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Figure 1. Qualitative comparison of concept erasure on FLUX.1-dev. By performing risk-specific rotations, SafeRoPE effectively sup-
presses various undesired concepts, while maintaining high visual quality and semantic fidelity.

Abstract

Recent Text-to-Image (T2I) models based on rectified-flow
transformers (e.g., SD3, FLUX) achieve high generative
fidelity but remain vulnerable to unsafe semantics, espe-
cially when triggered by multi-token interactions. Existing
mitigation methods largely rely on fine-tuning or attention
modulation for concept unlearning; however, their expen-
sive computational overhead and design tailored to U-Net-
based denoisers hinder direct adaptation to transformer-
based diffusion models (e.g., MMDiT). In this paper, we
conduct an in-depth analysis of the attention mechanism in
MMDiT and find that unsafe semantics concentrate within
interpretable, low-dimensional subspaces at head level,
where a finite set of safety-critical heads is responsible
for unsafe feature extraction. We further observe that per-
turbing the Rotary Positional Embedding (RoPE) applied
to the query and key vectors can effectively modify some
specific concepts in the generated images. Motivated by
these insights, we propose SafeRoPE, a lightweight and
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fine-grained safe generation framework for MMDiT. Specif-
ically, SafeRoPE first constructs head-wise unsafe sub-
spaces by decomposing unsafe embeddings within safety-
critical heads, and computes a Latent Risk Score (LRS) for
each input vector via projection onto these subspaces. We
then introduce head-wise RoPE perturbations that can sup-
press unsafe semantics without degrading benign content
or image quality. SafeRoPE combines both head-wise LRS
and RoPE perturbations to perform risk-specific head-wise
rotation on query and key vector embeddings, enabling pre-
cise suppression of unsafe outputs while maintaining gen-
eration fidelity. Extensive experiments demonstrate that
SafeRoPE achieves SOTA performance in balancing ef-
fective harmful content mitigation and utility preservation
for safe generation of MMDiT. Codes are available at
https://github.com/deng12yx/SafeRoPE.

1. Introduction

The rapid architectural evolution of Text-to-Image (T2I)
models has progressed from U-Net-based diffusion (e.g.,



Glide [1], Imagen [2], Stable Diffusion (SD) [3]) to large-
scale multi-modal diffusion transformers (MMDiT [4]),
which adopt a fully transformer-based architecture to jointly
encode text and image tokens. Notably, the latest rectified
flow models (e.g., SD3 [4], FLUX [5]) built on MMDiT
have achieved leaps in prompt following capability, image
quality, and output diversity. However, increasing depth
and parameter size of new architectures require training in
large-scale, potentially unsafe datasets, amplifying the vul-
nerability of the model to jailbreak attacks [6–9] and the
generation of not-safe-for-work (NSFW) content [10–12].

Most existing safety approaches employ concept un-
learning [13–20] to mitigate unsafe concepts via model
fine-tuning or attention modulation. Representative works
include ESD [13], which performs direct concept erasure
through fine-tuning. For effective unlearning, UCE [14]
uses a closed-form solution conditioned on cross-attention
outputs, while DES [15] projects unsafe text embeddings
toward carefully calculated safe regions to prevent the gen-
eration of unsafe content. Recently, EraseAnything [18]
introduces LoRA-based parameter tuning and an attention
map regularizer to selectively suppress undesirable activa-
tions for FLUX.1. Despite their effectiveness in unlearning
target words (e.g., nude), these methods face several chal-
lenges:

1) Current text-dependent approaches rely on predefined
labels, failing to capture the implicit risks arising from
complex multi-token compositions (e.g., a studio photo of
breasts out, Lucy Angeline Bacon, grayscale, Concept art,
Vorticism) [13–15, 18].

2) Prior methods tailored for the cross-attention mod-
ules of U-Net denoisers [19–21] are structurally incompati-
ble with modern MMDiT architectures that employ unified
multi-modal self-attention.

3) Parameter-modifying methods incur prohibitive com-
putational costs for models with over 10B parameters like
FLUX and inadvertently degrade general generation quality
by altering denoising behaviors.

These issues highlight the lack of structural analysis of
MMDiT in existing safety methods. Inspired by prior find-
ings that different U-Net attention heads encode distinct
semantic concepts [22], we hypothesize that focusing on
safety-critical heads enables more fine-grained interven-
tion and improves computational efficiency. Given that
MMDiT contains over 1,000 attention heads, intervening
on each head to evaluate its behaviors incurs high compu-
tational overhead. Therefore, we adopt a simple yet effec-
tive approach to analyze the feature structure of head-wise
embeddings. Specifically, we perform Singular Value De-
composition (SVD) [23] on each head to derive a low-rank
unsafe feature subspace from the collected unsafe embed-
dings. Owing to the sparsity and directional concentra-
tion revealed by SVD, this subspace captures dominant un-

Figure 2. Illustration of RoPE in FLUX.1. Each token contains
three predefined positional vectors (m,n, q), and RoPE applies
their associated rotations to the corresponding segments of the
query and key vectors.

Figure 3. Differential impact of random perturbations to RoPE
text positional IDs in FLUX.1-dev across explicit, violence, style,
and benign prompts.

safe semantics within safety-critical heads. Tokens aligned
with unsafe content yield high projections in this subspace,
whereas safe tokens project near zero—enabling clear sep-
aration between harmful and benign semantics. The distri-
bution of safety-critical heads for concept nude is visualized
in Figure 4-(a).

Furthermore, we observed that safety-oriented embed-
ding rotations in RoPE can effectively disrupt unsafe
semantics while preserving output fidelity. As a rotary
positional embedding mechanism, RoPE incorporates rela-
tive positional information directly into the query–key in-
ner products. As shown in Figure 2, each query and key
vector is transformed by a rotation matrix Rm associated
with its positional ID m before attention computation. In
FLUX.1, all text tokens share a positional ID of zero, since
the preceding text encoder T5 [24] already encodes most
positional information. Nevertheless, as illustrated in Fig-
ure 3, we find that simple concepts (often safe) are insensi-
tive to RoPE, whereas complex concepts (often unsafe) ex-
hibit strong dependence. Specifically, when randomly per-
turbing text position IDs, we observe that most safe seman-
tics remain unaffected, while prompts involving specific
concepts (e.g., nude, violence, or certain artistic styles) fail
to be faithfully reproduced in the generated content. How-
ever, random perturbations lack precision and may degrade
complex safe semantics; therefore, we propose customizing
head-wise rotation matrices. Prior studies such as LieRE
[25] and ComRoPE [26] train per-head rotations to enhance
long-sequence modeling in LLMs, while recent work like
RoPECraft [27] introduces tailored rotations for temporal
adaptation in video generation, demonstrating that RoPE’s
rotation space can be precisely controlled.



Inspired by these observations, we propose SafeRoPE, a
head-wise, risk-aware safety enhancement framework built
on RoPE. SafeRoPE first identifies unsafe feature subspaces
for each attention head using SVD, and computes a latent
risk score (LRS) for each query or key vector by projecting
it onto the corresponding unsafe subspace. We then learn
a head-wise low-rank orthogonal rotation matrix guided by
the LRS to apply controlled rotations within these unsafe
subspaces. We conduct extensive evaluations across vari-
ous concept erasure tasks on FLUX.1. Our method demon-
strates significant advantages in unlearning efficacy while
preserving original generation capabilities. Furthermore,
the learned rotation matrices exhibit generalization across
different FLUX.1 variants. Our contributions are summa-
rized as follows:
• Fine-grained safety intervention: SafeRoPE leverages

RoPE’s controllable rotation mechanism to enable token-
level semantic safety modulation in transformer architec-
tures.

• Head-wise interpretability: Through detailed head-
level analysis, SafeRoPE identifies safety-critical heads
and extracts corresponding unsafe feature subspaces, en-
abling efficient and interpretable safety alignment.

• Computational efficiency: SafeRoPE trains only a small
set of low-rank rotation matrices for safety-critical heads,
and relying on precomputed SVD and localized rota-
tions, remains highly efficient and broadly applicable to
MMDiT-based models.

• Performance validation: Extensive experiments demon-
strate that SafeRoPE substantially enhances safety while
maintaining high generation fidelity (Figure 1), achieving
state-of-the-art results on unseen unsafe datasets.

2. BackGround

T2I Diffusion Models. T2I diffusion models have rapidly
advanced from the DALL-E series [28–30] and SD models
[3, 4, 31] to the recent SD3 [4] and FLUX [5]. As the latest
evolution of SD, SD3 [4] adopts a rectified-flow formulation
[32] and replaces the U-Net with the 2B-parameter MMDiT
transformer, where text and image tokens are jointly pro-
cessed as a unified sequence. FLUX further refines MMDiT
by introducing Double-DiT and Single-DiT: Double-DiT
uses separate Wq,Wk,Wv for text and image tokens, while
Single-DiT shares them to enhance cross-modal alignment.
Moreover, FLUX replaces absolute positional embeddings
with RoPE [33] for improved long-range modeling. Text
tokens use zero position IDs, whereas image tokens retain
spatially structured IDs essential for layout. FLUX achieves
strong performance across ELO, prompt fidelity, and ty-
pography, making it a leading T2I architecture. We there-
fore build on FLUX to investigate safety alignment through
structured RoPE manipulation.

Safety Alignment in Diffusion Models. Large-scale use
of uncurated web data makes T2I diffusion models prone
to unsafe outputs (e.g., nudity, violence, copyright vio-
lations) [6–8]. Existing mitigation strategies—including
dataset filtering [34–36] and post-generation safety checks
[37–39]—provide limited semantic control. Consequently,
concept erasure has emerged as the prevailing approach, en-
compassing both training-based approaches [13, 16–19, 40–
45] and training-free intervention [20, 21, 43, 46–48].
Training-based approaches suppress unsafe concepts via
fine-tuning [13, 40, 41] or distillation [43]. For instance,
SPM [44] leverages lightweight adapters for multi-concept
erasure, while DUO [45] employs preference optimization
over curated image pairs to balance safety and fidelity.
Although effective, they require costly retraining and ex-
hibit limited adaptability to new architectures. Training-free
methods avoid retraining by modifying attention maps [20],
latent features [43], or prompt conditioning [47]. Repre-
sentative methods such as RECE [21] and STG [48] mod-
ify cross-attention or guide text embeddings to enforce
safety constraints without parameter updates. However,
most are tailored to U-Net pipelines and fail to generalize
to emerging MMDiT-based architectures[18]. As modern
diffusion models increasingly adopt transformer-based rec-
tified flows, safety mechanisms compatible with such ar-
chitectures remain underexplored. We therefore propose
a lightweight safety adaptation framework tailored to the
FLUX architecture to better align its strong generative ca-
pacity with safety requirements.

Head Analysis in Attention. Multi-head attention en-
ables different heads to capture distinct structural or se-
mantic relations. Studies in large language models and
vision transformers show functional specialization, where
some heads focus on syntactic or spatial structures and oth-
ers encode semantic or stylistic patterns [22, 49–51]. Anal-
yses of model sparsity further show that many heads con-
tribute little and can be pruned with minimal impact, imply-
ing that only a subset performs critical or concept-specific
functions [52, 53]. Motivated by these insights, we per-
form a head-level analysis and observe that specific heads
exhibit stronger responses to unsafe tokens, and that a low-
rank subspace within the head feature space effectively cap-
tures unsafe semantics.

Rotary Position Embedding (RoPE). Unlike absolute
positional encodings that add fixed offsets, RoPE encodes
relative positions by rotating query and key vectors before
attention, yielding (Rmq)⊤(Rnk) = q⊤Rm−nk, where the
relative offset m − n determines the rotational phase [33].
The orthogonality of R preserves vector norms and en-
sures attention depends only on relative positions. This pro-
vides continuous, differentiable encoding that scales to long



Figure 4. Overview of how SafeRoPE identifies safety-critical heads and applies risk-aware rotations. (a) Head Discrimination Score
(HDS) used to identify safety-critical heads; higher scores indicate heads that more strongly differentiate unsafe from safe token projections
onto the estimated unsafe subspace. (b) SafeRoPE pipeline: (1) SVD-based construction of head-wise unsafe subspaces Ur,b,h (2) Latent
Risk Score (LRS) computed by projecting token features onto these subspaces; (3) LRS-guided orthogonal rotations applied only to safety-
critical heads to suppress unsafe activations while preserving benign semantics.

sequences, making RoPE fundamental in modern LLMs
[54, 55]. Subsequent studies [25–27] further shows that
RoPE’s rotational geometry can be adapted per-head or dy-
namically without retraining. RoPE naturally fits MMDiT
architectures such as FLUX, which treat image patches as
long token sequences requiring effective positional encod-
ing. Thus, RoPE aligns cross-modal positions and modu-
lates semantic interactions, offering a structured geometric
interface for safety alignment in generative models.

3. Method

3.1. Method Overview
As shown in Figure 4-(b), SafeRoPE first constructs a low-
rank unsafe subspace by decomposing the unsafe query and
key token embeddings for each safety-critical head. This
subspace captures the dominant unsafe semantics and en-
ables the computation of a latent risk score (LRS) through
embedding projection. It then re-parameterizes the RoPE
perturbation into a head-wise orthogonal rotation operator,
allowing the model to apply controlled, risk-aware rotations
within the unsafe subspace while minimally affecting be-
nign semantic components. The overall framework consists
of three stages:

• Head-wise Unsafe Vector Collection (Section 3.2). For
the h-th head in block b, we collect its unsafe query and
key vectors (Qb,h/Kb,h) to form head-specific subspaces
capturing risk-related semantics.

• Latent Risk Score (Section 3.3). The collected unsafe
Qb,h/Kb,h are decomposed via SVD to derive the prin-

cipal components r that dominate the unsafe subspace.
Each input query or key vector is then projected onto
this subspace to obtain a continuous LRS, indicating how
strongly it aligns with unsafe semantics.

• Risk-aware Head-wise Rotation (Section 3.4). Each
safety-critical head learns a low-rank orthogonal matrix
that rotates the principal unsafe components, guided by
the LRS. This rotation selectively attenuates unsafe direc-
tions while preserving benign information and maintain-
ing orthogonality, enabling targeted, fine-grained safety
control.

3.2. Head-wise Unsafe Vector Collection
SafeRoPE requires sufficient unsafe Qb,h/Kb,h samples per
head to compute a reliable LRS. Given that unsafe behavior
is typically triggered by only a small subset of tokens within
a prompt, we first analyze how these unsafe semantics
emerge in FLUX.1. Specifically, subject phrases alone (e.g.,
nude girl) rarely cause unsafe outputs; however, combining
them with contextual templates and modifiers substantially
increases jailbreak success rates [10], with the subject em-
beddings serving as the primary triggers. Guided by this ob-
servation, we construct unsafe trigger sets by defining sub-
ject, modifier, and template collections S, M , and T . Can-
didate subjects S are collected from public datasets* and fil-
tered using SBERT [56] to ensure high semantic similarity
with predefined explicit seed concepts. Modifiers M fol-
low established jailbreak patterns [10], while diverse tem-

*https://huggingface.co/datasets/jtatman/stable-diffusion-prompts-
stats-full-uncensored



Figure 5. The comparison of LRS-guided random rotation pertur-
bations applied to different head groups, where ”H∗” denotes the
safety-critical heads

plates T , generated by GPT-4o, are utilized to guarantee
scenario diversity. Leveraging these sets, we synthesize un-
safe prompts P = s|m|t for all (s,m, t) ∈ S ×M × T to
form the Unsafe-1K dataset. Because the encoded subject
embeddings S∗ = ET5(s) serve as the core unsafe represen-
tations, we feed these synthesized prompts into the model
and specifically extract the corresponding head-wise query
and key vectors {qb,h, kb,h} for these subject tokens. Fi-
nally, we aggregate n such vectors to construct the unsafe
matrices Qb,h,Kb,h ∈ Rd×n for subsequent SVD, where d
is the head dimension.

3.3. Latent Risk Score (LRS).
To estimate the semantic risk of any query/key vector
qb,h/kb,h in head h of block b, SafeRoPE constructs a head-
specific unsafe subspace Ur,b,h derived from the aggregated
unsafe matrices Qb,h/Kb,h. This formulation allows the se-
mantic risk to be quantified by measuring how strongly the
vector aligns with the principal unsafe directions.

Unsafe Subspace Construction. We leverage the low-
rank approximation property of SVD [23] to isolate dom-
inant unsafe directions. Given unsafe Qb,h ∈ Rd×n (simi-
larly for Kb,h), its SVD

Qb,h = Ub,hΣb,hV
⊤
b,h (1)

provides an orthonormal basis Ub,h ∈ Rd×d. The leading r
(r << d) columns Ur,b,h = [u1, . . . , ur] define the unsafe
basis, and the corresponding projector

Pb,h = Ur,b,hU
⊤
r,b,h ∈ Rd×d (2)

maps any input vector x to its unsafe component, effectively
isolating its alignment with unsafe semantics.

LRS Computing. For each query vector qb,h (and simi-
larly for key vector), we define the LRS as the normalized
projection energy onto Ur,b,h:

LRSqb,h =
∥Pb,hqb,h∥22
∥qb,h∥22

=
q⊤b,hUr,b,hU

⊤
r,b,hqb,h

q⊤b,hqb,h
(3)

where LRSqb,h = 1 if qb,h ∈ Ur,b,h (unsafe) and LRSqb,h =
0 if qb,h ⊥ Ur,b,h (safe).

Selecting Safety-Critical Heads. Since not all attention
heads yield meaningful unsafe subspaces, we selectively
identify a subset of safety-critical heads H⋆. To evaluate
each head’s discriminative ability, we first quantify the dif-
ference in high-risk LRS responses between unsafe and safe
prompts, denoted as ∆b,h:

∆b,h =

∑
x∈Xunsafe

I(LRSx > 0.7)

|Xunsafe|
−
∑

x∈Xsafe
I(LRSx > 0.7)

|Xsafe|
(4)

where Xunsafe and Xsafe denote the sets of query and key
vectors from unsafe and safe prompts, respectively, and I(·)
is the indicator function. Using this difference, we formally
define the Head Discrimination Score (HDS) as a binary
indicator:

HDSb,h = I(∆b,h ≥ 0.5) . (5)

We then retain the heads with HDSb,h = 1 to form H⋆, en-
suring a clear separation between unsafe and benign seman-
tics. Figure 4-(a) visualizes the distribution of these safety-
critical heads for the concept nude. Furthermore, Figure 5
demonstrates that indiscriminately perturbing all heads de-
grades image quality, underscoring the necessity of select-
ing only the safety-critical ones.

3.4. Risk-aware Head-wise Rotation
SafeRoPE reformulates RoPE’s rotation mechanism by re-
placing discrete position IDs with a continuous, risk-aware
orthogonal rotation modulated by LRS. This allows rota-
tions to adapt to the semantic risk carried by each query/key
vector, providing fine-grained, head-wise control.

Orthogonal Rotation via Exponential Map. To ensure
that the rotation operation remains orthogonal, we follow
prior work [25, 26] and parameterize rotations with the ex-
ponential map. For any skew-symmetric matrix A satisfy-
ing A⊤ = −A, its exponential exp(A) is guaranteed to be
orthogonal since exp(A)⊤ = exp(−A). Thus, for each
safety-critical head (b, h) ∈ H⋆, we introduce a trainable
skew-symmetric matrix Ab,h ∈ Rr×r whose exponential
defines the head-wise rotation.

Subspace Decomposition and Rotation. Because unsafe
semantics concentrate within a low-rank subspace, SafeR-
oPE restricts rotation to the unsafe basis Ur,b,h rather than
learning a full d × d matrix. Any query vector qb,h (sim-
ilarly for key vector) can be decomposed into unsafe and
safe components:

qb,h = Pb,hqb,h + (I − Pb,h)qb,h (6)



SafeRoPE only rotates the unsafe component while keep-
ing the safe component unchanged. The resulting rotation
operator is:

Rb,h = Ur,b,h exp(LRSqb,hAb,h)U
⊤
r,b,h + (I − Pb,h) (7)

and the transformed query is

q̃b,h = Rb,hqb,h (8)

Since A⊤
b,h = −Ab,h, Rb,h remains orthogonal. When

LRSqb,h → 0, Rb,h ≈ I (no intervention), while
LRSqb,h → 1 applies maximal rotation along unsafe direc-
tions.

Training Objective. For each safety-critical head
(b, h) ∈ H∗, SafeRoPE learns a low-rank skew-symmetric
matrix Ab,h operating in the r-dimensional unsafe sub-
space. Let θ denote the original FLUX.1 parameters and
(θ,A) the parameters after inserting SafeRoPE rotations.
Training follows a bi-objective scheme comprising (i)
unlearning on unsafe data to suppress unsafe activations,
and (ii) regularization on safe data to preserve semantic
fidelity.
• For unsafe prompts c ∈ Cunsafe sampled from Unsafe-1K,

we maximize the deviation between original and rotated
velocities:

Lunl = Ec∼Cunsafe

[
∥vθ(xt, c, t)− v(θ,A)(xt, c, t)∥22

]
where xt is Gaussian noise sampled at step t along the
rectified-flow trajectory.

• For safe caption–image pairs c ∈ Csafe from MS-COCO
[57], we minimize this deviation:

Lreg = Ec∼Csafe

[∥∥vθ(ut, c, t)− v(θ,A)(ut, c, t)
∥∥2
2

]
where xT ∼ N (0, I), upix is the VAE-encoded latent of
an image, and ut = (1− t)upix + txT is the noised latent
at step t.

The overall training procedure can be expressed as a bi-level
optimization problem:

max
A

Lunl s.t. A = argmin
A

Lreg

where the upper-level objective maximizes unlearning on
unsafe samples, while the lower-level objective ensures
that the learned rotations preserve fidelity on safe data.
Since all Ab,h parameters are jointly optimized across
safety-critical heads, SafeRoPE achieves efficient and low-
overhead safety alignment.

4. Experiments
4.1. Experimental Setup
Models. We adopt FLUX.1-dev and FLUX.1-sch, two
lightweight distilled variants of FLUX.1-pro. Both re-
tain high generation quality and prompt adherence, with
FLUX.1-sch requiring only 5 inference steps.

Baselines. To ensure a fair and systematic evaluation, we
compare SafeRoPE against representative concept erasure
and safety editing methods applicable to flow-matching DiT
architectures. Specifically, we include ESD [13], SLD [58],
DES [15], UCE [14], and EraseAnything [18]. Addition-
ally, we introduce a Rand baseline with random rotations to
verify the efficacy of our learned rotation matrices. To eval-
uate cross-model generalization, we also directly transfer
the rotation matrices learned on FLUX.1-dev to FLUX.1-
sch, which shares a similar architectural design.

Datasets. We conduct experiments across various era-
sure tasks, including explicit content (nudity), inappropri-
ate content (bloody), IP characters (Pikachu), and art styles
(VanGogh). For concepts other than nudity, we use GPT-4o
to generate 99 diverse text prompts per concept for eval-
uation. For nudity, we utilize 854 explicit prompts from
the I2P benchmark [36]. To assess erasure robustness, we
further leverage the Unsafe-1K dataset (Section 3.2) paired
with modifier-based attacks [10].

Evaluation Metrics. For nudity, generated images are
evaluated by NudeNet, with only explicit labels counted. A
unified threshold of 0.65 is adopted, and the Unsafe Rate
(UR) is calculated as: UR = Nunsafe

Ntotal
× 100%. For other

concepts, we avoid specialized classifiers to prevent poten-
tial bias or incomplete coverage. Instead, we use a prompt-
based zero-shot evaluation: we calculate the similarity be-
tween generated images and the prompt “a photo of a [con-
cept]” using CLIP [59], where [concept] is replaced by the
specific target category.

Model Utility. For model utility evaluation, We resample
1000 prompts from the MSCOCO validation dataset [57]
as benign prompts to evaluate model utility, denoted
as COCO-1K. We compute: (i) CLIP Score [59] for
text–image semantic alignment,(ii) FID Score for image
quality, and (ii) VQA Score [60] from CLIP-FlanT5-XL for
visual–linguistic consistency.

4.2. Evaluation results
4.2.1. Explicit Content Erasure
Erase Effectiveness and Utility Preservation. Table 1
demonstrates that SafeRoPE effectively removes the target
concept while preserving model utility. On FLUX.1-dev,
the UR (I2P) is reduced from 10.3 to 7.0, achieving the best
safety performance. Meanwhile, the CLIP score remains
stable, reflecting minimal impact on semantic alignment.
While marginally (0.2) below the best-performing baseline,



Table 1. Cross-concept evaluation of SafeRoPE against baseline methods. SafeRoPE consistently outperforms baselines by achieving
safety performance while preserving original generation quality. Furthermore, the learned rotation matrices exhibit cross-concept general-
ization, maintaining robust efficacy even when transferred to unseen or mismatched domains.

Nude Bloody VanGogh Pikachu

CLIP ↑ VQA ↑ FID ↓ UR ↓ CLIP ↑ VQA ↑ FID ↓ UR ↓ CLIP ↑ VQA ↑ FID ↓ UR ↓ CLIP ↑ VQA ↑ FID ↓ UR ↓

Unsafe-1k I2P

on FLUX.1-dev

ESD 31.1 86.2 76.6 18.6 9.2 31.2 86.8 76.7 32.9 31.4 86.7 76.0 30.1 31.4 87.5 75.3 18.2
SLD 31.8 88.9 76.6 21.2 8.2 31.9 88.3 76.7 43.8 31.9 88.5 76.3 57.5 31.9 88.7 75.3 14.1
UCE 31.3 87.5 76.8 23.0 7.8 31.3 85.4 76.8 25.2 31.4 87.7 76.7 26.0 31.3 87.2 76.4 14.3
DES 31.3 87.4 76.9 23.3 10.1 31.4 86.7 76.9 52.6 31.4 86.9 76.6 33.3 31.3 87.3 76.7 14.4
EraseAnything 31.2 86.5 76.5 21.5 7.5 31.3 87.4 76.2 35.6 31.3 87.3 77.1 30.1 31.6 87.3 76.7 17.4
Rand 31.3 86.5 75.6 35.2 8.9 31.3 86.5 75.6 26.0 31.3 86.5 75.6 24.6 31.3 86.5 75.6 26.4
SafeRoPE 31.3 88.7 68.9 15.4 7.0 31.3 89.7 69.6 15.5 31.3 88.2 66.8 19.2 31.4 86.7 76.1 13.3
FLUX.1-dev 31.3 87.5 76.8 38.8 10.3 31.3 87.5 76.8 68.1 31.3 87.5 76.8 76.7 31.3 87.5 76.8 62.4

on FLUX.1-sch

dev-sch 31.2 85.7 76.0 23.6 5.1 31.4 87.0 77.9 16.4 31.1 87.2 74.0 39.7 31.5 87.0 74.8 17.3
SafeRoPE 31.3 88.9 67.3 14.6 4.2 31.6 87.7 68.0 13.7 31.5 87.1 60.5 24.6 31.5 87.7 74.8 13.8
FLUX.1-sch 31.7 89.0 74.3 41.9 6.9 31.7 89.0 74.3 34.2 31.7 89.0 74.3 41.1 31.7 89.0 74.3 65.2

Figure 6. Qualitative comparison of different methods for concept erasure. Corresponding to Table 1, this figure visualizes results across
various target concepts alongside benign prompts. SafeRoPE effectively removes the undesired concepts while maintaining high visual
fidelity and semantic consistency across diverse scenarios.

the VQA score still surpasses the original model. Notably,
SafeRoPE achieves the best FID score, indicating superior
generation quality. On FLUX.1-sch, SafeRoPE consistently
maintains CLIP and VQA performance while achieving the
lowest FID. The UR drops from 6.9 to 4.2, further con-
firming its efficacy, as qualitatively corroborated in Fig-
ure 6. Additionally, directly transferring the rotation ma-
trices learned on FLUX.1-dev to FLUX.1-sch reduces the

UR to 5.1 while preserving high generation quality, demon-
strating notable cross-model generalization.

Erasure Robustness. To evaluate the adversarial robust-
ness of SafeRoPE , we construct the Unsafe-1K prompt set
using a modifier-based jailbreak method [10]. The results
are summarized in Table 1. Due to the inherent safety mech-
anisms of the base FLUX model, the I2P benchmark poses



Table 2. Ablation study on key design choices in SafeRoPE. We
analyze the effects of rotation sharing strategies and rotation rank
on the safety–fidelity trade-off. All symbol definitions and abbre-
viations are detailed in Section 4.2.3.

CLIP ↑ VQA ↑ Unsafe-1k ↓ I2P ↓
Shr-NS 31.1 85.5 24.2 9.3
Shr-S 31.2 87.5 29.0 7.1
Indep 31.1 86.3 26.3 8.2
Rank-Low 31.3 89.2 34.0 10.4
Rank-High 31.2 87.6 21.6 11.1
SafeRoPE 31.3 88.7 15.4 7.0

FLUX.1-dev 31.3 87.5 38.8 10.3

Figure 7. Qualitative ablation comparison under different abla-
tion settings demonstrate that SafeRoPE achieves a more balanced
trade-off between safety and generation utility.

a limited challenge, with the undefended model yielding an
unsafe rate of only 10.3 across 854 prompts. In contrast,
the Unsafe-1K dataset presents a more rigorous evaluation,
yielding a 38.8 unsafe rate for the base model. Under this
adversarial setting, SafeRoPE significantly mitigates unsafe
generations, reducing the rate to 15.4.

4.2.2. Scalability to IP Character, Art Style, and Inap-
propriate Content

As shown in Table 1, we evaluate the erasure performance
of SafeRoPE and several baselines across three distinct con-
cepts: the IP character Pikachu, the Van Gogh artistic style,
and the inappropriate concept Bloody. Our results indi-
cate that FLUX.1-dev can faithfully generate non-nudity
unsafe concepts; for instance, the UR for the Bloody con-
cept reaches 68.1. In contrast, SafeRoPE significantly re-
duces this UR to 15.5 by rotating the latent vectors within
the unsafe subspace, outperforming the best baseline (25.2).
Notably, the VQA score for SafeRoPE improves from 87.5
to 89.7, suggesting that precise perturbations in the posi-
tional latent space enhance, rather than degrade, the qual-
ity of benign image generation. Qualitative results in Fig-
ure 6 confirm that most baselines fail to fully erase Pikachu,
while SafeRoPE succeeds. Moreover, for benign prompts,
UCE, DES, ESD, and EA introduce semantic errors or cor-
rupted text, whereas SafeRoPE maintains high fidelity to
the original prompt.

Generalization. Experiments on FLUX.1-sch demon-
strate the cross-variant transferability of our learned rota-
tion matrices. Even when applying the matrices trained on
FLUX.1-dev, the UR for the Bloody concept drops from
34.2 to 16.4. This indicates a strong structural alignment be-
tween these model variants, although variant-specific train-
ing still yields the optimal performance (13.7).

4.2.3. Ablation Studies.

We investigate the impact of two core components of
SafeRoPE on the safety-fidelity trade-off: (1) the rotation
sharing strategy, and (2) the rotation rank (r). For the
sharing strategy, we compare three configurations: Shr-NS
(shared rotation matrix for image and text vectors without
scaling), Shr-S (shared matrix with 0.01× scaling on image
tokens), and Ind-NS (independent rotation without scaling).
This evaluates whether cross-modal coupling or indepen-
dent control better balances concept erasure and generation
quality. Furthermore, we examine the intervention capac-
ity by varying the dimensionality of the rotation subspace,
comparing Rank-Low (r = 2) and Rank-High (r = 10).

Results in Table 2 demonstrate the effectiveness of inde-
pendent rotation matrices and scaled initialization for image
tokens. Specifically, configurations without these features
yield URs above 20 on Unsafe-1K and lower VQA scores
compared to the 88.7 achieved by our optimal setting. Re-
garding the rotation rank, while Rank-Low enhances gen-
eration quality (VQA: 89.2), it provides insufficient inter-
vention, only reducing the UR to 34.0. Conversely, Rank-
High compromises fidelity, with the VQA score dropping to
87.5. Qualitative examples illustrating these trade-offs are
provided in Figure 7. Ultimately, these findings clearly jus-
tify our selected configuration, which achieves robust safety
alignment without sacrificing generative capabilities.

5. Conclusion

This work presents SafeRoPE, a lightweight, risk-aware
safety alignment framework tailored for rectified-flow
transformers like FLUX.1. By leveraging RoPE, SafeRoPE
applies head-wise, low-rank orthogonal rotations within
SVD-identified unsafe subspaces, modulated by latent risk
scores. Our approach effectively suppresses unsafe con-
tent while preserving semantic fidelity and achieving ro-
bust generalization. Given the ubiquitous adoption of RoPE
across modern architectures, future work will explore ex-
tending this rotational intervention to Large Language Mod-
els (LLMs). Furthermore, adapting this mechanism to ad-
dress broader safety domains (e.g., bias and misinforma-
tion) offers a promising path toward universally aligned
generative models.
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