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Figure 1. FluxSpace. We propose a text-guided image editing approach on rectified flow transformers [15], such as Flux. Our method
can generalize to semantic edits on different domains such as humans, animals, cars, and extends to even more complex scenes such as
an image of a street (third row, last example). FluxSpace can apply edits described as keywords (e.g. “truck” for transforming a car into
a truck) and offers disentangled editing capabilities that do not require manually provided masks to target a specific aspect in the original
image. In addition, our method does not require any training and can apply the desired edit during inference time.

Abstract

Rectified flow models have emerged as a dominant ap-
proach in image generation, showcasing impressive capa-
bilities in high-quality image synthesis. However, despite
their effectiveness in visual generation, rectified flow mod-
els often struggle with disentangled editing of images. This
limitation prevents the ability to perform precise, attribute-
specific modifications without affecting unrelated aspects of
the image. In this paper, we introduce FluxSpace, a domain-
agnostic image editing method leveraging a representation
space with the ability to control the semantics of images
generated by rectified flow transformers, such as Flux. By
leveraging the representations learned by the transformer
blocks within the rectified flow models, we propose a set
of semantically interpretable representations that enable a

wide range of image editing tasks, from fine-grained image
editing to artistic creation. This work offers a scalable and
effective image editing approach, along with its disentan-
glement capabilities.

1. Introduction

Recent research aimed at enhancing the interpretability
of generative models has increasingly focused on disen-
tangled editing capabilities, which allows precise control
over specific features or attributes within generated im-
ages [21, 43, 45]. These capabilities are crucial for under-
standing and manipulating the outputs of generative mod-
els, such as Generative Adversarial Networks (GANs) and
multi-step diffusion models like Stable Diffusion. In single-
step models such as GANs [18], the editing process is
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facilitated by a structured and highly disentangled latent
space. This space, composed of fixed-dimension vectors,
linearly encodes meaningful concepts that can be individ-
ually adjusted to effectively alter specific aspects of the
output images. However, achieving similar disentangled
editing in multi-step diffusion models presents a significant
challenge. Unlike GANSs, diffusion models do not utilize
a fixed-dimension latent space; instead, they generate im-
ages through a multi-step refinement process. This process
gradually transitions from a random noise distribution to the
data distribution, with each step involving complex interac-
tions of learned noise patterns. These patterns are inherently
difficult to map back to specific features in a latent space.
Moreover, the sequential nature of diffusion models com-
plicates the internal dynamics and obscures the direct cor-
relations between dimensions of a hypothetical latent space
and specific visual features in the generated output.

Disentangled latent spaces have been explored thor-
oughly in diffusion models, focusing on the UNet bottle-
neck layer [24, 31], text embedding space [3], noise space
[9] and weight space [13, 17]. However, these approaches
often suffer from significant limitations in terms of disen-
tangled semantics. Manipulation of the UNet bottleneck
layer [24, 31] may not fully capture the high-level seman-
tic features necessary for fine-grained control, as bottleneck
representations can still be highly entangled. Adjusting the
text embedding space [3] relies heavily on alignment be-
tween textual and visual features, which may not always
correspond accurately, leading to entangled semantics. Op-
erating within the noise space [9] presents challenges due
to the difficulty of associating specific noise patterns and
semantics. Other works [13] explored the weight space to
perform disentangled editing; however, they require time
and resource consuming training of LoORA models to create
a latent space for each domain. On the other hand, gen-
erative models based on flow-matching transformers (e.g.
Flux) offer high-quality image generation; however, their
disentanglement editing capabilities remain underexplored.

In this paper, we focus on the latent spaces in flow-
matching transformers, characterized by their ability to gen-
erate images with high fidelity [15]. Our analysis reveals
that the joint transformer blocks, integral to the denoising
network, are adept at encoding highly disentangled seman-
tic information. Since the architecture we target involves
transformers, the attention layer outputs gradually add im-
age content to the latent representation that gets denoised,
without any residual connections between different blocks,
unlike UNet-based architectures. Furthermore, the atten-
tion layers included in these blocks enable enhanced control
over the model outputs, as they control the image content
in isolation compared to succeeding and preceding blocks
of the denoising network. By implementing a linear edit-
ing scheme across these attention outputs, we unlock the

potential for semantic editing within flow-matching trans-
formers, facilitating semantic navigation across their out-
put space. Our approach supports precise, fine-grained ed-
its, such as adding a smile, as well as broader, coarse-level
modifications, such as stylization. We perform qualitative
and quantitative experiments with various state-of-the-art
methods and demonstrate the effectiveness of our method
in enabling fine-grained image editing tasks. Our contribu-
tions are as follows.

* We introduce FluxSpace, a novel editing framework
within flow-matching transformers using attention layer
outputs, unlocking advanced semantic editing capabilities
for precise navigation within the model’s output space.

* We demonstrate the capability of joint transformer blocks
to encode highly disentangled semantic information
through incremental content refinement.

* We introduce support for both fine-grained edits, such
as smile addition, and coarse-level modifications such as
stylization, improving the model’s versatility in image
manipulation. Our method supports the editing of both
real and generated images.

2. Related Work

Latent Space Exploration of Diffusion Models. Diffu-
sion models, which have been the dominant approach for
the tasks of text-to-image generation and editing, encapsu-
late rich semantics within their latent representations. To
facilitate new applications, research has focused on lever-
aging the semantics encoded by such models. In addi-
tion to the explorations performed on latent spaces, cer-
tain methods [24, 42] explored image editing techniques
that alter the backward diffusion process, targeting the
learned latent variables. Specifically, [24] bases its ap-
proach on the features learned by the bottleneck block
of the denoising model, which has a UNet-based archi-
tecture, while [42] modifies the intermediate latent vari-
ables using stochastic diffusion models. As a further ad-
vancement toward this area, [31] introduces a method that
aims to identify latent-specific directions representing var-
ious semantics, inspired by latent space exploration meth-
ods in GANs [10, 22, 32, 45]. Although such methods
promise the discovery of semantic directions in domain-
specific DDPMs [20], their application to large-scale dif-
fusion models [15, 34, 37] is limited. In addition, various
approaches have studied alternative latent spaces to propose
directions for semantic editing, such as the noise space [9],
the text embedding space [3], and the weight space [13, 17].
Despite these efforts that propose different formulations of
semantic directions on diffusion models, such an approach
still does not exist for flow-matching transformer models,
which is addressed by our proposed FluxSpace framework.
Image Editing with Diffusion Models. Due to their
high-fidelity generation capabilities, text-to-image diffusion
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models have been used frequently for image generation and
editing tasks. As a straightforward strategy, one can per-
form image editing with a target text prompt that effectively
describes the desired visual effect. However, this strategy
can lead to entangled edits, where the change described as
a text prompt modifies certain aspects of the image that are
not intended to be edited. Addressing this problem, stud-
ies such as [19, 46] enabled increased precision within the
editing process. Among these works, [46] uses a condi-
tional diffusion model that guides the generation process
based on user-specified controls. Similarly, [41] attempts to
preserve image content by fine-tuning the diffusion model.
On the other hand, several methods benefit from the repre-
sentations learned by the diffusion models. Among these
methods, [19, 40] use attention control mechanisms within
the diffusion model, [6, 7] use the semantic guidance mech-
anism over the noise space, and [3, 44] utilize the text-
embedding representations to perform edits. Furthermore,
studies such as [11, 17] succeeded in applying disentangled
edits by trained semantic directions. However, these meth-
ods are limited in terms of requiring training-per-edit to per-
form the desired image-to-image transformation, which is
either specified as a set of textual conditions or paired im-
ages reflecting the desired edit. Addressing the problems in
both directions, we focus on disentangled editing on recti-
fied flow transformers, without any additional training.
Rectified Flow-Based Models. Succeeding over diffusion
models, transformers trained with the flow-matching objec-
tive [25, 26], such as Flux, now serve as the state-of-the-
art text-to-image generation models [15]. Despite their su-
perior generation capabilities, the methods applied to dif-
fusion models for image editing are not directly transfer-
able to rectified flow models, since the MM-DiT architec-
ture [33] involves continuous interaction between text and
image features, which results in changes in both represen-
tations, unlike diffusion models [34, 37]. Furthermore, dis-
entangled editing with existing methods is not possible in
a straightforward manner. As a preliminary effort towards
text-based image editing with rectified flows, [38] offers an
editing method with target captions specifying the desired
edit. However, existing methods are limited in terms of the
types of edits available and edit scale adjustment, whereas
our method offers such functionalities.

3. Preliminaries
3.1. Rectified-Flow Models

Generative models aim to define a mapping from samples
x1 from a noise distribution p; to samples xy from a data
distribution py, where pg represents real images in image
generation tasks. Rectified flows [25, 26] define a time-
dependent forward process that constructs paths between
distributions pg and p; as straight trajectories, as shown in

Eq. 1, where p; = N(0, 1) and timestep ¢.

e =(1—t)xg+te, e~ N(0,1) (1)

To learn this mapping, a network is trained with parame-
ters 6, to estimate the velocity v of the rectified flow, repre-
sented by vg. This velocity prediction network can serve as
a noise prediction network, €y, optimized using the Condi-
tional Flow Matching (CFM) objective formulated as Eq. 2,
with signal-to-noise ratio A} and time-dependent weighting
function w; [15].

1
Lory = 3 Eentu(e),e~n(0,1) [wiAilleg (e, t) — €l |?] (2)

3.2. Multi-Modal Diffusion Transformers

The multi-modal diffusion transformer architecture, multi-
modal diffusion transformers (MM-DiT) [33], integrates
both text and image modalities to generate images aligned
with the semantics implied by text inputs. Among the state-
of-the-art text-to-image generation models, rectified flow
transformers (e.g. Flux) utilize the adaptation of this ar-
chitecture introduced in [15], which involves modulated at-
tention and MLP layers, followed by attention layers lg
parametrized by parameters 6, conditioning image gener-
ation on both pooled and token-wise text embeddings.

To guide image generation with text inputs, rectified flow
transformers use two text embeddings: cpoo; and cciq¢. The
pooled embedding cp001, derived from the CLIP Text En-
coder [35], is used in the modulation mechanism to scale
and shift features fed as input to the attention layers. The
token-wise embeddings c.¢,:, obtained from a T5 Text En-
coder [36], ensure alignment with prompt semantics, thus
enhancing the relevance of the generated images. The
complete conditioning set, {Cpooi; Cerat }» iMproves prompt
alignment, as shown in previous work [15, 34]. Both em-
beddings are integrated into joint transformer blocks, where
text and image features interact through distinct query (Q),
key (K), and value (V') transformations. These blocks en-
able influence across modalities (text and image) in a bidi-
rectional manner, forming the foundation for the image edit-
ing mechanism introduced in this work.

4. Methodology

Our approach leverages the architecture of flow-matching
transformers, specifically Flux, to introduce a structured
method for controlled image editing. In Flux, image gen-
eration progresses by refining content from initial noise
through multi-modal transformer blocks. At each timestep
t, the noise prediction network €q(x¢, ¢, t) outputs a pre-
diction conditioned on noisy latent x; and text-based con-
ditioning ¢ (composed of cpoor and ceeqt). This stepwise
refinement occurs within the attention layers lg, creating a
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Figure 2. FluxSpace Framework. The FluxSpace framework introduces a dual-level editing scheme within the joint transformer blocks
of Flux, enabling coarse and fine-grained visual editing. Coarse editing operates on pooled representations of base (cpo0:) and edit (ce,poot)
conditions, allowing global changes like stylization, controlled by the scale Acoarse (a). For fine-grained editing, we define a linear editing
scheme using base, prior, and edit attention outputs, guided by scale Af;n. (b). With this flexible design, our framework is both able to
perform coarse-level and fine-grained editing, with a linearly adjustable scale.

progressively evolving representation space suitable for se-
mantic manipulations. For simplicity, we represent the con-
ditional input to the attention layer as ¢, where it contains
both the modulating text embedding c,,, and the token-
wise text condition c.;.:, which both influences the atten-
tion mechanism within Flux.

Our method designates the outputs of Flux’s joint at-
tention layers as FluxSpace, a linear representation space
where semantic image edits can be performed in a disentan-
gled manner. Within this space, we enable transformations
on the attention outputs, allowing semantic modifications
such as detailed adjustments to object attributes or overall
changes in style, without altering the model parameters.

Our primary objective is to introduce an inference-time
image editing algorithm with flexible levels of control. The
first option focuses on detailed edits, allowing fine-grained
adjustments, such as adding a smile to a face. The second
option provides control over the image’s coarse appearance,
such as changing the overall style.

4.1. Fine-Grained Editing

Given the pre-trained attention layer /gy and the image tokens
from the noisy image input z;, we employ three different
outputs obtained by this layer. With a minor use of notation,
we use x for image tokens from the noisy input, both for
simplicity and to illustrate the relation between z; and im-
age tokens. First, we utilize the output ly(x, ¢, t) where ¢ is
the text condition used to generate the unedited image. Fol-
lowing, we compute two additional features, ly(x, c., t) and
lo(z, ¢, t) corresponding to the outputs w.r.t. editing condi-
tion ¢, (e.g. “eyeglasses” for the addition of eyeglasses) and
null text ¢. In our editing scheme, we treat ly(z, ¢, t) as an
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image prior, which reflects the attention layers’ knowledge
of the image features without any text condition.

Our framework relies on the linearity assumption of at-
tention outputs, which enables us to define latent direc-
tions on a given input condition c.. First, to isolate the
conditional output ly(z, ce,t) from the image-related de-
tails, we apply an orthogonal projection with the image
prior retrieved as the null prediction lg(x, ¢, ), to obtain
projglo(, ce, t) formulated over Eq. 3.

l@($7ce7t) : 19(m7¢7t)
|ll(z, &, 1)][?

Given the projection of attention outputs, we identify
the orthogonal component of ly(x, c.,t) over lg(x, P, t) as
ly(x, ce,t) in Eq. 4. With this vector, we identify a seman-
tic direction that is effective in latent pixels to shift image
content w.r.t. editing prompt c..

pr0j¢lg(ac,ce7t) = l9($,¢,t) (3)

“4)

Using this linear direction, we formulate our editing
scheme in Eq. 5. As we define our editing method in
the form of linear interpolation between the editing vector
ly(x, ce, t), our method is also able to perform edit interpo-
lation with the edit strength parameter A fipe.

lg(2, cert) = lg(, ey t) — Projylo(, ce, t)

ZAQ(I’,C, Ce»t) = lg(x,c, t) + Afine(lle(x,ce,t)) (5)

Content Preservation with Attention Masking. To facili-
tate further disentanglement over the performed edit, we in-
troduce a self-supervised mask, based on the interaction of
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Figure 3. Qualitative Results on Face Editing. Our method can perform a variety of edits from fine-grained face editing (e.g. adding
eyeglasses) to changes over the overall structure of the image (e.g. comics style). As our method utilizes disentangled representations to
perform image editing, we can precisely edit a variety of attributes while preserving the properties of the original image.

the image features and the editing condition. First, we intro-
duce the mask M; .q;+ based on the query features ();, com-
puted with the image features, and the key features K.g4;;
with the editing condition in Eq. 6. Intuitively, we query
the image for the pixels that respond strongly to the given
text condition as an intermediate estimate, which is used to
mask out the pixels with low attention values. Following
the existing work on the TS text encoder, which is used in
Flux, we utilize the attention map of the first text token [29].

. KT.
M; cqit = SOftmax(W) ©)

Given the mask M; .q4iz, we introduce a soft decision
boundary M; _,;, with boundary coefficient b = 10 [14],
sigmoid operator o, and min-max normalization operator
normalize, formulated as Eq. 7.

Mil,edit = o(b* (normalize(M; eqir) — 0.5))  (7)

As the final step, we perform a thresholding operation
with the parameter 7, to retrieve the thresholding mask
iledir I EQ. 8.

1 ifM . >
" { i,edit (8)

i edit = X
Hea 0 otherwise

Using this thresholding mask, we modify the content
editing equation presented in Eq. 5 by masking out the la-
tent pixels that receive low attention from the editing direc-
tion Iy (x, ce, t).

4.2. Editing Coarse Level Details

Before performing the attention calculation, Flux applies
a modulation based on the pooled CLIP embeddings that
provides information about the coarse structure of the gen-
erated image [34]. Since certain edits need to change the
overall structure and appearance of the image, we intro-
duce an additional control mechanism for appearance-based
changes. Specifically, we extend our editing approach based
on the orthogonal projection of attention features in the
CLIP embeddings, where we edit the pooled generation
condition ¢, in the direction of the pooled editing con-
dition ce poor O retrieve €po01, Which is used to normalize
the attention features.

Since we want to edit the coarse condition in a dis-
entangled manner, we perform our editing scheme based
on the application of the linear representation hypothesis
[1,2, 16,27, 30] on pooled CLIP embeddings [5]. To do so,
we first perform an orthogonal projection in Eq. 9, for the
editing concept ¢ poor ON Cpoo; to retrieve the editing direc-
tion for the coarse representation of the image. However,
different from the attention features, we use the base gen-
eration condition as the basis of the projection, as we now
operate on textual representations rather than multimodal
representations.

’ Cpool * Ce,pool
ce,pool = Ce,pool — ||C l|’|2 Cpool (9)
‘poo

Given the linear direction for editing the coarse condi-
tion, we formulate the edit as a linear interpolation between
the original condition and the editing direction with a scale
parameter \.oqrse, Which controls the extent of editing of
the modulation condition.
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Figure 4. Qualitative Comparisons. We compare our method both with latent diffusion-based approaches (LEDITS++ [7] and TurboEdit
[12]) and flow-based methods (Sliders-FLUX [17] and RF-Inversion [38]) in terms of their disentangled editing capabilities. We present
qualitative results for smile, eyeglasses, and age edits where our method succeeds over competing methods in both reflecting the semantic

and preserving the input identity.

épool = (1 - )\coarse) * Cpool + Acoarse * c/e,pool (10)

During generation, to preserve the image content and in-
fluence the image with the desired edit, we use different
modulations for text and image features. Specifically, we
normalize the image and text features inputted to the atten-
tion layer with cpo0; and épo01, respectively.

5. Experiments

To assess the effectiveness of FluxSpace in disentangled
semantic editing, we conducted a series of qualitative and
quantitative experiments. Furthermore, we compared our
approach with the state-of-the-art image editing methods in
both flow-based and latent diffusion-based models to high-
light our method’s versatility and superior performance.

5.1. Experimental Setup

We utilize FLUX.1-dev' for all experiments, evaluating
both the capabilities of the proposed framework and the
control parameters introduced. For all of our experiments,
we use 30 generation steps and A.pqrse = 0.5 and 7, = 0.5
unless stated otherwise. Since the required editing strength

https://huggingface.co/black-forest-labs/FLUX.
l1-dev

changes for every editing task, we use varying values of
Atine and starting timestep for every experiment. We pro-
vide the complete list of used hyperparameters in the sup-
plementary material, Sec. C. To guarantee the reproducibil-
ity of our experiments, we maintained a consistent random
seed of 0. Our method requires approximately 20 seconds to
generate an image with the desired edit on a single NVIDIA
L40 GPU.

5.2. Qualitative Results

Fig. 3 and 4 show the qualitative results of our editing ex-
periments. These results demonstrate our method’s capabil-
ity to execute disentangled edits on fine-grained attributes,
such as adding eyeglasses or sunglasses, as well as beards,
smiles, and detailed facial expressions such as surprise (see
Fig. 3, top row). Additionally, our method can conduct
broader transformations, including altering a person’s per-
ceived age or gender and applying stylistic changes like
converting images to comic or 3D cartoon styles (see Fig.
3, bottom row). Beyond faces, our method handles broader
image contexts, where we provide examples in the supple-
mentary material, Sec. E. Our approach also extends to
other domains, including cars and complex scenes such as
street views (see Fig. 1).

Furthermore, we conducted a qualitative comparison
with several state-of-the-art methods, including approaches
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Eyeglasses Smile Overall
CLIP-T 1+ CLIP-I1T DINOT | CLIP-T1 CLIP-I1T DINO 1 | User Pref. T
LEDITS++ [7] 0.3723 0.8639 09177 | 0.3634 0.8657 09111 3.04
TurboEdit [12] 0.3626 0.8315 0.8954 | 0.3692 0.8479 0.9082 2.75
Sliders-FLUX [17] | 0.2878 0.8356 0.7858 | 0.3618 0.8268 0.8683 3.34
RF-Inversion [38] | 0.3046 0.9354 0.9359 | 0.3438 0.8834 0.9134 291
Ours 0.3180 0.9417 0.9402 | 0.3503 0.9038 0.9347 4.19

Table 1. Quantitative Results. We quantitatively measure the editing performance of our method over competing approaches both in
terms of text alignment using CLIP-T [35], and content preservation using CLIP-I [35] and DINO [8] metrics where higher is better for all
metrics. We compare our method with both latent diffusion [7, 12], and flow-matching-based approaches [17, 38]. Overall, our method
strikes a good balance in terms of alignment with the editing prompt and content preservation. Supplementary to these metrics, we also
present a user study as a perceptual evaluation that aligns with our claims regarding edit performance, where our method outperforms the

competing approaches.

based on latent diffusion models like LEDITS++ [7] (with
SDXL [34]), and TurboEdit [12] (with SDXL-Turbo [39]),
as well as flow-based methods such as Sliders-FLUX [17]
and RF-Inversion [38]. Fig. 4 illustrates that our method
consistently achieves disentangled edits, such as adding
eyeglasses or smiles without altering unrelated features,
while other methods often struggle with this aspect. For
instance, RF-Inversion incorrectly positions the eyeglasses,
placing them in unnatural locations on the face. Similarly,
while performing edits, Concept Sliders (Sliders-FLUX)
and TurboEdit tend to significantly alter the subjects’ iden-
tities, as seen in the eyeglass and age transformations. Al-
though LEDITS++ manages to execute reasonable smile
and eyeglass edits, it inadvertently changes the subject’s
identity in age-related edits. These results highlight the abil-
ity of our method to perform disentangled edits and main-
tain the identity of the subject while applying targeted edits.
More comparisons with other editing methods are provided
in the supplementary material, Sec. E.

5.3. Real Image Editing

To be able to apply FluxSpace to real images, we integrate
our method into the inversion mechanism proposed by RF-
Inversion [38] and replace their editing with our editing al-
gorithm. We provide real image editing results in Fig. 5.
However, we observe that, due to the nature of their inver-
sion algorithm, the input image is not fully mapped into the
latent distribution of the generator model (e.g. Flux), but
rather consistency is enabled with a correction term. Since
we focus on the interpretability of the latent space of recti-
fied flow transformers, we focus on the models’ output dis-
tribution and perform our experiments with images gener-
ated by Flux.

5.4. Quantitative Results

To further validate the effectiveness of our method, we per-
formed quantitative experiments comparing it with state-of-
the-art editing techniques, using Eyeglass and Smile seman-

Gender

Gender ' Input
i

Figure 5. Real Image Editing. By integrating FluxSpace on the
inversion approach proposed by RF-Inversion [38], we extend our
method for real image editing task. As we show qualitatively, our
method achieves improved disentanglement over the performed
edits compared to the baseline approach, where we use identical
hyperparameters for the inversion task on both approaches.

tics on a set of 60 images (see Table 1). We used met-
rics such as CLIP-T, CLIP-I [35], and DINO [8] for eval-
uation. CLIP-T assesses textual alignment by measuring
the semantic similarity between the target description and
the generated image, ensuring that the intended edits align
with textual descriptors. CLIP-I and DINO evaluate image
fidelity by measuring the visual similarity between the orig-
inal and edited images, focusing on maintaining the identity
and context of the original subjects.

The results indicate that our method excels in the CLIP-
I and DINO metrics, showcasing its superior ability to re-
tain the original identity while applying disentangled edits.
Although methods such as TurboEdit are able to achieve
higher CLIP-T scores, they do so at the cost of significant
alterations to the subject’s original identity. For instance,
TurboEdit, despite its high CLIP-T score for eyeglasses,
completely changes the individual’s identity, as evidenced
in Figure 4. This underscores our method’s strength in bal-
ancing identity preservation with accurate semantic edits.

User Study. We conducted a user study involving 50 par-
ticipants recruited through the Prolific.com crowd-sourcing
platform, in which we provide additional details in Sec. B

13089



of the supplementary material. Each participant was pre-
sented with an original image alongside its edited version
and the corresponding target text. They were then asked
to assess how well the edited image captured the intended
semantics while maintaining the original facial characteris-
tics of the subject. This was rated on a Likert scale from 1
(strongly disagree) to 5 (strongly agree). The results in Ta-
ble | demonstrate that our method significantly outperforms
competing approaches.

5.5. Ablation Studies

We perform ablation studies to demonstrate the effect of
hyperparameters introduced by our method. Overall, we
present ablations on fine-grained editing scale A f;p., the
coarse editing scale A.oqrse, the masking coefficient 7,,,
and the timesteps that the edit is applied in Fig. 6.
Ablations on coarse editing scale. We introduce the hy-
perparameter A oqrse to control the text embedding that de-
termines the modulation parameters of the attention layer
inputs [15]. In our experiments, we identified that this rep-
resentation is heavily involved in the overall appearance of
the image. In Fig. 6(a), we demonstrate the effect of Acoqrse
for controlling the pooled embedding for this modulation,
where we use “portrait photo of a man” as the generation
prompt, and “comics style” as the editing prompt. Upon in-
terpolation within the scale [0.0, 1.0], we see that A\coqrse
enables controlling the style of the image, given the editing
prompt. As we would like to identify the effect of A.yqrse in
isolation, we set Af;ne = 0 and 7,,, = 0 for all generations.
Ablations on fine-grained editing scale. We investigate
the flexibility of content editing over the parameter A f;pe.
Since the text embedding utilized in feature modulation
only provides an approximate overview of the image to
be generated, we associate A y;,. With fine-grained editing,
which determines the scale of the edit applied to the atten-
tion outputs. We provide data on the effect of A ¢;,,. in Fig.
6(b), where we show semantic interpolation results on the
attributes of gender and smile, with increasing values of the
editing scale.

Ablations on masking coefficient. We introduce an op-
tional attention masking mechanism to improve the disen-
tanglement properties of the editing process. To demon-
strate the effect of our masking strategy, we provide abla-
tions in Fig. 6(c), where the edit “sunglasses” is applied
starting from the second denoising step, over a 30-step gen-
eration process. As can be observed from the presented re-
sults, our masking strategy improves the disentanglement of
the edit and preserves the semantic properties of the original
image better (e.g. facial expression).

Ablations on Editing Timesteps. Since our method allows
the selection of editing timesteps, we perform an ablation
over the effectiveness of the selection of timesteps where
the edit is performed. As can also be observed from Fig.

Original + Acoarse

) )

Figure 6. Ablation Study. We present ablations over the hyper-
parameters introduced within the FluxSpace framework. Specifi-
cally, we perform ablations on coarse editing scale Acoqrse, fine-
grained editing scale \fin., masking coefficient 7,,, and timestep
t when the editing is initiated. For all ablations, we report qualita-
tive results for changing values of the specified hyperparameters.

6(d), starting the editing process in earlier timesteps allows
more drastic editing results, by sacrificing consistency with
the original image. This is because the overall structure is
still considered noisy from the perspective of the denoising
model ¢yp. However, our method is still able to perform dis-
entangled editing starting from early timesteps (e.g. skip-
ping only 1-2 denoising steps).

6. Limitation

While FluxSpace offers significant benefits in controllable
content generation and editing, it also poses ethical risks.
Its precise image manipulation can raise privacy concerns
when individuals’ likenesses are altered without consent
[23]. Moreover, the potential for misleading or deceptive
content threatens the authenticity of digital media. Realis-
tic edits could enable fake news, impersonation, or public
opinion manipulation. Such risks underscore the need for
robust ethical guidelines and regulatory frameworks to en-
sure responsible use.

7. Conclusion

In conclusion, we propose FluxSpace, a novel method that
demonstrates a robust ability to perform targeted, disen-
tangled edits across a range of attributes and styles while
maintaining the original identity of subjects in images. The
qualitative and quantitative results, supplemented by a user
study, underscore its effectiveness in preserving the charac-
teristics of the edited image and achieving intended seman-
tic changes, outperforming several state-of-the-art methods.
Moreover, FluxSpace excels in performing fine-grained ed-
its across various domains, along with stylistic transforma-
tions, showcasing its versatility and wide applicative poten-
tial in the field of image editing.
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