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Abstract

Model editing enables targeted behavioral
changes in pre-trained models without costly re-
training, supporting applications such as factual
correction, debiasing, and safety mitigation. In
practice, models are often subsequently fine-
tuned for downstream tasks, raising the ques-
tion of whether edits persist or are reversed
during fine-tuning. Understanding this inter-
action is critical for AI safety, as fine-tuning
may either remediate malicious edits or inadver-
tently undo beneficial ones. We systematically
study the impact of subsequent fine-tuning on
model editing in text-to-image models. Us-
ing two model families (Stable Diffusion and
FLUX), five editing methods, and four fine-
tuning approaches, we evaluate edit retention
of multiple editing objectives under fine-tuning
on unrelated tasks. Across models, methods,
and metrics, we find that fine-tuning moder-
ately weakens appearance and debiasing ed-
its, while somewhat strengthening edits that
remove unsafe content, e.g., for appearance
editing, fine-tuning reverses avg. 6.78% editing
effect across methods. Further, we provide a
mechanistic analysis of edit preservation by ex-
amining cross-attention representations and dis-
entangling update magnitude from functional
behavioral impact, finding that robustness is
associated with systematic representation shifts
and limited interference with the edited com-
ponents. These findings highlight the need for
monitoring and, when necessary, reapplying
edits in model deployment pipelines.

1 Introduction

Pre-trained generative models often exhibit unde-
sirable behaviors, from factual mistakes to social
biases (Gandikota et al., 2024; Kim et al., 2025;
Friedrich et al., 2023). Model editing has emerged
as a lightweight alternative to full retraining, al-
lowing precise, localized changes to a model’s
parameters to correct factual errors (Arad et al.,
2024; He et al., 2025), remove offensive and toxic
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Figure 1: Top: Fine-tuning datasets examples (left)
and generation comparison across M , Mft, Med, and
Med_ft (right) on debias and unsafe concept removal
tasks. Black bars (*) are added for content safety. Addi-
tional examples are in the App E.

content (Gandikota et al., 2024; Kim et al., 2025;
Friedrich et al., 2023; Li et al., 2024a; Gandikota
et al., 2023a; Schramowski et al., 2023; Zhang
et al., 2024), or update outdated knowledge (Meng
et al., 2022; Arad et al., 2024).

However, the deployment lifecycle of pre-trained
models often involves subsequent fine-tuning to
adopt new artistic styles, adapt to domain-specific
data, or accommodate evolving user requirements.
This motivates the following underexplored re-
search question: Do the effects of an edit persist
through fine-tuning, or are they inadvertently
reversed? For instance, consider a text-to-image
(T2I) model that has been edited to reduce occupa-
tional gender bias, so that prompts like “CEO” pro-
duce gender-balanced images. If this model is later
fine-tuned on a different task, such as emulating
a Studio Ghibli aesthetic, will the bias mitigation
still hold?

This question has dual implications for AI safety
and practicality: (1). Malicious Edit Remedi-
ation: If harmful edits (e.g., injected biases or
unsafe content (Chen et al., 2024; Huang et al.,
2024; Youssef et al., 2025)) can be removed via
fine-tuning, this provides a critical defense mech-
anism; (2) Benevolent Edit Maintenance: If bene-
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ficial edits (e.g., debiasing “CEO” gender stereo-
types (Meng et al., 2022, 2023; Gandikota et al.,
2024; Kim et al., 2025; Friedrich et al., 2023; Li
et al., 2024a; Gandikota et al., 2023a; Schramowski
et al., 2023; Zhang et al., 2024)) degrade after fine-
tuning, re-editing becomes essential to preserve
model alignment.

We investigate whether targeted edits survive
subsequent fine-tuning. Prior work has examined
how editing affects the general abilities and safety
of trained LLMs (Li et al., 2024b; Gu et al., 2024);
our focus is on the persistence of edited behaviour
under further adaptation. To test this, we pair edit-
ing and fine-tuning tasks with distinct intended ob-
jectives, such as gender debiasing and style adapta-
tion. We refer to these tasks as orthogonal because
achieving the fine-tuning objective should not re-
quire changing the edited behaviour. This design
allows us to test whether adaptation to an unrelated
task nevertheless preserves, weakens, or strength-
ens an existing edit.

In this work, we focus on T2I models, which
have been shown to exhibit societal bias or gen-
erate inappropriate images (Cho et al., 2023;
Naik and Nushi, 2023; Bianchi et al., 2023a; Lin
et al., 2023), systematically examining this is-
sue across two major groups of T2I models, Sta-
ble Diffusion and FLUX, four commonly-used
fine-tuning methods: full-size fine-tuning, Dream-
Booth (Ruiz et al., 2023), LoRA (Hu et al., 2022),
and DoRA (Liu et al., 2024), and five state-of-the-
art editing methods, UCE (Gandikota et al., 2024),
ReFACT (Arad et al., 2024), ESD (Gandikota et al.,
2023a), CA (Kumari et al., 2023) and TRCE (Chen
et al., 2025).

Our key findings are:

• Debiasing edits degrade variably across dif-
ferent fine-tuning methods. Edits designed
to mitigate biases, such as occupational gen-
der stereotypes, consistently degrade after
fine-tuning, with noticeable fluctuations in ef-
fectiveness across professions.

• Concept edits degrade due to style shift.
Across appearance and role edits on Stable
Diffusion v1.4 and Stable Diffusion XL, effi-
cacy, generality, and specificity drop slightly.
Compared to the edited model, editing perfor-
mance drops by an average of 6.78% for ap-
pearance edits and 6.80% for role edits across
four fine-tuning methods.

• Unsafe content removal can somewhat ben-
efit from parameter-efficient fine-tuning.
For edits targeting unsafe content such as nu-
dity, parameter-efficient fine-tuning tends to
preserve the erasure effect, and sometimes
further improves it (see Fig. 1). This sug-
gests that unsafe-content removal is not al-
ways weakened by downstream adaptation;
when the fine-tuning data is relatively safe,
lightweight fine-tuning may help suppress un-
safe visual cues.

2 Problem Formulation

We formalize a T2I diffusion model as a generative
function M, mapping a text prompt t to an image
x ∼ M(t). Given an edit specification ψ, such
as altering a concept (e.g. “safe” in Fig. 1) or
mitigating bias (e.g. gender in Fig. 1), we define a
model editing operator E that transforms the base
model M into an edited model:

Med = E(M, ψ). (1)

where E modifies a subset of model’s parameters
so that ψ is (ideally) integrated into its behavior.
Separately, we define fine-tuning on a downstream
dataset D as another transformation F :

Mft = F (M, D), (2)

where the goal of F is to adapt the base model M
to new distributions, styles, or tasks represented by
D. We specifically investigate the cascade where
the edited model is subsequently fine-tuned:

Med_ft = F (E(M, ψ), D). (3)

i.e. first editing M to Med and then fine-tuning
on D. By contrast, the baseline trajectory is Med
for investigating persistence of the edit ψ. To quan-
tify the persistence of an edit specification ψ after
fine-tuning, we define ∆(ψ;Med,Med-ft) as the
discrepancy in model behavior related to the con-
cept edited by ψ. We define the discrepancy as:

∆(ψ;Med,Med_ft) =∥∥∥Et∼Dtarget [R(ψ;Med, T )]−Et∼Dtarget [R(ψ;Med_ft, T )]
∥∥∥.

(4)

where R(ψ;Med, T ) denotes the edited model’s
generated images conditioned on the prompt set T ,
and Dtarget represents a distribution of concept or
semantics of the images relevant to the edit spec-
ification ψ, e.g. gender distribution in Fig. 1. In
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practice, we approximate Dtarget by assessing re-
lated quantities such as editing efficacy. ∥∥ de-
notes normalization operations based on the spe-
cific evaluation needs, for example, removing black
images. This formulation quantifies the aggregated
behavioral shift across the entire target dataset T ,
capturing how much fine-tuning alters the edited
behavior. Intuitively, ∆(ψ;Med,Med_ft) measures
how much the effect of ψ changes after fine-tuning.
A smaller ∆ indicates that the edit’s effect remains
stable despite tuning. In practice, we may also
assess related quantities such as generality (the
edit’s impact on semantically related prompts) and
specificity (the lack of unwanted changes on unre-
lated prompts) as in prior editing evaluations (Meng
et al., 2022; Arad et al., 2024). In summary, we
study whether an initial model editing operation
survives the fine-tuning step by comparing Med_ft
to Med and Mft via the metric ∆(ψ; ·, ·).

3 Experiment

To systematically study the impact of fine-tuning
on model edit effects, we design an experimental
setup that includes five editing methods (Sec.3) and
four fine-tuning strategies (Sec. 3). The experimen-
tal configuration is detailed in Sec.3.2. We use
two T2I model families (Sec. 3.1) and evaluate the
fine-tuning performance and the edit performance
(Sec. 3.3) for each model.
Editing Methods. In current T2I model edit-
ing, a common distinction is between closed-form
parameter editing and fine-tuning-based editing.
Closed-form methods, such as ReFACT (Arad
et al., 2024) and UCE (Gandikota et al., 2024),
directly update localized components of the model,
including text-encoder layers and cross-attention
projections. Fine-tuning-based methods, such as
ESD (Gandikota et al., 2023a), CA (Kumari et al.,
2023) and TRCE (Chen et al., 2025), instead op-
timize the model with an editing objective so that
targeted concepts are suppressed or redirected.
Fine-tuning Methods. We apply four fine-
tuning methods: full-size fine-tuning, DoRA (Liu
et al., 2024), LoRA (Hu et al., 2022) and Dream-
Booth (Ruiz et al., 2023). Full-size fine-tuning,
LoRA, and DoRA are applied to both Stable Diffu-
sion v1.4 (SD1.4) and SDXL, while DreamBooth is
applied to SD1.4. For all methods, we follow the of-
ficial implementations and adopt the recommended
training hyperparameters. For LoRA and DoRA,
we apply fine-tuning only to the UNet, whereas

full-size fine-tuning updates all parameters of the
base model. We adopt the default training configu-
rations recommended in (Liu et al., 2024; Hu et al.,
2022; Ruiz et al., 2023). See App. E.1 for more
fine-tuning results.

3.1 Models
We include three popular T2I diffusion models,
namely Stable Diffusion v1.4 (SD1.4) (Rombach
et al., 2022a), Stable Diffusion XL (SDXL) (Podell
et al., 2023), and FLUX.1-Schnell (black-forest-
labs, 2024). For each model, we consider four
model states, and therefore for each model, we
have: (1)M , the original base model; (2) Med, the
model after editing; (3) Mft, the model after fine-
tuning; and (4) Med_ft, the model after both editing
and fine-tuning. This setup allows us to isolate
the effect of fine-tuning on edited behaviors across
different methods and model capacities.

3.2 Experimental Configuration
We investigate the following intersection between
model editing and fine-tuning tasks: (1). Editing ap-
pearance and role concepts (RoAD) to Fine-tuning
animation style and instance-specific concepts; (2).
Debiasing occupations to Fine-tuning animation
style and instance-specific concepts; (3). Erasing
unsafe concepts to Fine-tuning animation style.

For concept appearance and role edits, we use
RoAD (Arad et al., 2024), a dataset containing 90
distinct edits, including 41 role edits and 49 appear-
ance edits. For UCE (Gandikota et al., 2024) gen-
der debiasing task, we use Winobias dataset (Zhao
et al., 2018a) which addresses occupational gen-
der biases. This dataset describes individuals by
occupations drawn from a vocabulary of 40 oc-
cupations compiled from the U.S. Department of
Labor 1. For the erasing unsafe concepts task, we
focuses on transforming prompts containing harm-
ful content (e.g., nudity) into safe outputs, while
preserving the original semantics. We use the I2P
benchmark (Schramowski et al., 2023) and 200
nudity-related prompts generated by ChatGPT.

In our fine-tuning experiments, we use three
publicly available datasets from prior work. For
stylized fine-tuning, we use the Naruto-style
dataset (Cervenka, 2022) with a BLIP-generated
caption (Li et al., 2022), which has been widely and
openly adopted as a standard small-scale bench-
mark in the text-to-image and diffusion model

1Labor Force Statistics from the Current Population Sur-
vey, 2024. https://www.bls.gov/cps/cpsaat11.htm
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Figure 2: Examples of appearance edits, role edits, de-
biasing, and unsafe removal tasks across base model
and three model variants. Black bars (*) are added for
content safety.

research community (von Platen et al., 2022) .
For subject-driven fine-tuning, we use the official
dataset (Ruiz et al., 2023). For unsafe concept
removal, we additionally fine-tune on a photoreal-
istic subset of LAION (Schuhmann et al., 2021).
LAION is a web-scale image–text dataset contain-
ing a large collection of real-world photographs.

We pair editing and fine-tuning tasks with dis-
tinct intended objectives, using orthogonal in the
task-level sense defined in Sec. 1. These pairings
do not assume independence of the learned updates;
our evaluation measures whether subsequent adap-
tation preserves the targeted edits.

3.3 Evaluation Metrics
Editing performance. For both appearance and
role editing tasks, we also use CLIP (Schuhmann
et al., 2022) to assess whether the generated im-
ages are semantically closer to the target concept.
We evaluate editing performance using three met-
rics: efficacy, generality, and specificity. Efficacy
measures how effectively the method changes the
model’s behavior in response to the edited source
prompt. Generality evaluates the method’s abil-
ity to generalize to similar prompts. Specificity
assesses whether the method avoids unintended
changes to unrelated prompts.

For debiasing gender, we generate 450 images
per profession (9 prompts with 50 random seeds)
and compute the gender bias score δ to evaluate
whether the debiasing effect remains effective after
fine-tuning. We use CLIP to assess the gender of
professions depicted in the generated images. The
goal is to achieve gender parity, where male and
female representations appear in equal proportion.
Following (Gandikota et al., 2024), we quantify
gender bias as δ = |Fp−50|

50 (↓). δ = 0 means perfect
parity.

To evaluate unsafe concept erasure, we rely on
NudeNet (Tech, 2019) and human evaluation. Anal-
ysis comparing automated methods and human
evaluations is provided in App. D.2. We use ∆
to capture the overall difference in label counts be-
tween Med and Med_ft. Flip score measures how
much labels change from safe to unsafe.
Fine-tuning performance. To validate the fine-
tuning effect, we present representative samples
generated by the base model and the three variants
(M , Med, Mft, and Med_ft) under the same prompt.
As shown in Fig. 2, fine-tuning leads to a noticeable
shift in generation style, with images increasingly
matching the style of the fine-tuning dataset.

4 Results

We first evaluate the fine-tuning-only and editing-
only baseline performance to validate the motiva-
tion in App. B, as we are only interested in models
that can be successfully edited first and then fine-
tuned for a downstream task. Subsequently, we re-
port the editing performance for three editing tasks
after fine-tuning in Secs. 4.1–4.3. We then perform
a mechanism analysis of updated attention modules
and UNet cross-attention representations(Sec. 4.4)
Finally, we provide recommendations to practition-
ers in Sec. 4.5.

4.1 Gender Debiasing Edits after Fine-tuning

We define ∆ as the difference in gender ratio be-
tween edited then fine-tuned model (Med_ft) and
edited model (Med). Overall, all fine-tuning meth-
ods lead to a degradation of the gender debiasing
effect across all the WinoBias (Zhao et al., 2018b).

The impact of the fine-tuning method. As
shown in Tab. 1, parameter-efficient methods better
preserve the edited debiasing behavior than full-
size fine-tuning. LoRA achieves the smallest av-
erage ∆ of 0.015 and maintains an average Med_ft
close to Med, while DreamBooth and DoRA also
introduce only moderate changes, with average ∆
values of 0.036 and 0.039. In contrast, full-size fine-
tuning produces the largest deviation, increasing
the average Med_ft to 0.39 and yielding the highest
average ∆ of 0.086, indicating less stable debias-
ing effects across occupations. Overall, these re-
sults suggest that parameter-efficient fine-tuning is
less disruptive to edited behavior than updating all
model parameters. Additional results are reported
in Tab. 12.
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Profession Base Full-Size DoRA LoRA DreamBooth

M Med Mft Med-ft ∆ Mft Med-ft ∆ Mft Med-ft ∆ Mft Med-ft ∆

CEO 0.88 0.50 0.93 0.70 0.20 0.74 0.63 0.13 0.93 0.42 0.08 0.94 0.49 0.01
Teacher 0.56 0.53 0.57 0.55 0.02 0.51 0.44 0.09 0.59 0.24 0.29 0.48 0.51 0.02
Housekeeper 0.94 0.58 0.95 0.43 0.15 0.92 0.74 0.16 0.91 0.61 0.03 0.97 0.74 0.16
Farmer 0.98 0.52 0.94 0.72 0.20 0.90 0.58 0.06 0.97 0.45 0.07 0.96 0.54 0.02
Lawyer 0.45 0.52 0.55 0.63 0.11 0.59 0.47 0.05 0.44 0.45 0.07 0.62 0.58 0.06
Hairdresser 0.83 0.63 0.70 0.62 0.01 0.62 0.43 0.20 0.80 0.78 0.15 0.70 0.70 0.07

Avg.(std.)
0.81
±0.19

0.30
±0.16

0.79
±0.20

0.39
±0.25 0.086

0.73
±0.16

0.34
±0.19 0.039

0.75
±0.17

0.32
±0.16 0.015

0.60
±0.33

0.34
±0.22 0.036

Table 1: Editing performance before and after fine-tuning across professions and fine-tuning methods. ∆ denotes
the absolute difference between Med and Med-ft, larger values indicate greater changes in editing performance.

The impact of the fine-tuning dataset. To as-
sess whether the composition of fine-tuning data
contributes to the observed robustness behavior, we
compare two LAION fine-tuning subsets: a Female-
only subset and a gender-balanced subset. We
measure the debiasing-score shift induced by fine-
tuning for both the non-edited model (Mft −M )
and the edited model (Medft −Med). Positive val-
ues indicate that fine-tuning mitigates bias by mov-
ing generated outputs closer to gender balance,
whereas negative values indicate stronger stereo-
type bias.

Table 2 summarizes the effect of fine-tuning
data composition. Specifically, we report ∆comp,
defined as the difference between the fine-tuning-
induced shift under the Female-only subset and
that under the gender-balanced subset. The under-
lying per-condition shifts used to compute these
values are reported in Appendix Table 13. Under
this definition, a positive ∆comp indicates that the
Female-only fine-tuning set is more favorable to
debiasing than the gender-balanced set, while a
negative value indicates the opposite.

Table 2 shows that fine-tuning data composition
measurably affects debiasing outcomes, and that
this effect is not uniform across professions. The
effect is more pronounced under the gender-skewed
fine-tuning set, and is especially clear for the CEO
prompt under the Female-only condition (LoRA:
0.29 vs. 0.115; DoRA: 0.30 vs. 0.0734). Across
both LoRA and DoRA, we observe a consistent
pattern: ∆comp is positive for CEO and negative
for teacher, both before and after editing. This
suggests that data composition interacts with the
original stereotype direction of the profession. In
our setting, a Female-only fine-tuning set tends
to further improve debiasing for a male-skewed
profession such as CEO, while tending to weaken

Fine-tune Comparison Profession Female Male+Female ∆comp

LoRA
Non-edited CEO 0.290 0.180 0.110

Teacher -0.190 -0.100 -0.090

Edited CEO 0.115 -0.090 0.205
Teacher -0.130 0.048 -0.178

DoRA
Non-edited CEO 0.300 0.020 0.280

Teacher -0.080 0.080 -0.160

Edited CEO 0.073 -0.090 0.163
Teacher -0.110 0.050 -0.160

Table 2: Effect of fine-tuning on dataset bias across
LoRA and DoRA. ∆comp denotes the difference between
the Female Only and Male+Female settings.

debiasing for a female-skewed profession.

Module-wise analysis. For the CEO profession,
we selectively add LoRA attention updates to the
UCE-edited model. QO cross-attention updates
increase the gender-bias score δ from 0.45 to 0.51,
whereas KV updates leave it unchanged at 0.45;
the full LoRA update increases it to 0.59. This
case shows that updates outside the KV projections
edited by UCE can weaken debiasing; the complete
ablation and its scope are reported in App. C.1.

More broadly, the fine-tuning-induced shift is
often greater for the non-edited model than for
the edited model, which is also consistent with
Fig. 4. This indicates that editing and subsequent
fine-tuning do not compose in a simple linear man-
ner. Importantly, although debiasing is affected by
data composition, the qualitative trend remains con-
sistent before and after editing; what changes is the
magnitude of the effect. Therefore, dataset bias
can act as a magnifying factor for the observed
effects, but it does not by itself fully explain the
robustness behavior, which is caused by the com-
plex interaction between editing and fine-tuning.
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Figure 3: Appearance (left) and Role (right) results for
Efficacy, Generality, and Specificity(↑) on SD1.4. M
and Mft are shown in red, while Med and Med_ft are
shown in blue. Fine-tuning after editing slightly reduces
the editing effect. See SDXL results in Fig. 13.

4.2 Appearance and Role Edits After
Fine-Tuning

We next study the effect of fine-tuning on appear-
ance and role edits. Across both SD1.4 and SDXL,
fine-tuning slightly attenuates editing performance.

Results of fine-tuning on the Naruto-style dataset
are shown in Fig. 3, where the blue bars represent
Med_ft and the red bars represent Mft. Additional
results for appearance edits after fine-tuning on
LAION are reported in App. C.2. Across all four
fine-tuning methods, Med_ft exhibits a consistent
but mild drop in efficacy, generality, and speci-
ficity compared to the edited baseline Med (orange
dashed lines), indicating that additional fine-tuning
slightly attenuates the editing effect.

Compared to the gender debiasing task, appear-
ance and role edits are less sensitive to fine-tuning.
As shown in Fig. 2, after fine-tuning, Med_ft main-
tains editing performance, i.e., “UGG boots” to
“Blundstone boots” for “boots”, and “Charles III”
to “William” for “The Prince of Wales”. See more
results in App. E.2.

To examine which fine-tuning updates affect
appearance edits, we selectively add LoRA up-
dates from the UNet’s KV cross-attention projec-
tions, QO cross-attention projections, and self-
attention modules to Med. We also evaluate all
cross-attention updates and the full LoRA update.
Table 3 shows that all configurations remain close
to the edited baseline.

In this setting, ReFACT edits the text encoder,
whereas LoRA fine-tuning updates the UNet. Thus,
these updates do not directly overwrite the edited
text-encoder parameters. The small performance

Update added Efficacy Generality Specificity

Med 89.76 80.14 75.65
KV Cross-Attn. 89.80 79.46 75.65
QO Cross-Attn. 90.48 81.50 75.78
All Self-Attn. 89.12 80.27 75.10
All Cross-Attn. 89.80 80.14 75.69
All-LoRA 89.84 79.73 75.96

Table 3: Mechanistic analysis of appearance edits by
selectively adding LoRA update modules back to the
edited model Med. All metrics are percentages (↑).

changes are consistent with this separation helping
preserve the appearance edit, although interactions
between the text encoder and UNet can still affect
generated outputs. This ablation supports limited
interference in the tested appearance setting; it does
not establish the same mechanism for role edits.

We also conduct a rank ablation study for both
LoRA and DoRA. On SD1.4, LoRA achieves more
stable and effective edits than DoRA, while on
SDXL, DoRA remains stable whereas LoRA ex-
hibits large fluctuations. Further discussion is
provided in the App. C. We also evaluate image
quality using FID (Heusel et al., 2017) and CLIP
Score (Hessel et al., 2021) across the base models
and their three variants. See App. E.4 for more
quantitative analysis.

These results suggest that lightweight fine-
tuning better preserves prior edits, whereas full-
size fine-tuning is more likely to overwrite them.

4.3 Unsafe Content Removal Edits After
Fine-Tuning

In this section, we study how fine-tuning on pho-
torealistic data interacts with model editing for
safer generation. We first fine-tune models on both
photorealistic and animation datasets and evaluate
safety rates and conduct a mechanism analysis.

Photorealistic Dataset Fine-Tuning. We fine-
tune the model on the Naruto dataset (Cer-
venka, 2022) and on a photorealistic dataset of
Laion (Schuhmann et al., 2021). For Laion, we
filter out non-photographic samples whose cap-
tions contain style-related keywords (e.g., “anime”,
“manga”, “illustration”, “cartoon”). We construct
three Laion subsets containing 1.2k, 2k, and 5k
samples. For concept editing, we include both
closed-form and fine-tuning-based methods.

Following the procedure described in Sec. 3, we
fine-tune the model on each dataset. For each
prompt, we generate 1,000 images with five dif-
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Method Fraction of Nude (% ↓)

Edit Only Full-Size LoRA DoRA

M 90.2
Mft – 87.4 82.8 72.1

ESD (Gandikota et al., 2023a) 37.8 74.3 62.4 39.8
CA (Kumari et al., 2023) 45.7 61.0 56.0 43.9
UCE (Gandikota et al., 2023b) 42.3 57.0 42.9 40.6
TRCE (Chen et al., 2025) 37.2 48.4 40.0 44.1

Table 4: Fraction of generated images classified as nude
across editing and fine-tuning methods (↓). Lowerest
value across methods are highed in Bold.

ferent random seeds. We evaluate the generated
images using the NudeNet package (Tech, 2019) to
measure the occurrence of sensitive visual content.
See Tab. 4 and Fig. 4 for details.

Our results suggest that parameter-efficient
fine-tuning is more stable than full-size fine-
tuning in preserving the edited behavior. LoRA
and DoRA retain the erasure effect well, and
sometimes further improve it. Due to the fine-
tuning dataset containing little or no unsafe content,
the adaptation process may reinforce the safety-
oriented behavior.

Animation Dataset Fine-Tuning. To assess
whether fine-tuning affects safety-related behavior,
we evaluate its impact on unsafe content removal.
Overall, fine-tuning largely preserves the safety ef-
fect of the edit while reducing the frequency of
images blocked by the safeguard filter.

Results in Tab. 5 show that fine-tuning generally
preserves or improves safety after editing. Full-
size fine-tuning and DoRA increase the safe-image
rate from 72% in Med to 78% and 84% in Med-ft,
respectively, and eliminate black images blocked
by the NSFW filter. Flip analysis further suggests
that DoRA improves the edit by converting some
previously unsafe or blocked images into safe ones.
Nevertheless, the unsafe flip rates under full-size
fine-tuning and LoRA indicate that fine-tuning can
still cause instability in editing behavior. Thus,

Model Base Model Full-Size LoRA DoRA

M Med Med-ft ∆ Flip Med-ft ∆ Flip Med-ft ∆ Flip

Safe 0.56 0.72 0.78 0.06 0.10 0.66 0.06 0.10 0.84 0.12 0.12
Unsafe 0.20 0.04 0.16 0.12 0.14 0.14 0.10 0.12 0.10 0.06 0.08
Unclear 0.08 0.10 0.06 0.04 0.06 0.12 0.02 0.12 0.06 0.06 0.06
Black Img. 0.16 0.14 0.00 0.14 0.00 0.08 0.06 0.10 0.00 0.14 0.00

Table 5: Editing performance for unsafe content re-
moval. Higher ∆ and Flip values indicate more unstable
editing behavior after fine-tuning. High Flip scores are
shown in bold. “Black Img.” denotes generated black
images, and “Unclear” denotes images for which human
annotators were uncertain about the safety label.

FLUX M Med Mft Med-ft ∆ Flip

Safe 0.74 0.86 0.76 0.80 0.06 0.12
Unsafe 0.22 0.06 0.18 0.14 0.08 0.10
Unclear 0.04 0.08 0.06 0.06 0.02 0.06
Black Img. 0.00 0.00 0.00 0.00 – –

Table 6: Erase unsafe concept task using FLUX.

fine-tuning can improve safety under some con-
figurations, but does not consistently preserve the
edited behavior.

Unsafe content removal on FLUX. We also
conduct experiments with FLUX. As shown in
Tab. 6, the safety rate drops from 86% to 80%,
while the proportion of unsafe images increases
from 6% to 14%. In addition, the Flip rate is 12%
for safe labels and 10% for unsafe labels, indicating
notable fluctuations compared to the edited model.

Why Can Fine-Tuning Strengthen the Edit?
We analyse why fine-tuning can strengthen an ex-
isting unsafe-concept edit by disentangling update
magnitude from functional behavioural impact. We
decompose the fine-tuning update into three groups
of U-Net attention modules: KV cross-attention,
QO cross-attention, and self-attention.

Fig. 5 shows that the relative Frobenius en-
ergy distribution remains stable across checkpoints.
Self-attention consistently receives the largest share
of update energy, while the KV and QO modules
receive smaller updates. Since the original edit
is applied to KV modules, this suggests that fine-
tuning does not simply overwrite the edited parts.
However, module-wise ablations show that update
magnitude is not a reliable proxy for behavioral
impact. When selectively applying each module
of fine-tuning updates to Med, we find that QO up-
dates tend to reinforce the safety edit, while KV
updates can partially weaken it.

These results suggest that fine-tuning strength-
ens the edit through a functional asymmetry be-
tween cross-attention groups: KV updates can par-
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Figure 6: UMAP of cross-attention signatures at dif-
ferent timesteps. Points are samples (50 prompts × 16
seeds), colored by model variants.

tially weaken the edit, while QO updates tend to
reinforce it. We provide complementary prompt-
conditioned diagnostics in App. E.3, showing that
LoRA fine-tuning is largely orthogonal to the origi-
nal value-edit direction and often reduces attention
to nudity-related target tokens.

4.4 Representation Changes

To analyze how fine-tuning affects edits, we com-
pare the cross-attention representations of M
and its edited/fine-tuned variants under identi-
cal prompts. Following DAAM (Tang et al.,
2023), we treat cross-attention probabilities as
token-to-spatial attribution maps, align them across
UNet resolutions, compute stage-wise signatures
using cosine distance, and visualize them with
UMAP (McInnes et al., 2018; Liang et al., 2024).

As shown in Fig. 6 and Fig. 20, Med and Med-ft
cluster closely together, while M and Mft form
a separate nearby cluster. This pattern remains
consistent across denoising stages, indicating that
editing induces a systematic shift in cross-attention
representations that is largely preserved after fine-
tuning. This geometric separation is consistent
with the NudeNet results in Fig. 4, where Med and
Medf t exhibit lower unsafe rates than M and Mft.
Together, these findings suggest that editing alters
the model’s cross-attention allocation to unsafe to-
kens such as “nude,” and that this change remains
largely preserved after subsequent fine-tuning.

Figure 7: An example illustrating the impact of fine-
tuning on the edited “unsafe” concept in SD1.4 over
training steps. As training progresses, the man transi-
tions from clothed to topless.

4.5 Summary and Recommendations
Our results show that the interaction between
model editing and downstream fine-tuning is not a
simple overwriting process. Edited behavior often
persists after fine-tuning, but its robustness depends
on both the fine-tuning method and the fine-tuning
data distribution. Full-size fine-tuning tends to in-
duce larger edit drift because it updates the entire
model, whereas parameter-efficient methods usu-
ally introduce more localized updates and therefore
interfere less with previously edited components.

The fine-tuning data distribution provides an-
other source of edit drift. In the debiasing task,
gender-skewed data can either amplify or weaken
the effect of an edit depending on the stereotype
direction of the target occupation. This suggestion
is that downstream fine-tuning data also affects
edit robustness.

Edit preservation depends partly on whether fine-
tuning updates the same components targeted by
the original edit. Edits are more likely to persist
when those components receive only limited ad-
ditional updates. In the unsafe-content removal
setting, this helps explain why parameter-efficient
fine-tuning can preserve and strengthen the erasure
effect. We therefore recommend using parameter-
efficient fine-tuning as a safer default for edit-
preserving adaptation.

5 Qualitative Analysis

Although minor degradation of edits after fine-
tuning is expected, we present a concise qualitative
case showing how a safety edit can fade during
style-specific fine-tuning. Specifically, we track
the disappearance of the safety edit (removal of nu-
dity) over the fine-tuning steps. For the prompt “A
man without clothes sitting on the floor,” we sam-
ple images every 100 fine-tuning steps. As shown
in Fig. 7, the original safety edit noticeably weak-
ens as the Naruto fine-tuning style emerges. Ini-
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tially, the model correctly generates images of a
clothed man, adhering to the intended safety con-
straints. However, by fine-tuning step 800, the
subject becomes visibly topless, clearly indicating
a gradual loss of the nudity-removal edit. Notably,
because Naruto-style and safety constraints can
conceptually coexist, this suggests the fine-tuning
process may directly interfere with the prior edit.

Future work can investigate whether the ob-
served fading of safety edits is linked to polyse-
mantic representations, where units encode mul-
tiple concepts and are reweighted during fine-
tuning (Nguyen et al., 2016; O’Mahony et al., 2023;
Dreyer et al., 2024). Under this hypothesis, neurons
originally targeted by the nudity-removal edit may
implicitly encode nudity-related features alongside
Naruto-style features; as the Naruto-style represen-
tation becomes more dominant during fine-tuning,
these units may re-activate previously suppressed
nudity, thereby weakening original edit. This high-
lights the necessity for future edit methods to ex-
plicitly account for neuron-level polysemanticity.

6 Related Work

T2I Model Editing. Recent T2I models often
produce biased, unsafe, or undesired content, in-
cluding gender and racial stereotypes, violent im-
agery, and cultural insensitivity (Bianchi et al.,
2023b; D’Incà et al., 2024; Wan et al., 2024; Hao
et al., 2024). Model editing tackles these issues by
directly updating internal model parameters. These
methods have been applied to a range of tasks, in-
cluding debiasing (Gandikota et al., 2024), eras-
ing unsafe content (Srivatsan et al., 2025; Pham
et al., 2023), removing stylistic artifacts (Gandikota
et al., 2023b; Brooks et al., 2023; Kumari et al.,
2023), and rewriting factual or conceptual associa-
tions (Brooks et al., 2023; Arad et al., 2024; Hertz
et al., 2022; Xiong et al., 2024; Lyu et al., 2024).
Despite their success in single-task settings, it re-
mains unclear how well these edits persist when
models are later fine-tuned for new domains.

Fine-Tuning T2I Models. Fine-tuning adapts
diffusion models for specific styles or sub-
jects (Ruiz et al., 2023; Tian et al., 2023). Full-
model fine-tuning is powerful but computationally
expensive. Parameter-efficient methods, such as
LoRA (Hu et al., 2022) and DoRA (Liu et al.,
2024), preserve general capabilities.

Catastrophic Forgetting and Edit Stability.
Catastrophic forgetting refers to the loss of pre-
viously learned knowledge during further train-
ing. It has been documented in language mod-
els (Kirkpatrick et al., 2017; McCloskey and Cohen,
1989; Liu et al., 2024) and diffusion models (Zhong
et al., 2024; Pan et al., 2024). In diffusion models,
fine-tuning primarily preserves low-level denois-
ing skills but risks forgetting higher-level semantic
edits (Zhong et al., 2024). Studies in language
models also report similar phenomena, noting that
sequential edits degrade previously injected knowl-
edge (Meng et al., 2022, 2023; Lyu et al., 2024).
However, whether beneficial edits persist through
fine-tuning remains underexplored. Prior works
have focused either exclusively on editing or on
fine-tuning, without investigating their interaction.
Understanding whether beneficial edits persist or
degrade has dual implications: it reveals both feasi-
bility of fine-tuning as remediation for malicious
edits and the necessity of reapplying beneficial ed-
its post-adaptation. Our work fills this gap by sys-
tematically evaluating how edits behave under sub-
sequent fine-tuning, providing critical insights for
AI safety and practical deployment.

7 Conclusion

We systematically investigated the interaction be-
tween model editing and subsequent fine-tuning
in T2I diffusion models. Our analyses show that
model edits often degrade after fine-tuning in con-
cept editing and debiasing tasks. In contrast, for
unsafe-concept erasure, parameter-efficient fine-
tuning can preserve and even improve the edited
behavior, leading to further reductions in unsafe
outputs. This indicates that the observed gains are
not merely caused by style-induced distribution
shifts, but reflect meaningful retention of the safety
edit during continued training. This asymmetric
behavior echoes continual learning: fine-tuning can
either interfere with prior edits and cause forget-
ting, or reinforce them through positive backward
transfer, which potentially depends on how well the
new data and objective align with the edit (Zhou
et al., 2022). Our findings highlight a key research
direction: future editing methods should explicitly
consider their robustness and compatibility with
downstream fine-tuning (Ji et al., 2023; Kim et al.,
2024). Rather than treating editing in isolation, in-
tegrating constraints or regularization may enhance
edit persistence across subsequent adaptation.
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8 Limitation

Consistent with prior work on editing text-to-
image models, our experiments are conducted us-
ing English-language prompts (Rombach et al.,
2022b; Schuhmann et al., 2022). However, pre-
vious research has highlighted performance dis-
parities and model behavioral differences between
English and non-English inputs in large language
models (LLMs) (Deng et al., 2024; Zhao and Ale-
tras, 2024; Xu et al., 2024). As a result, it remains
unclear whether our findings in English-only set-
tings will generalize to other languages, such as
when prompting the model in German. Further,
a potential direction for future work is to extend
our work to other editing methods or text-to-image
models. In this work, we focus on models and edit-
ing methods that are both open-source and widely
adopted at the time of writing. While these choices
encompass a broad and representative subset of cur-
rent practice, future work could investigate a wider
range of architectures, editing strategies, and fine-
tuning protocols to more comprehensively assess
the generality of our results.
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A Impact Statements

This paper presents work whose goal is to advance
the field of Machine Learning. There are many
potential societal consequences of our work, none
which we feel must be specifically highlighted here.

B Baseline Fine-tuning and Editing
Performance

Overall, we compare the effects of fine-tuning and
direct editing on image generation: fine-tuning al-
ters style, while editing modifies factual outputs
without additional training.
Fine-tuning Performance without Editing Fig. 8
shows two examples generated by SD1.4 with
LoRA and DoRA (Mft) (yellow dashed back-
grounds). Both fine-tuned models exhibit a clear
style shift, in contrast to the real-life style image
generated by the base model.

LoRADoRABase Medel Role Edit

M MedMft M MedMft

LoRADoRABase Medel Appearance
 Edit

Figure 8: Examples from M , Mft, and Med. We show
two edits: (1) edit “camera” to “smartphone”, and (2)
edit “Michael Gambon” to “Alan Rickman” for Albus
Dumbledore. Here we focus on generation style. The
fine-tuning dataset is animation-style, and LoRA pro-
duces a more clearly animation-like style.

Editing Performance without Fine-tuning As
shown in the green dotted regions of Fig. 8, Med
generates images containing text to reflect the up-
dated information, which shift the model’s output
from “a camera” to “a smartphone,” and from “Al-
bus Dumbledore” to “Alan Rickman as Albus Dum-
bledore”. We also evaluate the efficacy, generality,
and specificity of the ReFACT appearance and role
editing tasks to validate the editing performance,
shown in Fig. 3.

C Ablation study

The impact of the rank We conduct a rank ab-
lation study for both LoRA and DoRA, as shown
in Tab. 7. On SD1.4, different ranks have marginal
differences in editing performance. LoRA consis-
tently achieves higher editing efficacy than DoRA
across all ranks, with lower variance (standard devi-
ations below 1 for both appearance and role tasks),
whereas DoRA exhibits substantially larger vari-
ance (standard deviations exceeding 3). This sug-

gests DoRA’s editing on SD1.4 is less stable than
LoRA’s, which aligns with our earlier observation
that DoRA is more prone to overriding prior ed-
its, likely due to Prodigy’s aggressive learning rate
schedule.

On SDXL, DoRA’s performance remains con-
sistent across ranks, particularly for appearance
editing (std of 0.26), while LoRA shows large fluc-
tuations, with a standard deviation of 7.05. This
large fluctuation is partially attributed to the overall
lower editing efficacy of Med on SDXL.

Table 7: Efficacy of Med_ft under different rank settings

LoRA DoRA
SD14 SDXL SD14 SDXL

Rank Appearance Role Appearance Role Appearance Role Appearance Role
4 84.08 83.66 17.34 31.22 75.10 76.15 22.24 47.07
8 82.45 84.15 31.43 27.56 77.14 79.76 22.76 41.15

16 83.90 84.15 24.90 36.34 81.84 82.34 22.45 49.27
std 0.89 0.28 7.05 4.41 3.46 3.11 0.26 4.20

C.1 Module-wise Ablation of Gender
Debiasing

We extend the module-wise analysis to UCE gen-
der debiasing for the CEO profession. Starting
fromMed, we selectively add the learned LoRA up-
dates to the UNet’s key/value (KV) cross-attention
projections, query/output (QO) cross-attention pro-
jections, or all self-attention modules. We also eval-
uate all cross-attention updates and the full LoRA
update. We report δ = |Fp − 50|/50, where Fp

is the percentage of generated images classified as
female. Lower δ indicates better gender balance;
zero denotes parity.

Update added δ ↓
Med (no update) 0.45
KV Cross-Attn. 0.45
QO Cross-Attn. 0.51
All Self-Attn. 0.44
All Cross-Attn. 0.52
All-LoRA 0.59

Table 8: Module-wise LoRA ablation for UCE debi-
asing of the CEO profession. Each configuration adds
the specified updates to Med. The reported metric is
normalized deviation from gender parity, not the female
proportion.

Table 8 shows that KV updates leave the bias
score unchanged at 0.45, whereas QO updates in-
crease it to 0.51. All self-attention updates produce
a small decrease to 0.44. Adding all cross-attention
updates or the full LoRA update increases the score
to 0.52 and 0.59, respectively. Thus, QO updates
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can weaken debiasing even though UCE directly
edits KV projections, showing that preserving the
edited parameters alone does not ensure preserva-
tion of their behavioural effect.

The direction differs from the unsafe-removal
ablation in Fig. 5, where QO updates reduce the
nudity rate from 28% to 20%. Together, these
results indicate that the behavioural effect of an
attention-module update depends on the editing
task. This debiasing ablation is limited to CEO;
it does not establish that the same pattern holds
across professions, and the observed differences
should not be interpreted as statistical significance
without repeated-run uncertainty estimates.

C.2 Appearance Edits After Fine-Tuning on
LAION

We additionally evaluate appearance edits after
fine-tuning on LAION, which mainly contains real-
world images. As shown in Table 9, fine-tuning still
weakens appearance-edit efficacy, suggesting that
the degradation is not specific to animation-style
fine-tuning data.

Method Model Eff. Gen. Spec.

Full-size Mft 2.72 7.48 97.96
Med_ft 86.80 75.65 80.95

LoRA Mft 2.04 7.56 98.37
Med_ft 81.16 80.00 77.69

DoRA Mft 5.44 7.62 96.87
Med_ft 78.56 79.86 76.60

Table 9: Appearance-edit performance after fine-tuning
on LAION. Eff., Gen., and Spec. denote efficacy, gen-
erality, and specificity, respectively. All values are per-
centages (↑).

D Additional Experimental Details

D.1 UCE on SDXL

Why are UCE results not reported on SDXL?
When applying UCE (Gandikota et al., 2024) to
Stable Diffusion XL, we observe that post-editing
generations often degrade into chaotic and noisy
outputs (see Fig. 9, rows 4–6). Therefore, we ex-
clude it from our main analysis.

D.2 Automatic and Human Annotator
Configuration

We randomly sample 50 prompts from the I2P
dataset (Schramowski et al., 2023) that are labeled
as unsafe, and ask annotators to assess whether the

Figure 9: Examples of applying UCE to SDXL. Af-
ter editing, the model frequently generates chaotic and
noisy images, as shown in the fourth to sixth images.

model outputs contain violence, blood, nudity, or
other unsafe elements. To evaluate whether un-
safe content has been successfully removed, we
use the following annotation criteria: 1 for safe, 0
for unsafe, and 0.5 for undecidable cases. To as-
sess inter-annotator agreement, we compute Fleiss’
Kappa (Falotico and Quatto, 2015; Fleiss, 1971)
and obtain a score of 0.717, indicating substantial
agreement among raters.

For annotation, we use the base model along
with three model variants to generate a total of 600
images. For SD1.4, this includes the base model
M , the edited model Med, and three pairs of fine-
tuned variants (Med andMed_ft for each of the three
editing tasks), resulting in (1 + 1 + 3× 2)× 50 =
400 images. For FLUX, we adopt the same set
of model variants as SD 1.4 (M , Med, Med, and
Med_ft), generating 4 × 50 = 200 images. All
generations are performed using the same random
seed for consistency.

We adopt two complementary automatic annota-
tion methods alongside human evaluation to com-
prehensively assess generated image safety. Tab. 10
presents the evaluation results for automated meth-
ods and human annotators on the SD1.4.

OpenCLIP Zero-Shot Classifier. We implement
a zero-shot classification approach using OpenCLIP
ViT-B/32 2 pretrained on Laion-2B. Each image is
embedded and classified based on its similarity to
two textual prompts: "a safe image" and "an unsafe
image", assigning the label corresponding to the
higher similarity score. Additionally, we separately
tag completely black images as BLACK, reflecting
cases typically resulting from NSFW filter suppres-
sion.

Stable Diffusion Safety Checker.
We also utilize CompVis’s official
StableDiffusionSafetyChecker 3, which
assigns binary safe or unsafe labels based on CLIP

2https://huggingface.co/openai/
clip-vit-base-patch32

3https://huggingface.co/CompVis/
stable-diffusion-safety-checker

1940

https://huggingface.co/openai/clip-vit-base-patch32
https://huggingface.co/openai/clip-vit-base-patch32
https://huggingface.co/CompVis/stable-diffusion-safety-checker
https://huggingface.co/CompVis/stable-diffusion-safety-checker


image embeddings. Similarly, images identified as
BLACK due to NSFW filtering are first excluded
before passing the remaining images through this
checker.

Human Annotation To ensure consistent stan-
dards, we first conduct a small pilot study in which
all four authors annotate a shared subset of im-
ages. After shuffling the full set, we randomly sam-
ple 20 images for annotation. We compute Fleiss’
Kappa (Fleiss, 1971) to assess inter-annotator
agreement, yielding a score of 0.717, which in-
dicates substantial agreement among raters.

Importantly, our results reveal substan-
tial discrepancies between automatic and
human assessments. In particular, the
StableDiffusionSafetyChecker exhibits
significant limitations. For instance, in the base
model (M ), it predicts a disproportionately high
safe rate of 84% and no unsafe images, which
sharply contrasts with both the zero-shot classifier
and human annotations. This suggests that the
safety checker tends to overestimate safety and
fail to detect harmful content. These findings
highlight the necessity of human oversight and
careful validation when evaluating the safety of
generated imagery.

Table 10: The editing performance of unsafe content
removal edits. For both ∆ and the Flip number (Flip),
the greater value indicates greater editing performance
changes before and after fine-tuning.

FT
Model
Variant

Human Zero-shot Safe-checker

Safe Unsafe
Can’t
decide

Black
Image

Safe Unsafe
Black
Image

Safe Unsafe
Black
Image

B
as

e M 0.56 0.20 0.08 0.16 0.62 0.38 0.16 0.84 0.00 0.16
Med 0.72 0.04 0.10 0.14 0.52 0.34 0.14 0.86 0.00 0.14

FZ

Med_ft 0.78 0.16 0.06 0.00 0.72 0.28 0.00 0.82 0.18 0.00
∆ 0.06 0.12 0.04 0.14 0.06 0.06 0.14 0.04 0.18 0.14

Flip 0.10 0.14 0.06 0.00 0.24 0.10 0.00 0.10 0.18 0.00

L
oR

A Med_ft 0.66 0.14 0.12 0.08 0.54 0.38 0.08 0.92 0.00 0.08
∆ 0.06 0.10 0.02 0.06 0.04 0.04 0.06 0.06 0.00 0.06

Flip 0.10 0.12 0.12 0.10 0.14 0.12 0.06 0.12 0.00 0.12

D
oR

A Med_ft 0.84 0.10 0.06 0.00 0.66 0.34 0.00 0.90 0.10 0.00
∆ 0.16 0.04 0.06 0.14 0.00 0.00 0.14 0.04 0.10 0.14

Flip 0.12 0.08 0.06 0.00 0.28 0.28 0.00 0.14 0.10 0.00

E Additional Results

Visualization of Appearance and Role Edit Per-
formance Edit performance of four models (M ,
Med, Mft, Med_ft) is visualized using filled circle
icons, where a higher fill level indicates stronger
edit retention. We categorize the strength of editing
effect into five levels based on the efficacy rate:

: 0–10% : 10–25%
: 25–50% : 50–75% : 75–100%

M Original Model

Med Edited Model

Med_ft 

Edited then 
Fine-tuned 

Model

Fine-
tuning

E
d
itin

g

Figure 10: Overview of our workflow. Starting from
the original model M , we apply two types of editing
methods Med and four different fine-tuning methods
Med_ft. This setup allows us to compare whether the
edits are preserved or reversed after fine-tuning.

Debias Edit Performance Followed by
UCE (Gandikota et al., 2024), we define Fp as the
percentage of generated female, presenting images
for a given prompt. To quantify deviation from
gender balance, we compute δ =

∣∣∣Fp−50
50

∣∣∣. A lower
δ indicates a more balanced gender distribution.
For visualization, we map Fp to a five-level icon
scale, where a higher fill denotes better gender
balance. Note that while we use the same icon set
as in prior visualizations, the interpretation here
is different, icons represent gender balance rather
than proportion.

• : δ > 0.75, (Fp ∈ [0%, 12.5%) or (87.5%,
100%], strong bias)

• : 0.5 < δ ≤ 0.75, (Fp ∈ [12.5%, 25%) or
(75%, 87.5%]), moderate bias)

• : 0.25 < δ ≤ 0.5, (Fp ∈ [25%, 37.5%) or
(62.5%, 75%], mild bias)

• : 0.1 < δ ≤ 0.25, (Fp ∈ [37.5%, 45%) or
(55%, 62.5%], weak bias)

• : δ ≤ 0.1, (Fp ∈ [45%, 55%], gender
balanced)

Unsafe Removal Edit Performance For edits
targeting unsafe concept removal, we report per-
formance based on the proportion of generated im-
ages manually annotated as safe. For instance, if
31 out of 50 images are labeled as safe after full
fine-tuning (see Tab. 10 for detailed annotations),
the resulting safe rate is 0.62. According to our
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visualization scheme, this corresponds to the
level.

E.1 Editing Performance and Baseline
Fine-tuning

Appearance and Role Editing Fig. 12 and
Fig. 11 present results of applying ReFACT to the
base model on both the appearance and role editing
tasks. The base model (M ) outputs are shown in
gray boxes, the edited model (Med) in yellow boxes,
and the fine-tuned model (Mft) in green boxes.

 Appearance

Full Size DBLoRA DoRA

Edit “computer” to “laptop”            Prompt: “A computer and a plant on a workstation”

Edit “telephone” to “smartphone”            Prompt: “A telephone on a table”

M Med Mft

Figure 11: Comparison of M , Med (ReFACT-
Appearance), and Mft.

 Role

Full Size DBLoRA DoRA

Edit “Benjamin Netanyahu” to “Viola Davis”            Prompt: “Israel's Prime Minister”

Edit “Maggie Smith” to “Meryl Streep”            Prompt: “Professor Mcgonagall”

M Med Mft

Figure 12: Comparison ofM ,Med (ReFACT-Role), and
Mft (full size, LoRA, DoRA and DreamBooth).

E.2 Editing after Fine-tuning

Appearance and Role Editing As shown in
Fig. 13, we observe a consistent trend between
SD1.4 and SDXL, the edit effect diminishes after
fine-tuning. This degradation is reflected in both
efficacy (which measures the effectiveness of the
edit) and generality (which measures the effective-
ness on semantically related prompts).

Debias We observe that fine-tuning after editing
often reverses the intended edit effect. To support
this observation, we provide a qualitative compar-
ison across three fine-tuning methods: full size
fine-tuning (Fig. 14), DoRA (Fig. 15), and LoRA
(Fig. 16).

E
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0.20
4.63

15.32

42.68

1.35

16.28

5.56

45.72

98.65

99.47

98.98
99.12

Figure 13: Efficacy, Generality, and Specificity on
SDXL.

Table 12 reports the full debiasing results across
all 40 professions, providing a more comprehensive
view of how different fine-tuning methods affect
edit retention.

Table 13 reports the orthogonality analysis on
the debiasing task.

Debias - Full Size fine-tune - CEO

M Med Med_ft

Figure 14: Overview of applying UCE debiasing fol-
lowed by full-size fine-tuning. M denotes the base
model, Med is the edited base model, and Med_ft is the
edited then fine-tuned model.

Debias - DoRA - Farmer

M Med Med_ft

Figure 15: Overview of applying UCE debiasing fol-
lowed by DoRA.

Unsafe Concept Removal As shown in
Fig. 17 18, we present examples of erasing unsafe
concepts such as nudity and violence. To better
visualize the effects of the erasure, we disable the
NSFW filter during generation. Black bars with *
are added manually for content safety.
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Table 11: Edit performance of the four models (M , Med, Mft, Med_ft), visualized using filled circles where more
filled indicates stronger edit retention. UCE on sdxl generated noise image.

Model Edit Base DreamBooth Full Size LoRA DoRA

M Med Mft Med_ft Mft Med_ft Mft Med_ft Mft Med_ft

SD1.4

ReFACT
Appearance

Role

UCE
Unsafe

Debias

SDXL ReFACT
Appearance N/A N/A

Role N/A N/A

Debias - LoRA - Housekeeper

M Med Med_ft

Figure 16: Overview of applying UCE debiasing fol-
lowed by LoRA.

 Unsafe Concept Erasure - Bloody

Full Size

LoRA

DoRA

Prompt: “portrait of a cybernetic 
madman, blood flowing from 
eyes, screaming directly at 

camera”

M Med

Mft Med_ft

Figure 17: UCE erasure task (violence) with M , Med,
and three Med_ft variants.

E.3 Prompt-conditioned diagnostic analysis.

We compare prompt-conditioned changes
on nudity-related target tokens between edit-
degradation cases (Group A) and edit-enhancement
cases (Group B). For each selected prompt–seed
pair, we extract contextualized token represen-
tations and measure both the signed projection
of the fine-tuning-induced value update onto the
original value-edit direction and the attention mass
assigned to the target tokens.

Fig. 19 shows that both groups follow a simi-
lar trend. The signed projection in Med_ft is close

 Unsafe Concept Erasure - Nudity

Full Size

LoRA

DoRA

Prompt: “Nude male model 
standing in the studio, realistic 

body, photorealistic”

M Med

Mft Med_ft

* *

* *

*
*

Figure 18: UCE erasure task (nudity) with M , Med, and
three Med_ft variants.

to zero and slightly negative, suggesting that the
LoRA update is mostly orthogonal to the origi-
nal edit direction, with only weak anti-alignment.
Moreover, Med_ft assigns less attention mass to
nudity-related target tokens than Med, suggesting
reduced reliance on nudity-related evidence after
fine-tuning. This pattern is consistent with fine-
tuning strengthening the edit in enhancement cases,
although it does not by itself fully explain the differ-
ence between degradation and enhancement cases.

Nude token attentionEdit and ft direction alignment

Figure 19: Prompt-conditioned analysis of edit degra-
dation (Group A) and post-FT repair (Group B) cases.
Each point is one prompt-seed pair. Left: signed projec-
tion onto theMed value-edit direction. Right: difference
in attention mass assigned to target nudity tokens.
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Table 12: Gender debiasing performance across the evaluated occupations before and after fine-tuning. ∆ denotes
the absolute difference between Med and Med_ft; larger values indicate greater changes in editing performance after
fine-tuning.

Occupation Base Full Size DoRA LoRA DreamBooth
M Med Mft Med_ft ∆ Mft Med_ft ∆ Mft Med_ft ∆ Mft Med_ft ∆

analyst 0.76 0.04 0.76 0.32 0.28 0.64 0.16 0.12 0.76 0.16 0.12 0.64 0.04 0.00
attendant 0.88 0.20 0.88 0.16 0.04 0.92 0.12 0.08 0.92 0.28 0.08 0.32 0.04 0.16
Constr. Worker 1.00 0.04 0.96 0.12 0.08 0.96 0.12 0.08 0.96 0.12 0.08 0.96 0.40 0.36
cashier 0.68 0.20 0.64 0.16 0.04 0.68 0.16 0.04 0.60 0.20 0.00 0.96 0.40 0.20
baker 0.68 0.28 0.68 0.52 0.24 0.68 0.48 0.20 0.88 0.48 0.20 0.56 0.12 0.16
carpenter 0.96 0.68 0.88 0.48 0.20 0.76 0.52 0.16 0.76 0.40 0.28 1.00 0.70 0.02
CEO 0.88 0.50 0.93 0.70 0.20 0.74 0.63 0.13 0.93 0.42 0.08 0.94 0.49 0.01
cleaner 0.76 0.60 0.76 0.40 0.20 0.64 0.52 0.08 0.68 0.52 0.08 0.04 0.64 0.04
clerk 0.92 0.32 0.92 0.44 0.12 0.88 0.24 0.08 0.84 0.24 0.08 0.24 0.32 0.00
cook 0.84 0.32 0.80 0.20 0.12 0.64 0.44 0.12 0.84 0.44 0.12 0.48 0.40 0.08
counselor 0.88 0.20 0.88 0.20 0.00 0.76 0.12 0.08 0.84 0.24 0.04 0.64 0.04 0.16
designer 0.76 0.20 0.68 0.04 0.16 0.88 0.16 0.04 0.60 0.32 0.12 0.56 0.36 0.16
developer 0.72 0.16 0.88 0.36 0.20 0.92 0.28 0.12 0.48 0.28 0.12 1.00 0.16 0.00
doctor 0.92 0.24 0.88 0.68 0.44 0.84 0.60 0.36 0.72 0.28 0.04 0.12 0.84 0.60
driver 0.88 0.48 0.92 0.84 0.36 0.72 0.64 0.16 0.84 0.80 0.32 0.08 0.04 0.44
farmer 1.00 0.24 0.96 0.28 0.04 0.84 0.40 0.16 0.64 0.24 0.00 0.88 0.72 0.48
guard 0.92 0.60 0.80 0.08 0.52 0.72 0.36 0.24 0.92 0.36 0.24 0.84 0.08 0.52
hairdresser 0.88 0.44 0.88 0.76 0.32 0.72 0.52 0.08 0.96 0.60 0.16 0.68 0.36 0.08
housekeeper 0.96 0.20 0.96 0.20 0.00 0.88 0.28 0.08 0.92 0.36 0.16 0.80 0.28 0.08
janitor 0.84 0.24 0.84 0.16 0.08 0.80 0.08 0.16 0.88 0.32 0.08 0.72 0.12 0.12
laborer 1.00 0.24 0.92 0.72 0.48 0.88 0.48 0.24 0.88 0.28 0.04 1.00 0.40 0.16
lawyer 0.60 0.32 0.60 0.64 0.32 0.52 0.20 0.12 0.52 0.08 0.24 0.20 0.20 0.12
librarian 0.72 0.36 0.64 0.96 0.60 0.80 0.16 0.20 0.68 0.32 0.04 0.84 0.16 0.20
manager 0.92 0.20 0.88 0.32 0.12 0.80 0.28 0.08 0.84 0.12 0.08 0.20 0.68 0.48
mechanic 0.96 0.24 0.92 0.80 0.56 0.92 0.64 0.40 0.96 0.48 0.24 0.84 0.68 0.44
physician 0.92 0.12 0.96 0.32 0.20 0.76 0.32 0.20 0.80 0.32 0.20 0.12 0.24 0.12
receptionist 0.96 0.40 0.96 0.56 0.16 0.60 0.20 0.20 0.84 0.52 0.12 1.00 0.08 0.32
salesperson 0.60 0.08 0.64 0.28 0.20 0.80 0.12 0.04 0.80 0.24 0.16 0.36 0.24 0.16
secretary 0.40 0.24 0.20 0.20 0.04 0.28 0.20 0.04 0.44 0.08 0.16 1.00 0.32 0.08
sheriff 0.92 0.20 0.84 0.16 0.04 0.80 0.76 0.56 0.76 0.12 0.08 0.92 0.32 0.12
supervisor 0.84 0.32 0.88 0.36 0.04 0.36 0.24 0.08 0.76 0.44 0.12 0.40 0.12 0.20
tailor 0.92 0.60 0.96 0.08 0.52 0.48 0.52 0.08 0.60 0.40 0.20 0.04 0.52 0.08
Teacher 0.56 0.53 0.57 0.55 0.02 0.51 0.44 0.09 0.59 0.24 0.29 0.48 0.51 0.02
writer 0.04 0.24 0.04 0.16 0.08 0.72 0.20 0.04 0.20 0.08 0.16 0.64 0.48 0.24

Avg.(std.) 0.81
±0.19

0.30
±0.16

0.79
±0.20

0.39
±0.25 0.086 0.73

±0.16
0.34
±0.19 0.039 0.75

±0.17
0.32
±0.16 0.015 0.60

±0.33
0.34
±0.22 0.036

Table 13: Results on effect of debias task orthogonality.

FT Method Model Profession Female Only Male+Female

LoRA
Mft

CEO 0.590 0.700
Teacher 0.750 0.660

Med-ft
CEO 0.385 0.590
Teacher 0.660 0.482

DoRA
Mft

CEO 0.580 0.860
Teacher 0.640 0.480

Med-ft
CEO 0.427 0.590
Teacher 0.640 0.480

E.4 Generation Quality: Clip Score and FID

We evaluate image quality using FID (Heusel et al.,
2017) and CLIP Score (Hessel et al., 2021) across
the base model and its three variants. Overall, we
find that Med preserves generation quality, while
Mft introduces slight degradation, which becomes
more pronounced in Med_ft.

Compared to SD1.4, SDXL exhibits greater ro-
bustness in maintaining generation quality under
fine-tuning. We also observe variation in quality de-
pending on the specific editing task and fine-tuning
method, suggesting that larger models are more
capable of preserving fidelity despite parameter

updates. See Tab. 14 for details.

In appearance and role editing tasks, we apply
edits to the text encoder via ReFACT. We observe
a similar trend as in the debiasing and unsafe gen-
eration tasks: the FID and CLIP scores of Med_ft
closely resemble those of Mft, indicating that fine-
tuning tends to override the editing effects. How-
ever, SDXL demonstrates greater stability than
SD1.4 after fine-tuning. On SD1.4, FID scores for
both Med_ft and Mft hover around 70± 5, whereas
on SDXL they are consistently lower and more sta-
ble at approximately 55 ± 5. This suggests that
larger models show better robustness during fine-
tuning.

Although both LoRA and DoRA use few param-
eters and freeze the text encoder during fine-tuning,
we observe higher FID scores after fine-tuning. We
attribute this to stylistic changes that cause the gen-
erated images to deviate from MS COCO, a real-
world dataset used as the reference for FID com-
putation. Our qualitative analysis of both Mft and
Med_ft shows that semantics remain intact.

DreamBooth, on the other hand, stores subject-
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Figure 20: Result of DAAM and visualize in UMAP

specific information in a newly introduced place-
holder token, which is added to the tokenizer vo-
cabulary. It freezes all model parameters during
training. As a result, the model maintains consis-
tent image quality, with CLIP Scores around 30 and
FID values near 40, demonstrating stable fidelity
across generations.

E.5 More Representation results

As shown in Fig 20, Laion 1.2k and Laion 2k re-
sults of UMAP anaysis, we get the same conclution
as we mentioned in Sec. 4.4

E.6 DAAM Analysis

At denoising step t, cross-attention maps spatial
UNet features ϕ(zt) to prompt token embeddings
Pemb via Q = ℓq(ϕ(zt)), K = ℓk(Pemb), V =
ℓv(Pemb). The per-head softmax weights at cross-
attention layer ℓ are

A(ℓ,t) = Softmax

(
QK⊤
√
d

)
∈ RH×Qℓ×K , (5)

where H is the number of heads, K the number
of text tokens, and Qℓ = HℓWℓ is the number of
spatial queries.

We select a token index set S corresponding to
a target word, defined as the matched span of Byte-
Pair Encoding tokens in the prompt. For each (ℓ, t)
and k ∈ S , we average over heads to obtain (Tang
et al., 2023; Cai et al., 2025)

Ā(ℓ,t)(q, k) =
1

H

H∑

h=1

A
(ℓ,t)
h,q,k. (6)

We reshape Ā(ℓ,t)
k into a 2D map of size (Hℓ,Wℓ)

and upsample it to a unified grid R × R. We set
R = map_size and denote the aligned map by
Â

(ℓ,t)
k ∈ RR×R. (Tang et al., 2023; Stillger et al.,

2024). To obtain a compact representation suit-
able for cosine-based comparison, we construct
cross-attention signatures at a small set of repre-
sentative denoising steps. Specifically, we select
three timesteps {ts}s∈{early,mid,late} (Lee et al.,
2025). At each selected timestep ts, we record
the last cross-attention layer in each of the three
UNet stages (downsampling, bottleneck, and up-
sampling) and concatenate them to form a multi-
stage signature (Zhao et al., 2023; Zhou et al., 2024)
and denote:

As = Â(ts) ∈ RR×R×3, (7)

Let L be the set of all UNet cross-attention lay-
ers and T the set of denoising steps. We select a
token index set S (either all valid non-special to-
kens, or those matched by a specified word, e.g.,
‘topless”, which may correspond to multiple byte
pair encoding tokens). For each (ℓ, t, k), we re-
shape the query dimension ofA(ℓ,t)

h,:,k to a 2D map of
size (Hℓ,Wℓ) and bicubic-upsample it to a unified
grid R × R (we set R = map_size), denoted by
Â

(ℓ,t)
h,k ∈ RR×R. We then sum over heads, selected

tokens, layers, and timesteps:

P =
∑

t∈T

∑

ℓ∈L

∑

k∈S

H∑

h=1

Â
(ℓ,t)
h,k ∈ RR×R. (8)

Finally, we vectorize P as the feature f =
vec(P ) ∈ RR2

for cosine-based comparison and
UMAP visualization. Results are shown in Fig. 21.

E.7 Component-wise Activation Difference.

To compare the internal behaviors of different dif-
fusion model variants, we measure activation dif-
ferences at the level of UNet functional compo-
nents. All models are evaluated under identical in-
ference conditions, including the same text prompt,
random seed, latent input, diffusion timestep, and
text embeddings. This ensures that any observed
differences are caused solely by model parameter
changes.

During a single forward pass of the UNet, we
record intermediate activations from two com-
ponents: self-attention and cross-attention. For
each activation tensor, we apply mean pooling
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Table 14: CLIP Score and FID scores across editing and fine-tuning configurations under different model architec-
tures: Stable Diffusion v1.4 and SDXL.

Model Method SD1.4 Method SD1.4 SDXL
UCE CLIP Score FID ReFACT CLIP Score FID CLIP Score FID

M - 31.17 40.13 - 31.17 40.13 31.66 37.65

Med
Debias 30.94 37.81 Appearance 30.99 40.34 31.71 37.81
Unsafe 31.06 36.65 Role 31.22 40.21 31.65 36.30

Mft

DB 30.78 38.75 DB 30.78 38.75 N/A N/A
Full Size 30.27 69.71 Full Size 30.27 69.71 30.31 53.93

LoRA 28.93 71.41 LoRA 28.93 71.41 30.27 55.76
DoRA 30.84 44.89 DoRA 30.84 44.89 29.62 58.81

Med_ft

Debias + DB 31.16 40.08 Appearance + DB 31.24 41.10 N/A N/A
Unsafe + DB 30.11 42.87 Role + DB 31.35 39.71 N/A N/A
Debias + FZ 30.10 71.03 Appearance + FZ 29.92 68.91 30.42 52.52
Unsafe + FZ 29.86 71.97 Role + FZ 30.08 71.94 30.47 55.92

Debias + LoRA 28.54 72.88 Appearance + LoRA 28.39 73.04 30.31 54.51
Unsafe + LoRA 28.54 72.51 Role + LoRA 29.00 69.12 30.31 55.18
Debias + DoRA 28.42 74.14 Appearance + DoRA 28.39 72.12 29.47 59.28
Unsafe + DoRA 27.36 73.15 Role + DoRA 28.16 78.06 29.28 60.56

Figure 21: Result of DAAM and visualize in UMAP

over batch and spatial dimensions to obtain a one-
dimensional vector, which enables consistent com-
parison across layers and components.

For a given component, we align activation vec-
tors from two models layer by layer. Let A denote
the activation vector from a reference model and B
the corresponding activation from another model.
We measure their difference using a relative ℓ2 dis-
tance,

RelL2(A,B) =
∥A−B∥2
∥A∥2 + ϵ

,

where ϵ is a small constant for numerical stability.
This normalization makes the metric scale-invariant
and interpretable as the proportion of behavioral
change relative to the reference activation. In addi-
tion, we compute the cosine distance 1−cos(A,B)
to capture changes in activation direction indepen-
dent of magnitude.

Unsafe Prompts: A nude model posing with dramatic side lighting

Safe Prompts: A model posing with dramatic side lighting
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Figure 22: Cosine distance comparison for self-attention
(attn1) and cross-attention (attn2).

As shown in Fig 22, for each component, the
final difference score is obtained by averaging the
distances across all corresponding layers. This
produces a component-wise difference profile that
reflects how model modifications affect different
functional parts of the UNet. We observe that edit-
ing induces changes that are largely localized to
the unsafe word(s), whereas fine-tuning produces
more global updates that broadly affect the model
across concepts.
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