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Abstract

This work introduces Clipout, a method for removing a target concept in pre-
trained text-to-image models. By randomly clipping units from the learned data
embedding and using a contrastive objective, models are encouraged to differentiate
these clipped embedding vectors. Our goal is to remove private, copyrighted,
inaccurate, or harmful concepts from trained models without the need for retraining.
This is achieved by considering only negative samples and generating them in a
bootstrapping-like manner, requiring minimal prior knowledge. Additionally,
theoretical analyses are provided to further understand our proposed Clipout.
Extensive experiments on text-to-image show that Clipout is simple yet highly
effective and efficient compared with previous state-of-the-art approaches.

1 Introduction

Modern deep learning research is driven by scale. Powered by tremendous resources in computing
and data, large-scale models make it possible to connect the vision and language domains using
a single architecture (Radford et al., 2021; Dosovitskiy et al., 2021), i.e., vision-language models
(VLMs). Modern text-to-image models (Ramesh et al., 2021; Yasunaga et al., 2023), such as the
famed generative model Stable Diffusion (Rombach et al., 2022), are capable of high-quality and
diverse image synthesis based on a text prompt. For image-to-text tasks (Stefanini et al., 2023), based
on the large-scale data of image-text pairs, VLMs (Li et al., 2022b) can describe visual concepts of
an image in natural language. These studies continue to evolve and scale, leading to various cases in
real-world scenarios (Li et al., 2022a; Xu et al., 2025).

While the scaled-up models and datasets have made monumental progress, there is an increasing risk
that the learned concepts in the trained models may be used maliciously. By leveraging personalized
text-to-image techniques (Ruiz et al., 2023; Gal et al., 2023), personal portraits can be forged into
deepfakes (Shiohara and Yamasaki, 2022; Chen et al., 2021; Yu et al., 2021) by text-to-image models,
and aided by these models, the art style of paintings can also be easily imitated without authorization
(Liang et al., 2023). Besides, since it is nearly impossible to carefully audit large-scale datasets,
models trained on these unfiltered data may present biased and harmful behaviors (Birhane et al.,
2021). These misuses of VLMs, especially text-to-image models, will severely violate the rights of
privacy and copyright, making the development of the scaling model go against its original intention.

A feasible solution to these issues is machine unlearning (Xu et al., 2024), which grants people the
right to be forgotten. The primary challenge behind machine unlearning is how to efficiently and
precisely unlearn the target concept from trained models. Early research work (Bourtoule et al., 2021;
Yan et al., 2022) focused on partitioning the dataset and model into several shards and sub-models,
and re-trained the sub-model corresponding to the target concept. However, these methods require
re-design of the model architecture, and cannot be applied to modern scaled-up vision-language
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models. Recent efforts have been made toward unlearning copyright or harmful data in trained text-
to-image models (Gandikota et al., 2023; Kumari et al., 2023). These methods operate by �ne-tuning
the trained diffusion model in an end-to-end fashion, and there is a trade-off between ef�ciency,
effectiveness, and the side effects introduced by the change of model parameters. As modern deep
neural networks, though large in scale, are built upon different foundational artifacts (Radford et al.,
2021), this paper aims to investigate the question:Can we remove particular concepts in trained
text-to-image VLMs, by only unlearning the foundational artifacts that build up these models?

To unlearn text-to-image models at scale, this paper introduces a conceptually simple method,
Clipout , by focusing on the embedding of the learned concepts. Unlike previous methods that
treat the vision-language model as a whole,Clipout decouples the complex text-to-image system
into several distinct artifacts (e.g., the CLIP encoder (Radford et al., 2021) used in Stable Diffusion
(Rombach et al., 2022)), and only unlearns the artifact that is responsible for generating the concept
embedding. Inspired by the high ef�ciency and strong generalization of contrastive learning, in this
paper, we explore the opposite direction and propose contrastiveunlearning, which aims at unlearning
a particular concept by introducing a novel contrastive objective. Based on the contrastive unlearning
paradigm,Clipout can unlearn target concepts in a more ef�cient and precise way.

Contributions. a) We propose the �rst machine unlearning method based on a contrastive objective
with only negative samples considered. b) Utilizing contrastive learning theories, we provide
necessary theoretical analyses on the effectiveness of the proposed unlearning method. c) Through
extensive experiments, our proposed method not only exceeds previous state-of-the-art methods in
performance but also has signi�cant superiority in ef�ciency.

2 Background

Contrastive objectives (Zbontar et al., 2021; Huang et al., 2023b) have been widely adopted in vision-
language pre-training tasks, and many VLMs use image-text pairs to calculate these losses. InfoNCE
(van den Oord et al., 2018) is one of the most canonical contrastive losses. Radford et al. (2021)
proposed CLIP to bridge vision and language domains by learning image and text encoders based on
InfoNCE. Following the idea of CLIP, a series of methods have been proposed (Jia et al., 2021; Li
et al., 2021). For image generation tasks, Rombach et al. (2022) proposed Stable Diffusion, which
runs the diffusion process in the latent space to generate photo-realistic images. Stable Diffusion uses
a �xed CLIP encoder to condition the images on the prompt.

Machine unlearning (Bourtoule et al., 2021; Ullah and Arora, 2023; Tarun et al., 2023) allows trained
models to discard speci�c information and maintain privacy by erasing the in�uence speci�c data
points have on the models. Different fromunlearnable data(Huang et al., 2021; Liang et al., 2023)
that safeguards personal privacy by adding the protective noise into data ahead of time, machine
unlearning aims to modify a trained model to delete certain data points. While most methods focus
on small-scale or discriminative tasks, some recent studies have started to pay attention to VLM
scenarios, especially in unlearning Stable Diffusion (Heng and Soh, 2023; Gandikota et al., 2024).
Kumari et al. (2023) proposed to ablate concepts in Stable Diffusion by overwriting them with a
general category anchor concept. Another concept-erasing method has been proposed by Gandikota
et al. (2023), which shares a similar motivation behind compositional energy-based models (Du
et al., 2020). Additionally, Schramowski et al. (2023) proposed an inference-time method, namely
Safe Latent Diffusion, to mitigate inappropriate concepts. Amara et al. (2025) discussed the ripple
effects that may extend beyond the target concepts to erase. Kurmanji et al. (2023) proposed to use
a contrastive-like loss to unlearn small nets for classi�cation tasks, while we proposed to unlearn
large-scale VLMs for image generation tasks. Generally, the text-to-image models intrinsically
contain the text encoder for prompt conditioning. By unlearning the text encoder, our method can
precisely remove the undesired concepts in the model, as the model cannot �nd the correct condition.

3 Contrastive Unlearning

We proposeClipout to unlearn private, copyrighted, or inappropriate concepts in text-to-image
VLMs. Based on the hypothesis oflatent class(Wang and Isola, 2020; Huang et al., 2023a), the
termconceptin this paper refers to a distribution that samples from the same concept share the same
semantic meaning, and it is described by the prompt in text-to-image generation. We only unlearn a

2



Figure 1: The pipeline ofClipout . Given a prompt that describes the concept to unlearn,Clipout
�rst generates variants of the embedding by randomly masking the vector and then uses the contrastive
objective to optimize the encoder. These masked vectors,e.g., zi zj , serve as negative samples in
unlearning. The (red) positive samples,e.g., zi zi , are omitted in the optimization. The encoder
is updated by maximizing the dissimilarity between these masked variants. After unlearning, the
updated encoder replaces the original one, so the model can no longer generate the removed concept.

part of VLMs, namely the encoder that produces the embedding to generate conditions for other parts,
and leave other parts �xed. Next, we will introduce the objective used inClipout with theoretical
analyses. The following assumptions are made for simplicity. Proofs are present in theappendix.

Assumption 3.1. For any neural netf � (�) parameterized by� from a function classF , f � (�) is
continuous. Likewise, we assume the similarity function sim(�) is also continuous and bounded.

Assumption 3.2. In contrastive learning, the embeddingz0 andz from f � (�) share the samelatent
classif jjz � z0jj2 is not too large, andz0 with z can form a positive pairw.r.t. this latent class based
on empirical studies (Gao et al., 2021). By default,jj � jj denotes Frobenius orl2-norm.

3.1 Negative-Only Contrastive Loss

In text-to-image models, a concept is the semantic idea or category triggered by a text prompt, which,
in the context of representation learning, corresponds to a semantic distribution in the embedding
space that ensures all conditioned generated samples share the same underlying semantics.

The gist ofClipout is to make the concept embedding, which is used to represent the conditions,
unable to identify itself. Given a trained encoderf � (�) and the target embeddingf � (x) = z 2 Rd for
an input data pointx, we randomly clip out some units from the embedding and set them to zero.
Assume the maskm 2 f 0; 1gd, the contrastive loss, which is inspired by InfoNCE, yields:

` � =
1
N

NX

i =1

� log
esim(z� m i ;z � m i )=�

P N
j =1 esim(z� m i ;z � m j )=�

; (1)

whereN is the batch size,� > 0 is the temperature parameter, andsim(�) is the similarity function.
Assume sim(z � mi ; z � mi ) = 1 , we have:

` � =
1
N

NX

i =1

log
NX

j =1

esim(z� m i ;z � m j )=� �
1
�

: (2)

The element inm is i.i.d. drawn from Bernoulli(p), andm can be viewed as the vector ofd Bernoulli
trials. We termp as theclipout rateanalogous to the dropout rate (Srivastava et al., 2014). In a single
training epoch,̀ � can be regarded as the empirical version of the population loss:

` � = Em i

�
log

NX

j =1

esim(z� m i ;z � m j )=� �
�

1
�

; (3)

wheremi andmj are two independent random variables. According to Jensen's inequality, we have:

` � � 1
� Em i ;m j [sim(z � mi ; z � mj )] + log N � 1

� ; (4)

` � � logEm i ;m j [esim(z� m i ;z � m j )=� ] + log N � 1
� :

As our goal is to minimizè � , Eq. (4) largely reduces to:

min
�

Em i ;m j

�
sim(z � mi ; z � mj )

�
: (5)
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By generating multiple variants ofz, we treat these clipped embedding vectorsz � m asnegative
samples, and make themdissimilar from themselves. Since we do not use positive samples (i.e.,
samples that should be gathered together) and only focus on negative samples in the unlearning
objective, it is implied that the temperature� is not as important as in conventional contrastive
learning methods (Chen et al., 2020; He et al., 2020). The pipeline of our method is presented in
Figure 1. Given a target prompt, it requires independent optimization for unlearning, and no extra
corpus is needed for �ne-tuning.

3.2 On the Effectiveness of Unlearning

An empirical justi�cation for randomly masking the embedding vectors is that these masked vectors
serve as thepositive samplesfor the input data point in contrastive learning (Gao et al., 2021; Xu
et al., 2023). As we treat masked vectors as negative samples, we anticipate effective analyses with
theoretical guarantees. In this part, we �rst analyze the convergence of our proposednegative-only
contrastive lossin Eq. (1) and then demonstrate whyClipout is effective, from the perspectives of
alignmentanduniformity(Huang et al., 2023a; Wang and Isola, 2020).

Convergence. From an intuitive perspective, Eq.(5) demonstrates that by optimizing` � , the
representation ofz for a particular concept can be destroyed and it no longer represents its original
semantic meaning. Besides, we can obtain the convergence guarantee of` � as in Proposition 3.3.

Proposition 3.3(Convergence). Given the temperature� > 0 and the batch sizeN , if f mi gN
i =1 are

i.i.d. and sim(z � mi ; z � mi ) = 1 for all i , ` � in Eq. (1) converges to:

lim
N !1

(` � � logN ) = Em i

�
logEm j [esim(z� m i ;z � m j )=� ]

�
�

1
�

: (6)

Compared with theoretical results in previous work (Huang et al., 2023a; Wang and Isola, 2020),
Proposition 3.3 implies that our loss converges to a point where the distribution ofm matters, as there
is no positive sample in our loss. Since we only consider variants of a single target embedding, the
batch sizeN (i.e., the number of variants) can be (roughly) interpreted as the number of iterations
in the optimization. Proposition 3.3 has ensured that the loss considered inClipout tends to be
convergent after masking the target embedding in�nite times, and we now demonstrate the speed of
convergence as in Corollary 3.5.

Lemma 3.4(The upper bound ofE
�
j 1

N

P N
i =1 x i j

�
(Wang and Isola, 2020)). Giveni.i.d. random

variablex i with bounded support� [� a; a], zero mean and� 2
x � a2 variance, the expected value

E
�
j 1

N

P N
i =1 x i j

�
is bounded byO( 1p

N
).

Corollary 3.5 (Convergence speed). The error term decays inO( 1p
N

), w.r.t. the convergence speed
of the limit in Proposition 3.3 according to Lemma 3.4.

Corollary 3.5 encourages more negative samples in the optimization. As the dimension of vectors is
usually compact, it is feasible to involve a large batch size in practice.

Unlearning the target concept. To investigate whetherClipout can unlearn the target concept
while limiting the bad impact on other concepts, we try to analyze the problem from the perspective
of alignmentanduniformity, as in De�nition 3.6.

De�nition 3.6 (� -alignment and� -uniformity (Huang et al., 2023a; Wang and Isola, 2020)). In the
contrastive objective,alignmentdenotes positive pairs should be mapped to nearby features, and
uniformity represents feature vectors should be uniformly distributed on the unit hypersphere to
preserve the data information. Assume that features are normalized,i.e., jj f (�)jj2 = 1 , these are
de�ned as follows:

`align(f ; � ) = Ex;x +

�
jj f (x) � f (x+ )jj � �

; (7)

`uniform(f ; � ) = log Ex;x 0

�
e� � jj f (x ) � f (x 0) jj 2 �

; (8)

where� > 0; � > 0, x with x+ are positive samples, andx with x0 arei.i.d. drawn from the input
data distribution.
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Algorithm 1 Unlearning the encoder viaClipout
Parameter: promptx and encoderf � (�)
1: for it = 1 ; iteration do
2: Compute the data embeddingz = f � (x);
3: Sampleminibatch of N masked samples fromz;
4: Compute the contrastive loss` � w.r.t. Eq. (1);
5: Update� by descending the gradients:r � ` � ;
6: end for
7: return unlearned encoder parameters� � ;

Remark3.7. Given a pre-trained encoder, alignment and uniformity can be used to measure the
unlearning performance. To unlearn a target concept, the unlearned encoder is supposed to have
poor alignmentw.r.t. the target, as poor alignment means a deteriorated representation of the target.
Meanwhile, the unlearned encoder should have good uniformity for any pair sampled from the input
distribution, because the maximal information in the feature space should be preserved to maintain
the model performance on unrelated tasksw.r.t. other concepts.

Consider the cosine similarity in Eq. (5), we have:

Em i ;m j

�
sim(z � mi ; z � mj )

�
(9)

= 1 �
1
2

Em i ;m j

�
jj

z � mi

jj z � mi jj
�

z � mj

jj z � mj jj
jj2�

:

To minimize the loss, Eq.(9) implies that it needs to maximize the angle between two randomly
masked embedding vectors, regardless of the magnitudes. Previous kinds of literature (Gao et al.,
2021; Xu et al., 2023) have empirically proved that masked variants can be viewed as positive samples.
Consider� = 2 in Eq.(7), we build the connection between the unlearning objective and the loss of
alignment in De�nition 3.6:

Em i ;m j

�
sim(z � mi ; z � mj )

�
= 1 �

1
2

`align(f � ; 2): (10)

As in De�nition 3.6, to learn a good representation, conventional contrastive learning aims at
minimizingalignmentof positive samples,i.e., gathering these samples with the same latent semantics
closely in the feature space. On the contrary, Eq.(10) suggests our proposed unlearning objective
intends tomaximizethe target's alignment loss by increasing the Euclidean distance between their
unit vectors on the feature hypersphere. As a result, a pair of masked variants ofz tends to become
two vectors in opposite directions. By making a learned representation scattered on the feature space,
Clipout can effectively unlearn the target concept by undermining the latent representations.

In�uence on different concepts. Naively, one can always unlearn the target by adding noise to the
model parameters. However, arbitrarily changing the parameters will make the model useless for
other concepts. When maximizing the target alignment, the uniformity loss should not increase.
Lemma 3.8(Uniform). For anyx i.i.d. drawn from the input distribution, if the distribution off � (x)
is the uniform distribution� d, � forms the minimizer for̀uniform(f � ; � ).
Remark3.9. For the unlearned encoder, we hope that the unlearned encoder with changed parameters
still preserves as much information as possible. This requires the loss to converge to a point where
the unlearned encoder can roughly form a uniform distribution on the feature hypersphere.

As we have demonstrated that optimizing Eq.(1) helps to unlearn the target embedding, according
to Lemma 3.8, we can alleviate side effects on other concepts if the normalized feature distribution
is the uniform distribution. Consider normalized vectorsu andv whereu; v 2 Rd , jjujj = 1 and
jjvjj = 1 . Takingu| v = z� m i

jj z� m i jj
|

� z� m j

jj z� m j jj , for Eq. (6) in Proposition 3.3 we have:

Em i

�
logEm j [esim(z� m i ;z � m j )=� ]

�
(11)

= Em i

�
logEm j [eu | v=� ]

�
:

Eq. (11) can be largely reduced to Eq.(12) in Lemma 3.10 with proper clipout rates, since we mask
these vectors �rst and then normalize them. Note that Eq.(11)can only ensure a uniform distribution
over the masked embedding vectors. To maintain the maximal information at the global level, we
have to ensure the normalized feature vectorz=jjzjj is uniformly distributed on the unit hypersphere.
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Table 1: Numerical results on VGGFace2 (Cao et al., 2018). Thesksperson introduced by different
personalized methods (e.g., DreamBooth (Ruiz et al., 2023)) is supposed to be unlearned, and similar
concepts, such asfemalepersons, ought to be kept." and# indicate that the higher and lower values
denote better performance, respectively. The promptsa photo of sks person, a photo of female person,
anda photo of male personare used. Diff. represents the difference between the metrics of the target
concept and the related concept. Values inside the bracket denote the difference compared with the
results in the original pre-trained model.

Textual Inversion
CLIP Score FDFR ISM

sks(#) male(" ) Diff. (" ) sks(" ) male(#) Diff. (" ) sks(#) male Diff. (#)

FSMG 26.04 (+0.18) 25.81 (-0.08) 0.23 (+0.20) 0.25 (+0.23) 0.08 (+0.00) 0.17 (+0.11) 0.30 (-0.30) 0.10 (+0.00) 0.20 (-0.30)
ASD 23.63 (-2.23) 25.84 (-0.05) 2.21 (+2.18) 0.58 (+0.56) 0.16 (+0.08) 0.42 (+0.36) 0.39 (-0.21) 0.22 (+0.12) 0.17 (-0.33)
ESD 23.21 (-2.65) 25.44 (-0.45) 2.23 (+2.20) 0.11 (+0.09) 0.12 (+0.04) 0.01 (-0.05) 0.16 (-0.44) 0.09 (-0.01) 0.07 (-0.43)
SLD 22.60 (-3.26) 25.45 (-0.44) 2.85 (+2.82) 0.52 (+0.50) 0.27 (+0.19) 0.25 (+0.19) -0.01 (-0.61) -0.03 (-0.13) 0.02 (-0.48)
Clipout (Ours) 19.94 (-5.92) 26.06 (+0.17)6.12 (+6.09) 0.80 (+0.78) 0.11 (+0.03)0.69 (+0.63) 0.13 (-0.47) 0.13 (+0.03)0.00 (-0.50)

DreamBooth sks(#) female(" ) Diff. (" ) sks(" ) female(#) Diff. (" ) sks(#) female Diff. (#)

FSMG 25.45 (-1.87) 27.25 (+0.20) 1.80 (+1.53) 0.76 (+0.70) 0.03 (+0.03) 0.73 (+0.67) 0.29 (-0.37) 0.22 (-0.06) 0.07 (-0.31)
ASD 28.21 (+0.89) 27.80 (+0.75) 0.41 (+0.14) 0.03 (-0.03) 0.03 (+0.03) 0.00 (-0.06) 0.55 (-0.11) 0.27 (-0.01) 0.28 (-0.10)
ESD 25.20 (-2.12) 26.71 (-0.34) 1.51 (+1.24) 0.33 (+0.27) 0.01 (+0.01) 0.32 (+0.26) 0.24 (-0.42) 0.18 (-0.10) 0.06 (-0.32)
SLD 25.65 (-1.67) 26.83 (-0.22) 1.18 (+0.91) 0.44 (+0.38) 0.02 (+0.02) 0.42 (+0.36) 0.31 (-0.35) 0.04 (-0.24) 0.27 (-0.11)
Clipout (Ours) 23.23 (-4.09) 27.15 (+0.10)3.92 (+3.65) 0.94 (+0.88) 0.03 (+0.03)0.91 (+0.85) 0.33 (-0.33) 0.31 (+0.03)0.02 (-0.36)

LoRA sks(#) male(" ) Diff. (" ) sks(" ) male(#) Diff. (" ) sks(#) male Diff. (#)

FSMG 26.49 (+1.56) 26.40 (+0.48) 0.09 (-0.90) 0.38 (+0.36) 0.02 (+0.00) 0.36 (+0.36) 0.29 (-0.34) 0.10 (-0.05) 0.19 (-0.29)
ASD 26.02 (+1.09) 26.26 (+0.34) 0.24 (-0.75) 0.56 (+0.54) 0.02 (+0.00) 0.54 (+0.54) 0.27 (-0.36) 0.21 (+0.06) 0.06 (-0.42)
ESD 24.13 (-0.80) 25.95 (+0.03) 1.82 (+0.83) 0.13 (+0.11) 0.02 (+0.00) 0.11 (+0.11) 0.40 (-0.23) 0.16 (+0.01) 0.24 (-0.24)
SLD 25.55 (+0.62) 26.27 (+0.35) 0.72 (-0.27) 0.06 (+0.04) 0.19 (+0.17) 0.13 (+0.13) 0.31 (-0.32) 0.02 (-0.13) 0.29 (-0.19)
Clipout (Ours) 22.56 (-2.37) 27.01 (+1.09)4.45 (+3.46) 0.95 (+0.93) 0.14 (+0.12)0.81 (+0.81) 0.10 (-0.53) 0.08 (-0.07)0.02 (-0.46)

Lemma 3.10(Minimizer (Wang and Isola, 2020)). Given the hypersphereSd� 1 = f z 2 Rd :
jj zjj = 1g, andu; v 2 S d� 1, for � 2 M (Sd� 1) whereM (�) is the set of Borel probability measures,
consider the following formulation:

min
� 2M (Sd � 1 )

Z

Sd � 1
log

Z

Sd � 1
e

u | v
� d� (v)d� (u); (12)

where the uniform distribution� d is the unique minimizer.

In Proposition 3.11, we show that if the masked (normalized) vectors in Eq.(11) are uniformly
distributed on the unit hypersphere, the original normalized vectors are also uniformly distributed,
implying that the unlearned encoder can preserve maximal information with our loss, making other
conceptsuniformly distributedand largely unaffected.
Proposition 3.11(Feature distribution). Letz 2 Rd be a feature vector with independent components
sampled from a distributionG. Letm 2 f 0; 1gd be a binary mask vector. LetS = f i j mi = 1g be
the set of active indices. If, conditioned on anyS with jSj � 2, the normalized sub-vectorzS =kzS k
is uniformly distributed on the unit sphereSjSj� 1, then:

• The feature distributionG is a spherical Gaussian distribution,i.e., z � N (0; � 2I d) for
some� > 0.

• The normalized feature vectorz=kzk is uniformly distributed onSd� 1.

The implementation ofClipout is present in Algorithm 1. Our method does not rely on any
label or data distribution of the original training data, and the negative samples are generated via a
bootstrapping-like manner,i.e., masking the embedding vector itself.

Compared with previous methods, we do not need the anchor concept to align with (Kumari et al.,
2023), nor do we need the knowledge of downstream generators to select the speci�c layers for
modi�cation (Gandikota et al., 2023), and we indeed change the model parameters (Schramowski
et al., 2023), which is hard to bypass. We only require minimal prior knowledge, which makes our
method more practical.

Besides, the ef�ciency of our method essentially results from the decoupling of complex text-to-
image systems, and we only focus on the part that accounts for generating the condition. These
demonstrations are veri�ed in empirical evaluations.
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