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Figure 1. Our method: MapRoute, achieves precise concept erasure by learning a mapping from the original embedding space to
the target embedding space. As illustrated in (a), MapRoute transforms embeddings from the original space (left) to the target space
(right), demonstrating the successful erasure of the concepts of “deer” and “Van Gogh”. In (b), we present quantitative results for object
erasure across multiple categories, including “airplane”, “automobile”, “bird”, and all 10 categories collectively. MapRoute consistently
outperforms prior methods, with Ho representing the overall erasure capability (see Section 4.1 for details).

Abstract

Contemporary commercial and open-source diffusion mod-
els have demonstrated remarkable performance in text-to-
image generation, enabling widespread applications in cre-
ative design and content creation. However, legitimate re-
quirements often necessitate the removal of specific seman-
tic concepts from pretrained models, such as copyright pro-
tection, privacy compliance, or personalized customization.
Existing concept erasure methods suffer from two critical
limitations: (1) Incomplete suppression, where the model
still occasionally generates images containing the target
concept; (2) Poor semantic selectivity, which degrades the
generation quality of unrelated concepts and compromises
overall model utility. To address these challenges, we pro-
pose MapRoute, a lightweight, semantics-aware concept
erasure framework based on dynamic routing. Our ap-
proach introduces a set of modular components placed af-
ter a frozen pretrained text encoder, termed Mappers. Each
Mapper learns a linear mapping from a target concept to
a surrogate concept. During inference, the system dynami-

cally activates the top-K Mappers most relevant to the in-
put prompt, based on cosine similarity between the text em-
bedding and all the target concept embeddings, and applies
their transformations sequentially. This input based, modu-
lar intervention enables precise, input based erasure while
avoiding unnecessary interference with irrelevant seman-
tics. Extensive experiments demonstrate that MapRoute
effectively suppresses specified concepts while significantly
reducing collateral damage to unrelated concept. More-
over, MapRoute outperforms state-of-the-art baselines in
terms of generation fidelity, semantic consistency, and scal-
ability to multi-concept erasure scenarios.Code is available
at https://github.com/GG-li/MapRoute.

1. Introduction
Large-scale text-to-image (T2I) models [5, 6, 13, 25, 28, 29]
have demonstrated remarkable capabilities in rapidly gener-
ating high-quality and contextually coherent images. How-
ever, this extensive generative power has raised signifi-
cant concerns regarding potential risks such as copyright
infringement, privacy violations, and the dissemination of
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Figure 2. Comparison of generated results: We select four Map-
per modules trained with distinct surrogate concepts and generate
images using the identical prompt “Cameron Diaz in an official
photo” to evaluate the model’s insensitivity to the choice of surro-
gate concept.

prohibited content [22, 26, 30, 33]. To mitigate these
ethical and legal hazards, it is necessary to prevent mod-
els from generating specific sensitive or undesirable con-
cepts—a process commonly referred to as concept era-
sure [1, 23, 27].

Existing concept erasure methods predominantly rely on
full or partial fine-tuning of the model’s original parame-
ters [11, 15]. While effective to some extent, these ap-
proaches frequently induce unintended distortions or arti-
facts in non-target concepts, degrading the overall genera-
tion quality.

Recent advancements can be broadly categorized into
three paradigms: Loss-Based Optimization, Closed-Form
Projections, and Plug-in Adapters [38]. Given the evolv-
ing nature of societal norms and regulatory requirements,
adaptive mitigation strategies are essential. Among these,
Plug-in Adapters strike a promising balance between cus-
tomizability and transferability: when new sensitive con-
cepts emerge, only the adapter needs fine-tuning or replace-
ment, without retraining the entire foundation model. Nev-
ertheless, existing Plug-in Adapter methods suffer from two
key limitations.

One limitation is that they typically require concept-
specific training and depend critically on high-quality
paired data (e.g., ‘target concept’ vs. ‘surrogate concept’)
to precisely localize semantic representations for suppres-
sion [9, 21, 32]. Without such data, adapters may fail, lead-
ing to either incomplete erasure or unintended inhibition of
legitimate concepts. A further constraint is that when eras-
ing multiple concepts simultaneously, parameter conflicts
across different adapters can result in partial erasure failure
or noticeable quality degradation, necessitating complex pa-
rameter isolation mechanisms[15, 17, 37, 42].

To address these challenges, we propose MapRoute, a
novel framework that performs concept erasure by editing
the text encoder’s embedding vectors prior to image gener-

ation. Our approach features two key innovations:
First, we introduce a lightweight module, dubbed Map-

per, which learns a conditional identity mapping via a two-
stage training scheme. The Mapper learns a conditional
identity mapping from the original text embedding space
to a rectified space via a two-stage training scheme: (1) A
self supervised stage where it learns an identity mapping to
preserve all semantic content; (2) A concept-specific stage
where it learns to map embeddings of target concepts to sur-
rogate concepts. Through this two phase optimization, the
module achieves almost zero distortion on the concepts in
the two phases while effectively eliminating the designated
ones. This design enables the simultaneous and precise era-
sure of multiple concepts, ensuring flexible adaptation to di-
verse scenarios. Moreover, since the Mapper is designed to
learn the mapping of target concepts, it breaks free from the
reliance on high-quality paired data. Specifically, choosing
different surrogate concepts has no impact on the erasure
effect of the target concept.As shown in Figure 2.

Second, to handle parameter conflicts and catastrophic
forgetting[20] when erasing a large number of concepts, we
incorporate an input-driven routing mechanism. This mech-
anism operates on a top-k principle: it calculates the co-
sine similarity between the input prompt embedding and all
target concept embeddings, dynamically selecting the most
relevant mappers for serial execution.

Both qualitative and quantitative evaluations demon-
strate that MapRoute successfully erases a wide range of
sensitive content, including specific objects, artistic styles,
and celebrity likenesses. Compared to state-of-the-art
(SOTA) methods, our approach achieves more thorough
concept erasure and superior preservation of non-target se-
mantics. These advantages are particularly prominent in
the scenario of erasing mixed concepts. Extensive experi-
ments consistently demonstrate that MapRoute outperforms
existing SOTA methods in both single- and multi-concept
erasure tasks, setting a new benchmark in semantic consis-
tency, erasure completeness, and generation fidelity.

2. Related Works
In recent years, to achieve selective suppression of harm-
ful or sensitive concepts in text-to-image (T2I) diffu-
sion models, researchers have proposed various concept
erasure methods based on different optimization strate-
gies. Existing works can be systematically categorized into
three mainstream paradigms: loss-function-based optimiza-
tion, closed-form analytical projection, and plug-and-play
adapter modules [38, 40, 43].

Loss-function-based optimization guides the model to
weaken the generative capability of the target concept dur-
ing fine-tuning. Representative works include ESD[7],
which minimizes the discrepancy between conditional and
unconditional noise predictions to achieve concept neu-
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Figure 3. Model Architecture:(a) Inference pipeline of MapRoute, demonstrating the erasure of the concepts “cat”, “ship”, and “Van
Gogh”. (b) Architecture of the Mapper module, where each Map Layer consists of a linear layer followed by a GELU activation.

tralization; CRCE[39] and CORE[45], which further in-
troduce anchor concepts and preservation set constraints
to balance erasure efficacy and model generality; AGE[4]
and FADE[34], which employ multi-objective optimization
frameworks to suppress the target concept while explic-
itly preserving semantically adjacent or contextually rele-
vant benign content. While offering high flexibility, these
methods typically require extensive iterative training and
involve non-negligible adjustments to model parameters,
which may unpredictably impact the overall generative ca-
pability of the model.

Closed-form analytical projection methods operate
under the assumption that the target concept occupies a
specific subspace within the model’s internal representa-
tions. These methods directly modify parameters via an-
alytical computations, such as least squares or Singular
Value Decomposition (SVD). UCE[8] pioneered this ap-
proach by performing closed-form updates on the K/V ma-
trices in cross-attention layers for training-free concept sub-
stitution. Subsequent works, such as MACE[19], scaled
this to enable erasure of hundreds of concepts simultane-
ously. RealEra[18] enhanced robustness through neigh-
borhood concept mining, while CE-SDWV[35] constructed
principal component subspaces within the text encoder’s
embedding space for orthogonal projection. Although com-
putationally efficient and highly reproducible, these meth-
ods struggle to precisely isolate the target subspace when
the target concept exhibits non-linear semantic entangle-
ment with legitimate concepts. For instance, using SVD
to extract and nullify the principal components associated
with English Springer Spaniel might inadvertently sup-
press generic features of canines, significantly impairing the
model’s ability to generate other dog breeds.

Plug-and-play adapter modules represent a
lightweight, reversible erasure paradigm that requires
no modification of the original model weights. Typical
solutions involve inserting Low-Rank Adaptation (LoRA)
modules[11], gating units, or residual attention gates into
the UNet or cross-attention layers. For example, SPM[20]

introduces semi-permeable LoRA adapters into the UNet,
achieving targeted suppression by updating only a minimal
set of parameters. Receler[12] combines concept localiza-
tion regularization with adversarial training to improve the
robustness of local erasure. These methods offer flexible
deployment and are well-suited for dynamic safety policy
updates. However, they often require supervised signals
(e.g., pairs of safe/unsafe images) for training. Moreover,
when erasing multiple target concepts concurrently, pa-
rameters from different adapters can conflict, leading to
partial erasure failure [44] or degradation in the quality of
generated images.

3. Method

Our goal is to develop a framework that accurately re-
moves target concepts from T2I generation models. As il-
lustrated in Figure 1, our MapRoute framework consists of
three components: (1) the Mapper module design, (2) the
learning strategy, and (3) the semantic routing design. The
framework takes two sets of inputs: a discretized represen-
tation of embedding vectors in the semantic space, and a
set of target concept-surrogate concept pairs(the concept to
be removed and a benign replacement). It outputs a fine-
tuned model that dynamically selects the appropriate Map-
per module to integrate, ensuring that the model no longer
generates images corresponding to prompts containing the
target concept, while preserving nearly no impact on im-
ages generated from prompts that do not contain the target
concept.

Why Should We Insert a New Module Instead of
Fine-tuning Existing Layers? Current mainstream meth-
ods for concept erasure involve fine-tuning linear or atten-
tion layers; although effective at eliminating target con-
cepts, these approaches modify the model’s parameters
globally, degrading the generation quality for unrelated con-
cepts.
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3.1. The structural design of MapRoute
In T2I diffusion models, prompts are encoded by a text
encoder and used as conditions to iteratively denoise ran-
dom noise in the latent space, ultimately generating im-
ages. Mapper is inserted after the text encoder and learns
a mapping from the original embedding space to another
embedding space, thereby preserving the generation quality
for unrelated concepts while effectively removing the target
concept.

We introduce a lightweight feedforward module Mctar ,
featuring three Map layers and a LayerNorm module (see
Figure 3), designed to enhance semantics with minimal pa-
rameters. In our T2I diffusion model, it is inserted post-
text-encoder to learn a Conditional Identity Mapping that
suppresses undesirable encodings passed to the U-Net, as
formulated below:

Mctar
(E(c)) =

{
E(csur), c = ctar

E(c), c = others
(1)

The notation is defined as follows: Ctar refers to the set
of target concepts, with each constituent concept designated
as ctar. A specialized mapper module Mctar is assigned to
each ctar to achieve its eradication. Here, E(·) is a frozen,
pre-trained text encoder. The variable c represents the em-
bedding vector of a prompt encoded by E(·), and csur is the
embedding for the surrogate concept.

This modular design, which tailors a Mapper for each
specific concept, enables flexible customization for multi-
concept scenarios and facilitates the targeted deployment of
erasure strategies on pre-trained diffusion models. More-
over, it effectively prevents the catastrophic forgetting is-
sue that arises from sequentially chaining a large number of
Mappers.

3.2. Identity mapping learning
Inspired by the concept dictionary design in Splice[2],
we leverage the insight that the embedding space of the
CLIP[14] encoder exhibits a semantically linear structure.
This implies that an image can be approximately repre-
sented as a sparse, non-negative linear combination of
human-intelligible semantic concepts. Consequently, the
semantic content that CLIP can express is approximately
covered by a finite concept dictionary. To construct this
vocabulary, we considered the most frequent one-word and
two-word concepts in the text captions of the LAION-400M
dataset[31]. After removing NSFW samples and pruning
the set to ensure no two concept embeddings had a co-
sine similarity greater than 0.9, we ultimately selected the
top 10,000 most frequent single-word concepts and the top
5,000 most frequent two-word concepts to form our dic-
tionary, thereby achieving a discrete representation of the
embedding space. To enable precise concept erasure, we

devised a two-stage optimization strategy. The entire algo-
rithm is summarized with pseudo-code in Algorithm 1, and
a detailed explanation follows.

The first stage involves freezing the text encoder’s pa-
rameters and training Mapper to learn an identity mapping
for the embeddings of all concepts in the dictionary.

Lstage1 = Ec∈C

[
∥Mctar

(E(c))− E(c)∥22
]

(2)

Let C be the concept dictionary and c is an element within
it. Since the T2I model’s text encoder produces embeddings
of a fixed dimension, we assessed the mapper’s performance
by applying it to 1,000 random 768-dimensional vectors
that simulate real text embeddings. After just 10 epochs of
training, the Mapper achieved an average MSE of 1× 10−6

between the input and output. This result confirms that the
Mapper has effectively learned a precise identity mapping
after the first stage. Detailed ablation experiments are pre-
sented in Section 4.5 and the Appendix.

3.3. Target-surrogate mapping learning
The objective of the first training stage is to learn an identity
mapping for all possible prompts. Building upon this foun-
dation, the second stage focuses on learning the mapping
relationship between target and surrogate concepts. Target
concept is the concept intended for erasure, while surro-
gate concept is a predefined concept used to replace it dur-
ing the erasure process, forming a concept pair. Previous
approaches suffer from significant limitations in selecting
these surrogates. For instance, methods like SPM [20] re-
quire manually specifying a unique surrogate for each tar-
get concept, a process that often demands extensive test-
ing. Although a common strategy is to select a ”semantic
neighbor” of the target, defining such neighbors is highly
non-trivial for a vast number of concepts. For example, it is
challenging to determine if one artist’s style is similar to an-
other’s or to find a concept semantically close to a specific
cartoon character.

Since Mapper learns a conditional identity mapping, the
choice of a surrogate concept is not critical. For any given
target concept, the mapper can be trained to map it to a
surrogate that has no semantic relation whatsoever, such as
mapping ”automobile” to ”Van Gogh” or ”truck” to ”cat”.
Crucially, the empirical results indicate that the selection
of different surrogate concepts yields largely consistent era-
sure performance, with the final outcome being largely in-
dependent of this choice(see Appendix). We formalize this
objective as follows:

Llearn = Ectar

[
∥Mctar

(E(ctar))− E(csur)∥22
]

(3)

Lkeep1 = Ecj∼C

[
∥Mctar

(E(cj))− E(cj)∥22
]

(4)

To achieve more precise erasure for celebrity and artist con-
cepts, we retrieved an initial set of 10,000 celebrity records
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by querying the Wikidata SPARQL endpoint[36] for entities
that are instances of ”human” and possess an ”occupation”
attribute. We then applied a language filter to the labels
of these records, retaining only those with English labels
and removing all non-English names. After this filtering
step, a final set of 8,578 valid English person names was
obtained. Following the design methodology of Lkeep1, we
subsequently designed Lkeep2 based on this list.

Lkeep2 = Enj∼W

[
∥Mctar (E(nj))− E(nj)∥22

]
(5)

Let W denote the set of all English person names, the over-
all loss function for the second stage is then formulated by
combining the three components using two balancing hy-
perparameter, α and β (all set to 1 by default), as follows:

Lstage2 = Llearn + α× Lkeep1 + β × Lkeep2 (6)

Following the two-stage loss training, Mapper can accu-
rately erase the target concepts and maximally preserve un-
related ones.

Algorithm 1 Training Method of Mapper Module Mctar

Input: Pre-trained frozen text encoder E(·), Mapper mod-
ule Mctar

(·) (to be trained), target concept set Ctar, sur-
rogate concept set Csur, concept dictionary C, name set
W , learning rate η, weights α, β

Output: Trained Mapper module Mctar

1: for epoch = 1 to T do
2: Mctar

.train()
3: if epoch < 10 then
4: Stage 1: Preserve all concepts
5: for each batch of concepts c ∈ C do
6: Lstage1 ← ∥Mctar (E(c))− E(c)∥22
7: Mctar ←Mctar − η · ∇θMLstage1
8: end for
9: else

10: Stage 2: Map target concepts to surrogate
11: for each batch of target concepts t ∈ Ctar do
12: Sample csur ∼ Csur
13: Llearn ← ∥Mctar

(E(t))− E(csur)∥22
14: Sample two thousand cj ,nj

15: Lkeep1 ← ∥Mctar
(E(cj))− E(cj)∥22

16: Lkeep2 ← ∥Mctar
(E(nj))− E(nj)∥22

17: Lstage2 ← Llearn + α · Lkeep1 + β · Lkeep2
18: Compute ∇θMLstage2
19: Mctar ←Mctar − η · ∇θMLstage2
20: end for
21: end if
22: end for

3.4. Semantic Route
By specifying different target concepts, we have trained a
large number of Mappers, which collectively form a com-

prehensive erasure corpus. To enable a single model to flex-
ibly erase multiple concepts from a prompt—while avoid-
ing the issue of catastrophic forgetting that arises from sim-
ply integrating all Mappers—and to prevent the need for
repeating the whole erasing pipeline each time for a dedi-
cated model, we designed a corresponding routing mecha-
nism. This mechanism retrieves and connects the k most
relevant Mapper modules to the model based on the input
prompt.

M(k) = {Mi ∈M | simi ∈ TopK ({sim1, sim2, . . . }, k)} (7)

LetM denote the set of all mapper modules, where Mi rep-
resents the module responsible for erasing the i-th concept.
Let simi signify the cosine similarity between the i-th con-
cept inM and the input prompt. The function TopK(S, k)
returns the set of the k largest elements from S.

The k selected modules are connected in series follow-
ing the text encoder. When a prompt semantically activates
these k mappers, the encoded representation passes through
each activated module sequentially, thereby eliminating the
corresponding unwanted concepts one after another.

4. Experiments
We conducted extensive experiments to comprehensively
evaluate our proposed method and compare it against state-
of-the-art (SOTA) baselines. Specifically, our experimen-
tal evaluation includes object concept erasure (Section 4.1),
celebrity concept erasure (Section 4.2), artistic style era-
sure (Section 4.3), and mixed concepts erasure (Section
4.4). We compared our method against six recent baselines
designed for these tasks: MACE[19], FMN[41], UCE[8],
SPM[20], ESD[7], RECE[12], and GLoCE[16]. Finally,
we performed ablation study (Section 4.5) to understand the
impact of key components. Image quality generation tests
and additional experiments are provided in Appendix.

In our implementation, all experiments were conducted
on Stable Diffusion v1.4[28]. On a single NVIDIA A100,
training a Mapper takes 13.3 minutes. Inference time is
6 seconds. For each text prompt, we used the default
PNDM scheduler for sampling with 50 inference steps and a
classifier-free guidance scale of 7.5. To ensure reproducibil-
ity, a fixed random seed was used for all generation pro-
cesses, and the safety checker was disabled.

4.1. Object Erasure
In this section, we evaluate the effectiveness of our method
on the CIFAR-10 dataset[14] under the experimental pro-
tocol established by MACE. For each target class, we fine-
tune the model to erase one object category and generate
200 images. We then classify these generated images us-
ing CLIP[24], where a lower classification accuracy (ACCe)
indicates a more successful erasure of the target concept.
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Table 1. Quantitative results on object erasure. Following the experimental setup of MACE, we conducted object erasure tests on the
ten classes of the CIFAR-10 dataset, and some of the corresponding experimental results.

Method
Airplane Erased Automobile Erased Bird Erased Average across 10 Classes

Acce ↓ Accs ↑ Accg ↓ Ho ↑ Acce ↓ Accs ↑ Accg ↓ Ho ↑ Acce ↓ Accs ↑ Accg ↓ Ho ↑ Acce ↓ Accs ↑ Accg ↓ Ho ↑

FMN 96.76 98.32 94.15 6.13 95.08 96.86 79.45 11.44 99.46 98.13 96.75 1.38 96.96 96.73 82.56 6.13
SPM 97.50 99.00 97.67 3.58 99.50 99.17 81.00 1.45 91.00 99.61 70.00 19.42 95.00 99.53 83.36 14.95
UCE 40.32 98.79 49.83 64.09 4.73 99.02 37.25 82.12 10.71 98.35 15.97 90.18 13.54 98.45 23.18 85.48
ESD-x 91.11 97.15 32.28 74.98 59.68 98.39 58.83 50.62 18.57 97.24 40.55 76.17 26.93 97.32 31.61 76.91
ESD-u 7.38 85.48 5.92 90.57 30.29 91.02 32.12 74.88 13.17 86.17 20.65 83.98 18.27 86.76 16.26 83.69
RECE 1.00 98.06 6.33 96.85 47.00 99.83 52.33 60.16 6.00 95.94 6.00 94.64 21.55 98.32 22.92 81.59
MACE 9.06 95.39 10.03 96.85 6.97 95.18 14.22 91.15 9.88 97.45 15.48 90.39 8.49 97.35 10.53 92.61
Ours 0.00 99.56 0.00 99.85 0.50 99.78 0.33 99.65 0.00 99.56 0.00 99.85 0.50 99.53 0.92 99.37

SD v1.4 96.06 98.92 95.08 – 95.75 98.95 75.91 – 99.72 98.51 95.45 – 98.63 98.63 83.64 –

Figure 4. Samples of some classes after erasing the concept of
“cat” using a fixed random seed of 447557. MACE, the cur-
rent SOTA method, exhibits noticeable degradation on unrelated
concepts. MapRoute demonstrates superior preservation perfor-
mance, maintaining high visual fidelity across non-target classes.

To assess the generalization capability of concept erasure,
we further follow MACE and construct three semantic syn-
onyms and a surrogate concept for each target class (see
Appendix for the full list). For each synonym, we generate
200 images and measure the resulting CLIP classification
accuracy (ACCg). A lower ACCg reflects stronger general-
ization.

To evaluate preservation of non-target concepts, we gen-
erate 200 images for each of the remaining nine classes
and compute their CLIP classification accuracy (ACCs). A
higher ACCs indicates better preservation of the original
generation quality for unrelated concepts, confirming mini-
mal unintended side effects.

To thoroughly evaluate erasure, we expand each CIFAR-
10 class into a set of ten semantic sub-concepts (e.g., for
’cat’, we include ’kitten’, ’siamese’, etc., generated by GPT-
3.5[3]), treating them collectively as the target set. The full
list is in the Appendix.

To evaluate the overall concept erasure capability of our
method, we adopt the harmonic mean of ACCe, ACCg, and
ACCs as the primary metric, which is computed as follows:

Table 2. Comparison of baselines and the proposed method
for image fidelity on text prompts containing target celebrities and
remaining celebrities.

Method
Adam Driver Adriana Lima 50 Celebrities

GCDe ↓ GCDs ↑ Hc ↑ GCDe ↓ GCDs ↑ Hc ↑ GCDe ↓ GCDs ↑ Hc ↑

FMN 21.20 51.52 62.30 22.00 64.24 70.45 – – –
SPM 2.80 81.36 88.58 3.20 80.95 88.17 – – –
GLoCE 0.00 79.40 88.52 81.60 91.16 30.62 3.20 79.28 87.17
MACE 0.80 88.56 93.58 0.00 89.20 94.29 9.50 81.83 85.95
Ours 0.00 91.16 95.38 0.00 91.44 95.53 0.00 90.16 94.83

SD v1.4 93.20 91.12 – 83.60 91.12 – 92.64 91.22 –

Ho =
3

(1− ACCe)−1 + (ACCs)−1 + (1− ACCg)−1
(8)

An ideal method should minimize ACCe and ACCg while
maximizing ACCs and H0. As shown in Table 1, FMN
and SPM fail to fully erase the target class, evidenced by
their relatively high ACCe. In contrast, ESD-u and ESD-
x over-regularize the model, slightly degrading ACCs and
indicating unintended interference with non-target classes.
Although RECE and MACE achieve competitive perfor-
mance, they still fall short of complete erasure, as reflected
by non-negligible ACCe and ACCs values. Our method,
by contrast, demonstrates superior precision, controllabil-
ity, and generalization in object erasure, establishing it as a
better approach for concept erasure in diffusion models.

4.2. Celebrity Erasure
To evaluate the effectiveness of MapRoute in erasing
celebrity-related concepts, we selected several celebrity
concepts from the list of 200 celebrities provided by MACE
for single-concept erasure, and an additional 50 celebri-
ties for multi-concept erasure. For single-concept erasure,
following the setup in MACE, we used five templates to
generate 250 images for each target celebrity concept and
2,500 images for 100 unrelated celebrity concepts. We eval-
uate the effectiveness of concept erasure (GCDe) and the
preservation of irrelevant celebrity concepts (GCDs) using
the GIPHY Celebrity Detector (GCD)[10], which achieves
remarkable recognition accuracy. Furthermore, to compre-
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hensively evaluate the performance of the model, we em-
ploy Hc as follows:

Hc =
2

(1−GCDe)−1 + (GCDs)−1
(9)

However, unlike MACE, our evaluation metric differs in or-
der to more thoroughly assess the extent to which celebrity
concepts have been erased. The criterion for successful era-
sure is defined as a significant reduction in the top-1 ac-
curacy of GCD in correctly identifying the target celebrity
that has been erased.Detailed generation settings and other
results are provided in the Appendix.

As shown in Table 2, which presents quantitative re-
sults for both single- and multi-concept erasure, MACE and
SPM demonstrate satisfactory performance in removing tar-
get concepts, but with slight concept erosion. GLoCE fails
to effectively erase certain concepts (e.g., Adrian Lima),
while FMN not only shows inadequate erasure but also in-
troduces noticeable concept erosion. These observations
indicate that most existing models struggle to balance the
trade-off between “erasure” and “preservation.” In contrast,
our MapRoute achieves GCDe values close to 0 across dif-
ferent celebrity concepts, with GCDs scores nearly identi-
cal to those of the original model[28]. This suggests that
MapRoute successfully eliminates target concepts entirely
while effectively preserving the integrity of other concepts.

4.3. Artistic Style Erasure
To evaluate the effectiveness of MapRoute in erasing artis-
tic styles, we conducted experiments following a similar
protocol to the celebrity concept erasure tests. From the
list of 200 artists provided by MACE, we selected several
artists for single-style erasure testing and another 50 artists
for multi-style erasure testing.

For single-style erasure, adhering to the setup in MACE,
A total of 250 images were generated for each target artistic
style and 2,500 images for 100 unrelated artistic styles.

Consistent with MACE, two metrics were employed:
CLIPe and CLIPs. CLIPe measures the CLIP score between
the erased artist’s style and the images generated from the
corresponding style prompts—a lower score indicates bet-
ter erasure performance. CLIPs evaluates the alignment be-
tween the preserved artistic styles and the images generated
from their corresponding prompts—a higher score suggests
less impact on unrelated concepts, reflecting better preser-
vation.

To further assess the overall erasure capability of the
method, we used the difference of CLIPe and CLIPs, cal-
culated as follows:

Ha = CLIPs − CLIPe. (10)

Detailed experimental settings and the results of multi-style
erasure can be found in the Appendix. Table 3 presents

Figure 5. Samples of ‘A photo of a {object} in {artist} style’ after
erasing deer and Van Gogh. MACE effectively removes Van Gogh
style and deer, but severely damages Monet style and airplane.
SPM successfully removes Van Gogh style but fails to eliminate
deer. In contrast, our MapRoute successfully removes both Van
Gogh style and deer while preserving others.

qualitative results for single-style erasure. It can be ob-
served that while MACE maintains relatively stable erasure
performance, it fails to adequately preserve other artistic
styles. Both FMN and UCE do not completely erase the tar-
get artistic styles and partially impair the generation quality
of other styles. SPM achieves a certain level of erasure ef-
fectiveness but still exhibits issues of concept erosion. In
contrast, MapRoute achieves state-of-the-art performance
across all metrics, demonstrating its superior erasure capa-
bility.

4.4. Mixed Concepts Erasure

To evaluate the effectiveness of the proposed method in
mixed concept erasure tasks, this study constructs prompts
by combining ten object categories from the CIFAR-10
dataset with three artistic styles—Van Gogh, Canaletto, and
Monet—to systematically examine performance. For as-
sessing the erasure and preservation capabilities of object
concepts, we employ ACCe and ACCs same as section 4.1.
As for artistic styles, the erasure and preservation effects
are measured CLIPe and CLIPs same as section 4.3, respec-
tively.

As shown in Figure 6, we compare the proposed method
with MACE and SPM. The experimental results indicate
that MACE achieves certain success in object concept era-
sure, as reflected by its relatively low ACCe and high ACCs,
suggesting effective erasure of the target concepts. In terms
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Table 3. Quantitative results on artistic style erasure. We use
two CLIP scores to measure the model’s ability to erase target con-
cepts and preserve unrelated concepts.

Method
Brent Heighton Brett Weston Brett Whiteley

CLIPe ↓ CLIPs ↑ Ha ↑ CLIPe ↓ CLIPs ↑ Ha ↑ CLIPe ↓ CLIPs ↑ Ha ↑

FMN 22.68 24.22 1.54 24.08 24.97 0.89 21.40 24.50 3.10
UCE 22.07 25.51 3.44 22.33 23.64 1.29 21.22 25.18 3.96
SPM 20.39 24.99 4.60 19.40 25.03 5.63 19.76 24.99 5.23
MACE 15.95 22.77 6.82 15.84 22.75 6.91 19.08 22.80 3.72
Ours 13.88 26.09 12.21 17.78 26.09 8.31 18.90 26.17 7.27

SD v1.4 28.46 26.18 -2.28 25.47 26.18 0.71 25.18 26.18 1.00

Table 4. Ablation study on crucial components.

Configuration
Object Erasure Artistic style Concepts

ACCe ↓ ACCs ↑ ACCg ↓ CLIPe ↓ CLIPs ↑

Full Model 0.5 99.53 0.92 16.85 26.13
w/o Lkeep1 5.44 19.49 5.87 13.21 11.43
w/o Lkeep2 – – – 18.5 26.02
Two Map Layer 7.54 16.33 5.88 12.21 12.53
Four Map Layer 0.43 99.46 0.87 16.91 26.02

of artistic style processing, although MACE attains a good
erasure effect (indicated by a high CLIPe score), its CLIPs
value is significantly low, implying that the model struggles
to generate images in other styles after removing the tar-
get style. This further corroborates its adapting to mixed
concept scenarios.However, SPM does not demonstrate ad-
vantages across all evaluation metrics.

In contrast, MapRoute demonstrates superior perfor-
mance in both concept erasure and preservation. In object
concept erasure tasks, the ACCe value remains consistently
at 0.00 indicating complete elimination of the target con-
cepts, while the ACCs value stays at a high level confirming
effective protection of non-target concepts. In artistic style
processing, MapRoute achieves desirable results in both
CLIPe and CLIPs metrics, demonstrating its ability to elimi-
nate specified artistic styles while satisfactorily maintaining
the model’s capacity to generate images in other styles.

4.5. Ablation Study
To investigate the impact of key components in the exper-
iment, we conducted ablation studies on critical structures
of the model. Table 4 presents the results of object concepts
erasure and artistic style concepts erasure after ablating spe-
cific components of the loss function.

The results indicate that removing Lkeep1 leads to a sig-
nificant drop in ACCs values in the entity concept erasure
task, suggesting that the model suffers from catastrophic
forgetting and fails to generate images effectively. When
Lkeep2 is ablated, CLIPe increase to varying degrees, indicat-
ing a decline in the model’s ability to erase target concepts.
A two-layer mapper fails to learn the necessary identity
mapping, leading to unsuccessful image generation. While
a four-layer mapper shows no significant improvement, it

Ours MACE SPM SD-v1.4
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Figure 6. Quantitative results on Mixed Concepts Erasure:
We construct prompts using the template “A photo of {object}
in {artist} style” by combining the ten object categories from the
CIFAR-10 dataset with three artistic styles: Van Gogh, Canaletto,
and Monet. Images are generated under the conditions of erasing
the concepts “dog”, “truck”, “deer”, and “Van Gogh”, respectively.
Each prompt generate 50 images. The average values of ACCe,
ACCs, CLIPe, and CLIPs are computed to evaluate the model’s
effectiveness in eliminating mixed concepts while preserving un-
related ones.

incurs a 49.97% parameter increase, which is not justified.
Consequently, the three-layer configuration is adopted as it
strikes an optimal balance between efficacy and efficiency.
The results of additional ablation experiments are provided
in the Appendix.

5. Conclusion

In this paper, we propose MapRoute, a lightweight, high-
precision, and scalable framework for concept erasure in
text-to-image diffusion models. MapRoute achieves pre-
cise intervention on target concepts by introducing a set of
linear mapping modules immediately after the frozen pre-
trained text encoder, without modifying any parameters of
the diffusion backbone. During inference, the system dy-
namically activates the top-k Mappers most semantically
relevant to the input prompt and applies their transforma-
tions in a serial manner. This mechanism not only signifi-
cantly enhances the flexibility and composability of concept
erasure but also effectively mitigates common challenges in
multi-adapter deployment. Extensive experiments demon-
strate that MapRoute achieves state-of-the-art performance
in thoroughness, semantic consistency, and model fidelity
across diverse concept types. Compared to existing meth-
ods, it exhibits advantages in both effectiveness and preser-
vation of non-target content.
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