The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Mass Concept Erasure in Diffusion Models with Concept Hierarchy

Jiahang Tu', Ye Li!, Yiming Wu?, Hanbin Zhao*" 3, Chao Zhang', Hui Qian'

ICollege of Computer Science and Technology, Zhejiang University
2School of Computing and Data Science, The University of Hong Kong
3Zhejiang Key Laboratory of Intelligent High Speed UAV Technology
{tujiahang, yelil, zhaohanbin, zczju, gianhui} @zju.edu.cn, yimingwu0 @ gmail.com

Abstract

The success of diffusion models has raised concerns about
the generation of unsafe or harmful content, prompting con-
cept erasure approaches that fine-tune modules to suppress
specific concepts while preserving general generative capa-
bilities. However, as the number of erased concepts grows,
these methods often become inefficient and ineffective, since
each concept requires a separate set of fine-tuned parameters
and may degrade the overall generation quality. In this work,
we propose a supertype-subtype concept hierarchy that or-
ganizes erased concepts into a parent—child structure. Each
erased concept is treated as a child node, and semantically
related concepts (e.g., macaw, and bald eagle) are grouped
under a shared parent node, referred to as a supertype con-
cept (e.g., bird). Rather than erasing concepts individually, we
introduce an effective and efficient group-wise suppression
method, where semantically similar concepts are grouped and
erased jointly by sharing a single set of learnable parameters.
During the erasure phase, standard diffusion regularization is
applied to preserve denoising process in unmasked regions.
To mitigate the degradation of supertype generation caused
by excessive erasure of semantically related subtypes, we pro-
pose a novel method called Supertype-Preserving Low-Rank
Adaptation (SuPLoRA), which encodes the supertype con-
cept information in the frozen down-projection matrix and
updates only the up-projection matrix during erasure. Theo-
retical analysis demonstrates the effectiveness of SuPLoRA
in mitigating generation performance degradation. We con-
struct a more challenging benchmark that requires simulta-
neous erasure of concepts across diverse domains, including
celebrities, objects, and pornographic content. Comprehen-
sive experiments demonstrate that our method achieves a su-
perior balance between effective multi-concept erasure and
the preservation of desirable generative performance.

Code — https://github.com/TtuHamg/SuPLoRA

1 Introduction

Recent advances in diffusion models (Song, Meng, and Er-
mon 2020; Ho, Jain, and Abbeel 2020; Tu et al. 2025b) have
greatly improved text-to-image (T2I) generation, enabling
users to produce high-quality and realistic images from sim-
ple text prompts. Tools like Stable Diffusion (SD) (Rombach
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et al. 2022; Podell et al. 2023), MidJourney (Midjourney
2024), and Flux (Labs 2024) highlight this capability. How-
ever, these advances raise major ethics (Jiang et al. 2023;
Wang et al. 2024b), privacy (Mirsky and Lee 2021), and
safety concerns (Wang et al. 2025b), as models often learn
undesirable concepts, such as copyrighted materials, offen-
sive content, and sensitive personal information, from unfil-
tered datasets (Rombach et al. 2022). Even with the high-
cost data cleaning, diffusion models can still learn and gen-
erate unsafe content on filtered datasets (Schramowski et al.
2023).

To tackle this problem, various concept erasure methods
have been proposed to suppress the generation of concepts
to be erased while preserving the model’s capacity to gen-
erate general ones. Early studies (Gandikota et al. 2023;
Schramowski et al. 2023; Heng and Soh 2023; Fan et al.
2023; Li et al. 2024b; Yoon et al. 2024; Tu et al. 2025a;
Feng et al. 2025a; Li et al. 2025a; Feng et al. 2024, 2025b)
tune specific diffusion modules to erase single concepts. Re-
cently, growing efforts have focused on mass concept era-
sure (Kumari et al. 2023; Zhang et al. 2024a; Zhao et al.
2024; Lu et al. 2024; Gandikota et al. 2024; Lyu et al. 2025),
often via adapter tuning (Houlsby et al. 2019) or low-rank
adaptation (LoRA) (Hu et al. 2022). These methods typi-
cally inject learnable parameters per concept and fine-tune
them to suppress their generation.

However, these concept-wise erasure methods face two
primary issues. Firstly, since the number of fine-tuned pa-
rameter sets grows linearly with the number of concepts
to be erased, concept-wise erasure methods become ineffi-
cient as the number of erased concepts increases. This sig-
nificantly increases storage overhead, making these meth-
ods impractical for real-world applications that require the
erasure of a large number of concepts (OpenAl 2023). Sec-
ondly, since erasing a concept requires the model to suppress
its learned generation patterns (Schramowski et al. 2023;
Gandikota et al. 2023; Ho and Salimans 2022; Mei et al.
2025), repeatedly applying this process across multiple con-
cepts inevitably degrades the model’s generative capacity on
general concepts (Lu et al. 2024; Zhao et al. 2024). For in-
stance, in the celebrity erasure task, celebrities have distinct
appearances, but they all belong to the supertype (Dai et al.
2023; Wang et al. 2025a) “person”. When the model is in-
structed to forget an increasing number of celebrity identi-
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Figure 1: As more celebrities are erased, Stable Diffusion
shows clear degradation in generating the supertype per-
son. Results are shown for three representative celebrities
(“Adam Driver”, “Adriana Lima”, “Amber Heard”). Green
boxes in the first row indicate successful erasure. In the sec-
ond row, green boxes indicate the generation capability of
the supertype is preserved, while red boxes indicate failure.

ties, it will inevitably suppress visual features that are not
only specific to those individuals but also essential for rep-
resenting the supertype “person”. As illustrated in Fig.1, in-
creasing the number of erased celebrities results in notice-
able degradation in the model’s ability to generate the su-
pertype “person’.

To address these issues, we leverage the semantic rela-
tionship among concepts to be erased and construct a con-
cept hierarchy (Dai et al. 2023; An et al. 2025) by organiz-
ing them into a parent—child structure. In this hierarchy, each
erased concept is treated as a child node, and semantically
related concepts, such as different species of birds (e.g., jay,
macaw, bald eagle), are grouped under a common parent
node, which we define as a supertype concept (e.g., bird).
Instead of erasing concepts individually in previous meth-
ods, our supertype-subtype hierarchy enables group-wise
erasure, where grouped child concepts are erased jointly in a
more efficient manner. Specifically, we adopt MACE’s (Lu
et al. 2024) attention-based suppression to reduce the model
focus on regions associated with the grouped concepts, and
apply standard diffusion regularization to unmasked regions
to preserve the model’s denoising capability. To retain the
generation capability for supertype concepts, we propose
a Supertype-Preserving Low-Rank Adaptation (SuPLoRA),
which designs the bases for representing the supertype con-
cept subspace in the embedding space, initializes the down-
projection matrix in SuPLoRA using orthogonal bases, and
only trains the up-projection matrix. We further theoreti-
cally analyze the relationship between the update of down-
projection matrix and the parameter of up-projection ma-
trix in erasure setting, and prove that SUPLoRA mitigates
performance degradation of supertype concepts. To evaluate
the scalability and robustness of our method, we construct
a more challenging benchmark than previous studies, which
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typically focus on erasing concepts from a single category.
Our benchmark involves simultaneous erasure of concepts
across multiple domains, including celebrities, objects, and
pornographic content. Experimental results show that our
method achieves a more favorable balance between the era-
sure of undesired concepts and the preservation of genera-
tive quality.
Our contributions are summarized as follows:

* We propose a concept hierarchy that organizes erased
concepts into parent—child relationships. Based on this
structure, we introduce a group-wise erasure strategy
that jointly erases semantically related concepts under a
shared supertype concept, improving performance effi-
ciency over traditional concept-wise methods.

* We design SuPLoRA, a Supertype-Preserving Low-
Rank Adaptation, to tackle the generation degradation
of supertype concepts. Theoretical analysis ensures the
effectiveness of SUPLoRA in mitigating generation per-
formance degradation.

* We construct a more challenging benchmark spanning di-
verse concept, and demonstrate that our method achieves
a superior trade-off between mass concept erasure and
the preservation of generative quality.

2 Related Work

2.1 Inference-Time Intervention

Inference-time intervention methods aim to block undesired
content by modifying the sampling process without chang-
ing model parameters. A common strategy (Schramowski
et al. 2023; AUTOMATIC1111 2024) is to adjust classifier-
free guidance (Ho and Salimans 2022; Wang et al. 2024a), as
in Safe Latent Diffusion (Schramowski et al. 2023), which
steers latent representations away from erased concepts. An-
other line of research (Tu et al. 2025a; Yoon et al. 2024; Li
et al. 2024a; Wang et al. 2024c) focuses on manipulating the
text embeddings used for conditioning. CE-SDWYV (Tu et al.
2025a) constructs a semantic space representing the erased
concepts and dynamically suppresses the corresponding se-
mantic information that is hidden in the text embeddings.
SAFREE (Yoon et al. 2024) applies subspace projection and
adaptive re-attention to eliminate unsafe semantic directions
in CLIP embeddings. While such methods avoid model fine-
tuning and offer efficient erasure, they are fragile in practice,
as the intervention can be bypassed simply by disabling the
module during inference (Rando et al. 2022).

2.2 Tuning-based Erasure

To support safer model release, existing studies have ex-
plored fine-tuning methods to erase targeted concepts from
pre-trained models. These approaches can be broadly cat-
egorized by the number of concepts they handle. Several
works focus on single concept erasure (Gandikota et al.
2023; Heng and Soh 2023; Zhang et al. 2024a; Fan et al.
2023; Li et al. 2024b; Gao et al. 2025; Li et al. 2025b),
aiming to remove one concept at a time. ESD (Gandikota
et al. 2023) and AC (Kumari et al. 2023) align erased con-
cepts with supertypes (e.g., “grumpy cat” — “cat”), by fine-
tuning cross-attention layers. SalUN (Fan et al. 2023) adopts



a saliency-driven strategy that selectively updates parame-
ters most associated with the target concept, minimizing side
effects on general generation. In contrast, mass concept era-
sure (Zhao et al. 2024; Lu et al. 2024; Gandikota et al. 2024,
Lyu et al. 2025; Kumari et al. 2023; Huang et al. 2023;
Li et al. 2025a) targets multiple concepts simultaneously.
For example, ConceptPrune (Chavhan, Li, and Hospedales
2024) prunes a union of “expert neurons” responsive to
each concept, achieving erasure of ten object classes. MACE
(Lu et al. 2024) leverages the LoRA fine-tuning technique,
where each LoRA module is trained to erase a specific con-
cept. However, most existing methods follow a concept-wise
paradigm, in which each concept requires its own fine-tuned
module. As the number of concepts increases, the total num-
ber of trainable parameters grows linearly, resulting in sub-
stantial storage overhead. This severely limits the scalabil-
ity of these methods in real-world scenarios, where a large
number of concepts may need to be erased simultaneously.

2.3 Preservation on Unerased Concepts

While existing methods effectively remove specific con-
cepts, preserving generation for unerased concepts, partic-
ularly in mass concept erasure scenarios, remains a criti-
cal and underexplored challenge. To mitigate this, Selective
Amnesia (SA) (Heng and Soh 2023) introduces a regular-
ization term inspired by lifelong learning principles (Wang
et al. 2022), encouraging the model to retain knowledge of
unerased content. UCE (Gandikota et al. 2024) extends the
TIME framework (Orgad, Kawar, and Belinkov 2023) by
applying an auxiliary loss on a set of predefined preserved
concepts and deriving a closed-form solution that balances
erasure and retention objectives. SPM (Lyu et al. 2025) pro-
poses an anchoring loss to protect distant, unrelated concepts
during sequential erasure. Despite these efforts, a key limita-
tion persists: as more concepts are erased, the model’s ability
to generate their shared supertype concept often degrades.
In this work, we explicitly identify and address this issue by
proposing SuPLoRA, a principled approach for preserving
generation of unerased concepts.

3 Methodology

The objective of mass concept erasure is to remove a set of
various concepts, while preserving the generative model’s
capability to produce high-fidelity outputs for general con-
cepts. Let M be a pre-trained generative model with zero-
shot capabilities over a broad set of general concepts C9. Let
Ct = {ct,dh, ..., cly} denote the set of concepts targeted
for erasure, where C* N C9 = (). The goal is to suppress the
model’s ability to generate content corresponding to each
ct € C, without degrading its generation quality on the gen-
eral concepts. As the number of erased concepts increases,
special attention must be given to preserving the generation
capabilities of supertype concepts C? = {c,ch,... ch}.
The erasure algorithm & aims to produce a modified model
M' = F(M,Ct, C9,CP) that modifies the mapping behavior
as follows:

{fo(Tct) 7= e,

1
P (Teo) — Teo fanr (Tew) — Ten. )
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Here, faq(T) denotes the mapping from textual descrip-
tions of concepts to image outputs Z, and /— indicates that
the original mapping no longer holds after erasure.

3.1 Concept Hierarchy Construction

Previous approaches to mass concept erasure typically al-
locate a separate set of fine-tuning parameters for each tar-
get concept, treating each concept independently. However,
many erased concepts exhibit semantic similarity, and over-
looking these relationships leads to redundant parameter us-
age and storage overhead. To address this limitation, we pro-
pose to construct a concept hierarchy by exploiting the in-
herent semantic structure among concepts.

In our hierarchy, each concept to be erased is represented
as a child node, while semantically related concepts are
grouped under a common parent node, which we refer to
as a supertype concept. We define the relationship as:

Gj={cieC |g(c) =<}, 2)

where ¢ : CY — CP s a mapping function that assigns
each erased concept ¢! to its corresponding supertype cg .
For example, as shown in Fig.2, different celebrities such
as “Aaron Paul” and “Doris Day” are different erased con-
cepts, but they share a common supertype “person”. In this
work, we construct a two-level concept hierarchy based on
the supertype-subtype relationship among concepts. This hi-
erarchical structure allows us to erase semantically similar
concepts jointly by learning a shared set of parameters as-
sociated with their supertype. To build this hierarchy, we
leverage the advanced semantic understanding of large lan-
guage models (OpenAl 2023) (LLMs). Specifically, based
on the semantic similarity among different concepts, we
cluster multiple erased concepts into groups such that con-
cepts within each group share a high-level semantic abstrac-
tion. Each group is then associated with a single supertype
concept, identified using an LLM. This concept hierarchy
lays the foundation for the group-wise suppression method
described in the next section. Details on how supertype con-
cepts are derived using LLMs are provided in App. B.1,
and experiments on constructing a more complex multi-level
concept hierarchy are provided in App. C.4.

3.2 Group-wise Suppression

To erase multiple concepts efficiently, we propose a group-
wise suppression strategy based on the attention-based sup-
pression method introduced in MACE (Lu et al. 2024). In-
spired by MACE, our method minimizes the model’s atten-
tion to concept-relevant regions to suppress undesired con-
cepts. Unlike prior methods that treat each concept indepen-
dently, we perform suppression at the supertype level, where
semantically similar concepts are grouped and erased jointly
by sharing a single set of learnable parameters. This design
is motivated by our assumption that related concepts (e.g.,
jay, macaw, bald eagle) can be represented within a shared
semantic abstraction (e.g., bird), and thus can be erased to-
gether through a unified parameter set. This reduces the total
number of parameter sets from the number of erased con-
cepts to the number of supertype groups, significantly im-
proving parameter efficiency.
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Figure 2: An overview of our mass concept erasure framework. We first construct a supertype—subtype concept hierarchy
using LLMs (Sec.3.1). Leveraging this hierarchy, we introduce a group-wise suppression method that jointly erases grouped
concepts via MACE’s attention modulation, and apply diffusion regularization to preserve the model’s denoising capability
(Sec.3.2). To mitigate the degradation of supertype generation caused by excessive erasure of semantically related subtypes,
we propose SUPLORA, a supertype-preserving low-rank adaptation that freezes the down-projection matrix B; (orthogonal to
the supertype subspace) and updates only the up-projection matrix A;, as theoretically analyzed in Sec.3.3. Finally, we merge
multiple SuPLoRA modules into a unified representation while preserving general generation ability (Sec. 3.3).

To achieve this, we utilize segmentation priors obtained
from external grounding models (Liu et al. 2024) to identify
concept-relevant areas M., in the image. During training,
the attention scores of concept-related tokens are selectively
discouraged from attending to these areas, thereby weaken-
ing their spatial grounding. The erasure objective is defined
as follows:

7l

£attn = Eciegj,t,l [HQZZ(AJ) (3)

where ! l(Aj) denotes the attention map of concept token
c; at layer [ and timestep ¢, whose values are influenced by
the learnable parameters A; injected into the attention pro-
jection layers.

While attention suppression effectively erase multiple
concepts, it may also impair the model’s ability to perform
denoising, a core capability of diffusion-based generation.
To address this, we apply standard diffusion training to the
regions not associated with the erased concept:

Ci

‘CDiff = ]ECi,Egj,t,G [”(1 - MC;) © (6 - Eg(Zt,t, 7;'1|AJ))||§] )

“

where ¢4 (+|A;) denotes the UNet models with learnable pa-
rameter A;. By fine-tuning the parameter A;, we aim to
minimize the final loss:

L = Lawn + ALpifr- &)
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3.3 Supertype-Preserving Low-Rank Adaptation

Originally proposed as a parameter-efficient fine-tuning
technique for large language models (OpenAl 2023)
(LLMs), LoRA (Hu et al. 2022) has recently gained increas-
ing attention in the vision community. It operates by inject-
ing a pair of low-rank matrices, named as a down-projection
matrix B and a up-projection matrix A, into the weight lay-
ers of pre-trained models. This design enables the model to
acquire task-specific knowledge while keeping the original
weights largely unchanged. In group-wise erasure, the for-
ward pass of a linear layer can be formulated as follows:

€lL,2,....K], (6

where K denotes the number of supertype concept. Here,
h; and o, represent the input and output of the linear layer,
respectively. In the following paragraph, we analyze how
to preserve the generative capability of a supertype concept
during the erasure process.

We start by analyzing the relationship between fine-tuning
SuPLoRA and directly tuning pre-trained weight W. Sup-
pose the j** grouped concepts are targeted for erasure. Con-
cept removal can be achieved either by directly modifying
the pre-trained weights W or by learning the LoRA param-
eters A; and B;.

If we opt to modify W directly, the gradient of the loss £

O ZWhJ + x4ijh,j7 _]



with respect to W is computed via the chain rule:

oL 0L do; _ OL T
= -—h,; 7
ow 80J oW  0Qo; "’ @
With a learning rate «, the update to W is AW = —a-5= BW

Thus, the corresponding change in the erased matrix W
W + A;Bjis:

oc AL,
=AW = —ags = —aghj. ®)

On the other hand, if we fine-tune A; while keeping W and
B; fixed in Eq.6, its gradient is:

OL 0L do; _ OL

=_-—h,B]. 9
8A 30J 0A; Jdo; 7/ ©)
Then, the update to A; becomes AA; = —a54 3 A , and the
change in the erased matrix W is:
Aa, W' =[W + (A; + AA;)B;] - (W + A;B;)
oL
:AA]‘B]' = —Q@Bj
:AWW'BjTBj. (based on Eq. 8) (10)

In multi-domain concept erasure, Eq.10 reveals that fine-
tuning A; of the jth grouped concepts is equivalent to
modifying the pre-trained weight W within a subspace S j—

defined by the projection matrix BT B;. A similar view has
been adopted in continual learning settings (Liang and Li
2024). Building upon the above formulation, if the subspace
SjL defined by B; is carefully designed to be orthogonal
to the gradient subspace S; associated with the learning
of the supertype concept, then updates of A; will lie in a
direction orthogonal to that of the supertype concept gra-
dients. Consequently, freezing B; and fine-tuning A; for
concept erasure will not interfere with the model’s gener-
ation ability of the supertype concept. This intuition aligns
with findings in prior work on gradient orthogonality for task
interference mitigation (Saha, Garg, and Roy 2021).

We then describe how to construct the subspace Sjl and
initialize Bj. Prior studies (Liang and Li 2023; Saha, Garg,
and Roy 2021) have demonstrated that the gradients of lin-
ear layers lie within the span of the input space. Leveraging
this insight, SUPLoRA approximates the gradient subspace
S; for the j th supertype concept using the input matrix H, s;
of pre-trained weight W. When SuPLoRA is fine-tuned in
the key and value projections of the cross-attention layer,
Hy, corresponds to the embeddings of the supertype con-
cept descriptions. Typically, singular value decomposition
(SVD) is applied to Hg, = U;3; V;T, and the subspace
S; = span{uy j,us ;,...,u, ;} is defined using the first r
principle components. The orthogonal complement of this
subspace, Si-, can be computed via the null space of S;
or the projection operation in (Liang and Li 2024). Conse-
quently, SUPLoRA sets B; to the basis of S f and fine-tunes

only A; to erase the j th grouped concepts, while effectively
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preserving the generative capability of the supertype con-
cept.

After obtaining K SuPLoRA modules from mass con-
cept erasure, we adopt a knowledge distillation framework
in (Lu et al. 2024) to obtain the final weight W*. The dis-
tillation objective is composed of two loss terms: 1) Tar-
get alignment loss aligns the output feature of W* with
those produced by individual SuPLoRA modules, ensuring
the maintaining of erasure effects. 2) Generality consistency
loss enforces feature-level consistency between the fused
model and the base model when processing general con-
cepts, thereby maintaining general generative capabilities.

mink, ;| Wej , — (W + A;B))e! . |3

target alignment

+E; |[W*e! — Wej|3. (11)

generality consistency

Here, A; B is the j'" SUPLoRA module. € ;, ] are em-
beddings corresponding to erased concepts and general con-
cepts, respectively.

4 Experiments

We conduct a challenging benchmark and comprehen-
sively compare state-off-the-art baselines, including ESD-
u (Gandikota et al. 2023), ESD-x (Gandikota et al. 2023),
UCE (Gandikota et al. 2024), MACE (Lu et al. 2024), SPM
(Lyu et al. 2025), CE-SDWYV (Tu et al. 2025a), FMN (Zhang
et al. 2024a), and SRS-ME (Zhao et al. 2024). Ablation stud-
ies are conducted to assess the contributions of key com-
ponents in our approach. More experiments are provided in
App. C.

4.1 Experimental Setup

Datasets. The erased concepts span three domains (Zhang
et al. 2024b): objects (Fan et al. 2023), celebrities (Lu et al.
2024), and pornography (Schramowski et al. 2023). For the
object domain, we select 30 target objects to be erased from
ImageNet and retain 100 additional objects as the remain-
ing concepts. In the celebrity domain, 30 target celebrities
are chosen from the list provided by GIPHY Celebrity De-
tector (GCD) (Hasty et al. 2024), with 100 others preserved.
For the pornography domain, we follow the definitions in
(Lu et al. 2024) and select four target concepts. All concepts
can be generated by SD v1.4 and classified using domain-
specific classifiers. A complete list of the selected concepts
is provided in App. A.

Implementation Details. We conduct experiments on SD
v1.4 using the DDIM sampler (Song, Meng, and Ermon
2020) with 50 sampling steps. Following (Lu et al. 2024),
erased concepts are augmented via GPT-4—generated de-
scriptions (OpenAl 2023), and concept-relevant regions are
localized using Grounded-SAM (Liu et al. 2024). Each Su-
PLoRA module is inserted into the key and value projec-
tions of the cross-attention layers and trained for 5 epochs
with a learning rate of 0.0001. Since the input of the key or



Method Is Mass Erasure Effect Domain-Specific MS-COCO Supertype Efficiency
Cele Acc(]) ObjAcc(]) NN() | Cele Ace(f) ObjAcc(?) | FID(]) CLIP Score(t) | CLIP Score (1) | Storage/MB(|) Time/m(])
Methods that sacrifice generative performance for concept erasure
ESD-x X 1.670% 15.40% 399 3.375% 52.50% 21.01 29.24 23.59 3379 2298
ESD-u X 0.000% 1.250% 59 0.500% 7.625% 34.59 25.21 22.05 3379 2166
FMN X 0.000% 0.000% 0 0.000% 0.000% 407.6 16.85 22.32 3379 24
CE-SDWV X 15.40% 16.25% 139 82.00% 61.25% 18.11 30.10 25.23 265 29
UCE v 9.870% 7.813% 163 73.62% 47.87% 18.51 29.80 24.81 3379 218
SRS-ME v 9.750% 9.000% 192 77.37% 52.12% 18.51 30.03 24.78 302 26
SPM v 10.00% 65.00% 639 78.50% 63.50% 21.15 30.59 26.00 218 20
MACE v 6.250% 9.167% 158 78.50% 50.63% 18.36 30.04 25.51 198 20
Ours | Vv | 7.500% 4167% 121 | 83.38% 65.00% | 17.92 3068 | 2609 | 154 18

Table 1: Assessment of Mass Concept Erasure. We evaluate both erasure effectiveness and the preservation of domain-specific,
MS-COCO, and supertype concepts. NN denotes the explicit content detected by NudeNet on the I2P benchmark. Results with
severely degraded generative quality are marked in red, while the best among acceptable methods are in bold. Our method
achieves an efficient and effective balance between erasure and the preservation of desirable generation.

value projection matrix is from the text embedding, we em-
ploy the embeddings of supertype concept descriptions as
Hg; and construct the subspace S;. The rank of SUPLoRA
is set to 5, and the diffusion loss weight A is 0.1. All base-
lines follow the settings in their original papers. Following
(Lu et al. 2024; Lee et al. 2025), we use MS-COCO and
unrelated concepts to construct the general concept set e9.
Additional implementation details are in App. B.
Evaluation Metric. The goal of mass concept erasure is to
remove target concepts while maintaining general genera-
tive performance. We classify general concepts into three
types: (1) domain-specific concepts retained within their do-
mains; (2) supertype concepts as parent nodes in the hierar-
chy; and (3) MS-COCO concepts as general content unre-
lated to erased targets. To assess erasure and preservation,
we use ViT-L/16 (88.06% top-1 accuracy) to classify im-
ages generated from erased and retained concepts. For the
celebrity and pornography domains, we use the GCD classi-
fier and NudeNet (Bedapudi 2019). We sample 10,000 MS-
COCO prompts with minimal semantic overlap to generate
images, then compute FID and CLIP Score for quality. Su-
pertype preservation is evaluated via CLIP Scores of gener-
ated images. We also compare storage overhead and training
time for efficiency.

4.2 Quantitative Analysis

In Tab. 1, we compare our method with both single-
concept and mass-concept erasure approaches. Among
single-concept methods, ESD-x, ESD-u, and FMN achieve
low post-erasure classification accuracy for celebrities and
objects, but suffer from severe degradation in generative per-
formance (highlighted in red). For example, ESD-u yields a
domain-specific celebrity accuracy of just 0.50% and a Su-
pertype CLIP Score of 22.05, indicating that strong erasure
comes at the cost of core generative capacity. CE-SDWV
offers better generative preservation but weaker celebrity
and obejct erasure. We next examine mass-concept era-
sure methods: UCE, SRS-ME, and MACE, which aim to
balance erasure and generation. Among them, our method
achieves the best trade-off, showing strong erasure effective-
ness while preserving high domain-specific generation and
competitive MS-COCO results. Thanks to the SUPLoRA de-
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sign, our method also excels in supertype concept generation
and reduces storage and training time compared to MACE.

4.3 Qualitative Comparison

From Fig. 3, our method and most baselines demonstrate
effective qualitative erasure of target concepts. However,
FMN achieves this at the cost of severely degrading genera-
tive ability, often producing noisy, unusable outputs. Single-
concept methods (e.g., ESD-x, ESD-u) also fail to consis-
tently suppress targets like “beagle” or “Emma Roberts”.
Moreover, several methods struggle to preserve supertype
concept generation, as shown in Fig. 1. Specifically, when
erasing 30 concepts under the supertype “person” or “bird”,
models like SRS-ME, SPM and MACE lose the ability to
generate coherent images. In contrast, our method not only
removes target concepts effectively but also maintains high-
quality generation for both domain-specific and supertype
concepts. Additional results are provided in App. D.

4.4 Ablation Studies

Effect of SuPLoRA. Tab. 2 reports ablation results of Su-
PLoRA under different update configurations. None of the
variants match the performance of our full method. Jointly
updating both A; and B; leads to performance degradation,
indicating that unconstrained updates can disrupt generative
capacity. Freezing a randomly initialized B; while updat-
ing only A; performs better, likely due to reduced param-
eter flexibility mitigating such interference. SuPLoRA fur-
ther improves results by explicitly constructing B; to span
the orthogonal complement of the supertype subspace, ef-
fectively preserving supertype generation. This design also
enhances MS-COCO and domain-specific performance. All
variants achieve strong erasure, with full results in App. C.

Effect of Key Components. In Tab. 3, we ablate the key
components of our method. Removing the concept hierarchy
and reverting to concept-wise erasure (w/o (1)) increases pa-
rameter cost from 7.11MB to 28.5MB, confirming its role
in parameter efficiency. Excluding SuPLoRA (w/o (1)-(2))
minimally affects erasure but reduces domain-specific accu-
racy and supertype generation, underscoring its importance
for generation preservation. Removing diffusion loss (w/o



Ours

Before Erasure

accordion
A EERE

Bill Clinton

nudity

Emma Roberts beagle

person

bird

FMN

Domam-Spec1c

SuperType

CE-SDWV

Figure 3: Qualitative comparison of mass concept erasure. Green boxes indicate successful removal of erased concepts and
successful retention of preserved concepts. Red boxes highlight undesirable cases.

Configuration ‘ Domain-Specific ‘ MS-COCO Supertype Component Erasure ‘ Domain ‘ MS-COCO Supertype | SuPLoRA
Cele/Obj Acc FID CLIP Score | CLIP Score Acc Acc FID/CLIP Score | CLIP Score | Params
Default LoORA 79.12%/56.50% 18.18 30.18 25.19 Ours 5.830% | 72.94% 17.94/30.66 26.21 7.11MB
Default LoRA, Freeze B; | 81.12%/59.87% 18.13 30.65 26.08 w/o (1) 6.040% | 72.50% 18.01/30.63 25.98 28.5MB
SuPLoRA, Train Bj 79.83%/57.01% 18.23 30.25 25.22 w/o (1)-(2) 5.400% | 67.81% 18.18/30.18 25.19 28.5MB
SuPLoRA 83.38%/61.50% | 17.94 30.66 26.21 w/o (1)-(3) 4.360% | 60.50% 18.97/29.39 24.99 28.5MB

Table 2: Ablation study of comparing SUPLoRA and stan-
dard LoRA variants under varying configurations. “Freeze
B;” denotes fine-tuning only A; with a fixed B;, while
“Train B;” updates both A; and B; jointly.

(1)-(3)) degrades all metrics except erasure, showing that
denoising regularization is essential for output quality. Over-
all, our full method best balances effective erasure with the
preservation of general and supertype-level generation.

5 Conclusion and Limitations

This paper tackles the challenge of erasing multiple concepts
from diffusion models while preserving general concept
generation. We build a semantic concept hierarchy and pro-
pose a group-wise suppression strategy that jointly erases re-
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Table 3: Ablation study on key components of our method.
(1) denotes the concept hierarchy and group-wise erasure.
(2) denotes the SuPLoRA. (3) denotes the diffusion loss dur-
ing erasure process.

lated concepts under shared supertypes, improving parame-
ter efficiency. We further introduce SuPLoRA, which freezes
the down-projection and updates only the up-projection ma-
trix, mitigating supertype degradation. However, our ap-
proach relies on shared supertype structures; when such
overlap is limited, suppression may be less effective. Fu-
ture work will explore adaptive, structure-independent era-
sure for better scalability.
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