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ABSTRACT

Text-to-image diffusion transformers (DiTs) are powerful generators, yet direct
prompting provides limited control interface for style intensity and can fail to
suppress unwanted concepts. To enable these controls, we introduce ACFLOW,
an inference-time controller that transports intermediate layer image-token acti-
vations through a learned concept-conditioned velocity field while keeping the
base DiT frozen. A textual concept description specifies the desired intervention,
while the integration horizon provides a continuous control parameter. The field
produces token-varying, activation-dependent updates. With parameters shared
across concepts within each task family, the field supports fine-grained descrip-
tions and generalizes to concepts unseen during training without per-concept fit-
ting. On style control, ACFLOW achieves the best style—content trade-off among
the evaluated baselines in the high-style-alignment regime. At a fixed operat-
ing point, ACFLOW attains style—content alignment of 0.5365/0.2860, compared
with 0.4397/0.2684 for the baseline with the highest style alignment. Qualita-
tive results demonstrate suppression of diverse concepts, including cases where
direct prompting fails. Our analyses support the learned velocity field as an adap-
tive control mechanism, with update directions varying across tokens and depend
on their activation states. Our code is available at https://github.com/
Novelyst/AcFlow.

1 INTRODUCTION

Text-to-image (T2I) diffusion models have become powerful tools for visual creation, yet their gen-
eration capabilities do not translate into precise user control. A model may readily generate a styl-
ized image without allowing users to smoothly adjust the degree of stylization, or depict a concept
without excluding it even when requested. Verbal modifier such as *weak’ or ’strong’ do not provide
a calibrated control axis, producing similarly pronounce level of stylization; appending instructions
such as 'no lighthouse’ can leave the unwanted concept visibly present. Such control matters when
users want to explore different visual treatments of the same content or suppress unwanted concepts
from appearing, but directly prompting the generative model falls short in these cases.

Existing control mechanisms offers limited flexibility for these requirements. Parameter-level adap-
tation can provide a control interface, but methods based on concept-specific optimization require
additional fitting for each new concept (Gandikota et al.| 20244a), affect non-target concepts (Lyu
et al.| [2024) or risk degradations of previously learned control capabilities during sequential mod-
ification (Smith et al., 2023). This motivates an inference-time controller that shares parameters
across concepts, acts upon a user-specified concept with an explicit parameter for controlling the
intervention strength, while the base generator parameters keep frozen.

To this end, we introduce ACFLOW, which controls frozen DiTs by transporting intermediate layer
activations through a learned concept-conditioned velocity field at inference time. A textual concept
description specifies the desired intervention, and the integration horizon 7" provides a continuous
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Figure 1: Overview of ACFLOW. Upper: Method. At one site in a frozen DiT, image-token states
move through a velocity field conditioned on a concept description. Velocities vary with activation
state across tokens. The displacement-direction map removes the rank-one PCA component: each
cell is an image token, with color encoding its direction. Lower: Capabilities. One field supports
fine-grained descriptions (left) and continuous control of styles. A separately trained suppression
field removes the daisies concept. Held-out means both concepts are unseen during training.

control parameter for the extent of intervention, with 7' = 0 recovering the unmodified parameter. At
a single intervention site, image-token activations moves through the field with velocities that adapts
to their individual states and the concept condition, yielding token vaying activation-dependent up-
dates. We train the field through velocity distillation, sharing its parameters across concepts within
each task family. The resulting field supports fine-grained concept descriptions and generalizes to
unseen concepts during training without concept-specific fitting.

Our main contributions are:

* Control as a flow field. We formulate inference time control as transport through a learned
velocity field in activation space. Image-token activations move through the field, receiving
token-varying, activation-dependent updates.

¢ Concept-shared control and generalization. We condition the field on textual concept
descriptions, training one field across concepts within a task family without per-concept
fitting. The shared field generalizes to unseen concepts during training and responds to
fine-grained descriptions beyond coarse concept labels.

* Continuous style control and concept suppression. ACFLOW enables progressive style
modulation with the flow horizon as a continuous control parameter, achieving the best
style—content trade-off among the evaluated methods in the high-style-alignment regime.
Qualitative concept suppression results further demonstrate the applicability where direct
prompting leaves unwanted concepts present.

* Probing the learned field. Controlled experiments demonstrate the value of token-specific
updates, while trajectory analysis reveals that the field adapts its direction and energy al-
location systematically through denoising steps. These findings support the value of an
adaptive activation transport field beyond a fixed concept direction broadcast across tokens.
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2 RELATED WORKS

Continuous concept control. Attribute Control (Baumann et al.| 2025) identifies concept-specific
directions in text embeddings through optimization, enabling continuous modulation. Concept Slid-
ers (Gandikota et al., 2024a) learns concept-specific low-rank adapters (Hu et al., 2021) in the dif-
fusion backbone and continuously adjusts their influence through an inference-time scale. Text
Slider (Chiu et al.|[2026) learns such adapters in the text encoder, enabling continuous attribute con-
trol. All approaches fit adapters for individual target concepts. ACFLOW instead trains a shared, text-
conditioned field within each task family and uses the flow horizon to adjust intervention strength,
including for concepts unseen during training.

Activation intervention for T2Is. Recent methods have proposed to control generation by mod-
ifying a model’s intermediate representations at inference time. ICM (Zaleska et al.| 2026)) uses
linear probes to identify fixed attribute directions, while Semantic Steering (Li et al.l 2026) con-
structs a fixed target-to-safe direction. CASteer (Gaintseva et al., 2026) and SHIFT (Konovalova
et al.| [2026) retain concept-specific directions but dynamically vary their magnitudes. DSAS (Fer-
rando et al.,[2025)) learns activation-dependent scalar gates for a prescribed steering transformation.
PID Steering (Nguyen et al., 2026) uses feedback to adjust the magnitude of a mean direction. In a
parallel branch, AcT (Rodriguez et al.| [2025) estimates coordinate-wise affine maps between source
and target activations. SteeringDiffusion (Wu & Summal 2026) predicts condition-dependent affine
modulation for multiple styles. Dynamic scaling and affine maps extend fixed vectors while con-
straining updates to a prescribed operation family.

Nonlinear activation intervention for T2Is. Nonlinear intervention allows the update direction to
vary with the activation state. Conditioned Activation Transport (CAT) (Chrabaszcz et al., [2026)
learns a geometry-gated nonlinear displacement, but computes it from a mean-pooled activation
and broadcasts the same update across tokens. Flow matching (Lipman et al.l [2022) provides a
continuous velocity-field formulation of transport; ACFLOW uses a learned concept-conditioned
field to transport image-token activations.

3 METHOD

Table 1: Control interfaces and update geometry of T2I activation intervention. v denotes
a supported property; x means not established in the cited T2I formulation. Concept condition-
ing excludes concept-specific fitting; zero-shot concerns unseen target concepts during training.
Activation-dependent direction means the displacement axis can vary with & at a fixed concept, site,
and denoising step, beyond scalar scaling.

ACTIVATION-DEPENDENT TOKEN-VARYING ~CONCEPT-CONDITIONED ~ ZERO-SHOT

METHOD UPDATE FAMILY DIRECTION DIRECTION CONTROLLER CONCEPTS
Linear-AcT (Rodriguez et al.|[2025} Affine map v v X X
DSAS (CAA) (Ferrando et al.}[2025) Gated direction X X X X
CAT (Chrabaszcz et al.|[2026} Nonlinear map v X X X
SteeringDiffusion (Wu & Summa/2026)  Affine modulation v v v X
CASteer (Gaintseva et al.|[2026) Scaled direction X X X X
ICM (Zaleska et al.|[2026) Fixed direction X X X X
SHIFT (Konovalova et al.|[2026) Scaled direction X v X X
Semantic Steering (Li et al.|[2026) Fixed direction X X X X
ACFLOW Velocity field v v v v

3.1 CONTROL AS A FLOW FIELD

Let Gy denote the frozen denoising velocity predictor of a DiT-based (Peebles & Xie), [2023)) T2I
model with hidden dimension d. For one sample, the output of a selected single-stream block b is a
residual-stream state b € R%*4; we omit the batch dimension throughout. Here S = Sy + Simg
counts text and image tokens, and h; € R< denotes token i. Given a source prompt p (written pgc in
training) and a concept description ¢, we seek an edited state h’ that induces the requested concept
change while preserving non-target content. For example, for style control, p is a content prompt
and c describes the style of the image (e.g., in pop art style, use reflective layers).

At a fixed denoising noise level o € [0, 1], we define an activation flow field o;(-; ¢, o) : RS*4 —
R5*4 parameterized by the field weights ¢. For brevity, we write ¢;(h) with ¢, o, and ¢ implicit.
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The flow time ¢ € [0,7] is distinct from o: ¢ and o remain fixed during each activation-flow
integration, which restarts from the current block output at every denoising step.

The velocity field vy (h,t,c;0) € RS9 generates the flow through

d
@Sﬁt(h) =vg(pt(h), t,c;0), ¢o(h) = h. (1)
The steered activation at strength 7" is
T
h = or(h)=h —|—/ vg(pe(h),t, c; o) dt. 2)
0
In practice, we use IV forward Euler steps:
T kT
R = p(k) 4 o (h(k), Ak a) . k=0,...,N—1, (3)

Here NN is the number of integration steps. Starting from A(®) = h, we write the numerical endpoint
hN) ~ o7 (h) back into the residual stream. The horizon T controls intervention strength; 7' = 0
leaves h unchanged. Several simpler methods arise by restricting vy (h, ¢, ¢):

o vy(h,t,c) = g(h,t,c) where h is the mean-pooled token applies a shared velocity to all tokens;
* vy(h,t,¢) = a(h,t,c)d(c) where a is a scalar fixes a concept-specific direction with scaling;
* vy (h,t,c) = d(c) reduces the flow to ¢ (h); = h; + T'd(c), the standard additive intervention.

The full field relaxes both the shared-token update and fixed concept direction restrictions: tokens
move through activation space with velocities that can change in direction as well as magnitude.

3.2 INTERVENING THE IMAGE TOKENS

Write the single-stream state as h = [h*™%; hi™8], where ht*t € RSwtxd pime ¢ RSmexd and
[-; -] denotes concatenation along the token dimension. Although DiTs typically mix the two token
groups in their single-stream blocks, their roles at the intervention site are asymmetric. Intervention
h¥*t can affect the output only indirectly through later text-image mixing, whereas h'™¢ lies on the
residual path consumed by the output head. The groups also originate from different modalities
and need not share an activation distribution, so applying one single transport to both introduces an
unnecessary shared-geometry assumption. We consequently intervene on only the image state:

h/ _ [htXt; (P;ng(himg)]’ cPitmg; . Rsimng N RSimgxd. (4)

Original prompt Original prompt
+ text-token swap + image-token swap

Original prompt Styled prompt

Below, vg4 denotes its image-token component.
Figure[2]shows the diagnostic used to check this
choice. At every denoising step, we record the
output of single-stream block 16 of FLUX.1-
dev (Black Forest Labs| 2024) under a target
prompt with style description and replace the
text or image tokens in a same noise source tra-
jectory under the original prompt without the
style description. The diagnostic shows that
image-state replacement recovers most of the
stylization, while text-state replacement recov-  Figure 2: Token-swap: A target-prompt trajec-
ers less; quantitative results are in App. tory supplies block outputs to a source-prompt tra-
jectory with the same initial noise.

|

3.3 MODEL ARCHITECTURE

We instantiate vy with one backbone-matched Transformer-style FlowBlock. The condition follows
the generator’s native text path: let C' = Eyy(c) € R%*4 be text-encoder features and ¢ = E}001(c)
be a separate pooled text-encoder feature when Gy consumes pooled feature.

The FlowBlock first extracts concept information through cross-attention. Let eqqy (t) embed the
current integration time and e.(¢) project the pooled condition, with e.(¢) = 0 when no pooled
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condition is used. Following the backbone’s adaptive normalization and residual gate,
xt, gt = AdaNormy (himg; efiow (t) + ec(é)) , (5)
h=h"+g, 0 CrossAttng(Q =z, K = C,V = (). (6)

We preserve the backbone’s attention geometry, QK normalization, normalization placement, and
gated-residual convention. The sole change to its time modulation is to replace the generator’s model
time by flow time ¢, allowing the concept update to vary along the integration trajectory.

The cross-attention stage is followed by one native-style transformer block,

h°"* = TransformerBlock (ﬁ, Emodel () + ec(é)) , vy(h™8 t, c;0) = O — hI™E. (7)

3.4 VELOCITY DISTILLATION

Training samples (2o, Psrc, Digt; €) ~ D, where zg is the encoded target image and the prompt pair
specifies the concept change c. We sample € ~ A (0, I) with the same shape as zy and ¢ ~ ¢, on
[0, 1], where g, is the training noise-level distribution, and construct

2o = (1 —0)zp + o€. (8)
The frozen teacher is the unsteered denoising predictor conditioned on the target prompt:

Utgt = GG (ZU; a, ptgt)- (9)

The student is the same frozen model conditioned on the source prompt, but with ACFLOW active
at block b using condition c:
4= Go,¢(20,0, Psrc; ¢, T). (10)

Teacher and student use the same z,, o, and guidance setting. For training, we set 7' = 1 and
minimize the mean squared velocity error by optimizing ¢,

Lyei(¢) = Ep ¢ - [MSE(w, stopgrad (utgt))] - (11

4 EXPERIMENTS

We test the capability of ACFLOW on two control tasks: continuous style control and concept sup-
pression, both not achievable by directly prompting DiTs. Unless stated otherwise, experiments use
frozen FLUX.1-dev at 512 x 512 resolution, 28 denoising steps, guidance 3.5, single-stream block
b = 16, train with 7" = 1 and NV = 3. NSFW suppression is in App. [B} Z-Image (Cai et al., 2025)
portability is in App. [A]

4.1 CONTINUOUS STYLE CONTROL

Fine-grained style conditions. MegaStyle (Gao et al., 2026) specifies each image’s style through
a fine-grained natural-language description. For our experiments, we group these descriptions into
style families and use this grouping to construct family-disjoint training and evaluation splits. We
train one conditional field across the training families. At generation time, the frozen generator
receives the content prompt and the field receives the style description. Style alignment is the
reference-image cosine similarity from the released MegaStyle encoder; content alignment is the
CLIP (Radford et al., [2021) similarity to the content prompt.

Baselines. We compare activation intervention methods: Linear-AcT (Rodriguez et al.| [2025) at its
original locations and at our image-token site, the corresponding Mean-AcT variants, a diffusion
adaptation of Activation Addition (Turner et al., 2024), SHIFT (Konovalova et al.l [2026) and pa-
rameter adaptation methods: Concept Sliders (Gandikota et al., 2024a) and Text Slider (Chiu et al.,
2026). To provide a setting for fair comparison, for each held-in style families, we fix a style descrip-
tion as each baseline requires fitting for each specific style, while ACFLOW supports fine-grained
style description and is shared across conditions. Implementation details are in App.[C.3|

Table [2] compares methods at a fixed operating point. ACFLOW is the strongest in terms of both
style and content alignment among the displayed methods in the high-style-alignment region at
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Held-in Held-out @~ AcFlow (N=3) =@~ ActAdd (b16) =¥~ Text Slider
MethOd == Linear-AcT (b16) Linear-AcT (orig.) X FLUX
Style 1 Content 1 Style 1 Content 8= Mean-AcT (b16) =h= SHIFT - = Global frontier
=@= Mean-AcT (orig.) == Concept Sliders AcFlow frontier

Styled prompt ~ 0.548 0.294 0511 0.287

0.310 1 AcFlow

Pareto frontier

Parameter Adaptation
Concept Sliders  0.511  0.279 - -

Text Slider 0157 0306 - - <
S 0.300 |

Activation Intervention £ o
Linear-AcT 0271 0.202 - - -% g
Linear-AcT (b16) 0.313  0.176 - - £ 0200 {2
Mean-AcT 0440 0268 - - £ 5 .Y
Mean-AcT (b16) 0.298 0.277 - - O B Default
ActAdd (b16) 0300 0278 - - 0.280 N=3 T=2?
SHIFT 0221 0279 - - | , | |

0.20 0.30 0.40 0.50
AcFLOW 0.537 0.286 0.442 0.281 Style Alignment 1

Table 2: Full results on style control. Held- Figure 3: Style—content trade-offs. ACFLOW
out: Unseen families during training. ACFLOW is on the global frontier in high style-alignment
is evaluated at 7' = 2 on the same field; baselines region. The complete range and uncertainty in-
use their maximum-style operating points. tervals appear in App.[G]

their reported operating points, reaching 0.5365 and 0.2860, respectively, compared with 0.4397
and 0.2684 for the strongest activation intervention method by style, Mean-AcT at its original sites,
and the parameter adaptation baseline, Concept Sliders, which reaches 0.5109 and 0.2786. Fig-
ure [3]complements these operating points by comparing the full style—content trade-off. Among the
evaluated methods, ACFLOW offers the strongest style—content trade-off in the high-style-alignment
regime.

Zero-shot generalization to unseen style families. To testing transfer beyond new descriptions of
familiar styles, we exclude entire style families from training. On all unseen families, ACFLOW
reaches 0.442 style alignment and 0.281 content alignment at 7' = 2. Qualitative results in Fig. [3]
shows that ACFLOW is capable of inducing visible stylization on held-out families. Fig. [3] further
shows a strength-dependent response on these families: the shared field transfers both the ability to
induce an unseen style and the ability to adjust its influence.

Continuous style-content control. For - .-

a fixed style description, 7' provides an nsteered Ty i e s iver b
inference-time coordinate along the style—

content trade-off. Figure [5]shows increas-
ing style alignment over the responsive
range on both held-in and held-out fami-
lies, accompanied by a gradual reduction
in content alignment. The fixed-noise se-
quences illustrate the corresponding grad-
ual changes in style.

popart pop art

digital illustration paper cutout

ack + white + gray red + white + green
dense patterns flat layers

Figure 4: Fine-grained conditioning. Images share
the same content prompt, style family and 7' = 2 but
style descriptions vary: screen-print halftones, glossy
Strength extrapolation beyond the reflective photography, grayscale linear illustration,
training horizon. Although the field is and layered paper cutout.

trained at 7' = 1, extending the horizon

further strengthens stylization on both seen and unseen families. This extends the useful control
range beyond the training setting. The style gains eventually saturate while content alignment
continues to decline, so larger horizons are not uniformly preferable.

4.2 QUALITATIVE RESULTS ON CONCEPT SUPPRESSION

We test the same formulation on concept suppression by training a separate field on removal pairs
mined from InstructPix2Pix (Brooks et al.|[2023)), covering over 1,000 distinct concepts. The source
prompt contains the unwanted concept, the teacher uses the edited prompt, and the field receives
erase <concept>. Implementation details are in App.[C.4]
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Figure 5: Continuous style control and generalization beyond training conditions. Top:
ACFLOW’s strength response. T' = 2 use full test sets; others use fixed quarter subsets. Bands
show 95% within-family bootstrap intervals. Bottom: illustrative sequences with fixed content and
style prompts within each row. Increasing 1" strengthens stylization, while large horizons can also
alter composition. Complete sequences appear in App. [G]

Figure [6] shows three examples per split. The field clears fog and suppresses a lighthouse or river
on held-in concepts; on held-out concepts, it suppresses peonies, a feathered hat, or daisies. Inter-
mediate horizons expose partial suppression: the lighthouse becomes smaller, the river narrows, and
prominent peony blooms give way to sparse stems and leaves at larger T'. Recognizable scene ele-
ments remain, although appearance and composition can also change. These selected sequences il-
lustrate ACFLOW’s capability of conditional concept suppression. More results are shown in App.[G|

5 ABLATIONS

Held-in Held-out

We ablate the two main design choices: number of
Euler steps N and intervention location b on style 0 IV StyleT Content? StyleT Content
control. The generator is FLUX.1-dev at 512 x 512 Intervention block
resolution, 28 denoising steps and guidance 3.5. For 12 3 0.541 0.279  0.475 0.281
each setup, we train a separate field under the same 20 3  0.508 0282 0.464 0.282
training budget. We retain 7' = 1 as training horizon  Eyler steps
and evaluate at 7' = 2. For evaluation, we use the 16 1 0432 0.284 0.375 0.285
original fine-grained style description and content. 16 3  0.510 0.279 0.442 0.281
Table 3] summarizes the results. 16 5 0485 0.280 0.433 0.281

16 10 0.493 0.283  0.439 0.286

Intervention block. ACFLOW maintains strong
across blocks 12, 16, and 20, with similar content  Table 3: Style-steering ablations at T = 2.
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Figure 6: Qualitative concept suppression results. Left: three held-in concepts; right: three held-
out concepts. Each row fixes the original prompt and initial noise and varies 7" using the same field.
Target suppression can accompany changes in appearance and composition.

scores on both splits. This supports robustness to block selection within the tested range: effec-
tive intervention does not require a single specially chosen intervention block. Block 12 gives the
highest mean style scores (0.541/0.475 for held-in/held-out), while block 20 remains comparable to
block 16 on held-in styles and improves the held-out mean from 0.442 to 0.464. Location therefore
provides room for further improvement without being critical to the effectiveness.

Euler integration steps. At block 16, Euler-3 gives the highest mean style scores on both splits.
Decreasing the count to one draws back style alignment significantly, while increasing the count to
five or ten does not improve style scores monotonically; Euler-10 instead gives the highest content
scores among configurations with competitive style alignment. These results support Euler-3 as a
compact configuration for strong style control.

6 CHARACTERIZING THE FLOW FIELD

‘We examine how the learned field adapts its updates across image tokens and denoising noise levels.
All experiments in this section are done with the default N = 3,b = 16 field evaulated at 7" = 2.

6.1 VARIATION ACROSS IMAGE TOKENS

For a fixed sample, concept, and denoising step, let A € Rims*? stack the endpoint displacements.
A shared-axis update A; = a;u permits signed, token-dependent magnitudes but has rank at most
one. With wu; the leading right-singular vector from uncentered PCA, decompose

¢ = (Ai,ur)ug, ri = A; — qi, A=Q:+R. (12)

We compare the full field with @1 rescaled to ||A||r and with R at its original norm, recomputing
both the field and axis on each trajectory at every denoising step.

Figure [7]illustrates residual-only effects and spatially coherent residual directions. Across held-in
and held-out styles, ()1 carries most of the displacement energy. Yet matching its norm to the full
update does not recover the full-field style gain, while the smaller, original-norm residual retains a
substantial effect. These controls support the contribution of directions beyond the dominant shared
axis. App. [E]reports the complete quantitative comparison.

6.2 VARIATION ACROSS NOISE LEVELS

We next apply the same decomposition to each full-field denoising trajectory and measure the off-
axis energy fraction p(o) = ||R(0)||%/||A(0)||%. Figure |8 shows that the relative contribution
of token-varying directions changes substantially during generation. For held-in/held-out styles, p
starts at 12.3%/14.3%, reaches measured-grid maxima of 38.3%/41.4% at c = 0.849/0.772, and
falls to 3.2%/3.8% at 0 = 0.065. The highest-energy 5% of tokens likewise carry a larger energy
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Figure 7: Token-direction controls. Selected examples compare full field, norm-matched rank-
one update, and original-norm residual. Residual-direction colors use a three-component PCA basis
shared within each case.

share in the intermediate part of the trajectory, returning to about 6% near its end. Late updates are
therefore more aligned across tokens. Suppression shows a similar pattern (App. [E.2)).

These results show that the field adapts its update geometry across noise levels along the generation
trajectory: both direction structure and the distribution of energy across tokens change systemat-
ically. This adaptation goes beyond a uniform rescaling of a fixed displacement. In particular,
A(o) = a(o)Aer would leave both the off-axis energy fraction and the top-token energy share
unchanged for nonzero a(o), unlike the observed curves.

—— Held-in —— Held-out

(a) Off-axis fraction (b) Token concentration (c) Update energy

40%

1010 — Full A
—=—- Residual R

40% 30%

20%
20%

IRIZ/ )7

10%

Top 5% token energy share
Squared Frobenius norm

0% -+ T 1 T T 1 T T 1
1.0 0.5 0.0 1.0 0.5 0.0 1.0 0.5 0.0
Noise level o Noise level o Noise level o

0%

Figure 8: Displacement field geometry varies along denoising. Bands are pointwise 95% case-
bootstrap intervals. Noise decreases from left to right. Relative off-axis energy and token energy
concentration rise then fall, while update energy declines overall.

7 CONCLUSIONS AND LIMITATIONS

We introduced ACFLOW, a concept-conditioned velocity field that steers image-token activations
at a single site in a frozen DiT. Its token-varying, activation-dependent updates share learned pa-
rameters across concepts, enabling fine-grained descriptions and generalization to held-out concepts
without per-concept fitting. The integration horizon provides continuous control across operating
points. Our experiments demonstrate strong style—content trade-offs and show the applicability to
concept suppression. The limitation is that ACFLOW does not guarantee preservation of the original
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image composition. Intervention can change object positions, poses, and scene layout alongside the
intended concept. Specific concept control remains an open challenge.
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A PORTABILITY ACROSS BACKBONES

We instantiate the same activation-flow interface on Z-Image (Cai et al., 2025) with separately
trained, backbone-matched fields. The style field intervenes after layer 19 and the suppression field
after layer 25 (zero-based indices); both modify image tokens on the positive CFG (Ho & Salimans)
2022)) branch. The backbone remains frozen. We train the style control field on the same MegaStyle
train split as with FLUX and the concept suppression field on the removal split from HQ-Edit (Hui
et all 2024). Implementation and actual training budgets are in App. [C|

Style control. We evaluate at T € {0,0.4,0.8,1.2,1.6,2.0}, using the same fine-grained style
descriptions, content prompts and scoring protocol as the FLUX experiment: the full 2,048/768
samples at 7 = 2 and quarter 512 subsets at others. Figure [9] shows a consistent response to the
flow horizon on both splits. On the fixed subsets, increasing 7" from 0 to 0.8 raises style align-
ment from 0.1868 to 0.5579 on held-in styles and from 0.1645 to 0.5178 on held-out styles, while
content alignment changes from 0.3108 to 0.2915 and from 0.3079 to 0.2895, respectively. Style
alignment begins to saturate at larger horizons while content alignment continues to decline. These
results demonstrate controllable style control and generalization to unseen style families on a second
backbone with a separately trained field.
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Figure 9: style control on Z-Image evaluated on held-in and held-out style families. Bands are
pointwise 95% intervals from 2,000 within-family stratified-bootstrap resamples.

Figure[I0|presents four held-in and four held-out style families. Each row keeps its content prompt,
fine-grained style description, and seed fixed while increasing the flow horizon.

Concept suppression. Figure [11| presents four held-in and four held-out targets. The selected
examples show the target present in the unsteered image and absent at larger horizons, with the
remaining scene still recognizable. These are qualitative demonstrations; the complete scans remain

in App.

Table 4: Local quantitative comparison on I12P-931 nudity erasure. Count of explicit body parts
detected by NudeNet, no-reference perceptual quality measured by MUSIQ (Ke et al., 2021), and
paired visual similarity to the corresponding unedited Flux output measured by DINO-I2I (Oquab
et al., 2023)) and LPIPS (Zhang et al.,|2018). DINO-I2I and LPIPS use the same prompt and seed
within each pair. Reproduction details are in Appendix [C.5]

DETECTED NUDITY (QUANTITY) IMAGE QUALITY
METHOD Armpits Belly Buttocks Feet Breasts (F) Genitalia (F) Breasts (M) Genitalia (M) Total | MUSIQ{ DINO-I2IT LPIPS |
FLUX.1 [DEV] 137 101 27 14 101 1 19 2 402 73.09 1.000 0.000
UCE|Gandikota et al.(2024b] 117 90 21 13 87 0 16 2 346 73.30 0.866 0.228
CA (model-based)|Kumar et al. (2023} 106 73 15 5 55 1 16 2 273 70.27 0.609 0.529
MACE|Lu et al. (2024} 123 79 29 14 94 1 16 2 358 73.02 0.832 0.290
SLD-Medium (Schramowski et al.{2023] 134 94 24 12 65 1 20 2 352 73.20 0.930 0.124
NP (true CFG 3.5) 40 33 10 2 36 0 9 0 130 65.06 0.593 0.625
ESD-x|Gandikota et al.|(2023] 125 58 0 2 49 0 6 0 240 74.52 0.428 0.681
EraseAnything|Gao et al. [(2025] 131 71 24 9 69 0 19 2 325 73.15 0.718 0.413
ACFLOW (s = 2) 28 21 0 4 18 0 2 0 73 73.97 0.612 0.509
ACFLOW (s = 3) 8 11 0 4 11 0 4 0 38 74.06 0.534 0.563
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Figure 10: Qualitative style control results on Z-Image. Four held-in and four held-out style
families, using the same style field. Each row varies the flow horizon T' € {0,0.4,0.8,1.2} with a
fixed prompt, style description, and initial noise. Family names label the rows; the field receives the
corresponding fine-grained descriptions.
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Figure 11: Qualitative concept suppression results on Z-Image. Four held-in and four held-out
targets, using the same suppression field. Concept names label the removal target; prompts and
initial noise are fixed within each row.
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B ADDITIONAL APPLICATION TO NSFW SUPPRESSION

To further apply ACFLOW to more applications, we test whether ACFLOW can suppress an unsafe
concept without destroying the remaining prompt content.

Setup. We use FLUX.1-dev at 28 denoising steps, 512 x 512 resolution and guidance 3.5 as the
frozen DiT. We train one field on 100 unique unsafe—clean prompt pairs from the Nudity category of
Six-CD (Ren et al.l |2025)), using ten target rollouts per pair. Every sample uses the same condition
erase nudity. We train for 6,000 updates. Strength s = 2 is the default operating point selected
for its erasure—preservation trade-off; s = 3 is included as a stronger maximum-suppression setting.

Evaluation uses the 931 I2P prompts whose original category includes sexual content (Schramowski
et al., |2023). We count detections over nine exposed-body-part classes with NudeNet (Bedapudi,
2019) and measure perceptual quality with MUSIQ (Ke et al.,[202 1)) and similarity to a same-prompt,
same-seed unedited FLUX image with DINO Image-to-Image similarity (DINO-I2I) (Oquab et al.,
2023)) and LPIPS (Zhang et al., 2018).

Direct-prompt results. ACFLOW reduces the NudeNet count from 402 to 73 at s = 2 and to 38
at s = 3. At the default s = 2 point it removes substantially more detections than the strongest
external baselines in this local comparison, while attaining higher DINO-I2I and lower LPIPS than
CA, ESD-x, and negative prompting. Increasing the strength to s = 3 yields a further 47.9%
reduction relative to s = 2, but also lowers DINO similarity from 0.612 to 0.534 and raises LPIPS
from 0.509 to 0.563. MUSIQ remains above the unedited FLUX value at both strengths. These
results show that the additional suppression comes primarily with content drift, instead of a collapse
in visual quality. Among the three strongest external baselines by NudeNet total (CA, ESD-x, and
NP), ACFLOW at s = 2 achieves both the highest DINO-I2I similarity and the lowest LPIPS with
removing substantially stronger suppression capability.

Adversarial prompt attacks. Table [5|shows that, in the aligned Ring-A-Bell suite, ACFLOW has
the lowest clean ASR (9.17%) and the lowest attacked ASR (25.7%) for the primary attack and
43.1% for the three-configuration Union.

Table 5: Aligned nudity attack evaluation on the 109 prompts subset. Values are broad-nine attack
success rates (ASR; lower is better) from NudeNet. “No Attack” is an independently generated
clean control with the same prompt and seed. Attack construction, budgets, model composition, and
Union aggregation are specified in Appendix

METHODS FLux.l1-DEv. UCE CA MACE SLD NP ESD-X ERASEANYTHING ACFLOW s=2
No Attack 46.8 385 339 36.7 45.0 294 27.5 41.28 9.17
Ring-A-Bell (Tsai et al.||2024) 92.7 762 633 86.2 88.1 712 38.5 70.64 25.7
Ring-A-Bell Union (Tsai et al.[[2024) 98.2 945 86.2 99.1 982 93.6 53.2 90.83 43.1
UDA (Zhang et al.|[2024) 89.0 844 752 83.5 86.2 71.6 70.6 81.65 48.6

C IMPLEMENTATION AND REPRODUCTION DETAILS

This appendix records the local training and evaluation protocols for the main style experiments
and supplementary suppression benchmarks. Unless noted otherwise, all methods use FLUX.1-dev,
512512 output, 28 denoising steps, embedded guidance 3.5, and the same prompt and seed for
every paired comparison. The base-model snapshot is held fixed across methods. For ACFLOW,
the frozen FLUX parameters are never updated; all learned parameters belong to the activation-flow
module.

C.1 BACKBONE-SPECIFIC IMPLEMENTATION

FLUX. T5 (Raffel et al., 2020) concept tokens are projected to the activation width, and the sep-
arate pooled CLIP feature supplies global conditioning. Cross-attention is modulated by flow time
t; the subsequent native-style self-attention/MLP parallel block is modulated by denoising noise
level o. The output residual is the velocity, with the Euler step size T'/N applied separately. The
generator and text encoders remain frozen; the field, including its concept projection, is trained.
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Z-Image. The unified sequence is ordered as image tokens followed by text tokens; we update
only the image slice, after layer 19 for style and layer 25 for concept suppression. Qwen3 (Yang
et al.l|2025) penultimate hidden states pass through the native caption embedding and two context-
refiner blocks, including padding, masks and rotary position conventions, before supplying concept
K/V. The field preserves Z-Image’s RMSNorm, QK normalization, gated attention and SwiGLU
branches. Cross-attention uses flow time ¢, while self-attention and the FFN use native model time
1 — 0. There is no pooled concept vector. The concept encoder modules copy weights from the
original caption modules and are frozen. In the concept suppression run, self-attention and FFN are
initialized from the hooked backbone layer, with initial gate bias 0.1. Training and inference apply
ACFLOW only to the positive CFG branch.

C.2 TRAINING BUDGETS AND HYPERPARAMETERS

The FLUX runs have a 20k-update budget, effective batch size 16, learning rate 3 * 10~% warmup
followed by linear learning-rate decay, gradient clipping 1.0, and seed 42. The Z-Image runs have
a 10k-update budget with other parameters the same as the FLUX runs. Checkpoint selection uses
the fixed 128-prompt held-in development set. Training uses 7' = 1.

All displayed generation protocols use 512 x 512 images and 28 denoising steps. FLUX uses embed-
ded guidance 3.5; Z-Image uses CFG 3.5 with scheduler shift 6. The Z-Image style and suppressions
run have a configured 10k budget. HQ-Edit suppression trains on 2,000 removal pairs, samples noise
levels logit-normally (mean 0, standard deviation 1). Its 256-case test split is target-disjoint.

C.3 CONTINUOUS STYLE CONTROL

Training. We group MegaStyle’s per-image style descriptions into families to define our experi-
mental partition. The training split contains 39 families with 512 style-content prompt pairs, each
with its own fine-grained style description; the six held-out families are classical portraiture, dark
fantasy, geometric abstraction, pre-Raphaelite, retro-futurism, and woodcut print. The target latent
is a VAE encoding of the real MegaStyle image. Source and target velocity predictions share the
same noised latent, with the content-only source prompt and content-plus-style teacher prompt.

Style metric. The style metric is the image similarity between the style-reference image and the
evaluated image, both encoded with a fine-tuned style-sensitive SigL.IP (Zhai et al.| 2023)) encoder
provided by MegaStyle. The reference image is provided alongside the style-content pairs as the
style ground truth.

Aligned-style baseline protocol. The eight fixed families are cubism, baroque, art nouveau, ink
wash, glitch art, art deco, paper art, and psychedelic, selected before the baseline runs with two
families from each quartile of the historical direct-teacher style means. For each family, one de-
scription/reference pair was frozen by filtering for typical teacher style and text scores. The eight
fixed families are crossed with 32 independent COCO-2017 (Lin et al., 2014)) validation captions,
yielding 256 evaluation cases. All methods use the same descriptions, reference images, content
prompts, and initial noise. The fitting captions are COCO-2017 train captions, counted 256 per
style. This baseline calibration is separate from learning our shared 39-family field.

AcT. Both variants of AcT follow the original implementation. Linear-AcT follows incremen-
tal forward-order fitting over all 19 multimodal blocks and the first 15 single-stream blocks at its
original sites. It fits both streams at the original locations. The location-matched variant fits only
block-16 image tokens. Mean-AcT uses mean shifts and has its own causal fitting pass at the original
sites. All maps are extracted at the highest-noise one-step response and reused at all 28 generation
steps; no timestep-specific maps are fitted. Each style has its own baseline fit.

ActAdd. ActAdd uses only the first contrast pair at block 16. Each style has its own baseline fit.

SHIFT. SHIFT uses the same training-caption pairs per style to fit first-response text-attention
directions and two probability SVMs at each of the 19 double-stream blocks, together with a
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pooled-CLIP mean shift. Directions are reused at all 28 denoising steps with the released classifier-
dependent scaling and activation-norm restoration. A common scale multiplies DiT strength 1000
and pooled-text strength 1.5.

Concept Sliders. Concept Sliders follows the authors’ released FLUX extension. We train one
rank-16 attention adapter per style for 1,000 updates with batch size 1, learning rate 2 x 1073,
and constant AdamW scheduling. Its xattn configuration fixes orthogonal up projections and
trains only the down projections, with LoRA alpha 1. We cycle the same 256 training captions.
Training retains the released velocity-contrast target with coefficient 2 and positive-prediction norm
restoration. The adapter is active at all 28 evaluation steps.

Text Slider. We directly port the method of Text Slider (Chiu et al., 2026) to FLUX.1-dev, retain-
ing the authors’ released enhancement loss and text-encoder LoRA formulation. For each style, we
train rank-4, alpha-1 adapters on all CLIP attention query, key, value, and output projections for
500 updates, with batch size 1, AdamW at learning rate 2 x 10~%, and seed 6666, cycling the same
256 training captions. The positive prompt adds the frozen style description to the content caption;
the neutral, unconditional, and target prompts are the content caption alone. The original imple-
mentation trains separate CLIP and OpenCLIP branches; FLUX consumes only CLIP. We therefore
retain its hidden-state and pooled-output losses, each weighted by 768/2048 to preserve the CLIP
contribution to the original concatenated objective, and omit the unused OpenCLIP branch. At in-
ference, only pooled CLIP conditioning changes. We map the original delayed intervention to the
last 22 of 28 denoising steps, after a six-step delay. This is a direct method transplant with the stated
FLUX-dev interface adaptations.

Fine-grained strength evaluation and qualitative selection. Full 2,048/768 sets are eval-
vated at T = 2; fixed seed-42, family-balanced 512/192 subsets are evaluated at T' =
0,0.4,0.8,1.2,1.6,2.5,3. These subsets contain one quarter of each held-in/held-out evaluation
split. The family-disjoint split tests generalization of the field to unseen style families. Every image
uses its own full style description. Confidence bands use 2,000 within-family stratified-bootstrap
replicates. Full-set points and subset points come from separate generation runs and must not be
interpreted as paired image trajectories.

Styled prompt. The direct styled-prompt reference appends the identical style description to the
content prompt and uses the frozen generator.

C.4 CONCEPT SUPPRESSION

We construct removal training data from two instruction-based editing datasets: InstructPix2Pix for
FLUX and HQ-Edit for Z-Image. Each example provides a source caption containing the unwanted
concept and an edited caption specifying its removal. These serve as pg.. and pgt, respectively.
We generate the target latent 2o with the corresponding frozen backbone conditioned on pygy; the
original datasets supply the text pairs only.

InstructPix2Pix removals (FLUX). We mine removal pairs from InstructPix2Pix (Brooks et al.,
2023)), retain clean pairs, and extract the removed concept from the caption difference, discarding
unresolved concepts or phrases. The field condition is erase <concept>. The training set
contains 1,158 pairs covering 1,122 concepts. The held-in set contains 149 pairs covering 91 training
concepts, with no source prompts shared with training. The held-out set contains 173 pairs covering
150 concepts absent from both training and held-in sets. Thus, the two evaluation splits test new
prompts for seen concepts and transfer to unseen concepts, respectively. Target latents are generated
with FLUX.1-dev using 20 denoising steps and guidance 3.5; the reported suppression evaluations
use 28 steps.

HQ-Edit removals (Z-Image). We consider both forward and inverse edits in HQ-Edit (Hui et al.,
2024])) and retain text-consistent, single-target removal instructions. Filtering rejects compound edits
and requires the extracted target phrase to occur in the source caption but not the edited caption.
The field receives the removal instruction itself as c. We select 2,000 training pairs and 256 test
pairs. Splitting groups removal targets by phrase containment, preventing related names such as
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“car” and “red car” from appearing on opposite sides of the train/test split. The test set therefore
evaluates unseen removal targets; held-in qualitative examples are drawn from the training pool.
Target latents are generated by Z-Image using 28 denoising steps and guidance 3.5.

C.5 NSFW SUPPRESSION

Shared evaluation. We use the 931 prompts whose original I2P category contains sexual and
the official per-row evaluation_seed. Generation uses a maximum sequence length of 256. The
unedited control is regenerated with the same prompt and seed as every intervention. NudeNet uses
the official released checkpoint at confidence 0.6, and the headline count sums detections over the
nine exposed-body-part classes; a single image may contribute more than one detection. MUSIQ is
computed per generated image, while DINO-I2I and LPIPS compare each output with its matched
unedited-FLUX image.

ACFLOW. The NSFW field is trained on 100 unique unsafe/clean Six-CD Nudity pairs, repeated
over ten rollout seeds to produce 1,000 training rows, all with condition erase nudity. Itisa
T5- and sigma-conditioned AdalLN-dual field applied to image tokens at FLUX single-stream block
16, with three Euler integration steps and no presence gate. Optimization runs for 6,000 updates
with batch size 16, learning rate 10~3, 100 warmup steps followed by a constant schedule, gradient
clipping 1.0, and seed 42. Strengths 2 and 3 use the same checkpoint.

UCE. UCE is reproduced with the released FLUX closed-form implementation editing nudity.
Both use erase scale 10, preserve scale 1, and A = 0.1, producing a distinct edited weight state for
each setting.

EraseAnything. We use the official released Flux-erase-dev nudity LoRA, without local
retraining. The rank-8 adapter acts on the text-side query/key projections in all 19 FLUX dual-
stream blocks.

Concept Ablation. The CA row is a local FLUX port of the model-based recipe. We cycle the
204 non-empty prompts in the released people.txt bank to generate 1,000 base-FLUX anchor
images with seeds 42+4-7. The target nudity, nsfw isinserted using the three released templates.
Training uses moving-model target-to-anchor regression plus prior preservation for 400 optimizer
steps, effective batch size 8, scaled learning rate 6.4 x 10~°, and horizontal flips. The SD attention
parameter group is mapped to Q/K/V/output projections in all 19 FLUX dual-stream blocks; the
single-stream and non-attention parameters remain frozen.

MACE. The MACE row is a local FLUX port of the released explicit-content recipe. Four lexical
targets, nudity, naked, erotic,and sexual, maptoa person wearing clothes. For
each term we generate eight 512-pixel images at 30 steps and guidance 7.5, obtain Grounding-
DINO-base(Liu et al., 2024)/SAM-Huge masks (Kirillov et al., [2023), train a separate rank-1 text
K/V LoRA for 120 steps at 10~°, and apply MACE closed-form fusion. The released COCO-30K
prompts provide preservation constraints. The FLUX port maps CFR to context_embedder and
the LoRAs to text-side K/V projections in all 19 dual blocks; a ridge equal to 0.1 times the mean
Gram diagonal stabilizes the near-singular TS system.

ESD-x. ESD-x follows the released FLUX trainer with erase concept nudity, on-policy syn-
thetic latents, 1,400 iterations, learning rate 10~%, batch size 1, 512-pixel resolution, and negative-
guidance code value 2.0. At the pinned implementation this code value is equivalent to the original
paper’s n = 1 target; it is fixed during training and is not an inference-time sweep.

Negative prompting. NP is checkpoint-free and uses native FLUX true-CFG path. Both text
encoders receive nudity, nsfw; true_cfg_scale and the distinct embedded-guidance input
are both 3.5. No prompt or scale is selected on I12P.

SLD-Medium. SLD is an inference-only local port to FLUX velocity predictions. It uses safety
concept nudity, nsfw in both encoders and the Medium preset: safety guidance 1000, warmup
10, threshold 0.01, momentum scale 0.3, and momentum beta 0.4. Positive, empty, and safety
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branches use embedded guidance 3.5; the element-wise mask and momentum act on velocity, fol-
lowed by the base-preserving update v —3.5 Avsagety. No post-generation safety checker is applied.

Adversarial prompt attacks. The attack table uses the same 109 ReFLUX prompts and official
per-case seeds, with an independently generated no-attack control for each method. It uses the
NudeNet 3.4.2 scoring protocol. Ring-A-Bell uses the released checkpoint, CLIP-L/14, population
200, and 3,000 generations. The primary setting is K = 16,7 = 3. Ring-A-Bell Union is a case-
level OR over K = 16,7 =3, K = 77,n = 2,and K = 77,n = 2.5. Decoded adversarial text is
passed to both FLUX text encoders.

The UnlearnDiffAtk row is a model-specific white-box search. It optimizes five T5 prefix tokens
with straight-through discrete sampling and simplex projection against the FLUX rectified-flow ve-
locity target. The aligned table uses the frozen low-budget setting of 25 sampled time points and
20 updates per point, at most 500 updates per initially negative case, learning rate 0.01, and weight
decay 0.1.

D INTERVENTION SITE DIAGNOSTIC

We use a token-swap oracle to test whether the image-token residual selected in Section [3.2] is
causally sufficient for the target edit. The diagnostic uses FLUX.1-dev at 512 x 512 resolution, 28
denoising steps, embedded guidance 3.5, and single-stream block 16. We sample eight fixed rows
from each of the 39 MegaStyle training families, for 312 prompts in total. The sampling manifest
and thresholds were frozen before the full run.

Protocol. For each row, the source trajectory uses the content-only prompt and the target trajectory
appends its style description. Both trajectories and all swap conditions reuse an explicitly saved
initial latent. At every denoising step, we record the target-prompt output of block 16 and replace
either its text-token slice, its image-token slice, or both slices in the source trajectory. The direct
target-prompt generation defines the attainable style effect. For a condition m, we compute recovery
from the dataset-level mean style score ¢,

R,, = _Qm - Qpiain ) (13)
(target — {plain

Intervals use a two-level paired bootstrap that first resamples style families and then prompts within
each selected family (10,000 repetitions).

Table 6: Block-16 token-swap diagnostic on 312 MegaStyle prompts. Existing images are
rescored with the finetuned MegaStyle encoder. Brackets give 95% paired hierarchical-bootstrap
intervals. Recovery is relative to the direct target-prompt style gain.

Condition Style score T Effect recovery Content 1

Plain prompt 0.1714 [0.1543, 0.1876] - 0.2982
Direct target prompt  0.5522 [0.5274, 0.5777]  100% (reference) 0.2860
Text tokens only 0.3468 [0.3279, 0.3666]  46.1% [41.0, 51.3] 0.2983
Image tokens only  0.5270 [0.5013, 0.5535] 93.4% [91.5, 95.1] 0.2866
Both token groups  0.5512 [0.5266, 0.5769] 99.7% [99.4, 100.2]  0.2861

Image-only replacement recovers 93.4% of the target-prompt style gain, compared with 46.1% for
text-only replacement. Their paired difference is 47.3 percentage points (95% CI: 41.8-52.5). Re-
placing both groups recovers 99.7%, 6.4 points above image-only. It supports the conclusion that
the image-state path carries most of the target effect at this block. These motivate the image-state
intervention.
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Table 7: Style-only intervention ablation. Mean style gain divided by mean full-field gain; brack-
ets are 95% paired case-bootstrap intervals. The 45 fixed style cases are rescored with the same
finetuned MegaStyle encoder as the main evaluation. Rank-one directions are refitted on each live
trajectory; full-norm controls match the full update at every step.

Update Held-in (39 cases) Held-out (6 cases)

Full field 1.000 [1.000, 1.000]  1.000 [1.000, 1.000
Rank one, full norm 0.664 [0.543, 0.788]  0.317 [0.140, 0.732
Residual, learned norm  0.448 [0.336, 0.560]  0.677 [0.402, 1.199
Residual, full norm 0.759 [0.643, 0.887]  1.181[0.887, 2.183

—_— e —

E EXTENDED FLOW FIELD ANALYSIS

E.1 TOKEN-DIRECTION AND ENERGY CONTROLS

Protocol and aggregation. We evaluate the default style field at 7" = 2 on 39 held-in and six
held-out cases, one per style family. The uncentered rank-one component in Eq. [T2] allows a sep-
arate signed coefficient for each token; it is more permissive than a constant vector broadcast to
every token. Each counterfactual recomputes the field and its axis on its own current state at every
denoising step. Norm-matched controls are rescaled separately at each step to the full displacement
norm at that same state.

Let j index the M cases in a split and k index the 28 denoising steps. The energy fraction in Fig.
is measured on full-field trajectories:

_ ||Q1 JkHF
€Q, = E : (14)
1Akl

Thus, steps are weighted by their full-field energy within each case, while cases receive equal weight.
This is neither a single-step statistic nor an unweighted average of stepwise fractions.

(m)

For intervention m, define the style gain g, as its MegaStyle reference-image cosine minus that

of the unsteered image with the same prompt and seed. Figure \: and Table report g™ / g
within each split, rather than the mean of individual gain ratios. We rescore all 270 archived style
images using the released finetuned MegaStyle encoder with exact checkpoint-key matching. The
95% percentile intervals use 10,000 paired case-bootstrap resamples, recomputing both means in
each resample.

Energy and intervention effect. Rank one accounts for 76.2%/75.2% of full-trajectory displace-
ment energy on held-in/held-out styles, but its full-norm intervention retains only 66.4%/31.7%
of the mean full-field style gain. The original-norm residual retains 44.8%/67.7%, despite us-
ing substantially less update energy. Rescaling the residual to the full norm raises these ratios to
75.9%/118.1%. Thus, captured displacement energy alone does not predict effect, and the residual
contains useful directions rather than merely discarded noise.

The matched-residual versus matched-rank-one contrast has a normalized mean difference of 0.096
(95% CI [—0.077,0.268]) on held-in styles and 0.864 ([0.543, 1.552]) on held-out styles. The former
does not establish an advantage between the two norm-matched components. The latter supports a
contribution from off-axis directions.

Axis robustness and scope. We also refit after normalizing every nonzero token update to unit
norm and after excluding the highest-norm 10% of tokens. These controls test whether large-
displacement tokens determine the shared axis. Mean absolute axis cosines are 0.973/0.972 for
equal-token PCA and 0.981/0.979 after trimming on held-in/held-out styles, respectively, averaging
over each case’s 28-step trajectory first. Our conclusion concerns the energy-optimal shared com-
ponent of the learned field, adapted per sample, step, and trajectory. It does not rule out an arbitrary
direction selected by a different downstream objective.
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A. Trajectory-summed energy split B. Energy-matched controls
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Figure 12: Complete token-direction energy controls. (A) Case-mean fractions of trajectory-
summed displacement energy (Eq.[T4). (B) Mean intervention gain divided by mean full-field gain,
with 95% paired case-bootstrap intervals. Full-energy controls match norms separately at every
denoising step; E reports the original-norm residual’s trajectory-summed applied/full energy ratio
on its own trajectory. Style uses reference-image MegaStyle cosine gain; suppression uses CLIP
edited-versus-original prompt-margin gain.
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Figure 13: Suppression geometry across noise levels. Same statistics as Fig. [§] Bands denote
pointwise 95% case-bootstrap intervals.

E.2 GEOMETRY ACROSS DENOISING NOISE LEVELS

The per-noise-level analysis uses only full-field trajectories of 39 held-in and six held-out style cases,
plus 16 held-in and eight held-out suppression cases, with one case per concept or style family. All
trajectories contain 28 recorded interventions at a common strictly decreasing o grid from 1 to 0.065.
Both fields use block 16, Euler-3, and T' = 2.

For each case and step, we compute p = ||R||%/||Al|% using the step’s own uncentered rank-one
decomposition. The token concentration statistic sums ||A;||3 over the highest-energy 5% of image
tokens and divides by total energy. Curves are equal-case means, including a mean of per-case
ratios for p. Pointwise 95% percentile intervals use 10,000 bootstrap replicates, resampling entire
case trajectories within each task/split.

Figure [13] shows the suppression companion with a similar curve shape as in Fig.[8] Off-axis frac-
tions rise from 4.6%/5.3% to maxima of 36.2%/43.4% at o = 0.824/0.799, then fall to 2.7%/2.5%
on held-in/held-out cases. Absolute full and residual energies are largest at the first recorded step in
both tasks.
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F COMPLETE QUANTITATIVE RESULTS

Figure [T4] retains all evaluated methods, the unsteered FLUX and direct styled-prompt references.
Figure|[I5]|shows the full-description curves for all six Euler/block settings. The fitting and evaluation

procedures are described in App.[C.3]

Content Alignment 1

Figure 14: Complete aligned-style comparison. Competitive-region and full-range views retain
all evaluated points. The blue star marks the default N = 3,7 = 2 operating point. The full-range
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Figure 15: Quantitative sweeps across Euler and intervention-block settings. Columns show
held-in and held-out families; rows show style and content alignment. Shading shows 95% within-
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Style control.
in and held-out families.

held-out families, respectively.
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The standard FLUX Euler-3 and Z-Image fixed-noise sweeps each cover all held-
We retain all 13 FLUX horizons from 7" = 0 to 3, and use T' €
{0,0.2,0.4,0.6,0.8,1.0,1.2,1.6,2.0} for Z-Image. Blue and purple labels indicate held-in and
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Concept suppression. The FLUX and Z-Image fields are the same as in Figs. [6] and Each
model has ten cases on the common grid 7" = 0, 0.2, . .., 2.0. Prompts, conditions, and initial noise
are fixed within each row.

These are illustrative selections with both successes and failures. Targets sometimes persist or re-
spond non-monotonically, as with the FLUX umbrella and lemons and the Z-Image plush Siamese
cat and housefly. Larger style horizons can also replace scene structure with texture or remove
recognizable content, as in the Z-Image minimalism and baroque rows.

T=0 T=02 T=04 T=0.6 T=08 T=1 T=12 T=14 T=16 T=18 T=2 T=25 T=3

baroque artnouveau art deco anime

comic

A

cubism

%%%@%%%%%%%%
ﬂﬁﬂ&h&ﬁﬁ&hﬁhﬁ

minimalism ink wash  impressionism expressionism cyberpunk

Figure 16: FLUX Euler-3 style sweep, page 1 of 2. Eleven held-in families. The field, content
prompt, style description, and initial noise are fixed within each row; columns vary the flow horizon
T.
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Figure 17: FLUX Euler-3 style sweep, page 2 of 2. Five held-in and six held-out families. The
field, content prompt, style description, and initial noise are fixed within each row; columns vary the
flow horizon T'.
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ink wash impressionism expressionism cyberpunk cubism comic baroque art nouveau art deco anime

minimalism

Figure 18: Z-Image style sweep, page 1 of 2. Eleven held-in families, using the field. Prompts,
conditions, and initial noise are fixed within each row; the displayed horizons span 7' = 0 to T’ = 2.
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geometric
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Figure 19: Z-Image style sweep, page 2 of 2. Five held-in and six held-out families, using the field.
Prompts, conditions, and initial noise are fixed within each row; the displayed horizons span 7" = 0
toT = 2.
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T=0 T=02 T=04 T=0.6 T=0.8 T=1 T=12 T=14 T=16 T=18 T=2
Held-in | Fog

Held in | Lighthouse

-

Held-in | river

He -in | umbrella

Figure 20: FLUX concept-suppression sweep. Ten cases at eleven horizons, using the field. Held-
in cases appear above held-out cases. Prompts and initial noise are fixed within each row.
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T=0 T=0.2 T=0.4 T=0.6 T=0.8 T=1 T=12 T=14 T=16 T=18 T=2
Held-in | flying sparks

Held-in | book

Held-in | red ladybug

Held-in | scarecrow

Held-in | plush Slamese cat
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Figure 21: Z-Image concept-suppression sweep. Ten cases at eleven horizons, using the field.
Held-in cases appear above held-out cases. Prompts and initial noise are fixed within each row.
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