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Abstract

Text-to-image diffusion models rely on massive, web-scale datasets. Training them from
scratch is computationally expensive, and as a result, developers often prefer to make
incremental updates to existing models. These updates often compose fine-tuning steps
(to learn new concepts or improve model performance) with “unlearning" steps (to “forget"
existing concepts, such as copyrighted works or explicit content). In this work, we demonstrate
a critical and previously unknown vulnerability that arises in this paradigm: even under
benign, non-adversarial conditions, fine-tuning a text-to-image diffusion model on seemingly
unrelated images can cause it to “relearn" concepts that were previously “unlearned." We
comprehensively investigate the causes and scope of this phenomenon, which we term concept
resurgence, by performing a series of experiments which compose “concept unlearning" with
subsequent fine-tuning of Stable Diffusion v1.4 and Stable Diffusion v2.1. Our findings
underscore the fragility of composing incremental model updates, and raise serious new
concerns about current approaches to ensuring the safety and alignment of text-to-image
diffusion models.

1 Introduction

Modern generative models are not static. In an ideal world, developing new models would require minimal
resources, allowing users to tailor unique, freshly trained models to every downstream use case. In practice,
making incremental updates to existing models is far more cost-effective, which is why it is standard for
models developed for one context to be updated for use in another (50; 24; 25). This paradigm of updating
pre-trained models is widely considered beneficial, as it promotes broader and more accessible development
of AI. However, for sequential updates to become a sustainable standard, it is critical to ensure that these
updates compose in predictable ways.
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(a) Stable Diffusion v1.4 (b) MACE (c) Additional Fine-tuning

Figure 1: Images generated by the prompt “A portrait of Jennifer Aniston." Stable Diffusion v1.4 successfully
generates this image (a), and Mass Concept Erasure (MACE) successfully induces the pretrained model to
“forget" this concept (b). However, subsequent fine-tuning on an unrelated set of randomly selected celebrity
images reintroduces the ability to generate the target concept (c).

Developers commonly update models to acquire new information or to improve performance—for example,
by fine-tuning an existing model on data tailored to a particular use case. But sometimes, developers also
seek to remove information from an existing model. One prominent example is machine unlearning, which
aims to efficiently update a model to “forget" portions of its training data (3; 36; 1) in order to respond to
privacy concerns. This is particularly important to comply with regulations like the General Data Protection
Regulation (GDPR) “right to be forgotten" (11).

Here, we focus on the related notion of “concept unlearning" in the context of text-to-image diffusion models
(hereafter, referred to as “diffusion models"). In contrast to machine unlearning, which targets individual
data points, concept unlearning seeks to erase general categories of content, such as offensive or explicit
images. There has been substantial recent progress in this area (16; 32; 20; 15; 53; 26). For example, the
current state-of-the-art algorithms such as “unified concept editing" (UCE) (16) and “mass concept erasure"
(MACE) (32) can now effectively erase dozens of concepts from a pre-trained diffusion model. This is useful
in contexts where undesired concepts cannot be comprehensively identified during the pre-training phase,
and thus instead must be erased after the model is deployed or as it is adapted for different downstream
applications.

Our work begins with a surprising observation: fine-tuning a diffusion model can re-introduce
previously erased concepts (see Figure 1 for a striking yet representative example). This can occur even
when fine-tuning is performed on seemingly unrelated concepts and when users prompt the model to generate
a completely unrelated concept. This hidden vulnerability, which we call concept resurgence, poses a challenge
to the current paradigm of composing model updates via incremental fine-tuning. In particular, while the
current state of the art in concept unlearning may initially suppress the generation of unwanted concepts
(e.g., harmful, biased or copyrighted images), a developer cannot presently guarantee that concept unlearning
will prevent the accidental reintroduction of these concepts in later updates to the model. As a consequence,
consumers who fine-tune a “safe” model might inadvertently reintroduce undesirable behavior.

This paper systematically explores concept resurgence, identifying it as a critical and previously unrecognized
vulnerability in diffusion models. Our primary contributions are:

• Demonstrating the prevalence of concept resurgence. Through a series of systematic
experiments, we investigate the conditions under which concept resurgence occurs. We show that
concept resurgence does not require fine-tuning on data which is similar to the unlearned concept(s),
or that the fine-tuning set is chosen adversarially to “jailbreak" the model. Instead, we show that
concept resurgence can occur under common and benign usage patterns. Even well-meaning engineers
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may unintentionally expose users to unsafe or unwanted content that was previously removed. Figure 1
presents a representative example of this phenomenon.

ˆ Understanding the severity of concept resurgence. We conduct a thorough examination of
di�erent factors that impact the degree of concept resurgence. These include challenges related to
scaling unlearning to many simultaneous concepts, and the impact of key implementation choices in
common unlearning algorithms.

ˆ Investigating the cause(s) of concept resurgence. We analyze a linear score-based di�usion
model to understand, in a provable setting,why concept resurgence occurs after unlearning. Our
analysis identi�es two key factors that govern the strength of resurgence during �ne-tuning: (1) the
projection overlap between the forgotten subspace and the gradient directions introduced during �ne-
tuning, and (2) a curvature-limited sensitivity bound that quanti�es how small gradient components
in low-curvature subspaces can induce disproportionately large parameter updates. Crucially, our
results show that some degree of resurgence isinevitable whenever there is nonzero overlap between
the �ne-tuning gradient subspace and the forgotten subspace, even if the overlap is small. Moreover,
resurgence is most pronounced at early di�usion steps where gradients are strongest, but can also be
ampli�ed at intermediate-to-late steps when curvature is low and residual alignment persists.

Organization of the paper. Section 2 covers background and related work. In Section 3, we quantify the
extent of concept resurgence across a variety of domains. In Section 4, we explore some of the factors that
in�uence the severity of concept resurgence. Finally, in Section 5 we construct a stylized model to provably
investigate the fundamental drivers of concept resurgence.

2 Background and related work

Machine unlearning. We build on a growing literature on machine unlearning (2; 36; 29; 3; 21; 46; 43; 19;
29; 30; 33), which develops methods for e�ciently modifying a trained machine learning model to forget some
portion of its training data. In the context of classical discriminative models, machine unlearning is often
motivated by a desire to preserve the privacy of individuals who may appear in the training data. A key
catalyst for this work was the introduction of Article 17 of the European Union General Data Protection
Regulation (GDPR), which preserves an individual's �right to be forgotten" ( 11). More recent work in machine
unlearning has expanded to include modern generative AI models, which may reproduce copyrighted material,
generate o�ensive or explicit content, or leak sensitive information which appears in their training data
(52; 5). Our work focuses speci�cally on unlearning in the context of text-to-image di�usion models (23; 40).
The literature on di�usion models has grown rapidly over the last few years; though we cannot provide a
comprehensive overview here, we refer to (52) for an excellent recent survey.

Concept unlearning. Our work is directly inspired by a line of recent research that proposes methods for
inducing models to forget abstract concepts(1; 32; 14; 16; 53; 20; 15; 26), as opposed to simply unlearning
speci�c training examples. A key challenge in this context is maintaining acceptable model performance on
concepts that are not targeted for unlearning, especially those closely related to the erased concepts.

We investigate seven recently proposed unlearning algorithms: ESD (15), SDD (26), UCE ( 15), MACE ( 32),
SalUn (13), SHS (48), and EraseDi� ( 49), AdvUnlearn ( 56), RGD ( 27). At a high level, ESD and SDD
focus on �ne-tuning either the cross-attention weights or all of the model parameters such that encountering
the concept of interest results in �unconditional" sampling (i.e., sampling which is not conditioned on the
unwanted prompt). EraseDi� performs unlearning similarly via a bi-level optimization problem. MACE and
UCE used closed-form edits to modify the cross-attention weights � and MACE additionally �ne-tunes the
remaining model parameters � to erase the concept of interest. SalUn and SHS both start by identify the
most in�uential parameters related to the concepts being unlearned and then �netune those parameters. We
discuss these algorithms in additional detail in Section 4.2.

Attacking machine unlearning systems. Finally, a recent line of research explores data poisoning attacks
targeting machine unlearning systems, including (6; 35; 4; 9; 37; 31). These works show that certain new risks,
such as camou�aged data poisoning attacks and backdoor attacks, can be implemented via the �updatability"
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functionality in machine unlearning, even when the underlying algorithm unlearns perfectly (i.e., simulates
retraining-from-scratch). In contrast, our work exposes a qualitatively new kind of vulnerability in machine
unlearning, where a previously forgotten concept may be reacquired as a consequence ofadditional learning.

Additionally, there have been numerous works in LLM unlearning and alignment demonstrating that both
adversarial and benign �netuning can undo both (12; 7). There has been less work in the di�usion model
unlearning literature on the unintended consequences of benign �netuning. We note one contemporaneous
work to ours that is much more limited in its analysis (18). Other works and algorithms have been focused on
robustness to both adversarial inputs and adversarial �netuning (55; 17; 56). These studies are complementary
and orthogonal from our results on benign �netuning and benign prompting.

3 Composing Updates Causes Concept Resurgence

As discussed in Section 1, the scale of modern di�usion models has motivated a new paradigm in which
updates to pretrained models are incrementally composed to avoid retraining models from scratch. These
updates broadly take the form of one of two interventions: either the model is updated to learn a new concept,
or it is updated to �unlearn" an unwanted concept. The standard procedure for learning new concepts is to
curate a dataset of images representing the new concept of interest and �ne-tune the model on this dataset.
Similarly, to unlearn an unwanted concept(s), an �unlearning" algorithm will typically update the weights of
the pretrained model in an attempt to ensure that the model no longer generates content associated with
that concept. These two steps may be repeatedly composed over the lifetime of a deployed model. This
paradigm raises an important question:

To what extent is concept unlearning robust to compositional updates?

Our investigation into this question begins with seven of the most recent and performant unlearning methods
discussed in Section 2: MACE, UCE, SDD, ESD, SalUn, SHS, and EraseDi�. We apply these unlearning
algorithms to four di�erent concept unlearning tasks (celebrity erasure, copyright erasure, unsafe content
erasure, and object erasure) and two di�erent di�usion models (Stable Di�usion v1.4 and Stable Di�usion
v2.1). We describe these tasks in detail below. For each task, we �rst apply one of the unlearning algorithms
to erase the concept of interest, and then subsequently �ne-tune the model on a random set of in-domain
concepts. For example, in the context of celebrity erasure � where the goal of the erasure task is to �unlearn"
the ability to generate images of a particular celebrity � we further �ne-tune the resulting model on a random
set of celebrity images (which exclude the unlearned celebrity). This simulates the real world paradigm of
composing unlearning with unrelated �ne-tuning steps, the latter of which are intended to help the model
learn new concepts or otherwise improve performance. In particular, we do not �ne-tune the model on
adversarially chosen concepts, as our goal is to understand whetherbenign updates can degrade or otherwise
alter performance. For work on adversarial attacks and/or jailbreaking of text-to-image di�usion models,
see (34; 51; 10). Additionally, we focus on settings where the models retained high utility after unlearning.
We describe the �ne-tuning datasets and training details in Appendix C.

Via these experiments, we uncover a phenomenon we termconcept resurgence: composing unlearning and
�ne-tuning may cause a model to regain knowledge of previously erased concepts. Below we provide further
details on each of these tasks and quantify the degree of concept resurgence.

Celebrity erasure. Following (32), the �rst benchmark we consider is inducing the model to forget certain
celebrities (the �erase set") while retaining the ability to generate others (the �retain set"). We benchmark
Stable Di�usion v1.4 and v2.1 in combination with each unlearning algorithm on the task of unlearning 100
celebrities, and then evaluate whether the model succeeds in generating images of these celebrities (e.g., after
being prompted with �A portrait of [erased celebrity name]"). To ensure consistency, both the subtasks and
prompts are identical to those in (32); the full set of celebrities in each subtask, along with the prompts used
to evaluate the model, are provided in Appendix C. We quantify model performance across three random
seeds by separately computing the mean top-1 accuracy of the Giphy Celebrity Detector (GCD) (22) on both
erased and retained celebrities.1

1The GCD is a popular open source model for classifying celebrity images; ( 32) document that the GCD achieves > 99%
top-1 accuracy on celebrity images sampled from Stable Di�usion v1.4.
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Figure 2: Selected images generated by SD v1.4 after initially applying each unlearning algorithm (top row)
and after subsequent �ne-tuning (bottom row) in the celebrity unlearning task. In each case, the model
initially unlearns the target concept, e.g., how to generate images of Andrew Gar�eld. However, �ne-tuning
on unrelated images can inadvertently reintroduce the erased concepts. We note that UCE is more robust to
this phenomenon than the other three algorithms. We discuss this result in Section 4.2 and provide examples
for SHS, SalUn, and EraseDi� in Appendix A.

Copyright erasure. Motivated by recent, well-publicized concerns regarding the ability of di�usion models
to generate copyrighted content (44; 45; 47; 54), the second task we consider is one in which we induce
the model to unlearn a popular �ctional character while retaining the ability to generate other characters.
Speci�cally, we apply each of the seven unlearning algorithms to Stable Di�usion v1.4 and v2.1 to unlearn the
concept �Iron Man", and then evaluate whether subsequent �ne-tuning reintroduces the ability to generate
this character (e.g., after being prompted with �a pose of Iron Man in action."). The full set of retained
characters and the prompts used to evaluate the model are provided in Appendix C. We quantify the model
performance by prompting Molmo 7B-D (8), an open-source multimodal LLM, with the generated image and
two questions: �Is [copyrighted character] in this image? Answer Yes or No." and �Who is in this image?
State their name only.". We categorize the image as including the character if the response to the �rst prompt
is �Yes" or the character name is correct. We perform this evaluation across three random seeds on the set of
evaluation prompts.

Unsafe content erasure. The third task we consider, motivated by concern that di�usion models can
generate images containing depictions of self-harm, hate, violence, and/or harassment (41; 39; 38), is the
resurgence ofunsafe content. We construct this task by leveraging the i2P dataset, which contains a set of
prompts that are labeled across di�erent unsafe content categories and their probability of being labeled as
inappropriate by the Q16 classi�er (42). As in the previous tasks, we �rst induce the model to forget the
concepts of self-harm, hate, violence, and harassment. We then evaluate whether the model retains the ability
to generate these concepts by providing it prompts from the i2P dataset which are labeled as generating an
inappropriate image from the unwanted category with a probability of at least 70%. We use the Q16 classi�er
to evaluate the percentage of unsafe content generated amongst these prompts across three random seeds.

Object erasure. Finally, following ( 32), the �nal benchmark we consider is inducing the model to forget
how to generate certain types of objects from the CIFAR10 dataset (the �erase set") while retaining the
ability to generate others (the �retain set"). We apply each unlearning algorithm to Stable Di�usion v1.4 to
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Method Celebrity Copyright

Before FT After FT Before FT After FT

ESD 0.144� 0.011 0.950� 0.007 0.000� 0.000 0.100� 0.067
MACE 0.042� 0.004 0.391� 0.043 0.100� 0.100 0.267� 0.167
SDD 0.556� 0.203 0.965� 0.008 0.000� 0.000 0.100� 0.033
UCE 0.001� 0.001 0.004� 0.002 0.000� 0.000 0.000� 0.000
EraseDi� 0.000� 0.000 0.693� 0.019 0.000� 0.000 0.367� 0.033
SHS 0.075� 0.019 0.893� 0.054 0.000� 0.000 0.133� 0.033
SalUn 0.363� 0.082 0.939� 0.056 0.000� 0.033 0.100� 0.067

(a) Celebrity and Copyright Tasks

Method Object Unsafe

Before FT After FT Before FT After FT

ESD 0.192� 0.032 0.990� 0.008 0.547� 0.073 0.840� 0.024
MACE 0.045� 0.005 0.033� 0.003 0.275� 0.058 0.319� 0.042
SDD 0.000� 0.007 0.355� 0.073 N/A N/A
UCE 0.023� 0.000 0.030� 0.020 0.649� 0.010 0.670� 0.013
EraseDi� 0.002� 0.002 0.995� 0.001 0.317� 0.181 0.876� 0.017
SHS 0.399� 0.274 0.999� 0.001 0.403� 0.058 0.848� 0.024
SalUn 0.831� 0.531 0.913� 0.065 0.840� 0.217 0.872� 0.008

(b) Object and Unsafe Tasks

Table 1: Unlearning performance before and after �ne-tuning for Stable Di�usion v1.4. Each metric is
task-speci�c and evaluates the ability to generate the unwanted concept (lower is better; see Section 3 for
details). Results for SDD on unsafe content are excluded as �rst-stage unlearning compromises the model's
ability to generate any images, including retained concepts.

erase three objects (automobiles, ships, and birds) simultaneously. We then evaluate whether the model can
generate images of these objects and their synonyms (e.g., after being prompted with �a photo of the [erased
object]"). Both the full set of erased objects and retained objects, along with the prompts used to evaluate
the model, are provided in Appendix C. As in the celebrity erasure task, we adopt the set of concepts to
be erased, evaluation prompts and other hyperparameters from (32).2 We quantify model performance by
computing the CLIP accuracy across three random seeds on the set of evaluation prompts.

Evaluating concept resurgence. In each of these settings, we are primarily concerned withwhether
concept resurgence occurs, and, if it does, therate at which it does so. We curate speci�c examples to
characterize the severity of concept resurgence in Figure 2. We show concept resurgence can occur in striking
and seemingly unpredictable ways across all seven algorithms, running the risk that developers or users can
inadvertently reintroduce harmful or unwanted content.

In Table 1, we quantify the degree of resurgence across all four tasks and unlearning algorithms using the
metrics described above. The degree of resurgence varies across the algorithms and tasks. ESD, SDD, SalUn,
SHS, and EraseDi� all exhibit a large degree of concept resurgence across all tasks; in some cases benign
�ne-tuning reverses unlearning almost completely. For MACE we see a modest degree of concept resurgence
across all four tasks, and for UCE we see a small amount of resurgence in the celebrity and object erasure
tasks. We also do a small study on algorithms designed to be robust to attacks such as AdvUnlearn and
RGD showing that resurgence is also a concern for these algorithms (Table 5). These �ndings illustrate that
concept resurgence occurs with striking regularity across both algorithms and domains. We emphasize that
in many contexts, even rare concept resurgence presents unacceptable risks. In the remainder of this work,
we characterize the factors that a�ect the severity of concept resurgence and investigate the root causes of
this phenomenon.

2The only exception is the Erase 5 Objects task, which we add to evaluate simultaneous erasure of multiple concepts.
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