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Abstract

Diffusion models have become leading ap-
proaches for high-fidelity image generation. Re-
cent DiT-based diffusion models, in particular,
achieve strong prompt adherence while produc-
ing high-quality samples. We propose SHIFT, a
simple but effective and lightweight framework
for concept removal in DiT diffusion models via
targeted manipulation of intermediate activations
at inference time, inspired by activation steering
in large language models. SHIFT learns steer-
ing vectors that are dynamically applied to se-
lected layers and timesteps to suppress unwanted
visual concepts while preserving the prompt’s re-
maining content and overall image quality. Be-
yond suppression, the same mechanism can shift
generations by adding or changing target ob-
jects. We demonstrate that SHIFT provides ef-
fective and flexible control over DiT generation
across diverse prompts and targets without time-
consuming retraining.

1. Introduction

Diffusion models (Ho et al., 2020; Rombach et al., 2022)
have established a new state-of-the-art in high-fidelity text-
to-image synthesis (Podell et al., 2023). However, as model
capabilities scale, so do the risks associated with the gener-
ation of harmful, copyrighted, or prohibited content. This
has motivated the development of Concept Erasure (CE):
the task of reliably suppressing specific semantic concepts
within a model’s generative manifold.

Existing erasure strategies for text-to-image diffusion mod-
els mostly rely on model optimization. Approaches such as
ESD (Gandikota et al., 2023), Concept Ablation (CA) (Ku-
mari et al., 2023), and Erase-and-Preserve (EAP) (Bui et al.,
2024) require gradient-based tuning to achieve robust con-
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cept removal. While these methods were computationally
viable for earlier UNet architectures (typically < 1B param-
eters), they become prohibitively expensive when applied
to modern Diffusion Transformers (DiTs) like Flux (Labs
et al., 2025), which contains 12B parameters. Furthermore,
methods like ESD or EAP frequently utilize negative guid-
ance during the optimization phase to steer the model dis-
tribution away from the target concept. This dependency
presents a significant challenge for distilled models such as
Flux.1[schnell], because these models are guidance-distilled
to operate at a fixed guidance scale. Non-optimization alter-
natives, such as Unified Concept Editing (UCE) (Gandikota
et al., 2024), propose closed-form weight edits that avoid
retraining. However, these edits are often insufficient for
concrete object erasure in unified architectures.

In parallel, activation steering has emerged as a lightweight
yet potent control mechanism for Large Language Models
(LLMs) (Liu et al., 2025; Turner et al., 2024; Beaglehole
et al., 2026). Frameworks such as Representation Engineer-
ing (Zou et al., 2023) demonstrate that high-level semantic
behavior can be modulated by injecting linear directions into
the latent representation space at inference time, without
any weight modification. While recent work like CAS-
teer (Gaintseva et al., 2025) has sought to adapt these prin-
ciples to diffusion models, such implementations remain
fundamentally dependent on the cross-attention mechanisms
typically present in UNet-based architectures.

However, the field is currently shifting toward Diffusion
Transformers (DiTs) (Peebles & Xie, 2023). Architectures
like Flux (Labs et al., 2025) or SD3.5 (Esser et al., 2024) uti-
lize Multimodal Diffusion Transformer (MM-DiT) blocks,
where the traditional decoupling of cross-attention and self-
attention is replaced by a unified attention mechanism that
processes text and image tokens in a shared latent space.
Consequently, erasing concepts in DiTs requires a more
precise intervention capable of navigating this integrated
representation manifold without compromising the global
structure of the generated image. This raises a natural ques-
tion for DiT: can we achieve robust, inference-time concept
removal in DiTs by directly steering these unified internal
activations?

We introduce SHIFT, a steering framework specifically
engineered for the Multimodal Diffusion Transformer (MM-
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DiT) architecture. In contrast to existing methodologies
that necessitate complex, timestep-specific interventions,
we demonstrate that SHIFT identifies temporally invariant
steering vectors that remain semantically stable, providing a
concept control mechanism that does not require retraining
the base model.

While our primary evaluation focuses on concept erasure,
we establish that this activation-level modulation extends to
object-specific biasing. Importantly, SHIFT is positioned
as a generation control framework rather than a traditional
image-editing tool; it focuses on the global redirection of
the model’s generative manifold rather than the preservation
of spatial layouts or background consistency from a spe-
cific input image. This distinction allows SHIFT to achieve
robust semantic shifts while maintaining the high-fidelity
synthesis inherent to the Flux backbone.

Our contributions are following:

¢ Unified steering framework: we introduce SHIFT,
the first comprehensive framework for steering
both original and distilled DiT-based models (e.g.,
Flux.1[dev] and Flux.1[schnell]) through latent acti-
vation shifts, enabling efficient and scalable concept
manipulation without retraining.

¢ Spatial and temporal dynamics analysis: we con-
duct an extensive ablation study on the spatial and
temporal aspects of steering, uncovering a remarkable
temporal consistency in DiT activation spaces. Specifi-
cally, we show that a single, time-independent steering
vector can be applied effectively across all diffusion
timesteps, streamlining the steering process and indi-
cating that semantic concepts are encoded as stable,
global directions in the latent manifolds of DiTs.

* Cross-distillation vector transfer: we investigate the
transferability of steering vectors across distillation
boundaries (e.g., from Flux.1[schnell] to Flux.1[dev])
and validate the efficacy of a unified steering vector
shared across multiple timesteps, demonstrating robust
performance in resource-constrained settings.

2. Related works
2.1. Concept erasure and safety

Recent state-of-the-art text-to-image diffusion models
trained on large, imperfectly filtered datasets such as
LAION (Schuhmann et al., 2022) can generate inappro-
priate or copyrighted content. One mitigation is dataset
filtering (Rombach et al., 2022) or post-generation filter-
ing (Rando et al., 2022). However, these approaches do not
fully prevent harmful content and require additional pro-
cessing. Many works therefore focus on concept erasure

(CE) while preserving overall generation quality. Methods
such as ESD (Gandikota et al., 2023) employ fine-tuning
to unlearn concepts using negative guidance from a frozen
teacher model, while Concept Ablation (CA) (Kumari et al.,
2023) optimizes cross-attention layers to redirect target con-
cepts toward neutral anchors. Subsequent approaches like
Unified Concept Editing (UCE) (Gandikota et al., 2024)
introduce closed-form edits to attention projections for ef-
ficient, training-free erasure, though they may struggle to
fully remove concrete objects. For modern architectures,
EraseAnything (Gao et al., 2025) adapts erasure to rectified
flow models via LoRA tuning and attention regularization,
and Erasing with Adversarial Preservation (EAP) (Bui et al.,
2024) incorporates adversarial concept identification to pre-
serve unrelated generations during fine-tuning. However,
these methods have limitations on modern diffusion mod-
els, including optimization overhead, reliance on guidance
that must be adapted for distilled models, or dependence on
LLM agents.

2.2. Activation steering in Large Language Models.

Steering in large language models (LLMs) has emerged
as a practical paradigm for controlling behavior. Various
approaches have been explored, including specific interven-
tions on weights (Ziegler et al., 2019; Ilharco et al., 2022;
Meng et al., 2022), prompt engineering (Zhou et al., 2022),
and soft prompting (Khashabi et al., 2022; Lester et al.,
2021). At the same time, one of the most promising di-
rections involves modifying activations using specifically
calculated steering vectors. These vectors can be estimated
using gradient descent (Hernandez et al., 2023; Subramani
et al., 2022), PCA decomposition (Zou et al., 2023), or
simply as the mean difference between activations from con-
trastive prompt pairs (Turner et al., 2023; Li et al., 2023).
While these methods operate primarily on transformer-based
LLMs, they provide foundational insights for extending ac-
tivation steering to other architectures, such as diffusion
models.

2.3. Latent space navigation and Diffusion Steering.

Diffusion models enable controllable synthesis through guid-
ance signals and latent-space manipulations, allowing users
to influence the generation process toward desired outcomes.
Early works focused on semantic navigation in latent rep-
resentations, such as interpolating between latent codes to
blend concepts, and guidance-based conditioning, including
classifier guidance (Dhariwal & Nichol, 2021) where an ex-
ternal classifier steers the denoising process, classifier-free
guidance (Ho & Salimans, 2022) that amplifies condition-
ing signals without additional models or more complicated
approaches introducing semantic guidance (Brack et al.,
2022).
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More recent methods have adapted steering techniques from
large language models by intervening directly in diffusion
model activations, offering finer-grained control without
retraining. In UNet-based latent diffusion models, a wide-
spread control mechanism is cross-attention manipulation:
for instance, CASteer (Gaintseva et al., 2025) constructs
steering vectors for cross-attention layers using contrastive
prompt pairs (e.g., prompts with and without the target
concept) to enable concept erasure, style transfer. Other
examples include Activation Transport (AcT) (Rodriguez
et al., 2024), which applies optimal transport theory to trans-
port activations between source and target distributions for
precise steering in both language and diffusion models.

3. Preliminaries

Early text-to-image diffusion models were mostly U-Net
based, with explicit self-attention over image latents and
cross-attention for text conditioning. Modern text-to-image
systems increasingly use diffusion transformers (DiTs),
where image latents and text conditioning are represented
as token sequences and processed by transformer blocks.
In this work, we focus on Flux.1. At each denoising step,
the Flux transformer receives image latent tokens together
with two text-conditioning inputs: token-level text embed-
dings, and a pooled text embedding. In the standard Flux.1
pipeline, the token-level embeddings are produced by T5
(Raffel et al., 2020), while the pooled embedding is pro-
duced by the CLIP text branch (Radford et al., 2021). The
pooled embedding is combined with the diffusion timestep
and used to modulate the transformer computation.

Let X! and X/ denote the image and text streams entering
block ¢, and let p denote the pooled text embedding. The
pooled route is first combined with the timestep 7 into a
modulation vector

Cr = ¢(Tvp)a (1)

which parametrizes adaptive normalization and gating inside
transformer blocks. Thus, Flux uses token-level text em-
beddings for sequence-level prompt semantics and a pooled
text route for global conditioning.

Flux contains two types of transformer blocks: double-
stream and single-stream. In double-stream blocks, text
and image tokens are kept as separate residual streams that
interact through joint attention. A double-stream block
first applies a gated joint-attention residual update and then
applies a modality-specific feed-forward residual update.
These internal operations could be abstracted as a total resid-
ual update for each stream:

X = X!+ Rig(XE, Xfser),

Xith = X7+ Ro(X[, Xrer), ®
where R; ; and R; ¢ denote the total residual updates pro-
duced by the block for the image and text streams, respec-
tively. Each residual update contains the block’s joint-
attention and feed-forward computations, including the
adaptive modulation determined by e... The outputs Xf“
and X f *1 are the post-block states propagated to subsequent
blocks. An illustration of the block structure is provided in
Appendix A Figure 8.

By contrast, single-stream blocks concatenate text and im-
age tokens and process them with shared weights. In this
work, we primarily steer double-stream blocks, where text
and image streams remain explicitly separated.

4. Method

In this work, we investigate activation steering for
transformer-based diffusion models, with a primary focus
on Flux.1[schnell] and Flux.1[dev] for concept erasure. We
also demonstrate the method’s applicability to other tasks,
like adding and removing objects. We begin by motivating
the choice of internal representations to steer in DiT-style
architectures, then describe the construction of steering vec-
tors, and finally explain their application during inference.

4.1. Where to apply steering

The residual structure in Eq. 2 gives several possible
diffusion-transformer intervention sites. For the text stream
of a double-stream block, one may steer the internal residual
update RR; ¢ or steer the post-block state Xf“. These inter-
ventions are not equivalent under difference-based steering.

Consider a single contrastive pair and omit ¢, 7 from the
notation. Let X, and X, denote the source and target
text states entering the block, and let R, and R;" denote
the corresponding total residual updates produced by the
block. If we steer only the residual contribution by its exact
source-to-target difference, then

R, =R; + (Rf —R;) = R} 3)
The resulting block output is
X' =X, + R =X, +R}. 4)

However, the target block output is

X = X+ R (5)
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Figure 1. Overview of the steering pipeline: (1) dataset construction from contrastive prompt pairs, (2) steering vector computation based
on mean difference and separation plane, (3) application of the vector during inference, and (4) steering inside the diffusion transformer.

Thus, even exact residual-branch steering leaves the mis-
match

XX = X - X (©)

This mismatch is caused by the source-conditioned stream
that remains in the skip connection.

Post-block steering avoids this particular issue by acting
directly on the state propagated to downstream blocks. In
the single-pair case,

;(te+1 _ Xf+1’_ n (Xf“’* _ Xf+1’_) _ Xf“”“. )

Therefore, post-block steering exactly reconstructs the target
post-block state in the single-pair setting. In practice, we
use a mean direction estimated from multiple contrastive
prompt pairs, so Eq. 7 becomes an approximate transport
toward the target activation distribution.

This choice is also more architecture-agnostic. Attention
and feed-forward internals vary across DiT implementa-
tions, whereas block outputs are a common interface for
residual transformers. We use post-block text states XfJrl
in selected double-stream blocks as our primary diffusion-
transformer steering site. We additionally steer the pooled
text-conditioning route as a complementary pathway. The
pooled embedding is combined with the timestep to form e,

which modulates adaptive normalization and gating through-
out the transformer. Thus, pooled steering changes the
global modulation signal, while post-block text steering
changes the propagated token-level text state.

4.2. Steering vector construction

We construct a separate steering vector for each target con-
cept X and for each steering location (text encoder pooled
embedding and diffusion transformer tokens). We collect a
small paired dataset of n prompt pairs (p;, , p; ), where p;
adds the target concept to an otherwise neutral prompt, “an
elephant” vs. “an elephant in cyberpunk style”. Running
the model on these prompts, we record activations at the
chosen locations and obtain paired samples (X, , X;"). The
process of dataset construction is illustrated in Fig. 1 (1).

After dataset collection, we estimate the steering vectors

(Fig. 1 (2)).

Text encoder steering vector. For the pooled text-encoder
representation, we use the raw activation-difference vector
as the steering direction.

Diffusion transformer steering vector. For diffusion-
transformer steering, we use the mean-difference direction
at the post-block text states defined in Sec. 3. For prompt
pair k, denote the recorded post-block text activations at
block ¢ and denoising step 7 by

- TxC
k,l,'r’le,E,T € RT*C. (8)
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Here T is the number of text tokens and C' is the channel
dimension. We estimate a per-token steering field

n

1
AX@J’ = ﬁ Z (le,l,r - ij,Z,‘r) € RTXC' )
k=1

To separate direction from strength, we normalize the field
over the channel dimension for each token:

AXyr

e —— j=1,...,T. 10
||AXL7-’J'||2+€, j ) bl ( )

Verg =

4.3. Inference-time Steering

At inference time, we steer the model by adding a concept-
specific direction to selected activations (Figure 1 4). Let a
denote an activation (either the pooled text embedding or a
text-token activation in the diffusion transformer), and let v
denote the corresponding steering vector. The intervention
is defined as

X=X+av, (11)

where « is the steering strength. The estimation of « is
described in the following paragraph.

Text encoder steering strength. For the text encoder,
we steer only the pooled embedding. We set the steering
strength based on the cosine similarity between the initial-
prompt embedding e;,;+ and the target-concept embedding
€target» Scaled by a user-defined coefficient :

Qpool = 7Y COS (einim etarget) . (12)

This cosine-based scaling helps preserve non-target con-
cepts while suppressing the target concept.

Diffusion transformer steering strength. For diffusion-
transformer steering, we regularize the steering strength
using a lightweight classifier (SVM) signal that estimates
whether the target concept remains present in the current
hidden activations. For each selected site (¢, 7), we pool
text-token activations over the token dimension:

1 & 1 &
Xior =752 Xbers Xeor =72 Xirs
j=1 j=1
(13)

‘We train a linear classifier on

Der = {(X 0 Do U{(X . 03y (14)

At inference time, the classifier produces a target-concept
confidence p.s € [0, 1] for the current activation. We con-
vert this score into a bounded scaling factor

Tlels = Chp ( - 17 07 T)IH?LX) ) (15)

(1 - pcls) +e

and modulate the base steering strength 7 as

Qdift = Y Tels- (16)

This mechanism increases steering when the classifier de-
tects residual target-concept evidence and suppresses steer-
ing when the concept is already weak or poorly separated at
the selected site.

5. Experiments
5.1. Overview

We evaluate SHIFT on a diverse set of tasks covering both
abstract and concrete concepts. In particular, we focus on
(i) erasing safety-critical abstract concepts (e.g., nudity), (ii)
concrete defined concepts. We additionally include small
local objects removal examples (e.g., hats and glasses) to
provide visually interpretable results.

5.2. Implementation Details
5.2.1. SHIFT

We compute steering vectors as activation differences be-
tween prompts with and without the target concept. For
concrete object and concept erasure we use 20 prompt pairs;
for nudity erasure we use 135 pairs. The examples of
prompts are presented in Appendix B.2. We also train a
linear SVM and use its score as a regularizer during genera-
tion. Unless stated otherwise, we fix the steering strength
to 6 for text pooled text-encoder activations. We use block-
specific steering vectors, and apply a single vector across all
timesteps starting from step 0. We evaluate on Flux.1[dev]
and Flux.1[schnell]. For Flux.1[dev] we use 28 steps with
guidance scale 3.5; for Flux.1[schnell] we use 4 steps with
guidance scale 0.0. Our main experiments use 1024 reso-
lution, for nudity erasure we use 512 following EraseAny-
thing (Gao et al., 2025) recommendation.

5.2.2. BASELINES

We compare SHIFT against several concept-erasure base-
lines. Several of these methods were originally introduced
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SHIFT* Flux.1[dev]

SHIFT

Figure 2. Flux.1[dev] original and steered generation. * denotes
that we use steering vector from Flux.1[schnell] activations to steer
Flux.1[dev].

for SD1.5 and later adapted to Flux without explicitly recom-
mended hyperparameters, which makes reproduction more
challenging. Therefore, in each corresponding experimental
section and Appendix B.1, we explicitly report all training
details used for these baselines.

5.3. Results
5.3.1. ABSTRACT CONCEPT ERASURE

In this section, we study abstract concept erasure on the
12P benchmark (Schramowski et al., 2023). I2P contains
4,703 prompts and corresponding seeds designed to gener-
ate inappropriate generations, including nudity. Following
prior work, we use NudeNet with a threshold of 0.6 to detect
nude body parts for the nudity-erasure task. We evaluate
both Flux.1[dev] and Flux.1[schnell]. For Flux.1[schnell],
we compare against EAP (Bui et al., 2024), CA (Kumari
et al., 2023), and UCE (Gandikota et al., 2024) using the
recommended public configurations. All models are eval-
uated at 512 x 512 resolution. For additional evaluation
of our method impact on overall image quality generation
we validate our method on selected 5,000 captions from
MS-COCO with corresponding seed following Erase Any-
thing (Gao et al., 2025) recommendation.

The results are presented in Table 1. SHIFT clearly outper-
forms all baselines on safety-related metrics, achieving more
than 3x and 4 x stronger suppression at different steering
strengths. At the same time, CLIP and FID remain nearly
unchanged, indicating good prompt alignment. The table
also shows that increasing steering strength improves era-

sure but reduces CLIP and increases FID metrics, showing
a trade-off between erasure and quality preservation.

Flux.1[schnell]

UCE

CA

SHIFT (Ours)

Figure 3. Qualitative Comparison with Baselines: the first row —
original generation of Flux.1[schnell], from top to bottom — UCE,
CA and SHIFT (Ours)

For Flux.1[dev], we report the baseline metrics from
EraseAnything (Gao et al., 2025). We further evaluate
Flux.1[dev] using steering vectors computed from both its
own activations and Flux.1[schnell] activations. As shown
in Table 2, our method remains effective for the non-distilled
model even when the steering vector is transferred from the
distilled model.

Table 1. (Left) Quantity of explicit content detected using the
NudeNet detector on the I2P benchmark for Flux.1[schnell].
(Right) Comparison of FID and CLIP on MS-COCO 5K sam-
pled images.

Method Detected Nudity (Quantity) MS-COCO 5K
Common Female Male Total| FID| CLIPT
ESD 280 121 25 426 31.88 30.86
EAP 373 175 10 558 32.02 31.51
CA 234 98 10 342 31.81 31.25
UCE 232 127 5 364 31.65 31.55
SHIFT (v = 25) 76 30 6 112 32,1 3142
SHIFT (v = 30) 61 20 4 85 323 31.18
Flux.1[schnell] 412 190 10 612 31.63 31.59

We additionally provide a qualitative comparison in Fig. 3
for Flux.1[schnell] and Fig. 2 for Flux.1[dev], showing that
our method can erase undesirable concepts while preserving
overall image quality.
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Table 2. Quantity of explicit content detected using the NudeNet
detector on the I2P benchmark for Flux.1[dev].

Detected Nudity (Quantity)

Method

Common Female Male Total|
CA 253 65 26 344
ESD 329 145 32 506
UCE 122 39 12 173
MACE 173 55 28 256
EAP 287 86 13 386
Meta-Unlearning 355 140 26 521
EraseAnything 129 48 22 199
SHIFT (dev acts) 62 11 6 79
SHIFT (schnell acts) 62 14 7 83
Flux.1[dev] 406 161 38 605

5.3.2. CONCRETE CONCEPT ERASURE

We additionally evaluate our method on concrete concept
erasure. Following the protocol established by SPM (Lyu
et al., 2024), we assess concrete concept removal using
80 fixed prompts and 9 different seeds. Specifically, we
evaluate erasure of the Snoopy concept while preserving
five related concepts: Mickey, SpongeBob, Pikachu, dog,
and legislator. For quality evaluation, we compute CLIP
scores between the target prompt and the generated image,
and FID between original and erased generations. For non-
target concepts, we expect lower FID and higher CLIP, while
for the erased target concept we expect a decrease in CLIP.
We conduct these experiments on Flux.1[schnell]. Results
for Flux.1[dev] are provided in the Appendix C.2 Table 9
and qualitative results are presented in Figure 4.

Flux.1{dev]

Figure 4. Qualitative Comparison with Baselines for Flux.1[dev]
(left) and Flux.1[schnell] (right). * denotes that we use steering
vector from Flux.1[schnell] activations to steer Flux.1[dev]

Table 3. Quantitative evaluation of concrete object erasure for
Flux.1[schnell] model.

Method Snoopy Mickey Spongebob Pikachu Dog Legislator
CS| FID CSt FID, CSt FID, CSt FID, CSt FID| CSt FID|
CA 22.49 16837 2425 129.91 28.25 131.78 27.44 129.54 22.86 96.94 21.18 83.83
SHIFT 18.74 151.35 26.48 51.71 27.76 46.56 27.21 40.10 24.63 37.15 21.54 40.40
Flux.1[schnell] 28.01 - 2672 - 2794 - 2715 - 2462 - 2189 -

5.3.3. SMALL OBJECT ERASURE

Additionally, we evaluate our method for domain shifting,
where we suppress small objects in generated images. For
example, we prevent generations of people with glasses,
hats, or remove smiles. These experiments are conducted on
Flux.1[schnell] with 4 inference steps. Qualitative results
are shown in Figures 5—7. Our method can erase not only
global concepts but also small local objects. Table 4 presents
quantitative evaluation, with ‘%’ denoting the percentage of
manually identified concepts in the set of generated images.
However, it is not an image-editing method, and background
consistency is not preserved.

Table 4. Remove-task steering quantitative results for the
Flux.1[schnell] model.

Glasses Hat Smile
%) FID| CLIPt %] FID| CLIPT %) FID| CLIP?T
Flux.1[schnell] 93.2 - 30.74  90.0 - 3152 718 - 31.57

SHIFT (y = 10) 87.7 5295 30.98 834 4625 31.81 70.1 56.01 31.66
SHIFT (y =20) 79.8 69.43 3140 727 63.82 3187 658 7432 31.86
SHIFT (y =30) 514 10408 3153 44.1 89.64 3217 535 99.06 3181

Method
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Figure 5. Steering to remove small concepts: glasses
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Figure 7. Steering to remove small concepts: smile
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5.4. Ablations

In this section, we provide a comprehensive ablation analy-
sis of the proposed steering process.

5.4.1. WHERE TO APPLY STEERING

In the main part of the paper, we apply steering to the outputs
of transformer blocks. Here, we investigate an alternative
location: the outputs of the joint attention operation.

Specifically, the joint attention in a diffusion transformer
produces representations for both text and image tokens:

T

QK
A = softmax
(%

>, YoY]=Y =AV, a7

where Y; and Y; denote the text and image token repre-
sentations. We apply the steering vector to the text token
representations Y; (Figure 9):

Y=Y, +a- v (18)

Table 5. (Left) Quantity of explicit content detected using the
NudeNet detector on the I12P benchmark for Flux.1[schnell]
attention-based and main method. (Right) Comparison of FID
and CLIP on MS-COCO 5K sampled images.

Method Detected Nudity (Quantity) MS-COCO 5K
Common Female Male Total| FID| CLIP{
SHIFT-attn (y = 250) 87 32 3 122 339 3122
SHIFT-attn (v = 500) 73 23 1 97 345 31.09
SHIFT (y = 25) 76 30 6 112 321 3142
SHIFT (v = 30) 61 20 4 85 323 31.18
Flux.1[schnell] 412 190 10 612 31.63 31.59

We evaluate the SHIFT-attn variant on both concrete object
erasure (Table 6) and abstract concept erasure (nudity, Ta-
ble 5, Figure 11). Although attention-level steering proves
effective, it requires significantly higher steering strength
~ and leads to slightly greater degradation of non-target
concepts than block-output steering.

Table 6. Quantitative evaluation of concrete object erasure for
Flux.1[schnell] model for two types of steering.

Snoopy Mickey Spongebob Pikachu Dog Legislator
Method CS|] FID CSst FID| CST FID| CS?T FID| CS? FID| CSt FID|
SHIFT-attn 18.57 136.20 26.06 55.56 27.35 63.27 26.25 74.24 24.18 56.43 21.77 47.08
SHIFT 18.74 151.35 26.48 51.71 27.76 46.56 27.21 40.10 24.63 37.15 21.54 40.40
Flux.I[schnell] 2801 - 2672 - 2794 - 2715 - 2462 - 2189 -

5.4.2. STEERING STRENGTH

Additionally we conduct extensive experiments with differ-
ent strength of steering.

Table 7. Quantitative evaluation of concrete object erasure for
Flux.1[schnell] model.

Snoopy Mickey Pikachu Dog
Method CS, FID CSt FID] CSt FID| CST FID| CSt FID| CSt FID]
SHIFT (y=0) 26.51 70.27 26.63 25.00 27.96 18.47 27.16 19.71 24.61 15.72 21.89 11.83
SHIFT (y=10) 23.44 108.11 26.72 39.22 28.13 36.66 27.20 31.81 24.70 28.72 21.91 30.12
SHIFT (y=15) 21.51 129.32 26.64 45.77 28.12 42.94 27.20 35.82 24.70 33.53 21.71 35.37
SHIFT (y=20) 18.74 151.35 26.48 51.71 27.76 46.56 27.21 40.10 24.63 37.15 21.54 40.50
SHIFT (y=25) 16.70 168.29 25.84 62.32 27.76 52.93 26.90 45.60 24.44 41.07 20.65 50.07

Flux.1[schnell] 28.01 - 2672 - 2794 - 2715 - 2462 - 2189 -

Spongebob Legislator

6. Conclusion

We have presented a simple but effective steering-based
framework for concept erasure that achieves competitive per-
formance while maintaining high computational efficiency.
Unlike existing optimization-heavy baselines, our method
allows for the rapid derivation of steering vectors for novel
concepts without extensive retraining. While our results
demonstrate the versatility of steering for tasks such as con-
cept and object manipulation, maintaining structural consis-
tency during significant domain shifts remains a challenge.
Future work will focus on refining the geometric alignment
of steering vectors to further decouple target concepts from
global image structure.

7. Impact Statement

We introduce a training-free method for suppressing or mod-
ifying concepts in large diffusion transformers, motivated by
safety: removing harmful or copyrighted content from de-
ployed text-to-image models without retraining. Activation
steering is dual-use — the same mechanism can inject con-
cepts as well as remove them, but requires white-box model
access, so it complements rather than replaces input/output
safety filters. Our nudity-erasure experiments use the stan-
dard I2P benchmark and NudeNet detector following prior
work, and we release no new explicit data.
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Figure 8. Double Stream transformer block illustration and applied
steering for Flux.1.
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Figure 9. Attention mechanism in double-stream block illustration
and attention-based steering for Flux.1

We work with double stream blocks of Flux.1 models fol-
lowing the architecture used in DiT (Peebles & Xie, 2023)
as shown in Figure 8.

B. Implementation details
B.1. Baselines

UCE. We follow the official UCE implementation. For
nudity erasure, we use the target prompts “nudity; nude;
naked” and preserve prompts “clothed; wearing clothes;
dressed” with concept type “unsafe.” For art-style erasure,
we use “Van Gogh” as the target concept, preserve “Monet;
Rembrandt; Warhol,” and set the concept type to “art”.
CA. We follow (Zhang et al., 2025) and train the model for
10 epochs with § = 0.1.

EAP. We follow the implementation from (Zhang et al.,
2025), using the “textattn” variant with guidance scale 3.
ESD. We use the official ESD code with the e sd-x setting,
learning rate 1 x 10~°, negative guidance 2, and 1000
training iterations for Flux.1[dev].

B.2. Datasets

Nudity erase dataset. For the nudity-erasure task, we
construct the steering-prompt dataset following CAS-
teer (Gaintseva et al., 2025). We use two prompt groups:

base human descriptors B = {”a girl”, "a boy”, "two men”,
“two women”, ’two people”, ”a man”, ”a woman”, ”an old
man”, ”an old woman”, ”boys”, “girls”, “man”, “woman”,

”group of people”, ”a human”} and context modifiers
C {"”, 7gloomy image”, “zoomed in”, “talking”,
”on a beach”, ”in a strange pose”, “realism”, colorful
We generate all pairwise

background”, “smiling”}.
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combinations b + c for b € B and ¢ € C (e.g., "a girl
talking”, ”a girl on a beach”, ”a human smiling”), resulting
in |B| x |C] = 15 x 9 = 135 prompts.

Style erase dataset. For erasing concrete concepts, we
use prompt pairs of the form “prompt” and “prompt with
target concept style”, where prompt is just a class from N

ImageNet classes.

C. Additional Flux.1 quality results

Figure 10. Examples of image generations on the COCO dataset us-
ing Flux.1[dev], Flux.1[schnell], and attn- and block-based steered
Flux.1[dev]*, Flux.1[dev] and Flux.1[schnell] generations, where
* denotes steering Flux.1[dev] with the activation vector derived
from Flux.1[schnell].

C.1. Flux.1[dev] nudity erase

In addition to the main experiments on nudity concept era-
sure, we evaluate the image generation quality of our method
on the COCO dataset using 5,000 prompts. We report FID
and CLIP scores for both attention-based (SHIFT-attn) and
residual-block (SHIFT) steering. The results are presented
in Table 8, the qualitative can be observed in Figure 12.
The steering strength introduces a clear trade-off between
overall image quality and erasure effectiveness. Notably,
residual-block steering degrades image quality (FID) signif-
icantly less than attention-based steering. We additionally
provide qualitative examples of images generated with and
without steering for nudity erasure using COCO prompts in
Figure 10.
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Table 8. Quantitative evaluation of Flux.1[dev] steering for nudity
concept erasure and overall image quality metrics (FID and CLIP)
on the COCO dataset using Sk prompts.

Method Strength Detected Nudity (Quantity) MS-COCO 5K
Common Female Male Total] FID| CLIPT

with cls

SHIFT-attn (schnell acts) 250 106 31 15 152 3790  30.69

SHIFT-attn (dev acts) 250 155 43 17 215 3850  30.69

SHIFT (dev acts) 30 62 11 6 79 37.30 29.70

SHIFT (schnell acts) 30 62 14 7 83 37.00  30.00

Flux.1[dev] - 406 161 38 605 35.83 30.91

SHIFT-attn Flux.1[schnell]

SHIFT

Figure 11.

Qualitative results of nudity concept erasure on
Flux.1[schnell]. Comparison between the baseline (no steering),
our main residual-block method (SHIFT), and the attention-based
variant (SHIFT-attn).

C.2. Concrete object steering for Flux.1[dev]

We evaluate Snoopy concept removal on the Flux.1[dev]
model. Following (Lyu et al., 2024), we use 80 original
prompts and 9 different random seeds per prompt for vali-
dation. We additionally test our method on Snoopy erasure
while preserving related concepts such as Mickey, Sponge-
Bob, Pikachu, dog, and legislator. For both attention-based
(SHIFT-attn) and residual-block steering, we assess genera-
tion quality using CLIP scores (between target prompts and
generated images) and FID. While the ESD baseline fails to
erase the target concept, our method achieves significantly
better erasure performance, as shown in Table 9.

D. Additional ablations
D.1. Nudity strength steering

We further provide ablations on the effect of steering
strength for nudity erasure. These results, evaluated on
5,000 MS-COCO prompts using FID and CLIP metrics, are
presented in Table 10. The analysis confirms that steering
acts as a tunable trade-off between image quality preserva-
tion and effective concept erasure.
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SHIFT*

Figure 12. Qualitative results of nudity concept erasure on
Flux.1[dev]. Comparison between the baseline (no steering), our
main residual-block method (SHIFT), and the attention-based vari-
ant (SHIFT-attn). * denotes that we use steering vector from
Flux.1[schnell] activations to steer Flux.1[dev]

D.2. Injection blocks and temporal dynamics

only txt all blocks, all steps  all blocks, all steps* 06 blocks, allsteps 612 blocks, all steps ~ 12-18 blocks, all steps

Figure 13. Ablation on steering applied at different blocks of the
DiT backbone for concrete object (Snoopy) erasure. * denotes that
we use different steering vectors for different steps.

12

Table 9. Quantitative evaluation of concrete object erasure for

Flux.1[dev] model.

Snoopy Mickey Spongebob Pikachu Dog Legislator
Method CS| FID CSt FID] CSt FID| CSt FID} CST FID| CSt FID]
ESD 26.77 1544 26.18 6.56 27.09 9.51 26.81 7.87 24.16 8.76 20.34 8.52

SHIFT-attn (dev acts) 11.98 181 2270 88.70
SHIFT (dev acts) 16.42 158.91 26.44 32.68
SHIFT (schnell acts) 17.01 158.14 26.44 31.88

26.13 67.19 25.14 51.12 22.98 56.00 17.90 72.95
26.95 36.82 26.49 27.46 24.22 37.05 19.87 32.45
27.06 36.26 26.55 26.86 24.29 37.02 20.01 31.64

27.14 - 2690 - 2419 2051 -

Flux.1[dev] 2743 - 2620 -

Table 10. Quantitative evaluation of Flux.1[schnell] steering for
nudity concept erasure and overall image quality metrics (FID
and CLIP) on the COCO dataset using 5k prompts for different
strength.

Method Strength Detected Nudity (Quantity) MS-COCO 5K
Common Female Male Total| FID| CLIPT

with cls

SHIFT 25 76 30 6 112 3216 3142

SHIFT 30 61 20 4 85 323  31.18

SHIFT 35 42 8 2 52 325 30.84

Flux.1[schnell] — 406 161 38 605 35.83 3091

We ablate the influence of steering across different blocks of
the DiT backbone in Table 11 and Figure 13. We also evalu-
ate temporal dynamics and compare a single shared steering
vector with timestep-specific steering vectors. Our results
show that steering is most effective when applied during
the early stages of the diffusion trajectory, while steering in
the latter half yields insufficient concept suppression. Im-
portantly, using a single shared steering vector achieves
comparable erasure performance to timestep-specific vec-
tors without degrading image quality.

D.3. Strength for concrete object erase ablation

As shown in Figure 17, increasing the steering strength
« leads to more effective erasure of the Snoopy concept.
However, stronger steering also increases the risk of unin-
tentionally degrading non-target concepts such as Mickey,
SpongeBob, and legislator. This illustrates the inherent
trade-off between erasure effectiveness and the preservation
of unrelated concepts.

D.4. Concept addition and switching

We explore additional tasks in Figures 14—16, specifically
addition of the concept (smile) and switching between con-
cepts (woman to man, old to young), and showcase qualita-
tive results.
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Original

FLUX.1 [schnell]

Original

FLUX.1 [schnell]

Original

FLUX.1 [schnell]

Table 11. Ablation of steering across block ranges and timestep schedules.

Legislator Mickey Pikachu Spongebob Dog Snoopy
Blocks Steps CSt FID] CSt FID|] CSt FID], CSt FID| CSt FID] CS| FIDt
0 0 21.9 - 26.7 - 272 - 279 - 24.6 - 28.0 -
0-6 all 217 349 268 434 273 340 281 406 247 316 21.7 1295
6-12 all 219 259 266 339 272 288 280 330 347 88.6 249 86.7
12-18  all 219 191 266 282 27.1 238 280 256 245 207 262 759
all 0-1 21.6 40.69 265 514 272 400 280 476 247 369 188 1509
all 2-3 219 120 266 252 272 198 280 187 246 158 265 70.6
all all* 215 407 265 516 273 400 281 479 246 37.0 187 1519
all all 215 405 265 517 272 401 278 46.6 246 372 187 1514

Figure 14. Steering to add smile

Figure 15. Steering to switch woman to man

Figure 16. Steering to switch old to young
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Strength=0

Strength=10

Strength=15

Strength=20

Strength=25

Figure 17. Ablation on steering strength for Snoopy concept era-
sure on Flux.1[schnell]. From left to right: only text steering
followed by increasing steering strength ~y.



