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Abstract

Text-guided diffusion models are used by millions of users, but can
be easily exploited to produce harmful content. Concept unlearning
methods have emerged as a principled model-level defence, but
state-of-the-art methods remain brittle: they are vulnerable to ad-
versarial prompts, degrade generation quality for benign concepts,
and lack interpretability. Concept localization approaches improve
on concept unlearning through more targeted and interpretable se-
lective fine-tuning, but current techniques are still limited: they are
static, which results in suboptimal utility andweak robustness. In or-
der to tackle these challenges, we propose TRuST (TargetedRobust
Selective fine-Tuning), a novel approach for dynamically localizing
target concept neurons and unlearning them demonstrated with two
new optimisation objectives and a selective fine-tuning method.
We evaluate TRuST under both static and adaptive adversaries, and
show experimentally, against a number of state-of-the-art baselines,
that TRuST achieves up to 14× reduction in Attack Success Rate
(ASR) across both adversary types, preserves generation quality
(ΔFID = 0.016, CLIP = 30.95), and converges in up to 22× fewer
fine-tuning steps than the state-of-the-art. Our method achieves
robust and interpretable unlearning of not only individual con-
cepts but also combinations of concepts and conditional concepts,
without any task-specific regularization. Content Warning: This
paper contains examples of unsafe and explicit visual content and
language included solely for research and evaluation purposes.
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1 Introduction

Text-guided diffusion models are the most prevalent class of text-to-
image (T2I) generative models and are used by millions of users to
generate and distribute photorealistic images. However, their grow-
ing popularity has sparked ethical and safety concerns. T2I models
are already exploited to generate harmful content, including explicit
or extortionate images, biased outputs, and manipulative content
aimed at influencing public opinion, such as during elections[47],
thus eroding trust from digital media. Recent works [3] have identi-
fied 22 potential risks posed by T2I diffusion models. This behavior
predominantly arises because these models are trained on diverse
datasets that inadvertently include harmful or undesirable concepts.

Therefore, developing effective safeguards against such misuse
poses an urgent challenge. Existing approaches, though effective
in the removal of targeted concepts, are vulnerable to adversar-
ial attacks [58] and tend to degrade the generation quality of the
non-targeted concepts [42]. Importantly, they also undermine a
critical aspect of harmfulness. Harmful concepts could be gener-
ated out of the combination of different simple harmless concepts,
for example, concepts like “child” and “beer” could be harmless by
themselves, but could be harmful when used in a combination such
as “child drinking beer”. Due to the compositional ability of these
models [34], these models are capable of generating a harmful con-
cept by combining benign concepts. Only recently [33] introduced
a method (CoGFD) for addressing Concept Combination Erasure
(CCE). CoGFD unlearns the harmful concept combination while
preserving the benign constituent concepts. The method is effective,
but only prevents accidental unsafe generations in very confined
scenarios used in its logic graph, thus confining the adversarial
robustness. It also relies on an LLM for generating the logic graph
which is then used for formulating the unlearning loss function. No-
tably, CoGFD fine-tunes the entire model, making the process less
targeted leading to suboptimal utility preservation. Robustly un-
learning a concept combination without impacting related concepts
demands precise editing of the model.

Prior research [1, 26, 30] established prominent results regarding
the presence of groups of neurons and layers in the cross-attention
(CA) layers of the T2I models, which primarily contribute towards
the generation of a concept. Subsequent concept unlearning tech-
niques leverage this localization for developing selective unlearning
techniques with minimal impact on non-targeted concepts [1, 9].
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(a) Challenges with the existing Unlearning Techniques
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(c) Precise Concept Unlearning with TRuST 
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Figure 1: (a) Safety-unlearned T2I models remain vulnerable to both static and adaptive adversaries, while degrading image

quality and faithfulness on benign concepts. (b) Existing methods rely on static neuron localization, which becomes outdated

during fine-tuning and yields weak adversarial robustness. (c) TRuST dynamically re-identifies concept neurons at each step

and suppresses them via CIP or CSR regularization, achieving robust unlearning under both adversary types.

However, these methods assume that the localization of relevant
neurons remains static throughout fine-tuning. While this simpli-
fies the parameter selection process, it overlooks the fact that salient
neuron localization is dynamic and reconfigures as themodel adapts
to the unlearning objective. In our experiments, we observed that
neuron activations and gradient magnitudes associated with a tar-
get concept change significantly at each step, suggesting that a
fixed saliency determination becomes outdated early in training
and results in suboptimal unlearning. Moreover, state-of-the-art
(SOTA) unlearning techniques such as SalUn [9] rely on localiza-
tion based on the predicted noise during the denoising process in
diffusion models, which does not have any grounding based on the
actual concept.

In our work, we found that predicted noise based grounding is
not robust and requires more than 5x finetuning steps and 8x more
wall clock time to achieve unlearning of the targeted concepts even
if we improve it with dynamic localization of tunable parameters.
Furthermore, we empirically observe that the existing methods are
less effective in capturing howmultiple concepts interact. Although
interpretability-based approaches using model activations as the
grounding[1, 7, 23, 46] are particularly useful for isolating features
tied to discrete concepts, they tend to struggle to represent fine-
grained relationships or contextual dependencies between concepts.

Robust unlearning requires disentangling concepts and their re-
lations which demands precise editing of the model. In this work,
we propose TRuST a selective and fine-grained neuron-level model
editing approach. TRuST is based on two core ideas. Firstly, neuron
saliency is dynamic. TRuST identifies the neurons responsible for
encoding both simple and complex concepts and relations, using
a new saliency mask driven by the alignment of the input prompt
with the generated image which renders the approach more effec-
tive compared to existing noise-based masks. Secondly, unlearning
effectiveness is improved with more direct disentanglement of tar-
get from benign concepts. TRuST performs a selective unlearning

of specific concepts based on two novel objectives which can target
the salient neurons with minimal impact on the generation of other
non-targeted benign concepts or other safe concept combinations.

Contributions. Here we summarize our contributions:

(1) We propose a novel CLIP Score based gradient-based method
for identifying the concept neurons which encode target se-
mantic concepts within the cross-attention layers of T2I
diffusion models. This enables fine-grained localization of
not just individual concepts but also nuanced concept com-
binations.

(2) We introduce a selective fine-tuning method and two novel
unlearning objective functions that dynamically update iden-
tified neurons to robustly unlearn target concepts while pre-
serving the generation quality for unrelated concepts and
selectively disentangling harmful/undesired associations be-
tween concepts.

(3) We embody these into a new end–to–end unlearning frame-
work (TRuST)whichwe rigorously benchmark against SOTA
concept unlearning techniques and characterize through ab-
lation studies. Our results strongly support the improved
effectiveness and precision of our approach.

2 Related Work

Most of the safeguarding T2I diffusion models can be broadly cate-
gorized into: data update methods and model-level interventions.
From the data update perspective, several approaches aim to provide
formal guarantees of unlearning, such as differential privacy-based
unlearning and certified data removal techniques [5, 14]. While
these methods offer strong theoretical guarantees, they typically
require retraining the model from scratch after removing sensitive
data from the training set [39, 48], making them computationally
expensive and often impractical, especially given the compositional
generalization abilities of generative T2I models [34].
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An alternative direction is post-hoc safeguarding, which avoids
retraining altogether. These methods operate by sanitizing the
prompt before it is fed into the model [52], denying generation
based on prompt analysis, or applying filtering or safety checks
to the generated images [8, 54]. While these safeguards can be ef-
fective in certain scenarios, they remain vulnerable to adversarial
prompt attacks that can bypass safety filters [11, 49, 53, 58].

Recently, a growing number of methods have been proposed
from the perspective of model-level interventions in T2I diffu-
sion models. These approaches can be broadly classified into two
categories: model/knowledge editing and model steering. To pro-
vide a structured overview of these methods, we introduce an ab-
stract comparative framework spanning seven dimensions, four
methodology-driven (columns [1-4]) and three use case-oriented
(columns [5-7]), as summarized in Table 1. This analysis highlights
the key design choices and applications that differentiate existing
works, and also shows how TRuST is positioned.

2.1 Model steering

Model steering techniques aim to guide the generation process at
inference time by computing steering vectors, typically in the latent
space, that suppress or amplify certain concepts without modify-
ing the model’s parameters. Some approaches[23, 55], operate in
the text embedding space, either switching off offensive concept
features or projecting embeddings away from unsafe directions.
Others[21, 43], focus on computing steering directions in the latent
noise or unconditional sampling space, often leveraging negative
prompting to identify vectors that suppress undesired concepts
during sampling. Recent methods inspired from mechanistic inter-
pretability [1], rely on causal tracing to identify the cross attention
(CA) layers within U-Net [40], that are most responsible for specific
concepts by perturbing text embeddings, and use them to steer.
Similarly, sparse autoencoders (k-SAE) have been used to isolate
concept-specific attention heads[7], while CA saliency maps have
been employed to extract concept-relevant parameters [32]. Al-
though these steering methods offer practical advantages such as
being non-destructive to model weights, they increase inference
time by a multifold. Additionally, these methods are brittle and very
sensitive to the choice of guidance/steering parameters.

2.2 Model/Knowledge Editing

This category of methods focuses on editing model parameters to
reduce the likelihood of generating specific concepts by modifying
only those parameters that store concept-relevant knowledge. Prior
studies [11, 25] have demonstrated that such information is primar-
ily embedded within the CA layers of DDPM [17] models. Several
methods [11, 15, 31, 50, 56] leverage this insight by fine-tuning the
entire set of CA layers to achieve concept unlearning. In contrast,
other techniques[12, 13], perform closed-form post-hoc edits of CA
weights, eliminating the need for retraining. Building on these find-
ings, recent works have attempted to localize specific layers [1] or
identify individual neurons [9] within the CA layers that are most
responsible for encoding the undesired concepts. These identified
components are then edited either via anchor-based techniques,
replacing unsafe generations with aligned alternatives [9] or by
ablating them until the undesired concept is suppressed [28]. While

these methods have shown promising results, they often suffer from
key limitations: they require extensive fine-tuning, are vulnerable
to adversarial prompts, and may degrade the model’s performance
on unrelated (non-targeted) concepts [55].

While existing methods effectively unlearn individual concepts,
limited progress has been made on combinations of concepts [33] or
conditional associations [50]. Our approach, TRuST, addresses this
by dynamically estimating concept neurons using a CA saliency-
based method. Unlike SalUn[9], which relies on static neurons
(which means concept neurons are identified at the beginning of
the fine-tuning process and never updated), we update concept
neurons continuously during the fine-tuning stage with an efficient
batch-based sampling strategy. This enables scalability and effective
unlearning of multiple concepts and relationships.

3 Preliminaries

Diffusion models. Diffusion models have emerged as a dominant
paradigm in generative modeling, especially for high-fidelity image
synthesis. These models define a generative process by learning to
invert a fixed, stochastic forward noising process. Specifically, given
a data distribution 𝑥0 ∼ 𝑝data (𝑥), a forward process is constructed
by gradually corrupting 𝑥0 into a Gaussian noise sample 𝑥𝑇 over 𝑇
time steps. The noising process is defined as a Markov chain:

𝑞(𝑥𝑡 |𝑥𝑡−1) :=N(𝑥𝑡 ;
√
𝛼𝑡𝑥𝑡−1, (1 − 𝛼𝑡 )I), (1)

where 𝛼𝑡 ∈ (0, 1) denotes the variance schedule controlling the
noisemagnitude at each step 𝑡 [17], andN is the normal distribution.
Under the assumption that 𝑥𝑇 ∼ N(0, I), the goal of the reverse
process is to denoise this Gaussian noise back to a data sample
by estimating the conditional probabilities 𝑝𝜃 (𝑥𝑡−1 |𝑥𝑡 ). In practice,
this reverse denoising process is equipped with a denoiser network
𝜖𝜃 typically parameterized using conditional U-Nets [40], trained
to predict the added noise 𝜖 instead of directly modeling 𝑥𝑡−1:

LDM = E𝑥0,𝜖,𝑡
[
∥𝜖 − 𝜖𝜃 (𝑥𝑡 , 𝑡)∥22

]
, (2)

where 𝑥𝑡 =
√
𝛼𝑡𝑥0 +

√
1 − 𝛼𝑡𝜖 , and 𝛼𝑡 =

∏𝑡
𝑠=1 𝛼𝑠 .

Latent Text-to-Image Diffusion. To make diffusion models more
computationally efficient and semantically controllable, recentworks
introduce latent-space diffusion models conditioned on text [39, 41].
Here, an autoencoder is first used to encode an image 𝑥 into a latent
representation 𝑧 = E(𝑥), and the diffusion process is performed
on 𝑧 rather than the pixel space, learning a posterior distribution.
Additionally, the generative process is conditioned on a text embed-
ding 𝑐 , typically obtained from a pretrained language-image model
such as CLIP [37] or T5 [38]. The training objective for the latent
diffusion model follows:

LLDM = E𝑧𝑡 ,𝜖,𝑡,𝑐

[
∥𝜖 − 𝜖𝜃 (𝑧𝑡 , 𝑐, 𝑡)∥22

]
, (3)

where 𝑧𝑡 denotes the noisy latent at step 𝑡 .

Cross-Attention (CA).. A crucial component enabling semantic
alignment between text and image in text-to-image diffusionmodels
is the use of CA mechanisms. At each layer of the denoiser network
𝜖𝜃 , the intermediate feature map attends to a text embedding 𝑐 ∈
R𝐿×𝑑 , where 𝐿 is the number of tokens and 𝑑 is the embedding
dimension, typically obtained from a pretrained languagemodel like
CLIP [37]. Formally, the CA is computed with the query 𝑄 ∈ R𝑁×𝑑
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Method

Weights

Modification[1]
Training

Free[2]
Anchor

Free[3]
CN/Layer

Targeted Tuning[5]
Multiple

Concepts[5]
Concept

Combination[6]
Conditional

Concepts[7]
SAFREE [55] ✗ ✓ ✓ ✗ ✗ ✗ ✗

Concept Steerers [23] ✗ ✓ ✓ ✗ ✗ ✗ ✗

SLD-Max [43] ✗ ✓ ✗ ✗ ✗ ✗ ✗

TraSCE [21] ✗ ✓ ✗ ✗ ✗ ✗ ✗

LOCOEDIT [1] ✗ ✓ ✗ ✓ ✗ ✗ ✗

SAeUron [7] ✗ ✓ ✓ ✓ ✓ ✗ ✗

Concept Correctors [32] ✗ ✓ ✗ ✓ ✓ ✗ ✗

UCE [12] ✓ ✓ ✗ ✗ ✓ ✗ ✗

RECE [13] ✓ ✓ ✗ ✗ ✗ ✗ ✗

SSD [10] ✓ ✓ ✓ ✓ ✗ ✗ ✗

SLUG [4] ✓ ✓ ✗ ✓ ✗ ✗ ✗

ESD [11] ✓ ✗ ✓ ✗ ✓ ✗ ✗

SA [15] ✓ ✗ ✗ ✗ ✗ ✗ ✗

CA [25] ✓ ✗ ✗ ✗ ✗ ✗ ✗

MACE [31] ✓ ✗ ✗ ✗ ✓ ✗ ✗

SDID [27] ✓ ✗ ✗ ✗ ✗ ✗ ✗

All but One [19] ✓ ✗ ✗ ✗ ✗ ✗ ✗

ANT [28] ✓ ✗ ✓ ✓ ✓ ✗ ✗

SalUn [9] ✓ ✗ ✗ ✓ ✗ ✗ ✗

AdvUnlearn [56] ✓ ✗ ✓ ✗ ✗ ✗ ✗

Moderator [50] ✓ ✗ ✓ ✗ ✓ ✓ ✗

CoGFD [33] ✓ ✗ ✓ ✗ ✗ ✓ ✗

TRuST (Ours) ✓ ✗ ✓ ✓ ✓ ✓ ✓

Table 1: A structured overview of prior methods using a comparative framework across seven dimensions: four methodology-

driven (columns [1–4]) and three use case-oriented (columns [5–7]). This analysis highlights key design choices and applications

that distinguish existing works and contextualizes the positioning of our approach.

derived from the image latents (with 𝑁 being the number of spatial
locations in 𝑧𝑡 ), and the key 𝐾 ∈ R𝐿×𝑑 and value 𝑉 ∈ R𝐿×𝑑 are
linear projections of the text embedding 𝑐 , as:

Attention(𝑄,𝐾,𝑉 ) = softmax
(
𝑄𝐾⊤
√
𝑑

)
𝑉 (4)

This formulation allows each spatial position in the image latent
to attend to all tokens in the text prompt, enabling fine-grained
semantic alignment. The resulting aligned features are then used
in U-Net to guide the generation.

Saliency Maps. Saliency Maps are essentially a maskM defined
on CA layers, representing the targeted parameters in the CA layers,
which predominantly hold information regarding the concept under
investigation 𝑐 . Prior works [9] defined the saliency map based on
the gradient of the difference of the predicted noise 𝜖𝜃 (𝑧𝑡 , 𝑐, 𝑡) and
actual noise 𝜖𝜃 at a random timestep 𝑡 for a given concept prompt
𝑐 and image latent 𝑧:

M = 𝜂

(
𝑛∑︁
𝑖=1

��∇𝜃=𝜃0 (𝜖𝜃 (𝑧𝑡 , 𝑐, 𝑡) − 𝜖𝜃 )
�� > 𝛾 ) , (5)

where 𝜂 (𝑔 > 𝛾) is an element-wise indicator that returns 1 if 𝑔𝑖 ≥ 𝛾 ,
and 0 otherwise; | · | is the element-wise absolute value; 𝛾 > 0 is a
threshold.

4 Problem Statement and Motivation

4.1 Problem Statement and Definitions

Let 𝜃 denote the parameters of a pre-trained text-to-image diffusion
model. The objective of machine unlearning (MU) is to compute an
updated parameter set 𝜃 ′ such that the resulting model 𝑓𝜃 ′ satisfies
the following properties:

(1) Effectiveness (Concept Erasure): 𝑓𝜃 ′ reliably suppresses
the generation of a target unsafe concept 𝑐𝑢 .

(2) Utility Preservation: 𝑓𝜃 ′ retains its ability to generate high-
quality, semantically faithful images for prompts 𝑐𝑟 ∈ C𝑟 ,
where C𝑟 denotes a retained (benign) prompt set.

(3) Erasure Efficiency: the update from 𝜃 to 𝜃 ′ should be
achieved with minimal computational cost and data require-
ments.

We define effectiveness in terms of robustness to both static and
adversarial unsafe generations. This is quantitatively measured
by Attack Success Rate(ASR), Unlearning Accuracy(UA)[7] and
CLIPScore. Refer to Appendix ?? for a more detailed discussion on
the metrics.

Utility measures the extent to which the model’s generation
capabilities for safe prompts are preserved. It is evaluated using
FID, CLIPScore, TIFA, and the Retaining Accuracy (RA)[7](refer to
Appendix ??).

Finally, we define Erasure Efficiency as the ability to achieve low
ASR (or high UA) using minimal unsafe data and compute budget.
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Efficient methods require fewer fine-tuning steps and less exposure
to unsafe concepts, making them more practical for real-world
deployment in safety-critical settings.

4.2 Challenges

TRuST aims to tackle three major challenges in machine unlearning.

Challenge 1: Catastrophic Interference: Similar to catastrophic
forgetting, standard fine-tuning introduces unintended concept in-
terference, whereby changesmade to remove an unsafe concept also
perturb its neighboring representations in latent space. SOTA un-
learning techniques, though good at unlearning the target concept,
impact the overall utility of the model towards benign concepts as
shown in Figure 2(a).

Challenge 2: Saliency shift during optimization: To address
the above challenge others localized parts of the model to enable
selective fine-tuning. Recent concept localization works such as
SalUn (by )[9]) assume for simplicity that the set of concept neurons
remains unchanged across all the finetuning steps. However, the set
changes after every step. Figure 2(b) shows how the total number
of concept neurons vary in SalUn after every finetuning step.

Challenge 3: Sample and Step Efficiency: Existing unlearning
methods often require hundreds to thousands of update steps and
substantial data exposure to converge, particularly when applied
to semantically entangled or combinatorial concepts as shown in
Figure 2(c).

5 Threat Model

Here we formalize the threat model governing our evaluation of
concept unlearning in text-to-image (T2I) diffusion models. Let 𝑓𝜃 ′
denote a safety-edited model whose parameters 𝜃 ′ are obtained by
applying a concept-unlearning algorithm to a pre-trained model
𝑓𝜃 , with the goal of suppressing the generation of a target unsafe
concept 𝑐𝑢 .

Adversary’s Goal. The adversary seeks to recover the suppressed
concept 𝑐𝑢 from 𝑓𝜃 ′ . Formally, the adversary crafts a set of adver-
sarial prompts A(𝐶𝑢 ), where 𝐶𝑢 denotes the set of prompts that
leads to the generation of 𝑐𝑢 , such that:

∃ 𝑐 ∈ A(𝐶𝑢 ) : 𝐷 (𝐼𝑐 ) = 1, 𝐼𝑐 = 𝑓𝜃 ′ (𝑐), (6)

where 𝐷 (𝐼𝑐 ) ∈ {0, 1} is a binary detector (e.g., NudeNet when
𝑐𝑢 = ‘Nudity’) that returns 1 if the erased concept is present in the
generated image 𝐼𝑐 . The effectiveness of such attacks is quantified
by the Attack Success Rate (ASR), defined in Equation 7.

Adversary’s Knowledge. For a realistic evaluation, we consider
two distinct threat levels based on the adversary’s knowledge of the
deployed model 𝑓𝜃 ′ and the unlearning algorithm, a static adversary
and an adaptive adversary.

Static Adversary. A static adversary has no knowledge of the de-
ployed model 𝑓𝜃 ′ , its architecture, parameters, or the specific un-
learning algorithm applied. Adversarial prompts in A(𝐶𝑢 ) are con-
structed a priori, independently of the target model, relying solely
on semantic knowledge of the concept 𝑐𝑢 or transferability from
surrogate models. We consider the following static adversaries

based on both well–established (facilitating comparisons) and SOTA
works:
• I2P [43]: a black-box attack that generates adversarial prompts
by paraphrasing and obfuscating the original concept 𝑐𝑢 us-
ing a large language model, without any access to 𝑓𝜃 ′ .
• Ring-A-Bell [49]: a model-agnostic red-teaming tool that
extracts unsafe concept vectors and employs a genetic algo-
rithm over a proxy visual encoder to construct adversarial
prompts, requiring no access to 𝑓𝜃 ′ .
• MMA-Diffusion [53]: a multi-modal attack that jointly per-
turbs text prompts and input images using a surrogate model
to bypass prompt filters and post-hoc safety checkers, with-
out querying 𝑓𝜃 ′ directly.

Adaptive Adversary. Despite the multiple approaches considered
in the static adversary model, the robustness of any defense mech-
anism should be evaluated against adaptive adversaries as well,
since we cannot assume the adversary did not or will not have
access to the defense mechanism. This could happen through de-
liberate open-sourcing, reverse-engineering or model extraction
attacks, online breaches or insider threats. We consider an adaptive
adversary with full knowledge of the deployed model 𝑓𝜃 ′ , including
its architecture, weights 𝜃 ′, and the unlearning procedure used to
produce them. To evaluate TRuST against this most challenging
case, we consider SOTA attacks where adversarial prompts are
optimized specifically against 𝑓𝜃 ′ , exploiting gradient information
or internal model representations. The adaptive adversary may in-
spect and exploit the released model, but its attack operates through
prompts and does not modify the model parameters. While this is
the primary adversary TRuST is designed to defend against, for
completeness, we additionally evaluate robustness to post-release
model-side recovery which we discuss separately in Section 8.5.
• P4D [6]: optimizes continuous adversarial prompts by mini-
mizing the discrepancy between the noise predicted by 𝑓𝜃 ′
conditioned on the adversarial prompt and that predicted by
an unprotected reference model, requiring white-box access
to 𝑓𝜃 ′ .
• UnlearnDiffAtk [58]: exploits the intrinsic classification
capability of 𝑓𝜃 ′ itself to directly optimize discrete adversarial
prompts via the PGD algorithm, with full gradient access to
the target model.

Adversary’s Capabilities.The adversary can craft prompts through
obfuscation, paraphrasing, semantic indirection, or compositional
manipulation of 𝑐𝑢 . Both static and adaptive adversary effectiveness
are formalized via the Attack Success Rate (ASR) metric:

ASR =
1

|A(𝐶𝑢 ) |
∑︁

𝑐∈A(𝐶𝑢 )
𝐷 (𝐼𝑐 ), (7)

where a lower ASR indicates stronger robustness of the unlearning
method against the respective adversary type.

Defender’s Goal. Given these two threat levels, the unlearned
model 𝑓𝜃 ′ (defender) must simultaneously satisfy the three machine
unlearning properties, i.e. effectiveness, utility preservations, and effi-
ciency (Section 4.1) for all 𝑐 ∈ 𝐶𝑢 ∪A(𝐶𝑢 ) in the ideal case. TRUST
is designed to optimize for all three properties under both static
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computation of Δ CLIP and Δ FID.

and adaptive adversaries, as demonstrated in our experimental
evaluation (Section 7.2).

6 Methodology

TRuST tackles the above challenges and achieves fine-grained and
robust unlearning of individual concepts and combinations of con-
cepts through three main techniques: (a) identification of concept
neurons; (b) design of concept unlearning objectives; and (c) an
adaptive mask–guided fine-tuning process. An overview of TRuST
is provided in Figure 3. We devise a novel concept neuron identifica-
tion process that relies on dynamically estimating concept neurons
with the help of gradients of an alignment objective. During fine-
tuning, we apply two complementary regularization strategies. The
first, Concept Influence Penalty (CIP): directly targets the concept
neurons and encourages sparsity in the set of activated concept
neurons by penalizing the number of high-influence parameters,
which can be treated as hard unlearning. The second, Concept
Sensitivity Reduction (CSR) is an indirect and more generalizable
method which minimizes the sensitivity (updates the local curva-
ture with hessian of the noise predictor) of the predicted noise to
the concept neuron parameters, thereby weakening their influence,
which improves the utility of the model when targeting concept
combinations, resulting in a soft unlearning method. In essence,
the first approach minimizes the number of concept neurons, while
the second approach minimizes the sensitivity of concept neurons.
As in all previous works in this domain, here, we assume the text-
encoder is optimally trained and is robust to perturbations, and
only work with a conditional diffusion to achieve unlearning. Below,
we provide details on the discovery of concept neurons method,
the two concept unlearning methods, and the selective fine-tuning
process. The overall framework of our method is shown in Figure
3.

6.1 Discovering Concept Neurons

We first define a concept neuron. A concept neuron 𝜃𝑐𝑢 is a parame-
ter within the CA projection matrices, specifically, the key, query,
or value projections, that encodes information I𝑐𝑢 relevant to a
concept 𝑐𝑢 . We consider a parameter 𝜃𝑐𝑢 to hold such information
if perturbing its value results in a measurable change in the model’s
output, quantified by an alignment objectiveL𝑐𝑢 . Unlike prior work

[9], which relies on correlations within the noise predictor, we de-
fine L𝑐𝑢 as the CLIP score [37] between the concept prompt 𝑐𝑢 and
the image 𝐼𝑐𝑢 generated by the model conditioned on 𝑐𝑢 . Formally,
the resulting concept neuron maskM𝑟 (𝑐𝑢 ) over projection type
𝑟 ∈ 𝑘, 𝑞, 𝑣 is defined as:

L𝑐𝑢 = CLIPScore(𝐼𝑐𝑢 , 𝑐𝑢 ) (8)
M𝑟 (𝑐𝑢 ) = 𝜂

(
E[

��∇𝜃=𝜃0L𝑐𝑢

��] > 𝛾 )
𝑟
, (9)

where 𝜂 (𝑔 ≥ 𝛾)𝑟 is an element-wise indicator function, returning
1 for the 𝑖th element if 𝑔𝑖 ≥ 𝛾 , and 0 otherwise. The operator | · |
denotes the element-wise absolute value. 𝜃0 is the current value
of the parameter at the 𝑖th location. The threshold 𝛾 is defined as:
𝛾 = 𝜉 · 𝜎𝐺 + 𝜇𝐺 , where 𝜇𝐺 and 𝜎𝐺 represent the mean and standard
deviation, respectively, of the gradient matrix 𝐺 computed over a
selected data subset. The gradient matrix 𝐺 for a projection matrix
𝑟 is given by: 𝐺 =

��∇𝜃=𝜃0L𝑐

��
𝑟
and 𝜉 is a tunable hyperparameter

controlling sensitivity to outliers in the gradient distribution. We
set 𝜉 = 2.0 for the experiments (refer Appendix 8.1 to study the
ablations for this selections). Also, we accumulate the gradients
over the batch, instead of adding them individually.
Intuitively, a parameter is considered as a concept neuron, if by
varying its values, we observe changes in 𝐿𝑐 , i.e., if the gradient
𝜕L𝑐
𝜕𝜃

≠ 0, it implies that this parameter has influence over the
concept 𝑐𝑢 and is used in generating the desired image 𝐼𝑐𝑢 . The
algorithm for computing the concept neuron mask is shown in
Algorithm 1.

6.2 Concept Unlearning Objectives

TRuST leverages the above method for unlearning targeted con-
cepts. TRuST’s core idea for selective hard- or soft-unlearning is to
minimize the number or sensitivity of concept neurons as detailed
before. We devise LCIP for hard unlearning, which directly min-
imizes the number of targeted parameters, encouraging sparsity
and LCSR for soft unlearning, which minimizes the sensitivity of
these parameters by minimizing gradients of targeted parameters.

Concept Influence Penalty (CIP). CIP aims at directly minimiz-
ing the total number of concept neurons for the targeted concept
𝑐𝑢 , encouraging sparsity, while preserving the influence of non-
targeted concepts. Formally,
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Algorithm 1 Compute Concept Neuron Mask 𝑀𝑟 (𝑐𝑢 ) ← Com-
puteMask
1: Require Concept 𝑐𝑢 , model weights 𝜃0, projection matrices
𝑟 ∈ {𝑘, 𝑞, 𝑣}, threshold scale 𝜉

2: Ensure Concept neuron mask𝑀𝑟 (𝑐𝑢 )
3: Generate 𝐼𝑐𝑢 using the model conditioned on 𝑐𝑢
4: Compute CLIP score: 𝐿𝑐𝑢 ← CLIPScore(𝐼𝑐𝑢 , 𝑐𝑢 )
5: Compute gradient: 𝐺 ← |∇𝜃=𝜃0𝐿𝑐𝑢 |
6: Compute 𝜇𝐺 ← E[𝐺]; 𝜎2

𝐺
← E[(𝐺 − 𝜇𝐺 )2]

7: Set threshold: 𝛾 ← 𝜉 · 𝜎𝐺 + 𝜇𝐺
8: for 𝑟 ∈ {𝑘, 𝑞, 𝑣} do
9: for elements 𝑖 in 𝐺 do

10: if E[|∇𝜃𝑖=𝜃0𝐿𝑐𝑢 |] > 𝛾 then

11: 𝑀𝑟 (𝑐𝑢 )𝑖 ← 1
12: else

13: 𝑀𝑟 (𝑐𝑢 )𝑖 ← 0
14: end if

15: end for

16: end for

17: Return𝑀𝑘 (𝑐𝑢 ), 𝑀𝑞 (𝑐𝑢 ), 𝑀𝑣 (𝑐𝑢 )

LCIP = 𝛽CIP

(∑︁
𝑟

∑︁
𝑖

𝜂 (𝑀𝑟 (𝑐𝑢 )𝑖 = 1)
)
+ Lprev, (10)

where 𝜂 (𝑋𝑖 = 1) is an element-wise indicator function; and 𝛽𝐶𝐼𝑃
is a regularization hyperparameter. Note that if 𝜃 is shared across

many concepts or used in other attention heads, solely minimizing
LCIP might lead to unintended forgetting. This is because latent
text-to-image diffusion models use classifier-free guidance (CFG)
where the probability of the image latent and the probability of the
image latent conditioned on the concept, are jointly parametarized
by 𝜃 [18]. To mitigate the effects of unintended forgetting, we add a
preservation loss Lprev to the objective. The preservation loss is the
expected value of square of the difference between the predicted
noise 𝜖𝜃 (𝑧𝑡 , 𝑐𝑝 , 𝑡) and actual noise 𝜖𝜃 for concepts which we wish
to preserve C = {𝑐𝑝 |𝑐𝑝 ∈ concepts to preserve}:

Lprev = E[| |𝜖𝜃 (𝑧𝑡 , 𝑐𝑝 , 𝑡) − 𝜖𝜃 | |2] (11)

Concept Sensitivity Reduction (CSR). CSR weakens model sen-
sitivity to concept-specific parameters by minimizing the gradient
of the predicted noise 𝜖𝜃 (𝑧𝑡 , 𝑐𝑢 , 𝑡) with respect to 𝜃 :

LCSR = 𝛽CSR log
(���� 𝜕𝜖𝜃 (𝑧𝑡 , 𝑐𝑢 , 𝑡)𝜕𝜃

����) + Lprev, (12)

where 𝛽𝐶𝑆𝑅 is a regularization hyperparameter. During backpropa-
gation, the gradient updates incorporate second-order information
indirectly, with the underlying Hessian of the noise prediction loss
governing the local curvature and sensitivity to parameter changes.

The computed gradient 𝜕𝜖𝜃 (𝑧𝑡 ,𝑐𝑢 ,𝑡 )
𝜕𝜃

is very small (of the order
of 1e-11), therefore, in order to bring it in the range for effective
finetuning(0.1-0.01), we take the logarithm of the absolute value of
the gradients. An example of the average gradients computed per
head in the key and value cross attention layers is shown in Figure 4.
When this gradient value is back-propagated, the update values of
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the parameters of the model therefore becomes a double derivative
of the noise or the second order derivative update. This second
order partial derivative value can be computed using a Hessian.

CSR and CIP are alternative strategies for weakening concept-
specific influence in diffusion models. While CSR continuously
minimizes the sensitivity of the model output to concept-related
parameters by penalizing their gradients, CIP takes a more dis-
crete approach by directly penalizing the presence (cardinality) of
high-influence parameters identified through thresholded gradi-
ents. Both operate over the same set of concept neurons but differ
in formulation: CSR softens influence across all relevant parame-
ters, whereas CIP sparsifies by targeting only those with significant
impact. Thus, CSR offers a smooth, generalizable suppression mech-
anism, while CIP provides a sharper, sparsity-driven alternative.
Due to the soft optimisation of CSR, LCSR achieves better perfor-
mance for unlearning on more complex policies, including concept
combinations.

6.3 Dynamic Mask-Guided Finetuning

Finally, in order to target/penalize the most contributing parame-
ters during the fine-tuning process, we selectively fine-tune just
the concept parameters. Interestingly, we notice that the set of dis-
covered concept neurons changes after every update of the model
parameters during fine-tuning. Therefore, instead of committing to
a set of concept neurons/parameters identified before finetuning
the model like in prior work [9], we dynamically readjust to the
new set of discovered concept neurons by recomputing the neuron
masksM𝑟 (𝑐𝑢 ) after every parameter update step to account for
representation shift during unlearning. This way TRuST ensures
that the model continually targets the most relevant representa-
tions of the concept throughout training and avoids overfitting to
a static or outdated subset of neurons, detailed in Algorithm 2.

Algorithm 2 Selective Finetuning for Concept Unlearning
1: Require Concept 𝑐𝑢 , preservation concepts 𝐶 = {𝑐𝑝 }, model

parameters 𝜃 , loss type L ∈ {CSR,CIP}, learning rate 𝛼 , num-
ber of steps 𝑇

2: Ensure Updated model parameters 𝜃
3: for 𝑡 = 1 to 𝑇 do

4: 𝑀𝑟 (𝑐𝑢 ) ← ComputeMask𝑐𝑢 , 𝜃
5: Sample latent 𝑧𝑡 ∼ 𝐸 (𝑥) and noise 𝜖 ∼ N(0, 1)
6: Compute predicted noise: 𝜖𝜃 ← 𝜖𝜃 (𝑧𝑡 , 𝑐𝑢 , 𝑡)
7: 𝐿prev ← E𝑐𝑝 ∈𝐶

[
∥𝜖𝜃 (𝑧𝑡 , 𝑐𝑝 , 𝑡) − 𝜖𝜃 ∥2

]
8: if L is CSR then

9: 𝐿CSR ← 𝛽CSR · log
(


 𝜕𝜖𝜃 (𝑧𝑡 ,𝑐𝑢 ,𝑡 )

𝜕𝜃




)
10: Ltotal ← 𝐿CSR + 𝐿prev
11: else if L is CIP then

12: 𝐿CIP ← 𝛽CIP ·
∑

𝑟

∑
𝑖 𝜂 (𝑀𝑟 (𝑐𝑢 )𝑖 = 1)

13: Ltotal ← 𝐿CIP + 𝐿prev
14: end if

15: Parameter update: 𝜃 ← 𝜃 −M𝑟 · 𝛼 · ∇𝜃Ltotal
16: end for

17: Return 𝜃

7 Experiments and Results

7.1 Evaluation Setup

Model and Datasets. We perform experiments on Stable Diffu-
sion v1.5 [39], trained on LAION-Aesthetics v2 5+(a subset of high
quality images from the LAION 5B [45] dataset (containing NSFW
images)). We chose this version because (a) it is responsible for
generating the most harmful concepts and images [51], and (b) it
has been widely used in past T2I jailbreaking and safeguarding
works and allows for fair comparisons. For the preservation loss,
we randomly used 1000 real-world images from MS COCO 30k
validation dataset [29]. For the evaluation on retained concepts, we
used a subset of the MS COCO 30k validation dataset [29] after
removing the targeted concept from it. For simple concept unlearn-
ing, we perform unlearning on harmful concepts like “Nudity" and
evaluate on the I2P dataset [43].

Baselines and Metrics. We compare TRuST against SOTA model
editing and steering techniques on simple concept unlearning,
multi-concept unlearning and scalability, and concept combina-
tion tasks, including CoGFD and SalUn. For the novel task of Con-
ditional Concept Unlearning, where no prior baselines exist, we
report standalone performance to demonstrate TRuST’s effective-
ness. Evaluation metrics include ΔFID [16] for photorealism, and
CLIP [37] and TIFA [20] scores to measure semantic alignment with
the prompt.

7.2 Evaluation Results

Robustness against adversarial attacks.Model editing approaches
for safety must be effective not only against accidental unsafe gen-
erations but also against deliberate adversarial manipulation. We
evaluate TRuST against both static and adaptive adversaries (Sec-
tion 5).To ensure a fair and meaningful comparison against other
works, we perform unlearning on the common harmful concept
“Nudity". We use NudeNet [2] as the detector 𝐷 (·). A generated
image is flagged as unsafe if the image is classified under any class
other than *_COVERED, FACE_MALE, FACE_FEMALE, FEET_EXPOSED,
or BELLY_EXPOSED. We compare against the Attack Success Rate
(ASR) [13] of different adversarial prompt generation techniques.

From Table 21, we can observe that TRuST outperforms all base-
lines, across both model editing and model steering techniques
across every adversary type. Against static adversaries, TRuST
(CIP) reduces ASR to 0.11% on I2P, 0.83% on Ring-A-Bell,and 6.2%
on MMA-Diffusion, corresponding to a 45% ASR decrease over
SalUn [9], and reductions of 10.57% and 14.33% over the strongest
respective baselines on Ring-A-Bell and MMA-Diffusion. Against
adaptive adversaries, TRuST (CIP) limits ASR at 0.27% on P4D
and 1.18% on UnlearnDiffAtk, outperforming the strongest baseline
by 14.33% and 18.52% respectively.

Both CIP and CSR losses outperform existing baselines, with CSR
performing slightly better overall. CIP directly suppresses concept
neurons of the unlearned concept, making it more adversarially ro-
bust, whereas CSR minimizes concept contributions while allowing
neural reuse, making it less robust on individual targeted concepts.

1N/A is added for baselines where the corresponding computation was not supported
by the metric or there were incompatibility issues
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Figure 4: Example of average gradients computed per head for key and value cross-attention layers.

Table 2: Comparison of TRuST with SOTA baselines. Bold indicates best score in column.

Method

Weights

Modification

Training

-Free

Preservation

integrated

I2P ↓ P4D ↓ Ring-A-Bell ↓ MMA-Diffusion ↓ UnlearnDiffAtk ↓ ΔFID ↓ CLIP ↑ TIFA ↑

SD-v1.5 N/A N/A N/A 0.179 0.989 0.835 0.968 0.797 0.00 31.3 0.813

SLD-Medium [43] No Yes No 0.142 0.934 0.646 0.942 0.648 4.46 31.0 0.782
SLD-Strong [43] No Yes No 0.131 0.861 0.620 0.920 0.570 7.69 29.6 0.766
SLD-Max [43] No Yes No 0.115 0.742 0.570 0.837 0.479 12.04 28.5 0.720
SAeUron [7] No Yes Yes 0.024 N/A 0.457 0.417 0.197 0.33 30.89 0.749
SAFREE [55] No Yes Yes 0.034 0.384 0.114 0.585 0.282 0.70 31.1 0.790
Concept Correctors [32] No Yes No 0.063 N/A 0.175 0.193 N/A 7.13 30.81 0.801
UCE [12] Yes Yes Yes 0.103 0.667 0.331 0.867 0.430 1.28 30.2 0.805
RECE [13] Yes Yes Yes 0.064 0.380 0.134 0.675 0.655 1.03 30.9 0.787
ESD [11] Yes No No 0.140 0.750 0.528 0.873 0.761 1.47 30.7 0.805
SA [15] Yes No No 0.062 0.623 0.329 0.205 0.268 7.62 30.6 0.776
CA [25] Yes No No 0.178 0.927 0.773 0.855 0.866 7.41 31.2 0.805
MACE [31] Yes No Yes 0.023 0.146 0.076 0.377 0.176 0.09 29.4 0.711
SDID [27] Yes No No 0.270 0.931 0.696 0.907 0.697 6.28 30.5 0.802
SalUn [9] Yes No Yes 0.02 0.013 0.208 0.264 0.320 27.31 26.2 0.735
AdvUnlearn [56] Yes No Yes 0.26 0.200 0.160 0.273 0.211 2.06 28.6 0.799
TRuST (CSR loss) Yes No Yes 0.0013 0.0046 0.0093 0.077 0.0175 0.030 30.43 0.811
TRuST (CIP loss) Yes No Yes 0.0011 0.0027 0.0083 0.062 0.0118 0.016 30.95 0.808

Further differences are explored in Appendix ??. Illustrative visual
examples can be found in the Appendix ??.

Preservation of non-targeted concepts.While effective, in real
applications, TRuST should also preserve the utility of the genera-
tion on benign (non-targeted concepts). To comprehensively assess
the impact of TRuST on model utility, we evaluate both image
quality (photorealism) and semantic fidelity. Specifically, we report
ΔFID and measure fidelity using CLIP and TIFA scores. From Table
2, we observe that TRuST incurs negligible change on the quality
of generation on non-targeted concepts, with the change being as
low as 0.016. This result, along with being better than any of the
existing baselines, is also considerably better than SalUn, which
assumes that the set of concept neurons stays the same throughout
the fine-tuning process. TRuST also surpasses the existing baselines
on the TIFA metric by achieving text-to-image fidelity very close
to the original model. The CLIPScores also see a very small degra-
dation, implying preserved semantic similarity with the prompt.
Illustrative visual examples can be found in the Appendix ??.

Combination/Conditional Concept Erasure.We evaluate the
effectiveness and utility of TRuST on the complex unlearning tasks
of Concept Combination Erasure (CCE) (Figure 5), and the novel task
of Conditional Concept Erasure (CoCE) (Figure 6).

Concept Combination Erasure (CCE). CCE refers to the task of un-
learning combinations of concepts while preserving the individual
concepts themselves. Figure 5 shows the CLIP score variance of con-
cept combinations (x-axis) and individual concepts (y-axis) across
fine-tuning steps (indicated by dot darkness). A method (e.g., SalUn)
that shows declining CLIP scores for individual concepts over time
performs poorly on the CCE task. As illustrated, TRuSTmethod con-
sistently retains individual concept alignment across fine-tuning,
outperforming even the state-of-the-art CoGFD [33]. Moreover, our
approach achieves effective unlearning of concept combinations in
nearly half the number of steps required by CoGFD.

Conditional Concept Erasure (CoCE). Figure 6 presents TIFA scores
for the conditional prompt “Boy holding a Gun". TRuST method
effectively unlearns this concept combination, while preserving
semantically related prompts like “Boy holding a Gun". High TIFA
scores for individual concepts (e.g., “Boy”, “Gun”) and unrelated
prompts indicate strong selectivity and preservation, confirming
that unlearning does not spill over to adjacent concepts. Note that
TIFA scores of 1.0 for individual prompts are expected as they
measure basic presence detection. Additional examples illustrating
this behavior can be found in the Appendix ??.

Unlearning stylistic concepts. To examine applications of TRuST
in copyright policies, we further experiment with removing stylistic
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Figure 5: Average CLIP scores and number of finetuning steps. TRuST achieves better concept combination erasure (lower

scores for targeted combinations) while better preserving individual concepts (higher scores for the individual concepts), in

less steps on average.
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Figure 6: TIFA comparison for the conditional prompt “Boy

holding a Gun”.

concepts from the Unlearn Canvas dataset [57]. The results fromCIP
and CSR unlearning are presented in Figure 7. The figure shows that
both CIP and CSR loss functions are equally effective in unlearning
artistic styles without impacting other artistic styles. Moreover,
Table 3 presents a quantitative result of the efficiency in unlearning
an artistic concept in terms of average of UA and RA, against other
unlearning methods.

We also compute the Δ𝐹𝐼𝐷 scores for our model edited using
CIP and CSR values to be 0.1 and 0.03 respectively, showing mini-
mal effect on the generation quality of the model for non-targeted
concepts. We used the real world images from the COCO dataset
as the grounding for computing the FID scores.

Scalability and Erasure Efficiency. We evaluate the impact of
enforcing multiple concept erasures (both simple and combina-
tions) on retained concepts. Similar to SAeUron, we compute the
average of the Unlearning Accuracy (UA) and Retaining Accuracy
(RA) with the number of concept erasures and compare it against
SOTA baselines as shown in Figure 8. Our method outperforms all
baselines and almost perfectly retains the non-targeted concepts
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Figure 7: The figure shows some qualitative results of un-

learning artistic styles of: “Mosaic", “Sketch", and “Van Gogh"

individually; and how unlearning one artistic style has mini-

mal impact on other styles, for both CIP and CSR loss.

Table 3: Comparison of overall accuracy, inference time,

memory used during inference, and storage memory of the

CIP and CSR techniques on one A100 GPU.

# Method 𝑈𝐴+𝑅𝐴
2 ↑ Time (s) ↓ Memory (GB) ↓ Storage (GB)↓

CIP 98.23 2.03 3.59 0.0
CSR 100 2.05 3.59 0.0

and unlearns the targeted concepts even when we increase the
number of concepts to erase. To test the limits, we further test the
UA and RA until 10 concepts being removed using TRUST. We
observe that the unlearning accuracy eventually drops to 90.6%
however the retaining accuracy still remains good at 97.2%, which
is better than the retaining accuracy which the other methods lost
at unlearning merely 6 concepts. We borrow the 10 set of concepts
to unlearn from the UnsafeBench Dataset [36] appended with a
few other general harmful concepts, namely {sexual, hate, violence,
harassment, shocking, self-harm, blood, gun, alcohol, knife}.

For multiple concept combination erasures, we evaluate the im-
pact on other concepts by measuring the CLIPScore, FID, and TIFA
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# Concepts CLIP
Targeted ↓

CLIP
Non-targeted ↑ TIFA ↓ ΔFID ↓

1 19.34 30.43 0.811 0.03
2 20.67 30.04 0.833 0.14
3 21.15 30.77 0.780 0.26
4 21.09 30.72 0.788 0.75
Original SD 31.32 31.32 0.813 0

Table 4: CSR unlearning effects across multiple concept

combinations, reporting CLIP scores for targeted and non-

targeted prompts alongwith Δ FID and TIFA for non-targeted

concepts.
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Figure 8: Figure shows the comparison of the overall perfor-

mance of TRuST across other SOTA baselines.

Table 5: Training efficiency on oneA100GPU (except Retrain)

Method # Steps ↓ # Images ↓ Time (hrs) ↓

Retrain 80,000 107 150,000
ESD 1000 540 2.5
SalUn 1300 800 2
SalUn++ 900 800 6
CA 210 – 1
CoGFD 150 – 0.5

TRuST (CSR) 60 350 0.25
TRuST (CIP) 100 350 0.72

scores on non-targeted and targeted concepts. As shown in Table 4,
unlearning four concept combinations results in only a 0.02 drop
in TIFA score and less than 1-point increase in FID. The four con-
cept concept combinations used were: "Boy holding a Gun", "Drunk
person driving a Car", "Child drinking Alcohol", "Pregnant Woman
drinking ALcohol"

Runtime Efficiency. In terms of training runtime efficiency, we
compare against SOTA methods for total fine-tuning steps, number
of training samples, and end-to-end wall-clock time (Table 5). CSR
achieves the best overall efficiency, requiring only 60 steps, 350

samples, and 15 minutes of wall-clock time. This is 2–10x faster
than prior methods such as CoGFD (0.5h), SalUn (2h), SalUn++ (6h),
and ESD (2.5h), while using significantly less training data. CIP
also outperforms all baselines except CoGFD in total runtime, but
requires fewer steps (100 vs. 150), which improves scalability and re-
duces overfitting risk. Crucially, unlike CoGFD, which suffers from
catastrophic interference, both CSR and CIP maintain high utility
across retained concepts and maintain robustness to adversarial
prompts.

We present the inference runtime comparison of our method
in Table 3. The computations shown in the table were done for
performing unlearning on the UnlearnCanvas dataset [57]. In our
case we perform unlearning of the “Van Gogh" style and compute
the comparison metrics as per their code-base. Notably, TRuST
performs very well in unlearning artistic styles with only a few
finetuning steps as low as 10 for the CIP based loss function.

Discussion on CIP and CSR. Our results show that both CIP and
CSR are more effective in unlearning compared to existing methods.
Compared to CSR, CIP is more robust to adversarial prompts and
better at erasing target concepts, but slightly reduces output fidelity
for benign concepts and takes longer to converge. CSR, on the other
hand, is extremely efficient, preserves image realism and seman-
tic coherence better, especially for concept combinations, but is
less aggressive in unlearning. Extended discussion and contrastive
experiments can be found in the Appendix ??.

8 Design Choices and Ablation Studies

8.1 Design Choices

CLIP ScoreWe use the CLIP score for computing the saliency map
because of its well known ability to effectively capture the relation-
ship between the images and corresponding text by computing the
embeddings for both of them in the same latent space. It has been
used previously by many [4, 22, 24]. Furthermore, since the text
encoder in Stable Diffusion 1.5 is itself a CLIP-based model, employ-
ing a CLIP-derived alignment loss is both natural and optimally
aligned with the underlying architecture.

Hyperparameter 𝛽 We choose the values of both 𝛽𝐶𝐼𝑃 and 𝛽𝐶𝑆𝑅
as 0.001 to keep the final loss in the optimal range for effective fine-
tuning i.e. (0.1-0.01), and also comparable to the preservation loss.
Some examples of the total CIP and CSR losses and preservation
loss is as shown:
CIP Loss: 0.010000000707805157 * 1e3| preservation loss:
0.15577034652233124
CSR Loss: 0.012630711309611797 * 1e3 | preservation
loss: 0.35134732723236084

Threshold 𝜉 The threshold 𝜉 controls the number of concept neu-
rons which are associated to a concept. Higher the value of 𝜉 , lower
will be the number of concept neurons identified. To choose the
most efficient value of 𝜉 , we conduct an ablation study with differ-
ent values of this hyperparameter is shown in Table 6. We finally
choose the value of 𝜉 as 2.0 to achieve a suitable balance between
the number of steps and overall accuracy (computed using 𝑈𝐴+𝑅𝐴

2 ).

Preservation loss During finetuning based solely on the CIP or
CSR based loss functions, we observed that the nearby concepts
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𝜉
Concept Neurons

Identified
𝑈𝐴+𝑅𝐴

2 ↑ Fine-tuning Steps ↓

1 34 93.37% 70
2 15 100% 110
3 7 100% 300

Table 6: Ablation on three different values of the threshold

for identifying the concept neurons, 𝜉 for CIP.

Dog

Cat

Mountains

Rocks

Figure 9: This figure represents four samples from a CIP-

unlearned model (no preservation loss): unlearning ’Dog’

degrades nearby concept ’Cat’, while distant concepts remain

unaffected.

were also getting damaged due to the finetuning. Figure 9 shows
an example from the ablation experiment conducted without the
preservation loss term. In the experiment, we unlearn the concept of
“Dog" using the CIP loss only. From the visual samples generated per
prompt, we can see that the nearby concept of “Cat" is also impacted
by the unlearning, whereas distant concepts such as “Mountains"
and “Rocks" remains unaffected. The preservation set consists of
350 prompt-image pairs across 80 diverse concepts from the COCO
validation set.

8.2 Deactivating identified concept neurons

As an ablation to establish the need for finetuning, we deactivate
(zero the activation) for the identified concept neurons to check
if they were exclusively responsible for expressing the concept.
We do this for both artistic styles (eg. Van Gogh) and for concrete
concepts (eg. Dog). Figure 10 shows the impact of deactivating the
23 concept neurons identified for the concept “Van Gogh". We can
observe that merely deactivating the concept neurons pertaining to
the concept of “Van Gogh" faithfully removed the style of famous
“Van Gogh" paintings. However, this deactivation led to impacting
the generation quality for other non-related concepts as shown in
Figure 12. This could be because of neuron multiplexing, i.e. the
bunch of concept neurons which were deactivated, were holding
information pertaining to other non-related concepts as well. And
therefore, their deactivation lead to impacting other non-targeted
concepts like “Realistic Man", etc.

However, we noticed that this deactivation, though helpful for
removing subtle artistic concept like “Van Gogh", is not suitable

Starry Nights 
in the style of 
Van Gogh

Cafe Terrace at 
Night in the 
style of Van 
Gogh

Sunflowers in 
the style of 
Van Gogh

Starry Nights 
in the style of 
Van Gogh

Cafe Terrace at 
Night in the 
style of Van 
Gogh

Sunflowers in 
the style of 
Van Gogh

Masking the identified 23 concept neurons 
for the concept “Van Gogh”

Original Model’s generations

Figure 10: Impact on SD 1.5 output before/after deactivating

the identified concept neurons for the “Van Gogh".

Dog Dog

Masking the identified 14 concept neurons 
for the concept “Dog”

Original Model’s generations

Figure 11: Output of SD 1.5 before and after deactivating the

identified concept neurons for the concept “Dog".

Realistic 
Woman

Realistic Man

Flowers

Realistic 
Woman

Realistic Man

Flowers

Masking the identified 23 concept neurons 
for the concept “Van Gogh”

Original Model’s generations

Figure 12: Impact on non-related concepts when deactivating

the concept neurons for the artistic style concept “Van Gogh".

for removing concrete concepts like “Dog". Figure 11 shows that
after deactivating all 14 concept neurons identified for the concept
“Dog", the model could still generate dogs. This is because, though
the set of concept neurons were identified to be responsible for
holding the information, they were not solely responsible for all
the information. The entire information regarding the concept is
rather spread across the entire network, which contributes towards
the generation of the targeted concept. Therefore, TRUST employs
a dynamic finetuning approach where the important set of neurons
are iteratively selected throughout the network at each finetuning
step.

8.3 SalUn++: SalUn with dynamic saliency maps

To motivate CLIP score–based guidance for saliency map detection,
we introduce SalUn++, a variant of SalUn [9] that recomputes the
saliency mask dynamically at every step using a noise-based score.
Figure 2(c)(a) and (c) show, respectively, the impact on benign-
concept generation and erasure efficiency. Panel (a) indicates that
dynamic (vs. static) saliency computation reduces collateral dam-
age to nearby concepts, though substantially less than CLIP score–
based detection. Panel (c) shows that dynamic saliency maps also
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Table 7: Preservation set dependance ablation.

Checkpoint Visible CLIP Held-out CLIP Gap

SD1.5 baseline 0.3101 0.3091 +0.0010
CIP step 50 0.3053 0.3068 –0.0015

Table 8: Over erasure ablation study

Config Target Score ↓ Other Concept Score ↑

SD1.5 baseline 0.883 0.933
CIP (step 10) 0.183 0.817

accelerate convergence toward erasing the targeted concept, but
CLIP score–based construction converges markedly faster than
SalUn++. Together, these results establish that both CLIP score–
based concept-neuron identification and dynamic saliency recon-
struction are necessary for targeted, efficient concept erasure with
minimal collateral damage.

8.4 Preservation set ablations

In order to evaluate the impact of the preservation set on the ability
of the edited model to generate benign concepts, we conduct an
ablation study where we divide the set of 80 benign concepts from
the COCO validation set into two equal sets of 40 concepts each.
One part of this set is used as the preservation set while performing
unlearning via TRuST. Then, this unlearned model’s generative
ability is measured on the held out set of 40 concepts, via CLIP
Score. From Table 7, we can see that there is almost no impact on
the generative quality of held out concepts, in comparison to the
base model.

Moreover, to study the possibility of over-erasure, we design an
experiment where we evaluate the presence of other concepts in
the case where the prompt contains the targeted unlearned concept.
We experiment with this in the challenging case of artistic styles,
and specifically on unlearning the "Van Gogh" style. We generate
300 homogeneous prompts targeted for generating different object
in the targeted style. Then, selectively evaluate the presence of
the unlearned concept ("Van Gogh" style in this case) as the Target
Score and the presence of other concepts in the prompt as the Other
Concept Score, in the generated image from the unlearned model.
Table 8 represents the comparison in the original SD 1.5 model vs
the unlearned model via TRUST (CIP Loss).

As shown in Table 8, the Target Score successfully drops signifi-
cantly (79.3% decrease) with a much less pronounced decrease on
the Other Concept Score (12.4% decrease) which remains above 80%
guaranteeing strong utility preservation even in this challenging
case. Upon further investigation, we were able to correlate this drop
to nature specific concepts like rose, flower, trees, etc. We assume
this could be due to the strong correlation between these concepts
and Van Gogh Style, as a considerable part of Van Gogh’s paintings
were made with these subjects.

Table 9: Quantization Adversarial Attack Ablation results

Method Precision CLIP score ↑ Δ FID ↓ TIFA ↑ I2P ASR ↓ UnlearnDiffAtk ASR ↓

CIP
fp32 0.3037 0.00514 0.8368 0.00827 0.04915
fp16 0.3081 0.00956 0.8245 0.00842 0.03898
bf16 0.3029 0.00379 0.7969 0.00870 0.04407

CSR
fp32 0.3054 0.00458 0.8021 0.00978 0.05339
fp16 0.3047 0.00641 0.8145 0.00972 0.04915
bf16 0.3079 0.00244 0.7969 0.00955 0.05169

8.5 Post-Release Model-Side Recovery Attack

Our threat model considers static and adaptive adversaries that at-
tempt to recover the erased concept through prompts while leaving
the released model parameters unchanged (Section 5). As an addi-
tional robustness diagnostic, we evaluate two stronger post-release
model-side recovery scenarios in which an adversary obtains the
edited checkpoint and either changes its inference precision or
further fine-tunes it.

Inference-time quantization. A prominent approach consid-
ered in the unlearning literature (primarily in LLM unlearning) stud-
ies changing the quantization during inference [59]. We evaluate
the robustness of TRuST to quantization in the T2I diffusion model
setting, considering an adversary with the capability to change
the inference precision of the generative model. We evaluate CLIP-
Score, ΔFID, and TIFA to measure the impact on benign generation,
as well as robustness against static (I2P ASR) and adaptive (Un-
learnDiffAtk ASR) adversaries at three precision levels: fp32, fp16,
and bf16. Table 9 shows minimal impact on benign generation as
inference precision is reduced. More importantly, we observe min-
imal changes in attack success rates for both static and adaptive
adversaries.

Post-release fine-tuning for relearning.We evaluate TRuST’s
robustness against recovery under a bounded malicious fine-tuning
protocol. Following the attack setting of Pan et al. [35], which
studies recovery under bounded fine-tuning budgets, we fine-tune
our nudity-unlearned checkpoint on 349 real nudity images with
BLIP-generated captions using their plain diffusion-loss objective,
for 30 optimization steps.

Table 10 reports the NSFW score (LAION CLIP-based detec-
tor [44]) and attack success rate (ASR, fraction of generations scored
NSFW) on the I2P nudity prompt set, alongside CLIPScore and FID
on benign prompts to track utility. The retraining attack raises the
NSFW score minimally from 0.276% to 0.375%, with a similar rise in
I2P ASR. Similarly, we observe a minor improvement in generation
quality in terms of CLIPScore and ΔFID. Therefore, under such
a bounded retraining protocol, recovery of the erased concept is
negligible.

9 Conclusion

We introduced TRuST, a selective fine-tuning method for robust
concept unlearning in text-to-image diffusion models. TRuST is mo-
tivated by a simple but important observation: the parameters most
responsible for a target concept are not fixed during unlearning.
Rather than relying on a static saliency mask, TRuST dynamically
re-identifies concept-relevant cross-attention parameters through-
out fine-tuning and updates only that localized subset.

Building on this dynamic localization mechanism, we proposed
two complementary objectives: Concept Influence Penalty (CIP),
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Table 10: Retraining based adversarial attack robustness

Metric Pre-attack Post-attack

NSFW score 0.00276 0.00375
I2P ASR 0.00274 0.00379
CLIP score 0.310 0.315
Δ FID 0.095 0.030

which aggressively suppresses high-influence concept parameters,
and Concept Sensitivity Reduction (CSR), which weakens the model’s
sensitivity to concept-specific parameters while preserving more
shared structure. Together, these objectives provide two practical
operating points for model-level safety editing: stronger erasure
when robustness is paramount, and softer suppression when pre-
serving compositional utility is critical.

Our evaluation shows that TRuST improves substantially over
prior concept-erasure methods across a broad set of criteria: ro-
bustness to static and adaptive adversarial prompts, preservation
of benign generation quality, fine-tuning efficiency, multi-concept
scalability, and selective removal of concept combinations. Beyond
standard single-concept unlearning, TRuST also supports more
policy-relevant forms of editing, including concept combination era-
sure and conditional concept erasure, where the goal is not to remove
individual concepts wholesale but to suppress specific harmful re-
lations among otherwise benign concepts.

These results suggest that robust unlearning requires more than
removing a word, class, or isolated feature: it requires identify-
ing and editing the model mechanisms through which concepts
and relations are expressed. TRuST approach of dynamic and tar-
geted model editing is a promising path toward more robust and
interpretable safeguards for text-to-image generation.
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