(xt, ep)− ϵθ(xt, enp)), (3)

where e∅ is the embedding corresponding to an empty prompt and ϵθ(xt, e∅) is the unconditional
score prediction. When prompted with the same prompt as the negative concept, the diffusion model
would guide the denoising process towards the unconditional sample, successfully avoiding the
concept. We will demonstrate that this formulation performs concept erasure much better than the
widely used one (Equation 2) in our ablation study.

Localized Loss-based Guidance. Even with Equation 3, we observed that some adversarial
prompts can still successfully bypass the defense. For the negative prompting strategy to work
efficiently in the case of an adversarial prompt, the value of ϵθ(xt, ep)− ϵθ(xt, enp) should become
as close to zero as possible so that it is not able to steer the unconditional guidance towards a harmful
concept. Otherwise, the adversarial prompt ep is still able to affect the denoising process.

To address this issue, we introduce a localized loss-based guidance that makes ϵθ(xt, ep) and
ϵθ(xt, enp) closer, which is expressed as,

xt = xt − λ∇xt
Lt, where Lt = − exp(−

∥ϵθ(xt, ep)− ϵθ(xt, enp)∥22
2σ2

). (4)

Our proposed loss Lt is designed as a Gaussian function to satisfy the following two desiderata: (1)
Lt should make ϵθ(xt, ep) and ϵθ(xt, enp) very close to each other when the (adversarial) prompt
and the negative prompt (corresponding to the concept we want to remove) are semantically close,
but (2) Lt should not affect ϵθ(xt, ep) when the prompt is not related to the negative prompt. Our Lt

minimizes ∥ϵθ(xt, ep)−ϵθ(xt, enp)∥22, but its gradient become almost zero thanks to the exponential
function when ∥ϵθ(xt, ep) − ϵθ(xt, enp)∥22 is large, which satisfies the second desideratum. We
demonstrate the effectiveness of guidance with our designed loss in Section 5.

Advantages of the Proposed Method. The major advantage of our method, TraSCE (Algorithm
1), is that it does not require any training data, training, or weight updates, and we can easily seman-
tically define the concept we wish to erase. This makes it straightforward and easy to remove new
concepts or reintroduce previously removed ones.

5 EXPERIMENTS

In this section, we show how our method, TraSCE, can be applied to various tasks, including avoid-
ing generating NSFW content and violence and erasing artistic styles and objects. Unless otherwise
stated, we adopt Stable Diffusion v1.4 (SDv1.4) (Rombach et al., 2022).

5.1 ROBUSTNESS TO JAIL BREAKING PROMPTS

One of the major issues with previous concept erasure techniques is that they are susceptible to
adversarial prompts, which can even be found in a black-box setting. Since previous approaches
already perform well in removing concepts when directly prompted with the concept, we primarily
focus on protecting diffusion models against adversarial prompts targeted to generate NSFW content
and images containing violence.

Adversarial or jail-breaking prompts are either generated using white-box attacks (Chin et al., 2024;
Zhang et al., 2024c) on diffusion models or through black-box attacks (Tsai et al., 2023; Yang et al.,
2024). We treat the adversary as having only black-box access to a diffusion model, wherein the
adversary can prompt the model any number of times using any seed value they set. We make this
assumption, given that we do not directly update the weights of the model. Thus, a model owner
cannot share the model weights while placing our security measures.

Experimental Design. We evaluate our model against all known adversarial attack benchmarks
(at the time of submission) to generate NSFW content. We specifically test against Ring-A-Bell
(Tsai et al., 2023), MMA-Diffusion (Yang et al., 2024), P4D (Chin et al., 2024), UnLearnDiffAtk
(Zhang et al., 2024c) and I2P (Schramowski et al., 2023). For testing against white-box attacks, we
follow the same protocol as Gong et al. (2024), which uses static benchmark datasets for successful
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Table 1: Comparison with baseline defenses on hard adversarial attacks - Ring-A-Bell (Tsai et al.,
2023), MMA-Diffusion (Yang et al., 2024), P4D (Chin et al., 2024), UnLearnDiffAtk (Zhang et al.,
2024c) and the NSFW benchmark I2P (Schramowski et al., 2023). We report the attack success
rates (ASR) of adversarial prompts (the lower the better). We use the NudeNet detector Bedapudi
(2019) and classify images as containing nudity if the NudeNet score is > 0.45 (see Appendix E for
details). The rows in Gray correspond to methods that require training and weight updates, while
those in Blue do not require training but update the model weights, and the ones in Green do not
require either. Bold is used for the best method that does not require either.

Method Ring-A-Bell MMA-Diffusion↓ P4D↓ UnLearnDiffAtk↓ I2P↓ COCO
K77↓ K38↓ K16↓ FID↓ CLIP↑

SDv1.4 85.26 87.37 93.68 95.7 98.7 69.7 17.8 16.71 0.304
SA (Heng and Soh, 2024) 63.15 56.84 56.84 9.30 47.68 12.68 2.81 25.80 0.297
CA (Kumari et al., 2023) 86.32 91.58 89.47 9.90 10.60 5.63 1.04 24.12 0.301
ESD (Gandikota et al., 2023) 20.00 29.47 35.79 12.70 9.27 15.49 2.87 18.18 0.302
MACE (Lu et al., 2024) 2.10 0.0 0.0 0.50 2.72 2.82 1.51 16.80 0.287
Unlearn-Saliency (Fan et al., 2023) 0.0 0.0 0.0 0.0 0.0 0.0 0.02 44.20 0.262
Receler (Huang et al., 2024) 1.05 2.10 2.10 11.10 10.42 4.93 1.25 17.13 0.301
AdvUnlearn (Zhang et al., 2024b) 0.0 0.0 0.0 0.0 0.0 0.0 0.26 18.77 0.286
AGE (Bui et al., 2025) 1.05 0.0 2.10 1.70 2.04 2.11 0.60 17.38 0.291
UCE (Gandikota et al., 2024) 10.52 9.47 12.61 17.70 29.93 9.86 0.87 17.99 0.302
RECE (Gong et al., 2024) 5.26 4.21 5.26 13.30 21.77 5.63 0.72 17.74 0.302
SLD-Max (Schramowski et al., 2023) 23.16 32.63 42.11 52.10 35.76 9.15 1.74 28.75 0.284
SLD-Strong (Schramowski et al., 2023) 56.84 64.21 61.05 61.30 49.01 18.31 2.28 24.40 0.291
SLD-Medium (Schramowski et al., 2023) 92.63 88.42 91.58 65.70 68.21 33.10 3.95 21.17 0.298
SD-NP 17.89 28.42 34.74 44.44 24.00 7.80 0.74 18.33 0.301
SAFREE (Yoon et al., 2024) 35.78 47.36 55.78 36.40 40.82 10.56 1.45 19.32 0.301
TraSCE (ours) 1.05 2.10 2.10 16.60 3.97 0.70 0.45 17.41 0.299

adversarial attacks against other methods. For Violence, we evaluate the methods on the Ring-A-
Bell benchmark (Tsai et al., 2023).

We compare TraSCE with training-based methods – SA (Heng and Soh, 2024), FMN (Zhang et al.,
2024a), CA (Kumari et al., 2023), ESD (Gandikota et al., 2023), MACE (Lu et al., 2024), Unlearn-
Saliency (Fan et al., 2023), Receler (Huang et al., 2024), AdvUnlearn (Zhang et al., 2024b), and
AGE (Bui et al., 2025). We also compare to weight-update-based methods (with no training) –
UCE Gandikota et al. (2024) and RECE (Gong et al., 2024). And, inference-based methods – SLD
(Schramowski et al., 2023), SD with negative prompt (SD-NP), and SAFREE (Yoon et al., 2024).
We use the negative prompt “violence, blood” for erasing Violence and “naked, nude, bare, exposed,
Stripped, topless, male genitalia, buttocks” for NSFW. We set the two hyperparameters of TraSCE
as λ = 1.5 and σ = 1 for erasing nudity and λ = 1.5 and σ =

√
0.5 for violence.

Table 2: Results on erasing violence on the ad-
versarial Ring-A-Bell-Union (Tsai et al., 2023)
prompt dataset. SLD-Max significantly deterio-
rated the general image quality, as shown in Table
1 with almost double the FID score. Bold: best.
Underline: second-best.

Method ASR ↓
SDv1.4 99.6
FNM (Zhang et al., 2024a) 98.8
CA (Kumari et al., 2023) 100
ESD (Gandikota et al., 2023) 86.0
UCE (Gandikota et al., 2024) 89.8
RECE (Gong et al., 2024) 89.2
SLD-Max (Schramowski et al., 2023) 40.4
SLD-Strong (Schramowski et al., 2023) 80.4
SLD-Medium (Schramowski et al., 2023) 97.2
SD-NP 94.8
TraSCE (ours) 50.0

Evaluation Metrics. We report the attack suc-
cess rates (ASR) of adversarial prompts (lower
the better) in generating nudity/violence. To de-
tect whether the model has generated NSFW
content, we use the NudeNet detector (Beda-
pudi, 2019) and classify images as contain-
ing nudity if the NudeNet score is > 0.45.
For Violence, we use the Q16 detection model
(Schramowski et al., 2022). To judge the im-
pact of our concept avoidance technique on
image generation, we generate 10,000 images
from the COCO-30K dataset (Lin et al., 2014)
and report the Fréchet Inception Distance (FID)
and the CLIP score on this dataset. Further im-
plementation details are in Appendix E.

Experimental Results. As reported in Table 1,
our method TraSCE significantly reduces the
chance of generating NSFW content. TraSCE
outperforms even training-free weight-update
methods on the Ring-A-Bell, P4D, I2P, and UnLearnDiffAtk benchmarks. We show some examples
of images generated using TraSCE in Figure 2. We would also like to note that when the adversarial
prompt contains a large number of non-English phrases that do not have any semantic meaning,
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Figure 2: Qualitative comparisons of different approaches when prompted adversarially. We show
more examples in the Appendix Figure 6.

Table 3: Evaluation of the efficacy of TraSCE on the Flux.1-dev model on both white-box and black-
box adversarial attacks.

Method Ring-A-Bell MMA-Diffusion↓ P4D↓ UnLearnDiffAtk↓ COCO
K77↓ K38↓ K16↓ FID↓ CLIP↑

Flux.1-dev 82.11 82.11 83.16 11.80 49.01 23.94 20.41 0.309
TraSCE (ours) 7.37 3.16 9.47 0.80 2.65 2.11 21.41 0.309

Table 4: Assessment of nudity removal on the Flux.1-dev model: (Left) Quantity of explicit content
detected using the NudeNet detector on the I2P benchmark (Schramowski et al., 2023). (Right)
Comparison of the FID and CLIP score on the COCO-30K dataset (Lin et al., 2014). Following Gao
et al. (2025), we set the threshold of the NudeNet detector (Bedapudi, 2019) to be 0.6.

Method Detected Nudity (Quantity) COCO
Common Female Male Total↓ FID↓ CLIP↑

Flux.1-dev 406 161 38 605 20.41 30.87

CA (Model-based) (Kumari et al., 2023) 253 65 26 344 22.66 29.05
CA (Noise-based) (Kumari et al., 2023) 290 72 28 390 23.07 28.73
ESD (Gandikota et al., 2023) 329 145 32 506 23.08 28.44
UCE (Gandikota et al., 2024) 122 39 12 173 30.71 24.56
MACE (Lu et al., 2024) 173 55 28 256 24.15 29.52
EAP (Bui et al., 2024) 287 86 13 386 22.30 29.86
Meta-Unlearning (Gao et al., 2024) 355 140 26 521 22.69 29.91
EraseAnything (Gao et al., 2025) 129 48 22 199 21.75 30.24

TraSCE (ours) 0 4 6 10 21.41 30.91

our approach does not generate a meaningful image like some approaches that guide the denoising
process towards other concepts (see Figure 6).

Similarly, TraSCE significantly reduces the threat of generating violence as reported in Table 2.
However, the concept of violence is loosely defined, and all approaches do not perform as well on
the benchmark for this reason. We would like to point out that SLD-Max, the only approach that
outperforms our proposed method, significantly deteriorates the general image quality (FID of 28.75
compared to ours with FID 17.41), as shown in the last two columns of Table 1.

Impact on Image Quality. As we show in the last two columns of Table 1, there is minimal to
no impact on the normal generation capabilities when using TraSCE. The FID score of 17.41 is
approximately the same as that of normal generation, with a score of 16.71. We show qualitative
results in Appendix Figure 8.

Erasing Nudity from Flux.1-dev. To show the generalizability of TraSCE to other generative
models, we show results on erasing nudity from Flux.1-dev (Black Forest Labs, 2024) on adversarial
prompt benchmarks in Table 3 and on the I2P prompt set in Table 4. As shown, TraSCE performs
well even with the Flux.1-dev model. For more experimental setup and details, see Appendix B.
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Figure 3: Comparison of different methods against adversarial prompts to generate Van Gogh style
images found through the Ring-A-Bell method. Our approach generates images that do not contain
any traces of Van Gogh’s style.

Figure 4: Qualitative results on removing the object “car” for an adversarial prompt generated using
the Ring-A-Bell method.

5.2 ERASING ARTISTIC STYLES

We apply TraSCE to remove particular artistic styles from models. A key point to consider here is
that we still maintain generation capabilities on other artistic styles.

Experimental Design. We focus on removing artistic styles from non-contemporary artists and
modern artists, following (Gandikota et al., 2023; Gong et al., 2024; Yoon et al., 2024). For the
experiment on non-contemporary artists, we erase the artistic style of “Van Gogh” while maintaining
those of “Pablo Picasso”, “Rembrandt”, “Andy Warhol”, and “Caravaggio”. For modern artists, we
remove the artistic styles of “Kelly McKernan” while maintaining those of “Kilian Eng”, “Thomas
Kinkade”, “Tyler Edlin”, and “Ajin: Demi-Human”. We set λ = 1 and σ =

√
0.125 for TraSCE in

this experiment.

Evaluation Metrics. Similar to Yoon et al. (2024), we used GPT-4o for classifying artistic styles
of the generated images. We specifically compute ACCe as the accuracy with which it predicts
an image generated with the style erased as still containing the style we wanted to erase. ACCu

computes the accuracy with which it predicts images generated for unrelated artistic styles as still
containing that style. We ideally want ACCu to be high, denoting that we do not hamper the ability
of the model to generate unrelated artistic styles, and ACCe to be low, denoting that we are no longer
able to generate images resembling the styles of the artist we wish to erase.

Table 5: Experimental results on removing particular artistic styles
while maintaining other artistic styles. ACCu is the accuracy with
which GPT-4o predicts unrelated artistic styles as belonging to their
original artists, and ACCe is the accuracy for the erased style, which
should be as close to 0 as possible.

Method Remove “Van Gogh” Remove “Kelly McKernan”

ACCe ↓ ACCu ↑ ACCe ↓ ACCu ↑
SDv1.4 100.0 94.93 70.0 67.08
CA Kumari et al. (2023) 85.00 96.00 55.00 69.23
ESD-x (Gandikota et al., 2023) 100.0 89.18 81.25 69.33
RECE (Gong et al., 2024) 75.00 92.40 30.00 68.75
UCE (Gandikota et al., 2024) 80.00 91.13 55.00 63.75
SAFREE (Yoon et al., 2024) 52.63 78.48 10.00 69.62
SD-NP 47.36 82.66 25.00 65.38
TraSCE (ours) 41.17 85.33 10.00 66.23

Experimental Results.
We report quantitative
results in Table 5 and qual-
itative results in Figure 7.
TraSCE outperforms pre-
vious methods in terms of
concept removal (ACCe)
and has comparable per-
formance in maintaining
model generation capabil-
ities on unrelated art styles
(ACCu). We present an
example of avoiding gen-
erating “Van Gogh”-style
images for a black-box
adversarial prompt found by the Ring-A-Bell (Tsai et al., 2023) method in Figure 3.
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5.3 ERASING OBJECTS

Another use case is erasing entire objects from being generated by T2I models. For this use case,
we study erasing entire objects from the ImageNette dataset (Howard, 2019), which consists of 10
classes of the ImageNet dataset, while preserving other unrelated classes from the same dataset.
We present the entire experimental protocol and results in Appendix C. To summarize our results,
TraSCE erases the object and achieves state-of-the-art results with an average classification accuracy
of 0.06 using a ResNet50 model trained on the ImageNet dataset. Additionally, we present an
example of protecting against an adversarial prompt in Figure 4, which is targeted at generating the
concept “car”.

5.4 ABLATION STUDY

We perform three ablation studies. In this section, we focus on looking at the performance im-
provement from (a) individual components of the method, and (b) design of the loss function. In
Appendix D, we study the strategy for guidance.

Table 6: Ablation study on the design of our proposed
method. We report the attack success rate (ASR) of gener-
ating NSFW images on the Ring-A-Bell dataset (Tsai et al.,
2023) and the FID score on 10,000 images from the COCO-
30K dataset (Lin et al., 2014). The top row corresponds to
TraSCE , and the bottom row is SD-NP.

Negative prompting Loss-based Ring-A-Bell (ASR) FID↓
Eq. 2 Eq. 3 guidance K77↓ K38↓ K16↓

✓ ✓ 1.05 2.10 2.10 17.41
✓ 4.21 10.52 11.57 18.59

✓ ✓ 10.63 10.63 13.82 18.45
✓ 17.89 28.42 34.74 18.33

Analyzing Individual Components
of the Method. Our proposed
method consists of the following two
techniques: (1) use of Equation 3 and
(2) loss-based guidance. We compare
the impact of these designs on the fi-
nal results in avoiding NSFW con-
tent on the Ring-A-Bell benchmark.
We report results in Table 6, which
shows that we can get as much as
10% reduction in the attack success
rate (ASR) with both of the two tech-
niques.

Design of the Loss Function. We specifically design our loss function as a Gaussian, which helps
negate an undesirable impact on unrelated concepts. We visually assess how unrelated concepts can
be impacted when directly minimizing the MSE loss function, ∥ϵθ(xt, ep)− ϵθ(xt, enp)∥22, instead
of our designed loss. We show examples in Appendix , showcasing that the MSE loss function can
negatively impact the perceptual quality on unrelated concepts.

Strategy for Guidance. We further analyze the strategy for guiding diffusion trajectories in Ap-
pendix D.

5.5 LIMITATIONS

TraSCE requires an additional gradient computation at each time step, along with an additional
noise prediction compared to the standard denoising procedure. The additional noise prediction is
required by other approaches as well, such as Safe-Latent-Diffusion (SLD) (Schramowski et al.,
2023). Image generation using SDv1.4 takes 5.45 seconds on average, while our approach takes
14.29 seconds on average across 100 generations with 50 denoising steps on one A100 GPU. Image
generation using FLUX.1-dev takes 29.62 seconds on average for one image, whereas with TraSCE,
it takes 47.58 seconds on one H100 GPU. Furthermore, approaches such as gradient approximation
and adaptive gradient steps can be employed to further reduce the inference cost.

6 CONCLUSION

In this paper, we proposed TraSCE, a method to erase concepts from conditional diffusion models
through a modified version of negative prompting along with loss-based guidance. We used these
guidance techniques to push diffusion trajectories away from generating images of the concept we
wish to erase. Our approach does not require any training, training data (prompts or images), or
weight updates. We showed that TraSCE is robust against adversarial prompts targeted towards

9
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generating NSFW and violence-depicting content. We further extended our analysis to show that
TraSCE is effective in erasing artistic styles and objects as well.

ETHICS STATEMENT

In this paper, we study an ethical issue with image generative models, which are prone to produc-
ing harmful images and copyrighted content. This study aims to address the issue by providing a
methodology to steer away from such content during inference when generating an image from a
diffusion model. This study aims to provide an easy and flexible approach to facilitating the safe
and ethical use of generative models.

REPRODUCIBILITY STATEMENT

To facilitate reproducing the results from the paper, we have included the codebase of the paper
in the supplementary materials. Further, we have provided all necessary implementation details,
including hyperparameters, in the main paper and the appendix.

THE USE OF LARGE LANGUAGE MODELS (LLMS)

We have NOT utilized Large Language Models to (i) help with coming up with ideas for the paper,
(ii) help with writing the code, or (iii) help with paper writing or polishing. However, we have used
an LLM, specifically GPT-4o, as an evaluation metric to assess the removal of artistic styles.
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A PRELIMINARIES ON DIFFUSION MODELS

During training, the forward diffusion process comprises a Markov chain with fixed time steps T .
Given a data point x0 ∼ q(x), we iteratively add Gaussian noise with variance βt at each time step
t to xt−1 to get xt such that xT ∼ N (0, I). This process can be expressed as,

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI), ∀t ∈ {1, ..., T}.

We can get a closed-form expression of xt,

xt =
√
ᾱtx0 +

√
1− ᾱtϵt, (5)

where ᾱt =
∏t

i=1(1− βi) and αt = 1− βt.

We learn the reverse process through the network ϵθ to iteratively denoise xt by estimating the noise
ϵt at each time step t conditioned using embeddings ep. The loss function is expressed as,

L = Et∈[1,T ],ϵ∼N (0,I)[∥ϵt − ϵθ(xt, t, ep)∥22]. (6)

For brevity, we omit the argument t in the following discussion. Using the learned noise estimator
network ϵθ, we can compute the previous state xt−1 from xt as follows:

xt−1 =

√
ᾱt−1

ᾱt
xt − (

√
1

ᾱt−1
− 1−

√
1

ᾱt
− 1)ϵθ(xt, t, ep), (7)
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B EXPERIMENTAL RESULTS ON ERASING NUDITY FROM FLUX.1-DEV

Experimental Design and Metric. To assess how generalizable our proposed method is to genera-
tive models other than Stable Diffusion v1.4, we study erasing the concept of nudity from the Flux.1-
dev model (Black Forest Labs, 2024), which adopts a DiT-based architecture and is trained with the
flow matching framework. We report results both on erasing adversarial prompts from the Ring-
A-Bell (Tsai et al., 2023), MMA-Diffusion (Yang et al., 2024), P4D (Chin et al., 2024), and Un-
learnDiffAtk (Zhang et al., 2024c) benchmarks and on the I2P unsafe prompt dataset (Schramowski
et al., 2023). We assess the trade-off between maintaining generation capability on the COCO-30K
dataset (Lin et al., 2014) and erasing nudity. To evaluate the performance of nudity erasure, we
utilize the NudeNet classification model with a threshold of 0.6 following Gao et al. (2025). We set
λ = 10.0 and σ = 1 for TraSCE in this experiment.

Experimental Results. As shown in Table 3, our approach is successful in erasing concepts from
adversarial prompt datasets on the Flux model. Furthermore, we present results on the I2P bench-
mark in Table 4, which demonstrates that our approach outperforms previous methods while main-
taining image quality and text alignment on the COCO-30K dataset.

C EXPERIMENTAL RESULTS ON ERASING OBJECTS

Experimental Design. We follow the same experimental design as Gong et al. (2024) and test
on removing classes of objects from the Imagenette dataset Howard (2019), which contains 10
ImageNet classes. On the other hand, we ensure that generating the classes other than the target
class is not impacted. The dataset contains straightforward prompts — “Image of an {Object}” —
directly mentioning the class. These can easily be negated using simple prompt-level operations. We
compare our method, TraSCE, with Erased Stable Diffusion (ESD) (Gandikota et al., 2023), Unified
Concept Editing (UCE) (Gandikota et al., 2024), Reliable and Efficient Concept Erasure (RECE)
(Gong et al., 2024), and Stable Diffusion with negative prompts (SD-NP), as only these works
reported results on object erasure. We set λ = 1 and σ =

√
0.5 for TraSCE in this experiment.

Evaluation Metric. We report the accuracy of predicting respective ImageNet classes using a pre-
trained ResNet50 model He et al. (2016). We report both the accuracy of the erased class and the
accuracy of the other classes. We want the accuracy of the erased class to be low, indicating that
the ResNet50 model fails to recognize the erased object in images (successful erasure). At the same
time, we want the accuracy of the other classes to be high, implying that this erasure does not impact
the other classes.

Experimental Results. We summarize the quantitative results in Table 7. As we mentioned be-
fore, the lack of additional information in the prompts makes it difficult to erase concepts without
guiding them toward a secondary class. ESD, UCE, and RECE all update the model weights using
a set of concepts they want to preserve. This is not the case for TraSCE, which neither updates
the model weight nor guides the generation towards a preservation set. Furthermore, the ResNet50
model is trained on the ImageNet dataset and thus contains some biases inherent to this model. For
example, aerial images are more likely to get classified as “parachutes” regardless of whether or not
they contain a parachute, due to preset biases in the dataset.

D ABLATION STUDIES

Strategy for Guidance. One may consider applying classifier guidance by utilizing a pretrained
classifier such as NudeNet (Bedapudi, 2019) and CLIP (Radford et al., 2021) to avoid a target con-
cept. Here, we compare our proposed loss-based guidance to classifier guidance equipped with
NudeNet or CLIP. Since these models are trained on images rather than latent vectors, we estimate
the corresponding clean images using Tweedie’s formula (Robbins, 1992; Efron, 2011) as follows:

x̂0|t =
xt −

√
1− ᾱtϵθ(xt, ep)√

ᾱt
, (8)

where x̂0|t is the estimated clean sample from the noise predictions at time t. The clean sample
is passed through the VAE decoder, followed by a classification model to get a score, which is
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Table 7: Results on erasing objects from the Imagenette dataset computed using a pre-trained
ResNet50 model. Note: ESD, UCE, and RECE update the model weights.

Class name Accuracy of erased class (%) ↓ Accuracy of other classes (%) ↑
SD ESD-u UCE RECE SD-NP TraSCE (ours) SD ESD-u UCE RECE SD-NP TraSCE (ours)

Cassette Player 15.6 0.6 0.0 0.0 4.6 0.0 85.1 64.5 90.3 90.3 64.1 62.8
Chain Saw 66.0 6.0 0.0 0.0 25.2 0.2 79.6 68.2 76.1 76.1 50.9 49.7
Church 73.8 54.2 8.4 2.0 21.2 0.2 78.7 71.6 80.2 80.5 58.4 57.5
English Springer 92.5 6.2 0.2 0.0 0.0 0.0 76.6 62.6 78.9 77.8 63.6 62.8
French Horn 99.6 0.4 0.0 0.0 0.0 0.0 75.8 49.4 77.0 77.0 58.0 54.9
Garbage Truck 85.4 10.4 14.8 0.0 26.8 0.0 77.4 51.5 78.7 65.4 50.4 49.3
Gas Pump 75.4 8.6 0.0 0.0 40.8 0.2 78.5 66.5 80.7 80.7 54.6 53.4
Golf Ball 97.4 5.8 0.8 0.0 45.6 0.0 76.1 65.6 79.0 79.0 55.0 54.3
Parachute 98.0 23.8 1.4 0.9 16.6 0.0 76.0 65.4 77.4 79.1 57.8 57.6
Tench 78.4 9.6 0.0 0.0 14.0 0.0 78.2 66.6 79.3 79.3 56.9 56.3

Average 78.2 12.6 2.6 0.3 19.4 0.06 78.2 63.2 79.8 78.5 56.9 55.8

backpropagated to compute the gradients. For the CLIP model, we use the similarity score with
respect to the negative prompt as the loss function. We do not train any new classification models in
our study and focus on pre-trained classifiers.

We report results on the Ring-A-Bell dataset (Tsai et al., 2023) to avoid generating NSFW content
along with its impact on the FID score in Table 8. NudeNet tends to significantly deteriorate the
image generation capabilities of the model to achieve similar ASR values. In contrast, our approach
can avoid generating NSFW content without harming the generation capabilities of the model.

Table 8: Ablation study on the strategy for guidance. The values are computed with the widely used
negative prompt strategy (Equation 2) to highlight the difference for each strategy.

Method Ring-A-Bell (ASR) FID↓
K77↓ K38↓ K16↓

Classifier guidance
w/ CLIP 13.82 23.40 24.46 19.82
w/ NudeNet 7.44 10.63 19.14 51.67

Our loss-based guidance 10.63 10.63 13.82 18.45

Design of the Loss Function. We visually assess how unrelated concepts can be impacted when
directly minimizing the MSE loss function, ∥ϵθ(xt, ep) − ϵθ(xt, enp)∥22, instead of our designed
loss. We show examples in Figure 5, showcasing that the MSE loss function can negatively impact
the perceptual quality on unrelated concepts.

E DETAILED EXPERIMENT SETUPS

E.1 BENCHMARK DATASETS

Ring-A-Bell (Tsai et al., 2023): The Ring-A-Bell dataset contains two versions: one for generat-
ing NSFW content and one for generating images containing violence. They use two parameters to
define the attack, K and η. K represents the text length, which can be either 77, 38, or 16, and η is
a hyperparameter used in their evolutionary search algorithm and corresponds to the weight of the
empirical concept. For violence, they had observed that longer text lengths lead to more successful
attacks, while it was the opposite for generating NSFW. For NSFW, we use their publicly available
dataset1 for (K, η) pairs (77, 3), (38, 3), and (16, 3). Each of these versions contains 95 harmful
prompts along with an evaluation seed. For violence, we use the Ring-A-Bell-Union dataset, which
is a concatenation of (K, η) pairs (77, 5.5), (77, 5), and (77, 4.5). The entire dataset contains 750
prompts, with 250 prompts for each pair.

1https://huggingface.co/datasets/Chia15/RingABell-Nudity
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Figure 5: Visual comparison on directly using the MSE loss vs using our exponential loss function.

MMA-Diffusion (Yang et al., 2024): The MMA-Diffusion benchmark dataset contains 1000
strong adversarial prompts, which were found in a black-box setting. We use their publicly available
version2.

Prompt4Debugging (P4D) (Chin et al., 2024): The P4D dataset contains 151 unsafe prompts,
which were found through a white-box attack on the ESD (Gandikota et al., 2023) and SLD
(Schramowski et al., 2023) concept erasure techniques. We use this static dataset consisting of
adversarial prompts to test our defense framework, as instructed by the original authors and also
followed by Gong et al. (2024); Yoon et al. (2024). We use their publicly available dataset3

UnLearnDiffAtk (Zhang et al., 2024c): The UnLearnDiffusionAttack is a white-box adversarial
attack aimed to generate prompts that result in NSFW images. We use their benchmark dataset
containing 142 prompts. The dataset is publicly available4.

Artistic Style: We use two datasets for artistic styles: one containing non-contemporary artists
(Van Gogh, Pablo Picasso, Rembrandt, Andy Warhol, and Caravaggio) and one containing modern
artists (Kilian Eng, Tyler Edlin, Thomas Kinkade, Kelly McKernan, and Ajin: Demi Human), fol-
lowing the experimental design of Gong et al. (2024); Yoon et al. (2024). For the first one, we erase
the style of Van Gogh, and for the second one, we erase the style of Kelly McKernan.

E.2 BASELINES:

We evaluate our model against Selective-Amnesia (SA) (Heng and Soh, 2024), Forget-Me-Not
(FMN) (Zhang et al., 2024a), Concept Ablation (CA) (Kumari et al., 2023), Erasing Stable Dif-
fusion (ESD) (Gandikota et al., 2023), Unified Concept Editing (UCE) (Gandikota et al., 2024),

2https://huggingface.co/datasets/YijunYang280/MMA-Diffusion-NSFW-adv-prompts-benchmark
3https://huggingface.co/datasets/joycenerd/p4d
4https://github.com/OPTML-Group/Diffusion-MU-Attack/blob/main/prompts/nudity.csv
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Reliable and Efficient Concept Erasure (RECE) (Gong et al., 2024), Safe Latent Diffusion (SLD)
(Schramowski et al., 2023), SD with negative prompt (SD-NP), and SAFREE (Yoon et al., 2024).
For results on the Ring-A-Bell dataset, we directly report the results reported in their paper while
reproducing results on SD-NP to ensure that the evaluation criterion is the same. We conduct ex-
periments on RECE, UCE, and SA on our own, as this has not been previously reported by the
Ring-A-Bell authors. For the P4D, MMA-Diffusion, UnLearnDiffAttack, and I2P benchmarks, we
rerun all the experiments by ourselves using open-source codebases available for the baselines.

We were not able to reproduce the results table from SAFREE. We were able to reproduce results
from Ring-A-Bell and have reported the same values as in their paper. We have thus run experiments
for all other datasets ourselves, following the evaluation implementation for RECE (see codebase
for more details). We would also like to mention that the Ring-A-Bell and P4D datasets used by
RECE and SAFREE are not the original versions, as they were not available at the time of their
publication. Our results are based on the latest version as published by the original authors of the
respective datasets.

E.3 EVALUATION METRICS

NudeNet Detector (Bedapudi, 2019): To match the baseline results, we use different evaluation
methodologies. For results on the Ring-A-Bell dataset (Tsai et al., 2023), we employ the same evalu-
ation methodology as them. We use the NudeNetv2 detection model (Bedapudi, 2019) and consider
that the image contains nudity if one of the following classes is predicted: “EXPOSED ANUS”,
“EXPOSED BREAST F”, “EXPOSED GENITALIA F”, or “EXPOSED GENITALIA M”.

For evaluations on the MMA-Diffusion (Yang et al., 2024), UnLearnDiffAtk (Zhang et al.,
2024c) and P4D (Chin et al., 2024) benchmarks, we employ the latest NudeNetv3.4 and
classify an image as containing nudity if the predicted probability is more than 0.45
for any of the following classes - “MALE GENITALIA EXPOSED”, “ANUS EXPOSED”,
“MALE BREAST EXPOSED”, “FEMALE BREAST EXPOSED”, “BUTTOCKS EXPOSED”,
or “FEMALE GENITALIA EXPOSED”.

Q16 Detector (Schramowski et al., 2022): We followed Ring-A-Bell (Tsai et al., 2023) and used
the Q16 classifier (Schramowski et al., 2022) for labeling images as unsafe if they contain violence
or blood.
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F ADDITIONAL QUALITATIVE RESULTS

F.1 ROBUSTNESS TO JAIL BREAKING PROMPTS

Figure 6: We show examples of the effectiveness of different approaches to adversarial prompts
aimed at generating NSFW content. When the prompt does not contain any semantic meaning, our
approach often does not generate meaningful content for NSFW adversarial prompts.
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F.2 ERASING ARTISTIC STYLES

Figure 7: Qualitative results on erasing the artistic style of Kelly McKernan for the prompt ’Whim-
sical fairy tale scene by Kelly McKernan’ while maintaining the styles of Thomas Kinkade, Kilian
Eng and Ajin: Demi Human. Our approach has minimal impact on unrelated artistic styles and
maintains high text alignment even on the erased class. RECE (Gong et al., 2024) builds upon UCE
(Gandikota et al., 2024) and results in similar outputs for most cases.

F.3 IMPACT ON IMAGE QUALITY

Figure 8: Impact on general image generation capabilities on the COCO-30K dataset.
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G EXPERIMENTAL RESULTS ON MULTI-CONCEPT ERASURE

In this section, we demonstrate that TraSCE is capable of erasing multiple concepts, using the
FLUX.1-dev model (Black Forest Labs, 2024). We first generate an image prompted with “A
depiction of a starry night over a quiet town, reminiscent of Van Gogh’s famous painting” (Figure
9(a)) and verify that the FLUX.1-dev model can generate Van Gogh’s artistic style. Next, we con-
firm that we can erase a single concept, Van Gogh’s artistic style (Figure 9(b)). Then, we attempt to
erase two concepts: “Van Gogh” and “starry night”. As shown in Figure 9(c), TraSCE successfully
prevents the model from illustrating stars in addition to avoiding Van Gogh’s artistic style. Another
example is Figure 9(d), where TraSCE successfully prevents the model from generating two con-
cepts “Van Gogh” and “quiet town”. These two examples indicate that TraSCE can erase multiple
concepts.

(a) FLUX.1-dev (b) Erasing
Van Gogh

(c) Erasing
Van Gogh + starry night

(d) Erasing
Van Gogh + quiet town

Figure 9: Results on multi-concept erasure on FLUX.1-dev for the prompt “A depiction of a
starry night over a quiet town, reminiscent of Van Gogh’s famous painting”.

(a) SDv1.4

Prompt:
“A photorealistic image of a bikini model standing on a beach
in front of a palm tree with a beautiful sunset in the back-
ground.”

(b) Erasing
swimsuit

Prompt:
“A photorealistic image of a bikini model standing on a beach
in front of a palm tree with a beautiful sunset in the back-
ground.”

(c) Erasing
bikini

Prompt:
“A photorealistic image of a swimsuit model standing on a
beach in front of a palm tree with a beautiful sunset in the
background.”

Figure 10: Results on paraphrased concept erasure. We erase the concept of “swimsuit” when the
prompt contains the term “bikini” and vice versa, to demonstrate that TraSCE is robust even with
paraphrased terminologies.
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H EXPERIMENTAL RESULTS ON ERASING PARAPHRASED CONCEPTS

In this section, we demonstrate that TraSCE is effective in erasing a concept when its paraphrase is
provided as the target concept, using the SDv1.4 model (Rombach et al., 2022). We first generate
an image prompted with “A photorealistic image of a bikini model standing on a beach in front of
a palm tree with a beautiful sunset in the background.” (Figure 10(a)) and verify that the SDv1.4
model can generate an image of a bikini model. Next, we attempt to erase the concept of “swimsuit”,
which is a paraphrase of “bikini”. As shown in Figure 10(b), TraSCE successfully prevents the
model from illustrating a bikini model. Even when we use the word “swimsuit” in a text prompt and
attempt to erase the concept of “bikini”, TraSCE successfully prevents the model from generating a
swimsuit (Figure 10(c)).

I ANALYSIS OF THE IMPACT OF NEGATIVE PROMPTING AND LOSS-BASED
GUIDANCE

In this section, we conduct an in-depth analysis of how negative prompting and loss-based guidance
affect the diffusion trajectory.

We first analyze the difference among the conventional, replaced negative prompting techniques
(Eqs. 2 and 3, respectively), and SLD (Schramowski et al., 2023) in terms of their impact on diffu-
sion trajectories. Figure 11(a) depicts how the L2 distance between ϵ̂ (direction predicted by each
approach) and ϵ̂np (the representative direction of a target concept we want to erase), ∥ϵ̂ − ϵ̂np∥22,
varies through inference for the conventional and replaced negative prompting techniques (without
loss-based guidance) and SLD-Max. As shown, our replaced negative prompting (Eq. 3) tends to
steer the diffusion trajectory ϵ̂ farther away from ϵ̂np than the conventional negative prompting (Eq.
2) and SLD-Max, especially during the later stages of the denoising process. This result indicates
that our replaced negative prompting (Eq. 3) will avoid the target concept more often. Note that its
formulation is simpler than SLD’s and that SLD-Max introduces large artifacts (evidenced by the
large FID value on the COCO-30K in Table 1).

Next, we investigate the effectiveness of the loss-based guidance. As we explained in Section 4,
even with Equation 3, we observed that some adversarial prompts can still successfully bypass the
defense. When ∥ϵθ(xt, ep) − ϵθ(xt, enp)∥22 is large, the adversarial prompt ep remains able to
affect the denoising process. This motivated us to introduce the loss-based guidance. Figure 11(b)
illustrates the loss values (Eq. 4, which TraSCE adopts for guidance) for “TraSCE w/o loss guide”
and “TraSCE”. The former one is an ablated version, where we do not apply the loss-based guidance.
As shown, the loss-based guidance makes ϵθ(xt, ep) and ϵθ(xt, enp) closer to each other, where ep
will have a smaller impact on the diffusion trajectory due to the influence of enp when ep includes a
description related to enp.

(a) ∥ϵ̂− ϵ̂np∥22 (b) Lt (Equation 4)

Figure 11: Comparison of diffusion trajectories when prompted with “photo of a guitar” and erasing
the concept of a “guitar”.
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J HUMAN EVALUATION OF ARTISTIC STYLE ERASURE

We conducted a study to evaluate the efficacy of erasing artistic styles and its impact on the image
quality of the output image. We conducted a study with 23 participants, where we showed them 8
sets of images. Each set contained one image, which was generated with SDv1.4 in Van Gogh’s artis-
tic style. Then we provided them with 3 additional images, one each from TraSCE, ESD (Gandikota
et al., 2023) and SLD (Schramowski et al., 2023). We asked them two questions pertaining to these
images: (a) Which image least resembles Van Gogh’s painting/artistic style while still following the
given prompt and preserving the original semantic content; and (b) Which image is the best in terms
of its image quality. We have summarized the results in Table 9.

Table 9: Results on human evaluation of artistic style erasure in terms of the total votes across 8
questions and on a per-question level.

Category TraSCE ESD SLD
Least Resembles Van Gogh Style 45.56%/62.5% 17.93%/0.0% 36.41%/37.5%
Best Image Quality 50.54%/100.0% 33.15%/0.0% 16.30%/0.0%
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