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Erasing Concepts from Text-to-Image Diffusion Models
with Few-shot Unlearning
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Figure 1: Overview of our results. Given simple text, our method is able to erase concept within 10 s per concept with
few images. Unlike current methods, our method involves updating the text encoder. Generated images after erasing with
our method are mapped to similar concept without providing anchor concepts. For example, “Snoopy” is mapped to dog
which is its motif and “Grumpy Cat” is mapped to cat which is the super-category.

Abstract

Generating images from text has become eas-
ier because of the scaling of diffusion models
and advancements in the field of vision and lan-
guage. These models are trained using vast
amounts of data from the Internet. Hence, they
often contain undesirable content such as copy-
righted material. As it is challenging to remove
such data and retrain the models, methods for
erasing specific concepts from pre-trained mod-
els have been investigated. We propose a novel
concept-erasure method that updates the text en-
coder using few-shot unlearning in which a few
real images are used. The discussion regard-
ing the generated images after erasing a con-
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cept has been lacking. While there are meth-
ods for specifying the transition destination for
concepts, the validity of the specified concepts
is unclear. Our method implicitly achieves this
by transitioning to the latent concepts inherent in
the model or the images. Our method can erase
a concept within 10 s, making concept erasure
more accessible than ever before. Implicitly tran-
sitioning to related concepts leads to more nat-
ural concept erasure. We applied the proposed
method to various concepts and confirmed that
concept erasure can be achieved tens to hundreds
of times faster than with current methods. By
varying the parameters to be updated, we ob-
tained results suggesting that, like previous re-
search, knowledge is primarily accumulated in
the feed-forward networks of the text encoder.
Our code is available at https://github.
com/fmp453/few-shot-erasing
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1. Introduction

Diffusion models (Sohl-Dickstein et al., 2015; Ho et al.,
2020) have surpassed the previous state-of-the-art genera-
tive adversarial networks (GANs) (Goodfellow et al., 2014,
Brock et al., 2019; Karras et al., 2020) in performance, be-
cause of their stable learning and broad representation ca-
pabilities (Dhariwal & Nichol, 2021). With classifier-free
guidance (Ho & Salimans, 2021), it has also become possi-
ble to generate high-quality images on the basis of natural
language instructions (Saharia et al., 2022; Ramesh et al.,
2022; Balaji et al., 2023; Xue et al., 2023; Podell et al.,
2024; Dai et al., 2023).

In large-scale image-generative models, since various data
are collected to improve generation quality, it is possible
to generate undesirable images such as copyright contents.
While filtering training data can help mitigate the genera-
tion of such undesirable images (OpenAl, 2023a), it is gen-
erally costly and challenging. This approach is also inef-
fective against pre-trained models. Previous studies have
successfully removed specific concepts from text-to-image
generative models by updating the weights of U-Net (Ron-
neberger et al., 2015), an image generative module, or its
conditioned cross attention (Gandikota et al., 2023; Kumari
et al., 2023; Gandikota et al., 2024; Zhang et al., 2024a;
Zhao et al., 2024). However, updating parameters of U-Net
can lead to a decrease in generation quality in unconditional
cases.

We propose a method for erasing specific concepts from
the text-to-image diffusion models without altering the pa-
rameters of the U-Net. Specifically, we focus on the text
encoder and aim to achieve this by altering the quality of
text conditioning. We use several images of the target con-
cept to make slight changes to the parameters of the text
encoder to remove the concept. Our method is inspired by
textual inversion (Gal et al., 2023), but since we only make
minor parameter adjustments, it operates very quickly. Ta-
ble 1 compares our proposed method with current methods.
It is evident that our proposed method can erase concepts
more quickly compared to existing methods. Additionally,
our proposed method naturally maps to surrounding con-
cepts, erasing the need for concept induction by an anchor
concept'.

Our contributions are as follows:

e We achieve a speedup of 60~900 times compared
with current methods of updating the traditional U-
Net, enabling concept erasure within 10 s.

* Concept erasure is achieved by providing several im-
ages related to the concept to be erased.

"We describe anchor concepts in detail in Appendix A.2.

* While current methods often lack discussion on the
generated examples after concept erasure, our pro-
posed method ensures semantic similarity in the re-
sulting concepts. We highlighted this issue in the
quantitative evaluation of previous research.

1.1. Intuitive Motivation

We provide an explanation of the intuitive motivation be-
hind our study. On the basis of this motivation, we intro-
duce our proposed method supported by various justifica-
tions.

Text-to-image diffusion models are implemented using
models trained on a large amount of data from the web.
They are highly versatile foundation models capable of
executing various downstream tasks (Bommasani et al.,
2022). Therefore, adapting them to individual domains re-
quires additional fine-tuning. The smallest unit of the do-
main adaptation is personalization, and numerous methods
have been proposed to achieve this (Gal et al., 2023; Ruiz
et al., 2023; Wei et al., 2023; Chen et al., 2023; Pang et al.,
2024; Fei et al., 2023; Zhang et al., 2024b). Inspired by
these studies, we have one fundamental question.

If it is possible for these methods to give specific
knowledge, could a similar technique be used to make
them forget?

We address this question by taking textual inversion (Gal
et al.,, 2023) as a reference and partially changing the
method. In the subsequent sections, we explore our pro-
posed method and the answer to this question focusing on
the modifications made.

2. Our Method

Our goal is to prevent the generation of specific concepts
by updating the text encoder. The parameters of the U-Net
responsible for image generation remain unchanged, ensur-
ing that the model’s generation capability (image fidelity)
is preserved. We first discuss why we believe the text en-
coder should be updated (Section 2.1). We then outline our
proposed method (Section 2.2).

2.1. Why Text Encoder?

In this subsection, we explain why our method targets the
updating of the text encoder.

In the field of text-to-image, it has been demonstrated that
the quality of the text encoder, represented by its size, cor-
relates with the quality of text-image alignment (Saharia
et al., 2022). When comparing the use of CLIP (Radford
etal., 2021) and T5 (Raffel et al., 2020) as the text encoder,
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Table 1: Comparison of proposed method with current methods when erasing “Van Gogh style”. x means that anchor

concept is necessary.

Method Target parameters ~ Runtime  Anchor Concepts ~ #U-Net
ESD-x (Gandikota et al., 2023) Cross-Attention 1 hour vV 2
UCE (Gandikota et al., 2024) Attention Weight 10 min X

SPM (Lyu et al., 2024) Adapters in U-Net 2.5 hours v 1
Ours Text Encoder 7~8 sec v 1

it has been indicated that the TS5, which is trained solely on
text data outperforms human evaluation compared with us-
ing CLIP. While quantitative evaluations show similar re-
sults between CLIP and T5, it is known that quantitative
metrics (such as Fréchet inception distance (FID) (Heusel
et al., 2017) and CLIP Score (Hessel et al., 2021)) do not
always align with human evaluations in assessing the qual-
ity of generated images (Otani et al., 2023). Therefore,
achieving superior results in human evaluations support the
hypothesis that the performance to some extent depends on
the quality of the text encoder. DALLE-3 (OpenAl, 2023a),
which is trained by using high-quality and detailed image
captions generated by GPT-4 (OpenAl, 2023b), achieves
extremely high-quality image generation. From these find-
ings, for models possessing sufficient image-generation ca-
pabilities (image fidelity, that is, lower FID), we believe
that given information by the text affects the text-image
alignment. This is also demonstrated in TextCrafter (Li
et al., 2024). CLIP’s final output is a multi-dimensional
vector. Although somewhat apparent from the concept of
latent variables, visualizing this vector using techniques
such as t-SNE (van der Maaten & Hinton, 2008) allows for
meaningful clustering (Weiss et al., 2022). Therefore, we
believe that slight variations in the output of CLIP can be
used to move towards similar concepts, and achieving this
could be possible by slightly adjusting the parameters.

In many cases, including community models, the text en-
coder is often fixed during training. Considering the lim-
ited variety of text encoders, erasing specific concepts from
one text encoder might be more beneficial than the strategy
used with U-Net (Lyu et al., 2024) when transferring it for
use in other models.

On the basis of the above, we conclude that updating
the text encoder is more appropriate than updating the
U-Net. Reframing concept erasure as “significantly de-
creasing text-image alignment for specific concepts” fur-
ther highlights the natural focus on the text encoder.

2.2. Erasing Method

In this subsection, we consider preventing the generation
of specific concepts by updating the text encoder. It is cru-
cial to preserve as many concepts as possible other than the
target concept. Therefore, as mentioned in Section 2.1, we

consider making slight variations to the parameters of the
text encoder.

cg < co + Ac, (1)

where cg denotes the text encoder. The issue lies in how to
compute Ac. Our method is very simple, merely setting the
loss in the reverse direction according to Jang et al. (2023).
Figure 2 illustrates an overview of our proposed method.
While experiments in a similar setup have been conducted
by Kumari et al. (2023), they updated the parameters of the
U-Net, which differs from our approach. This loss setting is
very similar to textual inversion (Gal et al., 2023). We use
stable diffusion (Rombach et al., 2022) due to the restric-
tion of our computational resources. The stable diffusion
loss is given by

Lsp =By ceno)ny [l —colz tcay) 3]

where ¢ is the timestep, x is the denoised image to time ¢,
¢ is the unscaled noise sample, and ¢y is the denoising net-
work. Our method involves training to maximize this loss.
However, to prevent drastic changes to the text encoder, we
terminate training within an appropriate range (managed
with the number of epochs) rather than maximizing it com-
pletely.

—Eaeen0,1)ty [II€ — €0z, t, co(y™)) 3] 3)

‘We update only the text encoder, so the parameters of €y are
fixed. The notation y* denotes the caption that includes the
concept to erase. We use CLIP ImageNet Template (Rad-
ford et al., 2021) for this caption as well as textual inver-
sion. By making slight variations to the text encoder, we
assume that the impact on other concepts is minimal and is
further mapped to approximate concepts. Since only minor
changes are made, training is completed in a short period.

In this formulation, we investigated two approaches: one
using a few-shot method (Wang et al., 2020) with four pre-
prepared images for x and the other using completely ran-
dom noise (zero-shot).
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backward by multiplying by -1
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Figure 2: Overview of our proposed method. * denotes that parameters are fixed.

Intuitively, considering text-image alignment, the few-shot
approach is expected to perform better. We aimed to con-
firm this through experiment. Considering practical as-
pects, it is straightforward to prepare actual images of the
concepts to be erased, making it possible to confirm the ef-
fectiveness of the method even with the few-shot approach.

2.3. Update Parameters

There are studies suggesting that the knowledge gained
during learning is stored in feed-forward networks (i.e.
MLPs) (Meng et al., 2022; Dai et al., 2022; Geva et al.,
2021). There is also a study that shows that the final self-
attention layer is also effective in knowledge editing (Meng
et al., 2022). Following these studies, we update all MLPs
and the final self-attention layer. The list of updated param-
eters is shown in Table 4 of Appendix B.

3. Experiments

We confirm the effectiveness of our proposed method
throughout the experiments. Before presenting the results,
we discuss the baselines (Section 3.1) and experimental set-
tings (Section 3.2).

3.1. Baselines

We used ESD (Gandikota et al., 2023) (we specifically used
ESD-x-1, which updates the parameters related to cross-
attention), Unified Concept Editing (UCE) (Gandikota
et al., 2024), and Semi-Permeable Membrane (SPM) (Lyu
et al., 2024) which are open sourced and high effectiveness
as the baselines. Due to the privacy issue with of LAION-
5B (Schuhmann et al., 2022)2, we cannot conduct with Ab-

nttps://laion.ai/notes/
laion-maintanence/

lating Concept (Kumari et al., 2023). When elements other
than the pre-trained model depend on external materials,
such as in this case, we may not be able to reproduce the
results completely. The above baselines exclusively use the
text-to-image diffusion models, including VAE, U-Net, text
encoder, and tokenizer. For further details, please refer to
Appendix C.2.

3.2. Experimental Setup

Training. We apply our proposed method to Stable Dif-
fusion 1.5% (as referred to original SD), the text encoder of
which is OpenAlI CLIP vit-large-patch14*. We use four im-
ages in the few-shot setting. The text encoder is optimized
using Adam (Kingma & Ba, 2017). The hyperparameters
we used in our experiments are listed in Table 2.

Table 2: Hyperparameters of our method

Hyperparameter Value
Batch Size 2

s 4 (proper noun)
Training Epochs 5 (common noun)
Learning rate 1x107°
Adam (B, B2) (0.9, 0.98)
Weight decay 1x10°8

Generating. We used PNDM Scheduler (Liu et al., 2022)
with 7.5 guidance scale and 100 inference steps.
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Erasing: Eiffel Tower
”A photo of Eiffel Tower”

Erasing: banana
”a banana on the table”

Erasing: Monet Style
”A painting of the lake
in the style of Monet”

Original SD

ESD-x-1

SPM

Figure 3: Comparison of images generated with each method

3.3. Qualitative Results

Erasing Single Concept We conducted experiments fo-
cusing on proper nouns. We also conducted experiments
with common nouns to ensure general performance. We fo-
cus on the results using “Eiffel Tower” as the proper noun
and “banana” as the common noun. More results are pre-
sented in Appendix D.

In the first row of Figure 3, the results of erasing “Eiffel
Tower” are shown. With ESD and SPM, while the concept
of the Eiffel Tower disappears, the generated images are
completely unrelated. This phenomenon was also observed
by Lu et al. (2024), and it is necessary to consider whether
the generated images of the erased concepts are appropri-
ate. With UCE, as the anchor concept was “Paris”, the
results depict the cityscape of Paris. In contrast, our pro-
posed method not only prevented the generation of the Eif-
fel Tower but also retained only the elements of the tower,
indicating that the embedding is mapped to a similar con-
cept.

In the second row of Figure 3, the results of erasing “ba-
nana” are shown. Overall, similar results when erasing
“Eiffel Tower” can be observed. SPM produced results that
are difficult to interpret as successfully erasing the banana.
As common nouns are ubiquitous words, they are likely
heavily represented in the training data of original stable

Shttps://huggingface.co/runwayml/
stable-diffusion-v1-5

*https://huggingface.co/openai/
clip-vit-large-patchl4

diffusion, making it challenging to erase such concepts.
With UCE, as the anchor concept is “Fruit”, various types
of fruits were generated. Despite not explicitly specifying
such categories, our proposed method generated something
resembling a category of fruits to which bananas belong.

In the third row of Figure 3, the results of erasing “Monet
style” are shown. ESD generated photorealistic images,
while these images are not satisfied with the given prompt,
“A painting”. Other methods reflect the given prompt suf-
ficiently. UCE is similar to original SD because the anchor
concept is “impressionism” that includes “Monet style”. It
is suspicious the “Monet style” is erased. Our proposed
method generated “A painting” while it is not ‘“Monet
style”.

Effect on Other Concepts We investigated the impact
of removing one concept on the generation of other con-
cepts. We used a text encoder with “Eiffel Tower” erased
to generate other concepts. The generated concepts were
“cat”, which is an unrelated concept, another landmark in
Paris “Arc de Triomphe” (the caption we used “Triumphal
arch”), and a similar-shaped landmark “Tokyo Tower”. The
results are shown in Figure 4. It can be seen that other con-
cepts could also be generated. The generated images of the
Tokyo Tower differ in actual shapes. Howeyver, because this
is already observed in the images from the Original SD, we
did not consider it is a significant drawback in the qualita-

3The actual shape of Tokyo Tower can be checked at ht tps :
//www.japan.travel/en/spot/1709/
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tive evaluations.

In previous studies (Gandikota et al., 2023; Kumari et al.,
2023; Gandikota et al., 2024; Zhang et al., 2024a; Zhao
et al., 2024), the generated images from Original SD were
treated as ground truth. However, we consider this ap-
proach lacks justification. As observed in the example of
“Tokyo Tower” in Figure 4, the generated images from the
Original SD are not perfect. Like Fan et al. (2024), we
believe that the generated images using a retrain model®
should be the ground truth. However, a retrain model
involves significant computational costs, surpassing the
scope of the type of experimentation we can conduct. As
the training data of CLIP are not publicly available, repro-
ducing experiments is also impossible. Therefore, we pri-
marily conducted a qualitative evaluation.

Cat Tokyo Tower Arc de Triomphe

Figure 4: Comparison of the generated images between
before (upper) and after (bottom) erasing “Eiffel Tower”.
Caption we used when generating was “a photo of (a)
{concept}”.

Erasing Multiple Concepts We considered the erasure
of multiple concepts. We erase “Snoopy”, “R2D2”, and
“Mickey Mouse” in that order. The results are shown
in Figure 5. Even after removing multiple concepts, the
erased concepts did not reappear. While the change in gen-
erated images could be considered a future challenge, as
previously mentioned, a retrain model served as the ground
truth in our research, mitigating this issue. It can be ob-
served that for the concepts that were not erased, the con-
tents of the prompts were reflected in the generated images.
The generated images of R2D2 from Original SD also did
not match the prompt, which serves as another example of
why Original SD is not considered the ground truth.

Details of a retrain model are described in Appendix A.3.

Snoopy bird

Mickey Mouse

Original SD

Erasing Snoopy

Snoopy
Erasing &
R2D2

Snoopy
&
R2D2
&
Mickey Mouse

Erasing

Figure 5: Samples of “graffiti of the {Concept}” when
erasing multiple concepts

3.4. Quantitative Results

We used CLIP Score (Hessel et al., 2021) as the evalua-
tion metric. While FID is suitable for evaluation on lim-
ited datasets, there are concerns about its inability to reflect
diversity in other cases (Jayasumana et al., 2024), so we
choose not to use this standard metric. CLIP Score faces
similar challenges in evaluating concepts not learned by
CLIP (Otani et al., 2023). We address this issue by not
using such captions during evaluation. Since our method
does not update any parameters of the U-Net, image fidelity
should not degrade. However, as the parameters of the text
encoder are updated, text-image alignment may decrease.

It should be noted that while a higher CLIP Score is de-
sirable for concepts that have not been erased, the same
may not hold true for erased concepts. Considering the ex-
ample of the “Eiffel Tower” in Figure 3, for instance, it is
anticipated that ESD-x-1 would have a lower CLIP Score
compared with our proposed method. This is because when
there is no relevance between the text and generated image,
the CLIP Score is naturally lower. We conducted a quanti-
tative comparison following prior studies (Gandikota et al.,
2023; Kumari et al., 2023; Gandikota et al., 2024; Zhang
et al., 2024a; Basu et al., 2024; Lyu et al., 2024). However,
the metrics used in those studies do not evaluate “how well
concepts have been erased?”. To the best of our knowledge,
such evaluation metrics do not currently exist.

We created the prompts using CLIP ImageNet Template
small and calculated the CLIP Score. Ten images were gen-
erated for each prompt. Due to resource constraints, gen-
erating ten images simultaneously is not feasible, so five
images were generated at a time with seed values of 0 and
2024. Generation was executed using DDIM (Song et al.,
2021) Scheduler with 7.5 guidance scale and 50 inference
steps.
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Table 3: Comparison of the CLIP Scores

Erasing Eiffel Tower
Eiffel Tower Tokyo Tower Triumphal arch
Original SD 0.256 0.283 0.286
ESD-x-1 0.111 0.177 0.274
UCE 0.213 0.241 0.284
SPM 0.190 0.277 0.283
Ours 0.212 0.262 0.281
Erasing Monet Style
Monet Style Gogh Style Picasso Style
Original SD 0.276 0.264 0.267
ESD-x-1 0.276 0.264 0.267
UCE 0.273 0.264 0.267
SPM 0.235 0.263 0.267
Ours 0.179 0.207 0.241

Table 3 lists the results. Following previous studies, it can
be observed that our proposed method is capable of erasing
styles more effectively. Regarding objects, while success-
fully removing the target concept, our method maintained
CLIP Scores for other concepts as much as possible. How-
ever, the results of the quantitative evaluation in Table 3 do
not align with the results presented in Figure 3. Similar to
the earlier discussion, upon examining the generated Eiffel
Tower images in Figure 3, it is evident that the Eiffel Tower
was erased with all methods. According to previous stud-
ies, ESD-x-1, which had the lowest CLIP Score, would be
considered the best-performing method. However, it is dif-
ficult to claim that ESD-x-1 exhibits the best performance
through qualitative comparison. Therefore, we believe that
using CLIP Score for evaluating concept erasure is not be
appropriate. The same argument applies when using eval-
uation metrics such as FID or Learned perceptual Image
Patch Similarity (LPIPS) (Zhang et al., 2018). LPIPS is a
metric that represents the distance from the Original SD.
However, in the context of machine unlearning, a retrain
model is the gold standard as the ground truth (Thudi et al.,
2022; Jia et al., 2023; Fan et al., 2024). If FID or LPIPS
were to be used, a retrain model would need to be prepared,
which is impractical as an evaluation metric.

4. Ablation Studies

We decomposed our proposed method into several ele-
ments and conducted additional experiments to confirm the
effectiveness of the elements.

4.1. k-shot Erasing

We consider reducing the number of images provided dur-
ing training. We conducted these experiments with zero-
shot and two-shot. Figure 6 shows the results with zero-

shot, and Figure 7 shows the results with two-shot. In
both cases, the “Eiffel Tower” is still present. However,
with zero-shot, it is clearly recognizable, while with two-
shot, some images make it difficult to distinguish the Eiffel
Tower. This indicates the need for diverse images.

Figure 7: Generated images in case with two-shot erasing

As evident from Figure 8, with four-shot, the concept is
mostly disappeared after the second epoch (four iterations).
From this observation, we consider that the number of iter-
ations is also sufficient for zero and two-shot setting.

4.2. Number of Epochs

We confirm the transition over epochs using “Snoopy”,
“Eiffel Tower”, and “banana”. Five epochs were trained for
all concepts in relation to Section 4.4. Figure 8 shows the
results. The concepts “Snoopy” and “Eiffel Tower”, which
are proper nouns, disappeared early on. Therefore, there
is no possibility of concept erasure failure due to the low
number of iterations in the two-shot setting mentioned in
the previous subsection. For “banana”, however, the con-
cept disappeared at the end of the fifth epoch. This indi-
cates that the difficulty of the task differs between common
and proper nouns. It can be inferred that more common
nouns than proper nouns are included in the training data
when training with CLIP and stable diffusion. This sug-
gests that it is more difficult to erase knowledge that is more
deeply rooted in the model.

4.3. Real or Synthesized Images

All experiments were conducted using real images. This
experimental setting is based on our belief that a retrain
model serves as the ground truth. In this case, it is most
appropriate to use a subset of the dataset Dy containing the
concepts to erase. However, experiments can be conducted
using synthesized images. Therefore, we conducted ex-
periments using four synthesized images (referred as Fig-
ure 3). The results are shown in Figure 9. Eiffel Tower
was completely absent in some images, while in others, it
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Epoch 1

Epoch 5

banana Eiffel Tower Snoopy
common noun

proper noun

Figure 8: Transition due to change in number of epochs.
Top row is the result at end of first epoch and bottom row is
result at end of fifth epoch. Captions we used in generating

are “a banana on the table”, “a photo of Eiffel Tower” and
“Snoopy in cyberpunk style” respectively.

is unclear what is being generated. Additionally, while in
real images, the concept of “Eiffel Tower” was mapped to
“Tower”, in the case of generated images, “Eiffel Tower”
was mapped to “Building”. Since the appropriateness of
each approach depends largely on subjective interpretation,
we cannot make a definitive assertion. However, on the ba-
sis of the idea of slight change in text encoders, we believe
that “Eiffel Tower” should be mapped to the “Tower”.

Figure 9: Results when using synthesized images

4.4. Update Parameters

There are studies suggesting that knowledge acquired dur-
ing training is stored in MLPs (Meng et al., 2022; Dai et al.,
2022; Geva et al., 2021) and in the first self-attention mod-
ules (Basu et al., 2024) of transformer-based models, but
it is unclear which is more effective in text-to-image tasks.
We conducted experiments by limiting the parameters up-
dated to either MLPs or self-attention modules to determine
which part of CLIP contributes to knowledge updating. We
presented the results from full parameter tuning. In the first
self-attention layer, there are four trainable weight matri-
ces: Wy, Wi, W, and W,,,;. We conducted the experi-
ments under two settings: (i) updating only W,,,; follow-
ing the approach of DiffQuickFix (Basu et al., 2024) and
(i) updating all four matrices.

The results are presented in Figure 10. In the updates of the
first self-attention layer, the concept of “Snoopy” was not
erased in either setting, and almost identical results were
obtained. It can be inferred that slightly updating only the
weights of the first self-attention layer contributes mini-
mally to concept erasure. When only updating MLPs, it

can be observed that the concept disappeared by the end of
the fifth epoch. This suggests that knowledge is accumu-
lated in MLPs. It is evident that the concept disappeared at
earlier stages with both our method and the full-parameter-
tuning method. Therefore, it can be inferred that there are
parameters related to knowledge other than MLPs. In com-
parison with full parameter tuning, the transition of gener-
ated images is generally the same. Up to the second epoch,
the results were mostly identical when viewed as a whole
despite some differences in detail. From this observation,
the key other than MLPs is the final self-attention layer.

This comparison suggests that even with a transformer-
based architecture such as CLIP trained on image-text
pairs, the primary knowledge may be accumulated in
MLPs. This indicates that in text-to-image diffusion mod-
els, using a transformer-based text encoder, regardless of
the specific model (such as T5, BERT (Devlin et al., 2019)),
updating the parameters of MLPs may enable concept era-
sure. However, since we do not have access to the weights
of models trained using text encoders trained only with text,
we cannot verify this.

5. Limitations

The experiments presented in Section 3 demonstrated the
effectiveness of our proposed method. However, chal-
lenges remain for more general concept erasure. In Fig-
ure 11, we show the cases of failed erasing. We consider
“church” as an example, this failure. It may stem from the
large domain represented by “church” in the text encoder’s
latent space. Since our method aims to map to similar se-
mantic spaces by fine-tuning the text encoder, it becomes
challenging to remove concepts associated with large se-
mantic spaces. In such cases, combining our method with
other concept erasure methods is feasible. DiffQuick-
Fix (Basu et al., 2024) updates one of the weight matrices in
the first self-attention layer, which is not updated with our
proposed method. Hence, it can be effectively combined
with our method to improve concept erasure in challenging
cases.

6. Related Works
6.1. Text-to-Image Diffusion Models and Text Encoder

Denoising diffusion models (Sohl-Dickstein et al., 2015;
Ho et al., 2020) have achieved success even on large-scale
datasets with high variance, such as ImageNet (Deng et al.,
2009), by using a simple objective function. They have also
demonstrated the ability to handle various resolutions (Ho
et al., 2022). While it had been necessary to prepare a sep-
arate classifier for conditional generation tasks (Dhariwal
& Nichol, 2021), recent advancements have enabled im-
age generation without the need for a classifier (Ho & Sal-



Erasing Concepts from Text-to-Image Diffusion Models with Few-shot Unlearning

Full parameters

Only MLPs

Out wieght in the
self-attention layer

self-attention layer

Figure 10: Change in concept erasure depending on parameters to be updated

Figure 11: Cases of failed erasing of parachute and church

imans, 2021).

CLIP (Radford et al., 2021), trained on a large corpus of
image-text pairs from the Internet, has established a ro-
bust connection between images and natural language. The
evolution of image generation with natural language has
been accelerated by the fusion of CLIP and diffusion mod-
els (Saharia et al., 2022; Ramesh et al., 2022; OpenAl,
2023a; Rombach et al., 2022). Research has also been con-
ducted on how to transfer natural-language information to
generation models. Qualitatively, models trained with more
natural-language data outperformed CLIP, even if there was
no quantitative difference. The scaling effect of U-Net
in generating images was also found to be marginal (Sa-
haria et al., 2022). Combining CLIP with other models
allows for handling both visual and linguistic information
more effectively (Balaji et al., 2023). In Stable Diffusion
3 (Esser et al., 2024), the adoption of three text encoders
significantly contributes to faithful generation aligned with
prompts, owing to high-quality text embeddings.

We focused on the quality of text conditions in the text-to-
image diffusion models. This idea is inspired by the notion
that improving the quality of image captions enhances the
overall quality of text-to-image generation. Specifically,
we intentionally degrade the quality of text embeddings
used for conditioning U-Net to attempt concept erasure.

6.2. Erasing Concepts from Text-to-Image Diffusion
Models

Many image-generation models are trained on a vast
amount of data collected from the Internet. Consequently,
such datasets often contain undesired images, such as those
containing NSFW content or copyrighted material, neces-
sitating measures to address these issues when deploying
the models to the market. Several studies have been con-
ducted on methods to remove specific concepts or objects
from generated images, many of which involve modify-
ing the weights associated with U-Net, an image genera-
tive module (Gandikota et al., 2023; Kumari et al., 2023;
Gandikota et al., 2024; Zhang et al., 2024a). Some of these
methods update the parameters of U-Net itself or adapters
attached to U-Net (Gandikota et al., 2023; Kumari et al.,
2023; Zhao et al., 2024; Lu et al., 2024; Heng & Soh, 2023;
Kim et al., 2023; Huang et al., 2024), update the weights of
cross-attention modules conditioning the U-Net by closed-
form equation (Zhang et al., 2024a; Gandikota et al., 2024;
Lu et al., 2024), and induce the prevention of harmful con-
tent being generated when generating (Schramowski et al.,
2023). There are also methods for investigating the flow
of knowledge between U-Net and the text encoder, updat-
ing only parts of the text encoder (Basu et al., 2024). Par-
ticularly when updating parameters associated with U-Net,
there is a possibility of decreasing the image fidelity of the
generated models, as well as potential reductions in the
transmission capability of conditions. The computational
complexity of U-Net can lead to time-consuming concept
erasure. Most methods require the anchor concepts like
the target concept. These often necessitate human or large
language models intervention for their generation, without
clear guidelines on their quality.

Since our method automatically sets the anchor concept in
accordance with the latent space of the text encoder, the
quality of the anchor concept does not affect the ablation
result.
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6.3. Knowledge in Transformer-based Models

Research have progressed in understanding where the
knowledge of transformer-based large language models is
accumulated. Large language models trained only on nat-
ural language are believed to accumulate knowledge in the
MLP blocks in the transformer (Meng et al., 2022; Dai
et al., 2022; Geva et al., 2021), and updating the param-
eters of MLP enables knowledge editing (Yao et al., 2022;
Dong et al., 2022). However, regarding the text encoder
of CLIP trained using both natural language and images,
findings also suggesting that knowledge is primarily accu-
mulated in the first self-attention layer (Basu et al., 2024).

We have also obtained results suggesting similar knowl-
edge accumulation in encoder-only models by treating the
CLIP text encoder as a transformer-based language model
and limiting the parameters to update. Our research sug-
gests that, similar to prior studies, knowledge editing is
achievable by updating MLP blocks. We also confirm that
more effective concept erasure is possible by updating not
only MLP blocks but also the final self-attention layer.

7. Conclusion

We interpreted concept erasure from text-to-image diffu-
sion models as the disruption of text-image alignment and
introduced a method for achieving this by making mi-
nor changes to the text encoder. Our method, which in-
volves making slight modifications to the CLIP text en-
coder, requires fewer updates compared with current meth-
ods. Therefore, concept erasure can be executed very
rapidly. When the text encoder undergoes minor changes,
it is mapped to concepts that are closer in the latent space of
the text encoder, leading to more natural changes than those
generated by human-selected anchor concepts. In our ex-
periments, we confirmed that several target concepts disap-
peared while suppressing the effect on other concepts. By
varying the parameters to update, we confirmed that knowl-
edge is primarily accumulated in the MLP blocks of the
transformer, consistent with previous research. Like GPT
and BERT, it has been suggested that knowledge accumu-
lates in the MLP blocks of the transformer regardless of
the training method. We also highlighted the inadequacy
of the evaluation metrics used in previous research in the
context of machine unlearning, emphasizing the need for
proper evaluation.

In terms of future directions, there is potential for devel-
oping evaluation metrics for cases in which creating a re-
train model is not feasible. While we used a very simple
method of gradient ascent, there is scope for applying var-
ious other methods. Using saliency maps-based methods,
such as SalUn (Fan et al., 2024), could be beneficial, as
they adaptively control the updated parameters, potentially

leading to more effective editing when combined with our
proposed method. By updating the text encoder by using
adapter tuning, similar to SPM, it is likely to achieve simi-
lar functionality to facilitated transport.
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A. Preliminaries
A.1. Diffusion Models

Denoising diffusion models consist of two processes: forward and reverse process. In the forward process, the noise is
gradually added to the input data x(, eventually resulting in pure Gaussian noise. In the reverse process, starting from
Gaussian noise, the model predicts the noise added at each time step ¢ € [0, T.

A.2. Anchor Concepts

We refer to concept B as the anchor concept when transitioning from concept A to concept B. For example, with

UCE (Gandikota et al., 2024), the following optimization problem is formulated.

m
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Here, W is the projection matrix, c; is the text embedding of the prompt containing the concepts to be erased (e.g. “Van
Gogh style”), and ¢ is also text embeddings taken from the destination prompt (e.g. “art”). In this case, we consider c; to
be the anchor concept.

As another example, we consider Ablating Concepts (Kumari et al., 2023). The method is formulated as a model-based
approach as follows.

arg Hslin Ewt7¢2,c*7t[wt Hggfixed (xtv (& t) — &0 (:I)t, c’, t) ||§]

where c is a random prompt for the anchor concept (e.g. “cat”) and c* is modified from c to include the target concept
(e.g. “Grumpy Cat”). In this case, c* is the anchor concept.

A.3. Retrain Model

We refer to a “retrain model” as one that is trained on a training dataset from which the forgetting dataset has been removed.
Specifically, let D denote the training datasets and Dy C D is the forgetting datasets. As an example, we assume a text-
to-image model has been trained on LAION-5B and want to erase the concept of “Grumpy Cat”. In this case, LAION-5B
is D and the subset of LAION-5B, the elements of which contain “Grumpy Cat”, is Dy. The D,, = D \ Dy, which is Dy
removed from D, denote the remaining datasets, and the model trained using D, is called a retrain model.

B. Updated Layers

Table 4 shows the names of the updated layers.

C. Experimental Details
C.1. Environments

We conducted all experiments on a single NVIDIA RTX A5000. Our software environments were PyTorch 1.13.1, diffusers
0.21.4, and transformers 4.34.0.

C.2. Baselines

We describe the baselines used in our experiments.

* ESD (Gandikota et al., 2023): This method updates the parameters related to U-Net. It prepares two outputs: one
from Original SD and the other from the fine-tuned model. The fine-tuned model is updated using the L2 Loss of each
output. We use ESD-x-1, which updates the parameters related to cross-attention.
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Table 4: List of the updated layer name with our method.

Layer Name

text_model.encoder.layers.0.mlp.fc1l
text_model.encoder.layers.0.mlp.fc2
text_model.encoder.layers.1.mlp.fcl
text_model.encoder.layers.1.mlp.fc2
text_model.encoder.layers.2.mlp.fcl
text_model.encoder.layers.2.mlp.fc2
text_model.encoder.layers.3.mlp.fc1l
text_model.encoder.layers.3.mlp.fc2
text_model.encoder.layers.4.mlp.fcl
text_model.encoder.layers.4.mlp.fc2
text_model.encoder.layers.5.mlp.fcl
text_model.encoder.layers.5.mlp.fc2
text_model.encoder.layers.6.mlp.fcl
text_model.encoder.layers.6.mlp.fc2
text_model.encoder.layers.7.mlp.fcl
text_model.encoder.layers.7.mlp.fc2
text_model.encoder.layers.8.mlp.fcl
text_model.encoder.layers.8.mlp.fc2
text_model.encoder.layers.9.mlp.fcl
text_model.encoder.layers.9.mlp.fc2
text_model.encoder.layers.10.mlp.fcl
text_model.encoder.layers.10.mlp.fc2
text_model.encoder.layers.11.mlp.fcl
text_model.encoder.layers.11.mlp.fc2
text_model.encoder.layers.11.self_attn.k_proj
text_model.encoder.layers.11.self_attn.v_proj
text_model.encoder.layers.11.self_attn.k_proj
text_model.encoder.layers.11.self_attn.out_proj

* UCE (Gandikota et al., 2024): This method updates the weights of the cross-attention in U-Net by closed-form. Unlike
ESD, it does not require the output of the Original SD. In the experiments, we used anchor concepts generated by
ChatGPT.

e SPM (Lyu et al., 2024): This method uses adapter tuning using LoRA (Hu et al., 2022) for the U-Net attention module.
Therefore, transferring erased model to another model is easy.

C.3. Implementation Details of Baselines

We describe the details of the baseline implementations.

+ ESD-x: We used the original implementation using diffusers’. Following the original paper, the learning rate was set
to 10~°, number of iterations was 1,000, and n=1.

* UCE: We used the original implementation®. The hyperparameters, except anchor concept, were those provided

in the official implementation. The anchor concept was generated by ChatGPT ° for each concept. The prompt
given to ChatGPT was when the erased concepts is "{TARGET CONCEPT}", what concepts
to guide the erased concepts towards? Answer the one concept name.

» SPM: We used the original implementation'®. For configuration of training, we used the provided configuration''.
When generating the images, we did not use the negative prompt for fair comparison with other methods. The setting
of the generation phase is described in Section 3.2.

"https://huggingface.co/spaces/baulab/Erasing-Concepts-In-Diffusion/tree/main
$https://github.com/rohitgandikota/unified-concept-editing/tree/main
‘https://chat.openai.com/

Ohttps://github.com/Con6924/SPM/tree/main

11https ://github.com/Con6924/SPM/blob/main/configs/snoopy/config.yaml
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C.4. Implementation Details of Our Proposed Method

We used CLIP ImageNet Template to erase the concepts. This template is separated into object and style. We list the
details of the templates in Tables 5 and 6. These prompts are also used in textual inversion for diffusers'>. When updating
the text encoder, prompts are randomly chosen for each iteration.

Table 5: List of prompts used when erasing object

Object Prompt

Table 6: List of prompts used when erasing style

a photo of a {Object Name}
arendering of a {Object Name}
a cropped photo of the {Object Name}
the photo of a { Object Name}

a photo of a clean {Object Name}

a photo of a dirty {Object Name}

a dark photo of the {Object Name}

a photo of my {Object Name}

a photo of the cool {Object Name}
a close-up photo of a {Object Name}
a bright photo of the {Object Name}
a cropped photo of a {Object Name}

a photo of the {Object Name}
a good photo of the {Object Name}
a photo of one {Object Name}
a close-up photo of the {Object Name}
a rendition of the {Object Name}
a photo of the clean {Object Name}
a rendition of a {Object Name}
a photo of a nice {Object Name}

a good photo of a { Object Name}
a photo of the nice {Object Name}
a photo of the small {Object Name}
a photo of the weird {Object Name}
a photo of the large {Object Name}
a photo of a cool {Object Name}

a photo of a small {Object Name}

Style Prompt

a painting in the style of {Style Name}
a rendering in the style of {Style Name}
a cropped painting in the style of {Style Name}
the painting in the style of {Style Name}
a clean painting in the style of {Style Name}
a dirty painting in the style of {Style Name}
a dark painting in the style of {Style Name}
a picture in the style of {Style Name}
a cool painting in the style of {Style Name}

a close-up painting in the style of {Style Name}
a bright painting in the style of {Style Name}
a cropped painting in the style of {Style Name}
a good painting in the style of {Style Name}
a close-up painting in the style of {Style Name}
arendition in the style of {Style Name}

a nice painting in the style of {Style Name}

a small painting in the style of {Style Name}
a weird painting in the style of {Style Name}
a large painting in the style of {Style Name}

D. Additional Results

In this section, we present the results of further qualitative evaluation. Comparisons with current methods and further
results of the proposed method only are presented.

D.1. Additional Comparison

Table 7 shows the target concepts, the anchor concepts used with UCE, and the prompts used during generation.

Table 7: List of target concepts, anchor concepts, and prompts in generating

Target Concept  Anchor Concept (UCE) Prompt in Generating

Snoopy Peanuts Snoopy in cyberpunk style

Grumpy Cat Internet Meme A Grumpy cat laying in the sun.

Mickey Mouse Disney drawing of Mickey Mouse walking along the river.
R2D2 Star Wars portrait of R2D2

Gogh Style Post-Impressionism Painting of trees in bloom in the style of Van Gogh.

Phttps://github.com/huggingface/diffusers/blob/main/examples/textual_inversion/textual_
inversion.py
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Figure 12 shows the results of erasing “Snoopy”. Since the motif of Snoopy is a dog, it can be considered that the proposed
method has transitioned to a concept close to it. Additionally, ESD-x-1 resulted in the absence of Snoopy, which is
speculated to differ from the retrain results we consider as ground truth. Although the results of UCE were mapped by the
concept “Peanuts”, it is difficult to argue that the “cyberpunk style” was adequately reflected.

(a) Original SD (b) ESD-x-1 (c) UCE (d) SPM (e) Ours

Figure 12: Comparison of generated images when erasing “Snoopy”

Figure 13 shows the results of erasing “Grumpy Cat”. ESD-x-1 generated an image of an unrelated building. Both SPM
and UCE showed a significant decrease in generation quality. As shown in Figure 3, UCE maintained the quality of concept
erasure and target concept generation when given an appropriate anchor concept. However, in this case, since “Internet
Meme” is the anchor concept, it resulted in such a generation. “Internet Meme” was an anchor concept generated by
ChatGPT, but whether such anchor concepts are appropriate depends on the knowledge of the human or model used to
generate them.

(b) ESD-x-1 (c) UCE (d) SPM (e) Ours

Figure 13: Comparison of generated images when erasing “Grumpy Cat”

Figure 14 presents the results of erasing “Mickey Mouse”. ESD-x-1 seemed to disregard the target concept, resulting in
images more aligned with ”drawing” and river” present in the prompt. Intuitively, something other than Mickey Mouse
should be “walking along the river”. Additionally, both SPM and UCE occasionally produced images reminiscent of
“Mickey Mouse”.

(a) Original SD (b) ESD-x-1 (c) UCE (d) SPM (e) Ours

Figure 14: Comparison of generated images when erasing “Mickey Mouse”

Figure 15 illustrates the results of erasing “R2D2”. While UCE produced images related to “Star Wars”, it is worth noting
that specifying proper nouns as anchor concepts becomes inappropriate when attempting to erase multiple concepts. As the
number of concepts to erase increases, it becomes challenging for humans to designate anchor concepts while considering
their relationships. This difficulty also applies when using large language models.

Figure 16 shows the result of erasing the “Gogh style”. It is difficult to say that the Gogh style was completely erased
because UCE output starry night, which is strongly associated with Gogh.
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(a) Original SD (b) ESD-x-1 (d) SPM (e) Ours

Figure 15: Comparison of generated images when erasing “R2D2”

(a) Original SD (b) ESD-x-1 (d) SPM (e) Ours

Figure 16: Comparison of generated images when erasing “Van Gogh style”

D.2. Additional Results of Our Method

We present the results without comparing them with other methods. The purpose is solely to demonstrate the performance
of our proposed method. We used all classes of Imagenette (Howard & Gugger, 2020), which is a subset of ImageNet. We
generated ten images for each class. The caption we used was “a photo of a {class name}”. In Figures 17-26 show the
comparisons between before and after erasing.

Our proposed method demonstrates highly effective erasure performance even for objects containing common nouns such
as those in Imagenette.

Pre-trained

Erased

Pre-trained

Erased

Figure 18: Generated images of cassette player

D.3. Transferability

Our proposed method updates the text encoder. Therefore, it can transfer the erased model to other text-to-image diffusion
models that use the same text encoder. We confirm the transferability to other text-to-image diffusion models. We used
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Pre-trained

Erased

Pre-trained

Erased

Pre-trained

Erased

Pre-trained

Erased

Pre-trained

Erased

Figure 23: Generated images of English springer
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Pre-trained

Erased

Pre-trained

Erased

Pre-trained

Erased

Figure 26: Generated images of French horn

Stable Diffusion 1.4'3 with VAE and U-Net. The text encoder is the model from which “Snoopy” was erased. Figure 27
shows the results. Once a concept is erased from the text encoder, we can be sure that the concept is also erased from the

model using the same text encoder.

W\\mm\\m

V. j G

(a) Snoopy in cyberpunk style.
Figure 27: Generated images using the text encoder from which “Snoopy” was erased with Stable Diffusion 1.4.

v

Bhttps://huggingface.co/CompVis/stable-diffusion-vl-4
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We used DreamShaper'* for community models. We used DEIS Scheduler (Zhang & Chen, 2023) with 25 inference steps.
Figure 28 shows the results before and after erasing “Eiffel Tower”. Because of the erasure of the Eiffel Tower from the

text encoder, it was erased from the generated image.

(a) Using text encoder from which “Eiffel Tower” was not erased  (b) Using text encoder from which “Eiffel Tower” was erased

Figure 28: Generated images before and after erasing “Eiffel Tower” with DreamShaper

D.4. Additional Quantitative Results

We provide the additional quantitative results in this subsection. First, we show the detection rate. We erased Imagenette
classes and generated 100 images for each class. Then, we evaluated the top-1 accuracy using EVA02 (Fang et al., 2024),
which is the highest top-1 accuracy on the ImageNet according to timm (Wightman, 2019)'>. We used “a photo of a [class
name]” as the prompt. The results are shown in Table 8. Our proposed method succeeds in erasing concepts in many cases
even if we consider the misdetection of the classifier used in this experiment.

Table 8: Detection rate (%) of Imagenette. Lower score indicates that the target concept is erased correctly.

Class Erased Original SD
church 0 89
parachute 0 100
golf ball 15 100
gas pump 0 98
garbage truck 8 86
tench 0 95
French horn 0 100
chain saw 0 76
English springer 0 94
cassette player 3 12
Average 2.6 85

Second, we confirmed the detection rate due to change the epochs. We use four classes: French horn, golf ball, garbage
truck, and tench. Table 9 shows the results. This results indicate the target concept is gradually erased. In addition, as well

Yhttps://huggingface.co/Lykon/DreamShaper

Bhttps://github.com/huggingface/pytorch-image-models/blob/main/results/results-imagenet.
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as described in Section 4.2, the difficulty to erase for each concept is different. The difficult concept to erase requires the
large number of epochs to erase.

Table 9: Detection rate (%) of Imagenette. Lower score indicates that the target concept is erased correctly.

Class Epoch1 Epoch2 Epoch3 Epoch4 Epoch5
French horn 0 0 0 0 0
golf ball 100 92 45 26 15
garbage truck 86 85 72 46 8
tench 0 0 0 0 0

Third, we calculated the FID scores in addition to CLIP scores shown in Table 3. Following Lyu et al. (2024), we used
CLIP ImageNet Template small. It has 27 prompts for objects and 19 prompts for styles. We generated 20 images each
prompt. We used clean-fid (Parmar et al., 2022) for computing FID. It is natural that the baselines are lower FID because
their ground truth for unrelated concept is the same images of the original SD. From the perspective of the difference
of ground truth as well, it is not appropriate to use FID to compare our method and the baselines. It is not expected to
improve the evaluation metrics after erasing because most erasure methods are not designed to improve the evaluation
metrics. Therefore, it is expected that the methods whose ground truth is the same of the original SD get better score when
comparing the existing metrics. The reason that our proposed method gets worse scores is aforementioned. However, as
shown in Table 3, our proposed method is competitive in terms of CLIP Score, indicates text-image alignment. This metric
does not rely on the generated images from original SD. Therefore, we consider the CLIP Score is better metric.

Table 10: FID between each erasure method and original SD. Lower score indicates the images generated by erased model
are the same that of original SD.

Erasing Eiffel Tower Erasing Monet Style
Tokyo Tower Triumphal arch cat Gogh style Picasso Style Hokusai style
ESD-x-1 173.313 18.199 27.612 | 231.889 149.214 121.994
UCE 114.863 5.663 25.892 48.512 37.102 56.135
SPM 47.780 6.236 34.701 57.024 62.081 57.530
Ours 81.158 28.801 26.738 | 252.364 90.956 206.979

Fourth, we evaluated the generative ability of the unrelated concepts using MSCOCO-30k FID and CLIP Score. We
evaluated only our proposed method. The concepts to be erased are Eiffel Tower and Monet Style. The results are
shown in Table 11. These results indicate that our proposed method has minimal impact on the generative ability when
erasing a single concept. Moreover, when erasing Eiffel Tower, FID and CLIP Score get better. The fact that performance
improvements are observed despite not making any enhancements to the model suggests that thiese evaluation metrics are
inherently inappropriate.

Table 11: FID and CLIP score of our proposed method on MSCOCO-30k

FID|  CLIP Score 1

Original SD 13.8996 0.2667
Erasing Eiffel Tower 13.4874 0.2672
Erasing Monet Style  13.9456 0.2669

Fifth, we calculated detection rate when erasing multiple concepts. We erased tench, English springer, chain saw in that
order. The results are shown in Table 12. We used the model at the end of third epoch. Similar to the results in Figure 5,
the more concepts that are erased, the more difficult it becomes to maintain other concepts. Notably, using the model at the
end of the fourth epoch resulted in a significant degradation of other concepts. This indicates that our method is sensitive
to the number of epochs. However, it is easy to erase one concept while maintaining the others according to Table 11.
Therefore, task vectors (Ilharco et al., 2023) or other methods may be used to overcome this challenge.
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Table 12: Detection rate (%)

Erased Class Rate
tench  English springer chainsaw church (unerased concept)
tench 0 95 100 94
+ English springer 0 0 94 93
+ English springer + chainsaw 0 0 2 85
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