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Abstract

While modern generative models such as diffusion-based
architectures have enabled impressive creative capabilities,
they also raise important safety and ethical risks. These
concerns have led to growing interest in concept erasure,
the process of removing unwanted concepts from model rep-
resentations. Existing approaches often achieve strong era-
sure performance but rely on iterative optimization and may
inadvertently distort unrelated concepts. In this work, we
present a simple yet principled alternative: a linear trans-
formation framework that achieves concept erasure ana-
Iytically, without any training. Our method adapts a pre-
trained model through two sequential, closed-form steps:
first, computing a proxy projection of the target concept,
and second, applying a constrained transformation within
the left null space of known concept directions. This de-
sign yields a deterministic and geometrically interpretable
procedure for safe, efficient, and theory-grounded concept
removal. Across a wide range of experiments, including
object and style erasure on multiple Stable Diffusion vari-
ants and the flow-matching model (FLUX), our approach
matches or surpasses the performance of state-of-the-art
methods while preserving non-target concepts more faith-
fully. Requiring only a few seconds to apply, it offers a
lightweight and drop-in tool for controlled model editing,
advancing the goal of safer and more responsible genera-
tive models. Code is available here.

1. Introduction

The remarkable capabilities of modern generative models,
including diffusion-based [32, 59] and flow-based [19, 42,
48] methods, have revolutionized content creation. These
systems can produce diverse, high-fidelity images and text
from simple prompts, enabling a wide range of creative and
practical applications [50, 52, 67]. Yet this power comes
with risks: generative models may inadvertently reproduce
copyrighted material, generate biased or harmful content,
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or reveal sensitive information [9, 10]. Such concerns have
made concept erasure [23], the selective removal of unde-
sired concepts from model representations, an increasingly
important direction for safe and responsible Al

Existing approaches pursue this goal through a range
of mechanisms, including cross-attention layer modifica-
tions [23, 24, 45], model pruning strategies [13, 65],
regularization-based editing [34], and adversarial-guided
erasure [8, 72]. In general, these methods seek to remove
target concepts by altering specific model components or
parameters such as attention mechanisms, feature represen-
tations, or network weights. Collectively, these approaches
have proven highly effective at suppressing targeted con-
cepts in complex generative models, demonstrating that
such information can indeed be localized and selectively
removed from internal representations [23]. This progress
has also enabled a variety of beneficial applications [24],
including removing unwanted objects or artistic styles, en-
forcing copyright protection, mitigating harmful content,
and promoting fairness in generative outputs.

Yet, in doing so, existing methods may also unintention-
ally affect other, non-target concepts, degrading the model’s
overall representational balance. For example, pruning neu-
rons associated with a particular concept [13] can also re-
move neurons critical for other semantic attributes or gener-
ative behaviors, leading to noticeable drops in performance.
This raises a central practical question: how can we effec-
tively erase specific concepts while preserving a model’s
knowledge of non-target concepts?

To address this challenge, we introduce “Concept Era-
sure with Double Projections” (DP), a principled and effi-
cient framework that explicitly minimizes interference with
non-target representations. Instead of relying on iterative
optimization or retraining, DP reformulates concept erasure
as a pair of analytical projection steps with clear geometric
interpretation. The first projection isolates the safe com-
ponent of a target concept by aligning it with known non-
target directions. The second applies a constrained trans-
formation within the left nullspace of preserved representa-
tions, ensuring that removing the target concept minimally
affects others. Importantly, both steps admit analytically
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closed-form solutions, yielding a deterministic, training-

free method that operates in seconds.

We evaluate the proposed method across multiple
concept-erasure settings, including object and style erasure,
using several variants of Stable Diffusion [52] and the re-
cent flow-matching model FLUX [3, 42]. Across all these
architectures, our approach achieves erasure performance
comparable to or better than existing state-of-the-art tech-
niques in terms of removing the targeted concepts. More
importantly, both qualitative and quantitative results con-
sistently demonstrate that our approach better preserves the
remaining non-target concepts, maintaining the overall gen-
erative quality and diversity of model outputs.

Overall, our study demonstrates that concept erasure can
be formulated and solved efficiently within a principled ge-
ometric framework. By decoupling the optimization into
two analytically solvable steps, the double projection solu-
tion achieves both interpretability and practicality, remov-
ing unwanted concepts in seconds without retraining or it-
erative fine-tuning. In practice, such a projection design of-
fers several key advantages:

(1) Closed-form formulation. We reformulate concept
erasure as an analytically solvable linear transformation
problem, providing a one-shot solution with provable
guarantees and eliminating any need for retraining.

(2) Geometric interpretability. The proposed double-
projection design offers a principled geometric per-
spective that explicitly characterizes how erasure and
preservation interact within the representation space.

(3) Effective erasure and preservation. Our method
achieves state-of-the-art suppression of targeted con-
cepts while minimizing interference with non-target se-
mantics, preserving both visual quality and diversity.

(4) Cross-model generality. The framework operates con-
sistently across multiple diffusion and flow-matching
architectures, demonstrating robustness and scalability
for diverse generative backbones.

2. Related Works

Deep Generative Models and Personalization. Deep
generative models have become the foundation of modern
image synthesis, with diffusion-based and flow-matching
architectures leading recent advances [ 1, 32, 42, 44, 50, 52].
Diffusion models [32] generate images through iterative
denoising from Gaussian noise, guided by learned score
functions to produce highly realistic and semantically con-
sistent outputs. Flow-matching methods [42] later intro-
duced deterministic mappings between noise and data dis-
tributions, improving sample efficiency by aligning trajec-
tories in a continuous latent space [42, 44]. These ad-
vances have enabled the synthesis of high-quality, seman-
tically faithful imagery, driving widespread adoption across
creative, industrial, and scientific applications. Building

on this progress, personalization techniques have been de-
veloped to adapt generative models for user-specific con-
cepts from only a few examples. In diffusion models,
approaches such as DreamBooth [53], Textual Inversion
[22], and parameter-efficient tuning [39, 57] enable subject-
driven generation without retraining the full model. More
recently, personalization has extended to flow-based archi-
tectures, with classifier-guided adaptation [60] and LoRA-
based fine-tuning [ 18] supporting flexible concept encoding
and efficient customization.

Risks and Safety Concerns in Deep Generative Mod-
els. Despite their remarkable versatility, generative mod-
els introduce serious ethical and safety challenges. One
major concern is copyright infringement: large-scale mod-
els trained on web data can memorize and reproduce copy-
righted works nearly verbatim [1 1, 58], leading to legal dis-
putes with artists and creators [2]. Another is bias amplifi-
cation—these models often internalize and reinforce stereo-
types present in their training data [5, 16, 46], perpetuating
harmful associations related to gender, race, or occupation.
Generative models are also prone to producing unsafe or
explicit content, including violent or pornographic imagery
[35, 55], and safety filters designed to prevent such outputs
can often be bypassed [51]. Furthermore, personalization
techniques can exacerbate these issues by enabling mali-
cious use cases such as nonconsensual deepfakes and imita-
tion of artistic styles without consent [54, 56].

Concept Erasure. These multifaceted safety challenges
have spurred extensive research on concept erasure tech-
niques aimed at mitigating harmful generative behaviors
[14, 23, 24, 37, 38, 61]. Concept erasure seeks to sup-
press a model’s ability to reproduce undesired objects,
styles, or identities while maintaining generation quality
for non-targeted concepts. Representative approaches in-
clude fine-tuning methods [23, 30], cross-attention edit-
ing [24, 34, 45], and attention re-steering [70]. Other
strategies involve regularization [74], pruning [13], adver-
sarial training [8], Dumo [26], and trajectory-based tech-
niques [12]. Overall, these methods seek to alter the be-
havior of pretrained models through post-training modifi-
cations, particularly efficient approaches [33, 68, 69]. Re-
cent efforts also explore interpretability-driven erasure us-
ing sparse autoencoders [17, 36], training-free localized
erasure via low-rank adaptation [40], and neuron-level pre-
cision removal [29]. There is also growing interest in ro-
bustness and evaluation [15, 43, 63, 73]. In addition to these
diffusion-based models, extensions on concept erasure have
also been proposed for flow-matching models [25], au-
toregressive transformers [27], and text-to-video generation
[64, 66]. Related ideas are explored in large language mod-
els through nullspace-based editing [20], which focuses on
MLP layers, whereas our work targets attention and embed-
ding layers for visual generative models.
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3. Concept Erasure: Problem Formulation and
Geometric Insights

3.1. Problem Formulation

Modern generative models, such as diffusion [32] and
transformer-based architectures [19], implicitly encode a
rich set of semantic concepts within their latent represen-
tations. Let fp, : R™ — RP denote the pretrained model
parameterized by 6y, which maps an internal latent code
z € R™ to an output feature fy,(z) € RP. Then given a text
prompt ¢, the model defines a conditional distribution

po,(z|c), xz€X, ceC,

representing the likelihood of generating an image x condi-
tioned on the prompt c.

Let Ciarget € C denote the set of prompts corresponding
to target concepts (e.g., specific objects, styles, or identi-
ties) to be erased, and let Xt € X denote the associ-
ated undesired outputs. The goal of concept erasure is to
transform the model parameters from 6 to 6 such that the
target concepts are effectively suppressed, while preserv-
ing the model’s ability to generate and represent a set of
non-target concepts. Formally, we seek a transformation
{6p — 6} satisfying two complementary objectives: era-
sure and preservation.

Erasure objective. The primary requirement is that the
modified model should not produce undesired content when
conditioned on any target prompt. This can be expressed as

Vce Ctarget : SUPP(pO (1: | C)) N 'Xtarget = ®7 (1)

where supp(ps(z | ¢)) denotes the support of the condi-
tional distribution [21], i.e., the set of all possible samples x
that the model can produce with nonzero probability under
prompt c. In practice, this strict condition is relaxed to a
probabilistic form:

Vee Ctarget : wape("C) [1' € -X‘target] S 57 (2)

where § > 0 sets a tolerance for the probability of undesired
content generations.

Preservation objective. Equally important is preserving
the model’s capabilities on non-target prompts. Ideally,
the modified model should exhibit identical behavior to the
original model on all non-target concepts. Let Cpres € C de-
note the set of prompts to be preserved, and let pg, denote
the pretrained model’s distribution. A natural formulation
is to require that the generated distributions remain close
under some divergence measure D(-||-):

D(po(- [ c)lIpo,(-10)) <& (3

where ¢ > 0 controls the tolerance for deviation. Preser-
vation can be expressed through alignment in feature space

Ve € Cores

using a functional ¢(-) (e.g., CLIP embeddings [49], per-
ceptual features, or aesthetic scores):

Ve € Cpres HEz~pe(~|c) [p(x)] — Ex~peu(~|0) [p(@)]]]2 < €4-
“)

Empirical measures of this divergence include Maxi-
mum Mean Discrepancy (MMD), Fréchet Inception Dis-
tance (FID) [31], or performance-based metrics such as

classification accuracy.

3.2. Empirical Concept Erasure with UCE

Directly optimizing the objectives in Egs. (2), (3), and (4)
within the full parameter space of a generative model is
typically infeasible, owing to the distributed nature of con-
cept representations, the high dimensionality of model pa-
rameters, and the nonlinear behavior of modern architec-
tures. For practical deployment, empirical approaches op-
erate within a restricted subspace, often targeting specific
projection layers or attention matrices that encode concept-
level information.

A representative example is Unified Concept Editing
(UCE) [24], which applies modifications to selected model
components (e.g., the Key and Value matrices in attention
layers) and formulates the empirical objective as:

H‘;[i/n< ST Wei—Woctlls + Y WCj—WOCjH%),

Ci eclargel Cj Ecpres
&)

where ¢ denotes a proxy representation of the erased con-
cept, typically chosen as a neutral anchor. The empirical
objective in (5) consists of two complementary parts: the
first term enforces the erasure of target concepts by aligning
their transformed representations W ¢; with neutral proxy
Woc, while the second term preserves non-target concepts
by constraining the new mapping W to remain close to W
on preserved prompts.

A notable advantage of UCE is that it admits a closed-
form solution, allowing direct computation of the optimal
projection matrix without iterative training:

W:( Z 'u:c-ir-i- Z Wocj'c-;>( Z cic:-—-i- Z Cjc;)il,

¢4 € Crarget ¢j €Cpres ¢; €Crarget €5 €Cpres
©6)

where v = Wyc] is the desired target vector.

This closed-form solution offers several practical advan-
tages. First, it enables one-step computation of the updated
projection matrix, avoiding iterative gradient-based opti-
mization or retraining, which substantially reduces com-
putational overhead. Moreover, by operating solely on the
concept embeddings Carger and Cpres, the method is entirely
data-independent and does not require additional image
sampling or backpropagation through the generative model.
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3.3. Closed-Form Solution # Good Solution

While closed-form approaches such as UCE offer clear ad-
vantages in efficiency, they do not inherently guarantee the
preservation of non-target concepts. Despite the inclusion
of a preservation term in Eq. (5), violations on preserved
prompts can still occur—particularly when the target and
preserved concepts are correlated or non-orthogonal in the
latent space. The following geometric insights provide an
intuitive understanding of why violations of preserved con-
cepts may still occur.

Geometric Insights

In least-squares regression, the best-fit line minimizes
total error but does not necessarily pass through every
data point. Concept erasure in Eq. (5) behaves similarly:
each concept embedding is a point in a high-dimensional
space, and the optimization only finds a transformation
W that minimizes the global loss. As such, target and
preserved concepts may not lie on the fitted line, or
even deviate significantly from the fitted solution, caus-
ing degradation and distortions in these concepts.

The following theorem provides a more concrete analy-
sis of this phenomenon.

Theorem 3.1 (Perturbation of Preserved Concepts). As-
sume there is only one target vector c to be edited to v*
and let Cres denote the concatenated preservation matrix.
Let N = cc + CpreSCJmS, and assume that for some pre-
serve vector p, (N~1/2¢, N=1/2p) > \(N=1/2¢, N=1/2¢)
for some \ > 0. Then we have

[AWD|l2 = A[AWcl|>. @)

That is, the perturbation on the non-target vector p is at
least \ times the perturbation on the target vector c.

In practice, we also observe this phenomenon consis-
tently across different models and concept sets. Non-target
concepts experience noticeable degradation for both ob-
ject and style erasure in Table | and 2. These observa-
tions underscore a crucial limitation: achieving a mathe-
matically optimal solution under a least-squares objective
does not imply controlled erasure and preservation. Main-
taining their performance instead requires a more deliberate
geometric design.

4. Concept Erasure with Double Projections

The geometric limitations of existing closed-form ap-
proaches motivate a more principled formulation of concept
erasure. To this end, we propose “Concept Erasure with
Double Projections” (DP), which explicitly decouples era-
sure and preservation through two sequential projections.

By disentangling subspace interactions, DP provides ana-
lytical guarantees for training-free updates while retaining
the efficiency and interpretability of a closed-form solution.

4.1. Formulation

We aim to identify an updated transformation W € RP*™
that effectively removes the representations of specific tar-
get concepts while preserving those of non-target concepts.
Formally, we write W = Wy + AW and optimize directly
over AW
e (IW e = Woe I3 4 11V Coes — W)

(®)
where Wy € RP*" is the pretrained parameter matrix (e.g.,
an attention Key or Value matrix), ¢; € R is the embedding
of a target concept to be erased, Cpres = [C1,C2, ..., Cm]| €
R™*™ collects the embeddings of preserved (non-target)
concepts, and S defines the safe subspace within which the
proxy vectors c; are constrained to lie.

In essence, this optimization problem (8) involves two
sets of variables: the weight matrix W and the proxy vec-
tor ¢;. A common approach to solving such problems is
through “alternating optimization” [4, 7, 41], which itera-
tively updates one variable while keeping the other fixed
until convergence. Yet, these iterative procedures typically
rely on gradient-based training and can be computationally
expensive. Instead, we introduce a novel double projection
method that yields a closed-form, training-free approxima-
tion to this optimization problem.

4.2. Projection 1: Proxy Construction in the Safe
Subspace

We begin by computing a proxy vector c; that captures the
component of the target concept ¢; lying within the safe sub-
space S. Let S € R™** denote the matrix whose columns
form a (possibly non-orthogonal) basis of S. The proxy is
then obtained through an orthogonal projection:

¢f = projg(c;) = S(ST8)*S e, ©)

where (STS)* denotes the general Moore-Penrose pseu-
doinverse [47], ensuring the projection remains valid even
if the basis vectors are linearly dependent. This step ex-
tracts the safe component of the target concept within the
non-target subspace, effectively filtering out directions that
could interfere with preserved concepts. In practice, one
can construct a safe region by using multiple safe concepts,
S = span{sy, s2, . .., si }. Note that when S is defined us-
ing a single concept vector (k = 1), we require Eq. (9) to
collapse to the UCE case [24].

4.3. Projection 2: Constrained Optimization for W

Given the proxy c; from Projection 1, we now optimize the
transformation AW while guaranteeing that updates are or-
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thogonal to the space of preserved concepts. Let the pre-
served (non-target) concept embeddings be collected as

_ pres res res nxm
Cores = [ €] LS L A eR ,

whose column space defines the subspace that must remain
invariant during erasure. We parametrize the updated trans-
formation as

W = Wo+ AW, st AW Cpes =0,

so that any change lies in the left nullspace of Cps and
therefore leaves the preserved concepts untouched.
Substituting this into Eq. (8) reduces the problem to

min || (Wo+AW) e;=Woci 5 s:t. AW Chres = 0, (10)

a linearly constrained least-squares problem in AW.

Let Uy € R™*(™=7) be an orthonormal basis for the left
nullspace of Cpes (7 = rank(Cpyres) ), 50 that Uy Cpres = 0.
Any feasible update can be written as AW = ZU, with an
unknown parameter Z € RP*(»~")_ Define

x=UjceR"™™, b= Wy —¢)eRP.
Eq. (10) becomes a standard least-squares problem,
. 2
min || Zz — o[
whose minimum-norm solution (when x # 0) is

b’
7 = ba:T(xxT)+ = m (11)

The update is therefore admitting a closed-form solution:

Wolct —ci)xl

AW* = Z*U] =
? =13

U, . (12)
Note for multiple-concept erasure Cig, = [c1,...,cr],
we can solve (11) for concept matrix X in a similar way.

4.4. Discussions and Geometric Insights

The first projection is optional, and one could directly spec-
ify a proxy c; as in UCE [24] for simplicity, effectively by-
passing this projection. However, constructing a richer safe
subspace S generally reduces the magnitude of the update,
leading to smaller ||[AW||% and thus less perturbations to
the original model. In contrast, the second projection is es-
sential: constraining AW to the nullspace of Cpes guaran-
tees orthogonality, ensuring that model modifications min-
imally affect the preserved representations. This geometric
intuition is made precise in the following theorem.

Theorem 4.1 (Preservation of Non-Target Concepts). Let
Chores € R"*™ denote the matrix of non-target concept em-
beddings, and let Wy € RP*™ be the pretrained transfor-
mation. If the update AW € RP*" satisfies AW Cpres =
0, then for W* := Wy + AW it holds that W*v = Wy for
all v € col(Cpres); that is, all non-target concept represen-
tations are exactly preserved.

Most importantly, both projections in Egs. (9) and (12)
admit exact closed-form solutions. Each step, from com-
puting the proxy vector c; to updating the transformation
W, can be derived analytically without any iterative op-
timization or gradient-based training. This makes the en-
tire procedure fully deterministic and training-free, com-
bining computational efficiency with clear geometric inter-
pretability. In practice, ¢ and Cj,es are shared by all lay-
ers. Moreover, these closed-form updates enable DP to be
performed within seconds, in contrast to optimization-based
approaches that often require minutes or hours.

Meanwhile, it is not necessary to include all available
concepts as preservation targets. Studies from AGE [8] in-
dicate that concept erasure exhibits a largely localized ef-
fect: removing one concept mainly affects a small neigh-
borhood of semantically related concepts, which can be
identified through a concept graph. Hence, Cy,es can be
constructed from a compact, semantically relevant subset.
Moreover, when Cl,es includes many concepts, a low-rank
truncation can be applied via its singular value decomposi-
tion, Cpres = UV, where Uy = [ug,...,u,] € R™*"
contains left singular vectors ordered by singular values
o1 > --- > o0, > 0. Retaining only the top-k com-
ponents, Uy = [u1,...,ux], captures the dominant sub-
space while discarding low-energy, redundant directions.
The update rule in Eq. (10) can then be parameterized as
AW = Z UQT %> admitting a similar closed-form solution.
The following theorems provide the lower bound for the
erasing targets and the upper bound for non-target concepts.

Theorem 4.2 (Preservation Bound for Truncated Cases).
For any preserve vector p; € Cpres, We have

(W —=Wo)pilla < [|1Z"l20k+1(Cpres),  (13)
where oy, denotes the k + 1-th singular value of Cpyes.

Note that when k& = r (i.e., without truncation), the
right-hand side of (13) vanishes, degenerating to Theo-
rem 4.1. Moreover, let Cf,, be the anchor concepts and

O\ := U], Cigs. Define B := Wy (Clyy — Cigt) (See Ap-
pendix A.1 for detailed explanations on notations), and we

have the following erasure bound.

Theorem 4.3 (Erasure Bound for Truncated Cases). Let the
thin SVD ofC(f) be C(f) = Uéf)Eg]Z)Vq(kk)T with rank q;, €
{0,...,min(n — k,T)}. We have

(W — Wo)Cige = BV PV, (14)

Moreover, assume that ker B and the row space of C’ik) in-
tersect trivially, i.e., ker B N row(C’J(_k)) = {0}. Equiva-
lently, BVq(,:C ) has full column rank and armin(BVq(,jC )) > 0.

Then, for each target column c;, letting y; := Vq(kk )Te,-,

(W =Wolcillz > omin(BVAD) gill2- (15
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Table 1. Results on SD 1.4 for all algorithms. Each block includes both original and post-update accuracies. Left: Target Class shows
erasure performance (Erased Accuracy |). Right: Other Classes reports the accuracy of preserved concepts (Preservation Drop ).
Lower values indicate stronger erasure and better preservation. Note: UCE and DP are deterministic methods and thus no standard
deviation is reported. Detailed analysis of why UCE performs worse in these two cases are provided in the Appendix D.

Object ‘ Target Class ‘ Erased Accuracy (%) | ‘ Other Classes ‘ Preservation Drop (%) |

| Original | ESD CP AGE UCE DP| Original | ESD Cp AGE UCE DP
Cassette Player 78.0 205415 434103 24.0410 12.0f 2.0 86.8 22.6431 31.7435 5.8404 20.8 33
Chain Saw 80.0 O-OiO,O LOiO.O 1~0i0.0 0.0 0.0 86.6 22~4i1.7 34~1i3,2 6.7i0.5 0.6 0.3
Church 84.0 4.03:1‘0 24'6:{:(]‘6 16.3:{:1‘7 4.0 4.0 86.1 25.33:2‘1 17.43:1‘(] 7-2i0,4 15.1 6.1
Gas Pump 77.0 8.3i1_0 4'0i0,7 4~0il.0 6.0 2.0 86.9 14-1il.7 31.8i241 3'9i0,3 5.6 2.6
Tench 73.0 3.0:(:1‘() O'Od:().() 12.0:(:2[] 0.0 0.0 87.3 12.1:&1,1 34.3:(:31 6.4:{:(]‘3 9.9 4.6
Garbage Truck 78.0 20~5i3.0 O'OiO.O 21<0i2.7 0.0 0.0 86.8 11~3i0.9 37<2i4.2 4.6i0>3 0.1 -1.2
EHgllSh Springer 95.0 4.7:(:(].7 0.01().() 0.010.() 0.0 0.0 84.9 20.7:{;1,2 30-9;{:&3 5~3j:(],5 0.0 -0.8
Golf Ball 99.0 6.3+10 213413 6.0410 56.00 0.0 84.4 28.2400 32.5+00 5.6100 6.2 54
Parachute 95.0 4-0i0.3 1-Oi0,0 12.0;&1(3 0.0 0.0 84.9 17»4;{:21 39.9;&4(1 2.6i0‘3 4.0 -0.8
French Horn 100.0 1'0i0.0 LOiO.O O-OiO.O 0.0 0.0 84.3 20~4i2.1 34~7i3,1 7'9i0.6 4.7 4.2
Mean | 859 7.2 5.7 9.6 78 08 | 85.9 | 195 325 5.6 6.7 24

5. Experiments

We now turn to the empirical evaluation of concept era-
sure and preservation, examining the proposed approach
under various scenarios such as object and style removal
across different Stable Diffusion variants and modern flow-
matching models.

5.1. Experimental Setup

Backbones and Tasks Our experiments are first con-
ducted on Stable Diffusion v1.4 (SD1.4), the most widely
used backbone in prior concept-erasure studies. To as-
sess generality across architectures, we further evaluate our
method on Stable Diffusion v1.5 (SD1.5) and the recent
flow-matching generative model FLUX [3, 42]. Follow-
ing prior work [23, 24], we consider two standard evalu-
ation tracks: (i) object-level erasure on ten ImageNet cat-
egories including cassette player, chain saw, church, gas
pump, tench, garbage truck, English springer, golf ball,
parachute, and French horn and (ii) style-level erasure tar-
geting five artistic concepts including Pablo Picasso, Vin-
cent van Gogh, Rembrandt, Andy Warhol, and Caravaggio.
For object-level erasure, we report the Top-1 classification
accuracy of a pretrained ResNet-50 [28] on generated im-
ages. For style-level erasure, we measure the CLIP [49]
text—image similarity between generated samples and the
corresponding style prompts as [8, 23, 24].

Erasure Methods We benchmark representative concept-
erasure methods that collectively span projection-, fine-
tuning-, adversarial-, and pruning-based paradigms. Specif-
ically, we compare against Unified Concept Editing
(UCE) [24], Erased Stable Diffusion (ESD) [23], Concept-
Prune (CP) [13] and AGE [8]. These baselines cover a di-
verse methodological spectrum, enabling a comprehensive
assessment of DP’s effectiveness and efficiency relative to
existing approaches. For each method, ten image variants
are generated per prompt.

5.2. Object Erasure with Stable Diffusion

We first focus on object-level concept erasure using Sta-
ble Diffusion v1.4 (SD 1.4), a canonical benchmark back-
bone for prior erasure studies [8, 23, 24]. We follow these
prior works in selecting the same ten ImageNet object cat-
egories to ensure comparability with established erasure
benchmarks. However, our evaluation protocol adopts a
stricter and more realistic criterion than previous stud-
ies. Specifically, we unify visually and semantically similar
concepts (e.g., treating “cassette player” and “tape player”
as equivalent categories) to mitigate the category ambigu-
ity in diffusion outputs. Furthermore, unlike prior evalu-
ations [8] that relied on Top-5 accuracy, we report Top-1
accuracy throughout.

Table | reports the performance of all algorithms. In
terms of concept erasure, several existing methods achieve
strong suppression of the target object, confirming that dif-
fusion backbones are generally amenable to concept-level
editing. Methods like UCE, CP and DP, for instance,
demonstrate effective removal on easily separable cate-
gories such as “Chain Saw” and “English Springer”, where
the erased accuracy drops close to zero. These results in-
dicate that when the concept subspace is well localized,
single-projection or pruning-based updates can adequately
diminish target activations.

In terms of preservation, the proposed DP algorithm
consistently achieves the smallest degradation across all ob-
jects, demonstrating a clear advantage in maintaining non-
target representations. While competing approaches often
introduce secondary distortions, such as performance drops
exceeding 20% for ESD and CP, DP preserves nearly un-
changed accuracy on the remaining nine categories, typ-
ically within only a few percentage points. This stabil-
ity stems from its double-projection mechanism, particu-
larly the nullspace projection, which explicitly constrains
updates to the left nullspace of preserved representations.
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Table 2. Results on SD 1.4 for artistic style erasure. Each block includes both original and post-update accuracies. Nofe: each artist is
given a set of its own labels to compute the CLIP score. UCE and DP are deterministic methods and no standard deviation is reported.

Style ‘ Target Class ‘ Erased Accuracy (%) | ‘ Other Classes ‘ Preservation Drop (%) |

| Original | ESD Cp AGE UCE DP | Original | ESD CP AGE  UCE DP
Andy Warhol 86.0 147413 215490 3L5ig0 150 125 92.1 49191 1041414 52107 21 20
Caravaggio 82.0 23.3113 203113 75110 160 115 93.6 884121 275432 1ldgin 0.7 04
Pablo Picasso 81.5 405100 245195 260110 30.0 26.0 91.4 147415 134401 43103 29 2.6
Rembrandt 85.0 18.0i2_0 15~0i1.0 3‘5i0.5 4.5 3.0 84.4 S.Siglg 23~3i2.1 6.9i047 —1.0 -14
Van Gogh 63.0 85105 147117 17.7:03 7.0 55 89.9 6.7006 89+12 58104 08 -13
Mean | 795 | 210 19.2 172 145 117 | 90.3 | 88 16.7 6.7 L1 05

Table 3. Results on the FLUX model for object erasure. Rows 1-3 report target erasure (Erased Accuracy ). Rows 4-6 report preservation
fidelity (Preservation Drop |). Visualization of sample generated images is available in Appendix H.

Metric  Cassette Player Chain Saw  Church  Gas Pump Tench Garbage Truck English Springer Golf Ball Parachute French Horn Mean
Target Class (Erased Accuracy, % )
Original 39.0 100.0 99.0 100.0 89.0 98.0 82.0 100.0 99.0 100.0 90.6
UCE 0.0 0.0 63.0 73.0 6.0 21.0 0.0 76.0 0.0 0.0 23.9
DP 0.0 0.0 12.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 1.0
Other Classes (Preservation Drop, % |)
Original 96.3 89.6 89.7 89.6 90.8 89.8 91.6 89.6 89.7 89.6 90.6
UCE 2.0 2.7 2.1 2.0 1.5 22 2.3 2.3 1.9 3.0 22
DP 0.5 0.9 0.3 14 -0.1 0.4 1.2 -0.1 1.0 0.3 0.6

Consequently, the erasure operation remains geometrically
orthogonal to the non-target embeddings, ensuring that both
the visual quality and semantic fidelity of unaffected gener-
ations are largely retained.

5.3. Why is perfect preservation not observed?

Beyond the observed performance improvements, it is
also important to rethink why perfect preservation is not
achieved in this experiment. Ideally, non-target concepts
should remain entirely unaffected under DP, since the up-
date AW is explicitly designed to be orthogonal to their em-
beddings, as established in Theorem 4.1. In practice, how-
ever, perfect preservation is not always observed. This mi-
nor deviation arises from the presence of positional embed-
dings in diffusion models: although DP enforces AW¢; =
0 to preserve non-target content embeddings, the model op-
erates on representations of the form z; = ¢; + ¢q;, where g;
denotes the positional embedding. This additive coupling,
which is also present in other closed-form methods such as
UCE, introduces small but consistent deviations from per-
fect preservation, as confirmed empirically (see Appendix C
for details). Moreover, this issue is further compounded by
the self-attention mechanism in the encoder, which intro-
duces additional interactions across token representations.

In the following FLUX example, we demonstrate that
this fluctuation can be mitigated by performing concept era-
sure directly on the embedding layers of our encoders.

5.4. Artistic Styles Erasure with Stable Diffusion

We next evaluate the proposed DP algorithm on the task
of artistic style erasure, using Stable Diffusion 1.4 as the
base model. Following prior studies [24], we focus on five

representative artistic styles that exhibit diverse visual char-
acteristics and degrees of abstraction. Performance is eval-
uated using the CLIP text—image similarity between gener-
ated images and their corresponding style prompts.

As shown in Table 2, existing methods already demon-
strate competitive performance across several artistic styles.
For instance, CP achieves particularly strong removal on
“Picasso”, while AGE performs slightly better on “Caravag-
gio”, indicating that localized or style-specific optimization
can yield strong suppression. Nevertheless, across all styles,
DP achieves comparable or better erasure quality on all five
artistic styles. The main advantage of DP lies in its strong
ability to preserve non-target concepts. While other meth-
ods often degrade unrelated styles due to overlapping fea-
ture directions, DP ensures that style-independent compo-
nents remain relatively intact. As a result, the model retains
its ability to accurately reproduce unaffected artistic styles
with minimal performance drop, typically within only a few
percentage points.

5.5. Switching to Flow Matching

Recent advances [42] demonstrate that flow matching of-
fers an equally powerful and more theoretically grounded
alternative. To test the generality of our erasure approach,
we further evaluate DP on a recent flow-matching model,
FLUX [3]. Note that ESD operates on predicted noise,
whereas flow-matching models predict vector fields, mak-
ing ESD incompatible with these experiments.There is also
no direct support to utilize pruning or adversarial meth-
ods in flow matching. Consequently, we exclude these ap-
proaches from our comparison. Closed-form erasure meth-
ods like UCE and DP, by contrast, exhibit broader appli-
cability because they directly operate on linear mappings
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Chain Saw Gas Pump

Golf Ball Parachute French Hom

Cassette Player

Original

DP

Figure 1. Visualization of concept erasure on “Cassette player”. Results indicated that the target concept (column 1) is effectively sup-
pressed, while the remaining nine categories (columns 2—10) show minimal impact.

rather than model-specific generative dynamics. Note that
in the FLUX model, we apply these closed-form updates to
the embedding layers rather than attention blocks. This for-
mulation also naturally eliminates interference from posi-
tional embeddings, enabling a cleaner concept erasure pro-
cess.

As shown in Table 3, both closed-form methods, UCE
and DP, achieve effective object erasure within the flow-
matching framework. UCE successfully suppresses most
target concepts, demonstrating its adaptability beyond dif-
fusion models; however, its residual accuracies on com-
plex categories such as “Church” and “Gas Pump” sug-
gest that direct linear projections may not fully capture the
flow field’s geometric structure. In contrast, DP consis-
tently attains near-zero residual accuracies across all ten
objects, confirming its ability to generalize across gen-
erative paradigms. Notably, DP also yields markedly
smaller preservation drops, averaging only 0.6% compared
to UCE’s 23.9%, indicating that the nullspace constraint
effectively isolates target directions even in a flow-based
representation space. Specifically, Figure | presents the
generated images from the original FLUX model and our
proposed DP approach for the concept “Cassette Player”.
Results indicate that the erased concept is effectively sup-
pressed, while the remaining nine categories are largely
preserved. These results highlight that DP maintains
its theoretical advantages, while also providing robust,
architecture-agnostic concept erasure with minimal interfer-
ence to non-target concepts on the FLUX model.

£se _11.2'““‘S
< _
Aot _91'4'““‘s

UCE

DP l 7.4secs

7.2secs

Computation Time (s, Log Scale)
Figure 2. Computation time comparison across erasure methods
(log scale). Results indicate that closed-form approaches such as
UCE and DP perform concept erasure within only a few seconds.
Experiments are conducted for SD 1.4 on Nvidia 3090.

5.6. Time Consumption

One key advantage of closed-form erasure methods lies
in their exceptional computational efficiency. Iterative ap-
proaches, such as ESD, CP and AGE, require repeated opti-
mization steps to update noise parameters or perform prun-
ing, leading to substantial time costs on the order of sev-
eral minutes or even hours, as shown in Figure 2. In con-
trast, closed-form formulations like UCE and DP complete
the erasure process almost instantaneously, requiring only a
few seconds. This is due to their underlying training-free
mechanism.

5.7. Additional Experiments

Due to space constraints, we present additional experiments
in the Appendix. (1) We provide quantitative measures in-
cluding LPIPS [71], PSNR [6], SSIM [62], and FID [31],
in Appendix E. (2) Moreover, we conduct experiments on
alternative model variants, such as Stable Diffusion v1.5 in
Appendix F. (3) We also present complete visualizations of
generated images for both Stable Diffusion and FLUX in
Appendix G and Appendix H, respectively. (4) Addition-
ally, ablation studies are provided in Appendix I. (5) Gener-
alization beyond Cps is reported in Appendix J.

6. Conclusion

In this work, we introduced DP, a closed-form, training-
free framework for principled concept erasure in genera-
tive models. By formulating the task as a pair of sequential
projections, first extracting the safe component of a con-
cept, and then constraining updates within the left nullspace
of preserved representations, DP offers a deterministic so-
lution with clear geometric interpretability and analytical
guarantees. Comprehensive experiments on both Stable
Diffusion and the flow-matching model demonstrate that
DP achieves erasure quality comparable to or exceeding ex-
isting baselines, while consistently minimizing preservation
loss. This broad applicability, coupled with a runtime of
only a few seconds, highlights the practicality of DP as a
drop-in tool for safe and controllable concept erasure.
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