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Figure 1. Fine-Grained Concept Erasure: This figure demonstrates the issue of collateral forgetting (termed as adjacency) in selective
concept erasure using existing state-of-the-art algorithms in text-to-image diffusion-based foundation models. It highlights the inability of
methods that can precisely erase target concepts from a model’s knowledge while preserving its ability to generate closely related concepts.

Abstract
Existing unlearning algorithms in text-to-image gener-

ative models often fail to preserve the knowledge of se-
mantically related concepts when removing specific target
concepts—a challenge known as adjacency. To address
this, we propose FADE (Fine-grained Attenuation for Diffu-
sion Erasure), introducing adjacency-aware unlearning in
diffusion models. FADE comprises two components: (1)
the Concept Neighborhood, which identifies an adjacency
set of related concepts, and (2) Mesh Modules, employ-
ing a structured combination of Expungement, Adjacency,
and Guidance loss components. These enable precise era-
sure of target concepts while preserving fidelity across re-
lated and unrelated concepts. Evaluated on datasets like
Stanford Dogs, Oxford Flowers, CUB, I2P, Imagenette,
and ImageNet-1k, FADE effectively removes target concepts
with minimal impact on correlated concepts, achieving at
least a 12% improvement in retention performance over
state-of-the-art methods. Our code and models are avail-
able on the project page: iab-rubric/unlearning/FG-Un.

1. Introduction
Text-to-image diffusion models [14, 17, 18] have achieved
remarkable success in high-fidelity image generation,
demonstrating adaptability across both creative and in-
dustrial applications. Trained on expansive datasets like
LAION-5B [21], these models capture a broad spectrum of
concepts, encompassing diverse objects, styles, and scenes.
However, their comprehensive training introduces ethical
and regulatory challenges, as these models often retain de-
tailed representations of sensitive or inappropriate content.
Thus, there is a growing need for selective concept erasure
that avoids extensive retraining, as retraining remains com-
putationally prohibitive [4, 12, 23].

Current generative unlearning methods aim to remove
specific concepts while preserving generation capabilities
for unrelated classes, focusing on the concept of locality
[4, 10, 12, 13]. However, these methods often lack fine-
grained control, inadvertently affecting semantically sim-
ilar classes when erasing a target concept (refer Figure
1). This creates the need for adjacency-aware unlearn-
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ing—the ability to retain knowledge of classes closely re-
lated to the erased concept. Specifically, adjacency-aware
unlearning seeks to modify a model such that the prob-
ability of generating the target concept  c_{\text {tar}}  given input
 x approaches zero, i.e.,  P_\theta (c_{\text {tar}} | x) \to 0   , while ensuring
 P_\theta (\mathcal {A}(c_{\text {tar}}) | x) \approx P_{\theta _{\text {original}}}(\mathcal {A}(c_{\text {tar}}) | x)   , where  \mathcal {A}(c_{\text {tar}})  repre-
sents a carefully constructed set of semantically related
classes that should remain unaffected by unlearning.

To address these challenges, we introduce FADE (Fine-
grained Attenuation for Diffusion Erasure), a framework
for adjacency-aware unlearning in text-to-image diffusion
models. FADE has two core components: the Con-
cept Neighborhood, which identifies semantically related
classes to form an adjacency set using fine-grained seman-
tic similarity, and the Mesh Modules, which balance tar-
get concept erasure with adjacent class retention through
Expungement, Adjacency, and Guidance loss components.
This design ensures effective unlearning of target concepts
while preserving the integrity of neighboring and unrelated
concepts in the semantic manifold. We evaluate FADE us-
ing the Erasing-Retention Balance Score (ERB), the pro-
posed metric that quantifies both forgetting and adjacency
retention. Experimental results across fine- and coarse-
grained datasets—including Stanford Dogs, Oxford Flow-
ers, CUB, I2P, Imagenette, and ImageNet-1k—demonstrate
FADE’s effectiveness in erasing targeted concepts while
protecting representations of adjacent classes. The key
contributions include (i) formalization of adjacency-aware
unlearning for text-to-image diffusion models, emphasiz-
ing the need for precise retention control, (ii) introduction
of FADE, a novel method for unlearning target concepts
with effective adjacency retention, and (iii) proposal of the
Erasing-Retention Balance Score (ERB) metric, designed
to capture both forgetting efficacy and adjacency retention.
Using ERB, extensive evaluations are performed on fine-
and coarse-grained protocols to assess the erasing perfor-
mance of FADE compared to state-of-the-art methods.

2. Related Work
Advancements in generative modeling have highlighted the
need for effective unlearning techniques. Text-to-image
generative models trained on large datasets often encapsu-
late undesired or inappropriate content, necessitating meth-
ods that can selectively remove targeted concepts while pre-
serving overall model functionality. Generative machine
unlearning aims to facilitate precise modifications without
affecting unrelated knowledge.
Generative Machine Unlearning: Existing approaches fo-
cus on unlearning specific concepts from generative mod-
els. Gandikota et al. [4] used negative guidance in diffu-
sion models to steer the generation away from unwanted
visual elements like styles or object classes. FMN [28]
adjusts cross-attention mechanisms to reduce emphasis on

undesired concepts, while Kumari et al. [12] aligned target
concepts with surrogate embeddings to guide models away
from undesirable outputs. Thakral et al. [24] proposed a ro-
bust method of continual unlearning for sequential erasure
of concepts. For GANs, Tiwari et al. [25] introduced adap-
tive retraining to selectively erase classes. However, the
high computational cost of retraining remains a drawback
[4, 12, 23], highlighting the need for efficient methods.

Parameter-Efficient Fine-Tuning (PEFT) methods ad-
dress these computational challenges by modifying a small
subset of parameters. UCE [5] offers a closed-form edit-
ing approach that aligns target embeddings with surrogates,
enabling concept erasure while preserving unrelated knowl-
edge. SPM [13] introduced ”Membranes,” lightweight
adapters that selectively erase concepts by altering model
sensitivity. Similarly, Receler [10] incorporates ”Erasers”
into diffusion models, for robust and adversarially resilient
concept erasure with minimal impact on unrelated content.
Fine-Grained Classification: Fine-grained classification
tackles the challenge of distinguishing highly similar
classes, often complicated by subtle visual differences and
label ambiguities. In datasets like ImageNet [19], over-
lapping characteristics between classes hinder classification
accuracy. Beyer et al. [3] and Shankar et al. [22] introduced
multi-label evaluation protocols to accommodate multiple
entities within a single image, benefiting tasks such as or-
ganism classification.

Recent methods have advanced the evaluation of fine-
grained errors by automating their categorization. Va-
sudevan et al. [26] proposed an error taxonomy to
distinguish fine-grained misclassifications from out-of-
vocabulary (OOV) errors, enabling nuanced analyses of vi-
sually similar classes. Peychev et al. [16] automated error
classification, providing deeper insights into model behav-
ior in fine-grained scenarios.
Challenges in Adjacency-Aware Erasure: Despite
progress, achieving adjacency-aware erasure while main-
taining locality remains a significant challenge. Current un-
learning methods often struggle with fine-grained concept
forgetting, inadvertently affecting the semantic neighbor-
hood of the target concept. This underscores the need for
techniques that can selectively remove only the target con-
cept while preserving the integrity of related classes.

3. Fine-Grained Unlearning
3.1. Preliminary
Text-to-image diffusion models have become essential for
high-quality image synthesis by learning to generate im-
ages through a denoising process [1, 7]. Starting with Gaus-
sian noise, these models refine an image over T timesteps
by predicting the noise component ϵθ(xt, c, t) at each step
t, conditioned on a textual prompt c. This reverse pro-
cess, modeled as a Markov chain, aims to recover the fi-
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Figure 2. Visual illustration of complete erasure process. (a) The dataset D is organized into unlearning set Du and adjacency set A(ctar)
using concept neighborhood, (b) these sets are utilized by mesh-modules for selective erasure while maintaining semantic integrity if the
model on neighboring concepts.

nal image x0 from initial noise xT , with generation prob-
ability defined as Pθ(x0:T ) = P (xT )

∏T
t=1 Pθ(xt−1|xt),

where P (xT ) is the Gaussian prior. Latent Diffusion Mod-
els (LDMs) [18] further improve efficiency by operating in
a compressed latent space z, where z = E(x), and noise is
progressively added to obtain zt. The model learns to mini-
mize the difference between true noise ϵ and predicted noise
ϵθ, with a training objective:

  \mathcal {L} = \mathbb {E}_{z, t, c, \epsilon } \left [ \left | \epsilon - \epsilon {_\theta }(z_t, c, t) \right |_2^2 \right ], \; \epsilon \sim \mathcal {N}(0,1), 


  


      (1)

Given the high parameter count of these models, efficient
fine-tuning for unlearning tasks necessitates Parameter-
Efficient Fine-Tuning (PEFT) techniques. We employ a
LoRA-based method [9], termed Mesh Modules through-
out this paper, which selectively updates only a subset of
model parameters. Specifically, the weight update ∇W
for any pretrained weight matrix W0 ∈ Rd×k is decom-
posed as ∇W = BA, where B ∈ Rd×r, A ∈ Rr×k,
and r ≪ min(d, k). Only the smaller matrices A and B
are trained, preserving computational efficiency and limit-
ing the risk of overfitting by keeping W0 fixed. This adapta-
tion effectively enables precise concept removal while pre-
serving core generative capabilities.

3.2. Problem Formulation
Our objective is to selectively unlearn a target concept ctar ∈
C in a generative model while preserving its performance on
semantically similar (adjacent) and unrelated concepts. Let
D = {d1, d2, . . . , dN} represent a dataset where each data
point di is associated with a subset of concepts Cdi

⊆ C,
with C representing the universal set of all concepts learned
by the model. We denote the pre-trained generative model
as θ, mapping input prompts x ∈ X to images y ∈ Y ,
thereby learning the conditional distribution Pθ(y | x). To
achieve unlearning, we aim to update the model parame-
ters from θ to θU via an unlearning function U , such that

the probability of generating images associated with ctar i.e.,
yctar approaches zero for any input prompt x, expressed as
PθU (yctar | x) → 0, ∀x ∈ X . Simultaneously, we seek to
maintain the model’s performance on adjacent concepts and
unrelated concepts.

Let A(ctar) ⊆ C denote the adjacency set, containing
concepts closely related to ctar. The unlearning objective
must satisfy the following:
1. Retention of Adjacent Concepts:

  P_{\theta ^{\mathcal {U}}}(y_c \mid x) \approx P_{\theta }(y_c \mid x), \, \forall c \in \mathcal {A}(c_{\text {tar}}), \forall x \in \mathcal {X}.               (2)

2. Preservation of Unrelated Concepts:

  P_{\theta ^{\mathcal {U}}}(y_c \mid x) \approx P_{\theta }(y_c \mid x), \, \forall c \in \mathcal {C} \setminus { c_{\text {tar}} \cup \mathcal {A}(c_{\text {tar}}) }, \forall x \in \mathcal {X}.               
(3)

3.3. FADE: Fine-grained Erasure
We present FADE (Fine-grained Attenuation for Diffusion
Erasure), a method for targeted unlearning in text-to-image
generative models, designed to remove specific concepts
while preserving fidelity on adjacent and unrelated concepts
(see Figure 1). FADE organizes model knowledge into three
subsets: the Unlearning Set Du, the Adjacency Set Da, and
the Retain Set Dr.

The Unlearning Set Du consists of images generated us-
ing the target concept ctar, such as “Golden Retriever” for
a retriever breed class. The Adjacency Set Da contains
images of concepts similar to ctar (e.g., related retriever
breeds), ensuring the erasure of ctar does not compromise
the model’s ability to generate closely related classes. We
construct Da using Concept Neighborhood, which system-
atically identifies semantically proximal classes to ctar based
on similarity scores.

The Retain Set Dr, containing images of diverse and un-
related concepts (e.g., “Cat” or “Car”), serves as a check for
broader generalization retention. While successful retention
on Da typically implies generalization to Dr, testing with
Dr ensures no unintended degradation in unrelated areas.
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FADE employs a structured mesh to modulate the like-
lihood of generating images including ctar, gradually atten-
uating the concept’s influence while preserving related and
unrelated knowledge. We formalize this data organization
by ensuring Du ∪ Da ∪ Dr ⊆ D, with Du ∩ Da ∩ Dr = ∅.
The complete framework can be visualized in Figure 2.
Concept Neighborhood - Synthesizing Adjacency Set
Evaluating unlearning on fine-grained concepts requires an
adjacency set Da, designed to preserve the model’s perfor-
mance on concepts neighboring the target concept ctar. Ide-
ally, Da = {c ∈ C | sim(c, ctar) > τ}, where sim(c, ctar)
represents a semantic similarity function and τ is a thresh-
old for high similarity. However, in the absence of taxo-
nomical hierarchies or semantic annotations (e.g., WordNet
synsets), constructing Da becomes challenging. To address
this, we propose an approximation A(ctar), termed the Con-
cept Neighborhood, which leverages semantic similarities
to identify the top-K classes most similar to ctar and thus
serves as a practical substitute for Da.

To construct A(ctar), we proceed as follows: for each
concept c ∈ C, including ctar, we generate a set of images
Ic = {xc

1, x
c
2, . . . , x

c
m} using θ, where m is the number

of images per concept. Using a pre-trained image encoder
ϕ : X → Rd, we compute embeddings for each image:
f ci = ϕ(xc

i ) for all xc
i ∈ Ic. For each concept c, we

then compute the mean feature vector f̄ c = 1
N

∑N
i=1 f

c
i and

quantify the semantic similarity between the target concept
ctar and every other concept c ∈ C \{ctar} by calculating the
cosine similarity between their mean feature vectors:

  L(c_{\text {tar}}, c) = \frac { \left \langle \bar {\mathbf {f}}^{c_{\text {tar}}}, \bar {\mathbf {f}}^{c} \right \rangle }{ \left | \bar {\mathbf {f}}^{c_{\text {tar}}} \right | \left | \bar {\mathbf {f}}^{c} \right | },  


  


    (4)

where ⟨·, ·⟩ denotes the inner product, and ∥·∥ denotes
the Euclidean norm. We select the top-K concepts with the
highest similarity to ctar to form the adjacency set A(ctar) ={
c(1), c(2), . . . , c(K)

}
, where L(ctar, c

(i)) ≥ L(ctar, c
(i+1))

for i = 1, . . . ,K − 1, and c(i) ∈ C \ {ctar}.
This approach effectively constructs A(ctar) by captur-

ing the fine-grained semantic relationships inherent in the
latent feature space, approximating the ideal Da with a data-
driven methodology that leverages embedding similarity.

Our Concept Neighborhood method is further supported
by a theoretical link between k-Nearest Neighbors (k-NN)
classification in latent feature space and the optimal Naive
Bayes classifier under certain conditions, as established in
the following theorem:

Theorem 1 (k-NN Approximation to Naive Bayes in Rd).
Let x ∈ Rh×w×c represent an image with dimensions
height h, width w, and channels c. Let the mapping func-
tion ϕ : Rh×w×c → Rd project the image x into a latent
feature space Rd, where d ≪ hwc. Assume that the latent

features z := ϕ(x) are conditionally independent given the
class label C ∈ C.

Then, the k-Nearest Neighbors (k-NN) classifier operat-
ing in Rd converges to the Naive Bayes classifier as the
sample size N → ∞, the number of neighbors k → ∞,
and k/N → 0. Specifically,

  \lim _{N \to \infty } P\bigl (C_{\text {k-NN}}(\phi (\mathbf {x})) = C_{\text {NB}}(\mathbf {x})\bigr ) = 1. 




 


  (5)

A detailed proof is available in the supplementary mate-
rial, but intuitively, this result shows that the k-NN classi-
fier in latent space approximates the optimal classifier, sup-
porting the use of feature similarity (via k-NN) to identify
semantically similar concepts. Thus, the Concept Neigh-
borhood method approximates the latent space’s underlying
semantic structure, effectively constructing A(ctar) for ad-
jacency preservation in the unlearning framework.
Concept FADE-ing The proposed FADE (Fine-grained At-
tenuation for Diffusion Erasure) algorithm selectively un-
learns a target concept ctar through the mesh M , parame-
terized by θUM , while maintaining the model’s semantic in-
tegrity for neighboring concepts. FADE achieves this by
optimizing three distinct loss terms: the Erasing Loss, the
Guidance Loss, and the Adjacency Loss.
1. Erasing Loss (Ler): This loss is designed to encourage

the model to erase ctar by modulating the predicted noise
ϵθ in such a way that the changes in the unlearned model
are minimal with respect to semantically related classes
in A(ctar), thereby acting as a regularization term. Con-
currently, it drives the model’s representation of the tar-
get concept ctar in Du, disorienting it away from its initial
position. Formally, the Erasing Loss is defined as:

  \begin {split} \mathcal {L}_{\text {er}} = \max \Bigg (0, &\frac {1}{|\mathcal {A}(c_{\text {tar}})|} \sum _{x \in \mathcal {A}(c_{\text {tar}})} \left | \epsilon _{\theta ^{\mathcal {U}}_M}^{c_{\text {tar}}} - \epsilon _{\theta }^{x} \right |_2^2 \\ &- \frac {1}{|\mathcal {D}_u|} \sum _{x \in \mathcal {D}_u} \left | \epsilon _{\theta ^{\mathcal {U}}_M}^{c_{\text {tar}}} - \epsilon _{\theta }^{x} \right |_2^2 + \delta \Bigg ) \end {split}  




































 (6)

where ϵctar
θ represents the predicted noise for the target

concept, ϵxθ denotes the predicted noise for samples x in
either the adjacency set A(ctar) or the unlearning set Du,
and δ is a margin hyperparameter enforcing a minimum
separation between the noise embeddings of ctar and its
adjacent concepts.

2. Guidance Loss (Lguid): The Guidance Loss directs
the noise prediction for ctar toward a surrogate ”null”
concept, allowing unlearning without requiring a task-
specific surrogate. Formally, it is defined as:

  \mathcal {L}_{\text {guid}} = \left | \epsilon _{\theta ^{\mathcal {U}}_M}^{c_{\text {tar}}} - \epsilon _{\theta }^{c_{\text {null}}} \right |_2^2 











(7)

where ϵcnull
θ denotes the predicted noise for a neutral or

averaged “null” concept in the original model. By di-
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recting ctar toward a null state, this loss effectively nulli-
fies the influence of the target concept, facilitating gen-
eralized unlearning that is adaptable across tasks without
specific surrogate selection [12, 13].

3. Adjacency Loss (Ladj): The Adjacency Loss acts as a
regularization term, preserving the embeddings of con-
cepts in the adjacency set A(ctar) in the updated model
MθU . It penalizes deviations between the original and
updated model’s noise predictions for these adjacent
concepts, defined as:

  \mathcal {L}_{\text {adj}} = \frac {1}{|\mathcal {A}(c_{\text {tar}})|} \sum _{x \in \mathcal {A}(c_{\text {tar}})} \left | \epsilon _{\theta ^{\mathcal {U}}_M}^{x} - \epsilon _{\theta }^{x} \right |_2^2 















(8)

where ϵxθ and ϵxθU denote the noise predictions for con-
cept x in the original and updated models, respectively.
This loss constrains the modified model to retain the
structural relationships among adjacent classes, preserv-
ing the feature space of A(ctar) post-unlearning.

The total loss function for the FADE algorithm is a weighted
sum of the three loss terms:

  \mathcal {L}_{\text {FADE}} = \lambda _{\text {er}} \mathcal {L}_{\text {er}} + \lambda _{\text {adj}} \mathcal {L}_{\text {adj}} + \lambda _{\text {guid}} \mathcal {L}_{\text {guid}}        (9)

whereλer, λadj, and λguid are hyperparameters controlling
the relative influence of each loss term.

4. Experimental Details and Analysis
Datasets: We evaluate FADE using two protocols: (a)
Fine-Grained Unlearning (FG-Un), which focuses on
erasing ctar while preserving generalization on challeng-
ing concepts in Da, and (b) Coarse-Grained Unlearn-
ing (CG-Un), which assesses the model’s ability to re-
tain generalization on concepts in Dr. For FG-Un, we
utilize fine-grained classification datasets, including Stan-
ford Dogs [11], Oxford Flowers [15], Caltech UCSD Birds
(CUB) [27], and ImageNet-1k [19], due to their closely re-
lated classes. We evaluate FADE on three target classes per
fine-grained dataset and four target classes in ImageNet-1k.
Adjacency sets for these classes are constructed using the
Concept Neighborhood. For CG-Un, we follow standard
evaluation protocols [4, 10] for the Imagenette [8] and I2P
[20] datasets, where evaluations focus on the target class
and other classes, regardless of semantic similarity.
Baselines: We compare FADE with state-of-the-art meth-
ods for concept erasure, including Erased Stable Diffusion
(ESD) [4], Concept Ablation (CA) [12], Forget-Me-Not
(FMN) [28], Semi-Permeable Membrane (SPM) [13], and
Receler [10]. Open-source implementations and standard
settings are used for all baseline evaluations.
Evaluation Metrics: For FG-Un, we measure Erasing Ac-
curacy (Aer), which quantifies the degree of target con-
cept erasure (higher values indicate better erasure), and Ad-
jacency Accuracy (Aadj), which evaluates retention across

Similarity Score

Comparison of Erasing Methods: Similarity Scores vs 
Average Adjacency Accuracy

Figure 3. Radar plot comparing FADE with existing unlearning
methods (ESD, FMN, SPM, Receler) by structural similarity score
(circular axis, %) and adjacency accuracy (radial axes) on concepts
from the ImageNet-1k dataset. Most methods begin to degrade
beyond a similarity score of 70%, with SPM resilient until 90%
and FADE showing the highest robustness. For fair analysis, only
methods with Aer ≤ 20% are considered.

c ∈ A(ctar). To balance these, we introduce the Erasing-
Retention Balance (ERB) Score:

  \text {ERB Score} = \frac {2 \cdot A_{\text {er}} \cdot \hat {A}_{\text {adj}}}{A_{\text {er}} + \hat {A}_{\text {adj}} + \eta },  
  

   
 (10)

where Âadj =
1
|C|
∑

c∈C Aadj is the mean Adjacency Ac-
curacy, and η mitigates divide-by-zero errors. The ERB
score provides a harmonic mean to evaluate unlearning and
retention balance within A(ctar). For CG-Un, we follow
standard protocols for Imagenette and report classification
accuracy from a pre-trained ResNet-50 model before and
after unlearning. For I2P, we use NudeNet [2] to count nu-
dity classes and FID [6] to measure visual fidelity between
the original and unlearned models.

4.1. Results of Fine-Grained Unlearning (FG-Un)
We evaluate FADE’s fine-grained unlearning performance
on Stanford Dogs, Oxford Flowers, and CUB datasets,
as shown in Table 1. We select three target classes for
each dataset and define their adjacency sets using Con-
cept Neighborhood with K = 5. To address distribution
shifts, we fine-tune pre-trained classifiers on each dataset
with samples generated by the SD v1.4 model. We then
compute Erasing Accuracy (Aer) for the erased target class
and Adjacency Accuracy (Âadj), the mean classification ac-
curacy across adjacency set classes Aadj.
Performance on Fine-Grained Datasets: Table 1 demon-
strates that existing algorithms struggle to retain neighbor-
ing concepts while erasing the target concept, as reflected
by their low ERB scores. FMN shows the weakest ad-
jacency retention, followed by Receler and ESD. CA and
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Stanford Dogs Oxford Flowers CUB
Methods Metrics Welsh Springer

Spaniel
German

Shepherd Pomeranian
Barbeton

Daisy Yellow Iris Blanket Flower Blue Jay Black Tern Barn Swallow

Aer 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Âadj 20.00 20.00 34.00 48.00 6.00 4.00 15.00 8.00 38.00ESD [4]

(ICCV 2023) ERB 33.34 33.34 50.74 64.86 11.32 7.69 26.08 14.81 55.07
Aer 98.80 100.00 98.20 75.60 100.00 63.00 100.00 96.00 98.80
Âadj 0.20 0.57 0.60 1.96 7.44 0.84 0.42 2.76 4.28FMN [28]

(CVPRw 2024) ERB 0.39 1.14 1.19 3.82 13.84 1.65 0.84 5.36 8.13
Aer 63.00 79.20 68.00 70.20 67.60 27.00 68.60 77.62 42.40
Âadj 66.67 63.66 84.40 78.57 55.36 78.60 61.24 54.04 77.92CA [12]

(ICCV 2023) ERB 64.75 70.58 75.31 74.15 60.87 40.19 64.71 63.71 54.91
Aer 98.20 100.00 100.00 99.00 98.20 99.00 100.00 100.00 100.00
Âadj 41.76 46.20 50.72 53.56 39.66 61.24 31.98 34.88 43.44UCE [5]

(WACV 2024) ERB 58.80 63.27 67.30 69.51 56.50 75.67 48.46 51.72 60.56
Aer 57.80 99.20 33.60 70.00 48.40 54.00 85.40 86.28 92.60
Âadj 65.12 70.80 95.20 91.64 81.68 84.40 80.24 62.16 69.64SPM [13]

(CVPR 2024) ERB 61.24 82.62 49.66 79.37 60.78 65.86 82.73 72.23 79.49
Aer 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Âadj 2.40 2.80 1.16 6.32 0.52 0.88 0.68 0.12 1.28Receler [10]

(ECCV 2024) ERB 4.68 5.44 2.29 11.88 1.03 1.74 1.35 0.23 2.52
Aer 99.60 100.00 99.76 99.88 100.00 100.00 100.00 100.00 99.60
Âadj 92.60 95.52 94.76 92.44 90.80 91.28 97.28 89.76 95.40FADE (ours)
ERB 95.97 97.70 97.19 96.01 95.17 95.44 98.62 94.60 97.54

Table 1. Evaluation of erasing breeds of dogs, flowers, and birds from the Stanford Dogs, Oxford Flowers, and CUB datasets,
respectively. Aer represents erasing accuracy (higher is better), Âadj is the mean adjacency set accuracy (higher is better) from concept
neighborhood, and ERB reflects the balance between forgetting and retention.
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Figure 4. Qualitative comparison between existing and proposed algorithms for erasing target concepts and testing retention on
neighboring fine-grained concepts. We visualize one target concept each from the Stanford Dogs, Oxford Flowers, and CUB datasets.
Visualizations for more concepts are available in the supplementary.

SPM perform moderately, but FADE consistently outper-
forms all baselines by at least 15% across all target classes.
This highlights FADE’s superior ability to balance effec-
tive erasure of ctar with the retention of adjacent classes
in A(ctar), showcasing its effectiveness in fine-grained un-
learning tasks. Further evaluations for top-10 adjacency
concepts (available in supplementary) shows the effective-
ness of FADE for FG-Un.
Qualitative Analysis: Figure 4 presents generation results
for one target class and its adjacency set from each dataset
before and after applying unlearning algorithms (additional
examples in supplementary material). The first row shows

images generated by the original SD model, followed by re-
sults from each unlearning method. Consistent with Table 1,
ESD, FMN, and Receler fail to preserve fine-grained details
of neighboring classes. CA and SPM retain general struc-
tural features but often struggle with specific attributes like
color in dog breeds (e.g., Brittany Spaniel, Cocker Spaniel),
bird species (e.g., Florida Jay, Cardinal), and flower species.
These methods frequently produce incomplete erasure or
generalized representations. In contrast, FADE preserves
fine-grained details while ensuring effective erasure, as evi-
denced by sharper distinctions in adjacency sets.
Evaluation on ImageNet-1k Dataset: FADE’s perfor-
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Original SD v1.4 ESD FMN CA SPM Receler FADE (ours)
Atar ↑ Âothers ↑ Atar ↓ Âothers ↑ Atar ↓ Âothers ↑ Atar ↓ Âothers ↑ Atar ↓ Âothers ↑ Atar ↓ Âothers ↑ Atar ↓ Âothers ↑

Cassette Player 25.00 87.58 0.60 65.50 4.00 20.93 20.20 85.35 2.00 87.31 0.00 77.08 0.00 86.28
Chain Saw 64.00 90.52 0.00 66.66 0.00 39.22 72.80 86.35 20.22 81.44 0.00 70.22 0.00 88.90
Church 82.00 88.27 0.10 69.88 4.00 52.73 47.00 83.64 78.0 87.15 0.80 72.93 0.00 85.15
French Horn 99.8 88.55 0.20 60.55 3.00 38.13 100.00 86.11 13.89 76.91 0.00 66.37 0.00 87.22
Gas Pump 81.85 89.7 4.0 62.71 0.87 39.97 90.60 86.67 16.00 80.26 0.00 66.57 0.00 89.30
Parachute 97.24 86.37 4.0 72.67 11.60 54.33 94.39 85.88 53.60 82.55 1.00 72.57 0.72 84.05
Tench 72.00 88.23 0.00 72.22 1.79 56.22 68.80 86.26 21.80 81.46 3.00 7.66 0.00 87.85
English Springer 97.00 86.40 5.2 68.57 9.40 65.57 35.50 79.11 38.88 81.11 47.88 76.26 0.00 83.75
Garbage Truck 94.64 89.525 0.80 62.57 0.27 21.26 75.00 83.86 27.20 79.42 0.00 64.97 0.00 88.20
Golf Ball 99.85 86.05 0.60 61.50 24.00 54.80 99.60 86.08 50.00 81.75 0.00 69.82 1.6 85.25

Table 2. Comparative evaluation for coarse-grained unlearning on the Imagenette dataset with existing state-of-the-art methods.
For all models except the original SD model, a lower Atar indicates better erasure of the target concept, and a higher Âothers represents
better retention, as it is the average accuracy on the non-targeted concepts. Except for ‘Cassette Player,’ Âothers is computed over 8 classes,
excluding it due to its lower original accuracy for consistency with prior work.

Figure 5. NudeNet Evaluation on the I2P benchmark. The numbers followed by ”SD” indicate the count of exposed body parts in the
SD v1.4 generations. The binplots show the reduction achieved by different methods for erasing nudity. Compared to prior works, FADE
effectively eliminates explicit content across various nude categories.

Target Class Golf Ball Garbage Truck English Springer Tench
ESD 44.81 44.91 50.07 74.74
FMN 49.62 3.30 1.42 56.96
CA 0.79 39.49 63.56 35.72
SPM 63.64 75.18 86.02 72.30
Receler 20.07 32.77 47.62 56.36
FADE (ours) 96.82 91.65 97.93 87.08

Table 3. Evaluation of erasing structurally similar concepts
from ImageNet-1k dataset. We present the ERB scores, with
FADE significantly outperforming all existing algorithms. Aer and
Âadj are available in the supplementary.

mance on ImageNet-1k is evaluated for target classes such
as Balls, Trucks, Dogs, and Fish. Using Concept Neigh-
borhood, adjacency sets closely align with the manually cu-
rated fine-grained class structure by Peychev et al. [16],
demonstrating Concept Neighborhood’s accuracy. Table
2 shows that FADE outperforms all baselines, achieving
at least 12% higher ERB scores than SPM, the next-best
method. FMN and CA perform poorly in both adjacency
retention and erasure. Additional details on adjacency com-
position and metrics are provided in the supplementary.
Adjacency Inflection Analysis: We evaluate the robust-
ness of algorithms as semantic similarity increases using
fine-grained classes from ImageNet-1k and fine-grained
datasets. Figure 3 illustrates the relationship between CLIP-
based structural similarity (circular axis, %) and average ad-
jacency accuracy (radial axes). FMN and ESD degrade at

ESD

FMN

CA

SPM

Receler

SD
(original)

“Garbage 
Truck” “Tow Truck” “Trailer truck” “Moving van” “Snowplow”

FADE
(ours)

“Ambulance” “Parachute” “Church” “Gas Pump” 

Target Concept Fine-Grained Concepts in the Adjacency Set Coarse-Grained Concepts in the Retain Set

Figure 6. Comparison of FADE with various algorithms for eras-
ing the ’garbage truck’ class in Fine-Grained and Coarse-Grained
Unlearning. The target class, adjacency set and the retain set and
constructed from the ImageNet-1k dataset.

SD

FADE
(ours)

Added to hide inappropriate content generated by original SD model 

Figure 7. Visualization of before and after unlearning nudity
through FADE. The prompts are borrowed from I2P dataset.

78% similarity, with Receler failing at 80%. SPM shows
moderate resilience but struggles beyond 90% similarity. In
contrast, FADE maintains high adjacency accuracy, demon-
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Components Metrics
Lguid Ler Ladj Aer ↑ Âadj ↑ ERB ↑
✓ ✓ ✓ 99.60 92.60 95.97
✓ ✓ × 25.40 80.24 38.58
✓ × ✓ 28.00 95.08 43.26
✓ × × 31.80 78.16 45.20
× ✓ ✓ 100.0 76.12 86.44
× ✓ × 43.60 90.44 58.83

Table 4. Ablation study with different components of FADE with
target class as Welsh Springer Spaniel.

strating robustness even at high similarity levels, validating
its effectiveness in adjacency-aware unlearning tasks.

4.2. Coarse-Grained Unlearning(CG-Un) Results
We evaluate FADE and state-of-the-art methods on the Im-
agenette dataset, which exhibits minimal semantic overlap.
Results are presented in Table 2. For each target class, we
report the target erasure accuracy (Atar, lower is better) and
the average accuracy on other classes (Âothers, higher is
better). These metrics assess erasure on Du and retention
on Dr. FADE achieves the best balance between erasure
and retention, outperforming all baselines. CA and SPM
perform moderately well due to their partial target class re-
moval, which preserves structure and enhances retention.
Receler, ESD, and FMN exhibit sub-optimal performance,
with FMN being the weakest.
Qualitative Analysis: Figure 4 illustrates qualitative re-
sults for the overlapping class of “Garbage Truck” from
ImageNet-1k and Imagenette. While ESD, FMN, SPM, and
Receler unlearn the target class, they struggle with general-
izability across adjacent classes. FADE, in contrast, demon-
strates robust generalizability in both FG-Un (ImageNet-
1k) and CG-Un (Imagenette), achieving the highest overall
performance (Table 2). Additional visualizations for FG-Un
and CG-Un classes are included in the supplementary.
Nudity Erasure on I2P: We further evaluate FADE on I2P
nudity prompts using NudeNet to detect targeted nudity
classes. FADE achieves the highest erasure ratio change
of 87.88% compared to the baseline SD v1.4 model, out-
performing all methods. Among competitors, SPM ranks
second, followed by Receler and ESD. On the nudity-free
COCO30K dataset, FADE scores an FID of 13.86, slightly
behind FMN (13.52). However, FMN’s erasure ratio change
is significantly lower at 44.2%, highlighting its ineffective-
ness in nudity erasure. Figure 7 shows qualitative results,
illustrating FADE’s superior performance in removing nu-
dity across various prompts.

4.3. Ablation Study
We study the individual contributions of FADE’s loss com-
ponents: guidance loss (Lguid), erasing loss (Ler), and adja-
cency loss (Ladj). Table 4 shows results for the target class
“Welsh Springer Spaniel” using Erasure Accuracy (Aer),

Adjacency Accuracy (Âadj), and the ERB score. The com-
plete model achieves the highest ERB score of 95.97, bal-
ancing target erasure and adjacency preservation. Exclud-
ing Ladj results in a sharp drop to 38.58 ERB, highlight-
ing its role in adjacency retention. Removing Ler reduces
ERB to 43.26, emphasizing its importance in precise era-
sure. Similarly, omitting Lguid achieves perfect erasure ac-
curacy (100.0) but lowers ERB to 86.44, reflecting its neces-
sity for maintaining structural integrity in the adjacency set.

4.4. Qualitative and User Study

We conducted a user study with 40 participants aged 18–89
to evaluate FADE’s performance from a human perspec-
tive. Participants assessed both erasure and retention tasks
across nine target concepts (see Table 1), each paired with
their top three related concepts from the Stanford Dogs,
Oxford Flowers, and CUB datasets. For the erasure eval-
uation, participants judged whether images generated by
the unlearned models effectively removed the target con-
cept. For the retention evaluation, they assessed if adjacent
classes were correctly retained. Real examples were pro-
vided beforehand to ensure consistency. Each participant
evaluated 81 images. Scores from the erasure and reten-
tion tasks were aggregated to compute the ERB score for
each method. The user study results yielded ERB scores
as follows: FADE achieved the highest score of 59.49, out-
performing CA (49.38), SPM (49.13), FMN (43.07), ESD
(38.43), and Receler (0.06). Participants noted that CA of-
ten failed to fully remove the target concept, while Receler
adversely affected adjacent classes. These findings high-
light FADE’s superiority in balancing effective erasure and
retention, as perceived by human evaluators.

5. Conclusion
This work introduces adjacency in unlearning for text-to-
image models, highlighting how semantically similar con-
cepts are disproportionately affected during erasure. Cur-
rent algorithms rely on feature displacement, which ef-
fectively removes target concepts but distorts the seman-
tic manifold, impacting adjacent concepts. Achieving fine-
grained unlearning, akin to creating “holes” in the mani-
fold, remains an open challenge. The proposed FADE ef-
fectively erases target concepts while preserving adjacent
knowledge through the Concept Neighborhood and Mesh
modules. FADE advances adjacency-aware unlearning, em-
phasizing its importance in maintaining model fidelity.
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