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Fig.1: We train a Sparse AutoEncoder (SAE) to lift the text embeddings into a
higher-dimensional space, where we identify disentangled semantic directions (e.g. for
laughing). These directions can then be applied to specific tokens within the input of a
text-to-image model to facilitate continuous image editing. As shown on the right, our
token-level editing steers the model to incorporate the relevant attribute (laughing)
into the subject in the image that corresponds to the chosen token (e.g., “woman” or
“kid”), while allowing the attribute’s intensity to be continuously adjusted through a
scale factor, w;.

Abstract. Large-scale text-to-image diffusion models have become the
backbone of modern image editing, yet text prompts alone do not offer
adequate control over the editing process. Two properties are especially
desirable: disentanglement, where changing one attribute does not un-
intentionally alter others, and continuous control, where the strength
of an edit can be smoothly adjusted. We introduce a method for dis-
entangled and continuous editing through token-level manipulation of
text embeddings. The edits are applied by manipulating the embeddings
along carefully chosen directions, which control the strength of the tar-
get attribute. To identify such directions, we employ a Sparse Autoen-
coder (SAE), whose sparse latent space exposes semantically isolated
dimensions. Our method operates directly on text embeddings without
modifying the diffusion process, making it model agnostic and broadly
applicable to various image synthesis backbones. Experiments show that
it enables intuitive and efficient manipulations with continuous control
across diverse attributes and domains.
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Fig. 2: Naively applying T5 edit direction (top) by interpolating T5 embedding of
target edit, introduces entangled changes that may distort the scene. This can appear
as an insufficient edit (left example) or as the modification of unwanted elements (right
example). In contrast, edit directions found by the SAE (bottom) yield disentangled
edits that preserve identity and achieve the intended modification.

1 Introduction

Large-scale text-to-image diffusion models have revolutionized the field of image
synthesis [50,51,54]. Consequently, they have become a powerful foundation for
a wide array of image manipulation and editing methods [10,31,41,61]. These
methods have demonstrated remarkable success in a range of edits, including
adding new elements, replacing parts of the scene, and modifying the attributes
of existing objects. Two properties are particularly desirable in such edits: disen-
tanglement, which ensures that modifying one attribute does not unintentionally
affect others, and continuous control, which allows adjusting the magnitude of
the edit.

While there has been significant progress in achieving disentangled editing,
finding controllable representations that enable edits which are both disentan-
gled and continuous remains a major challenge. Text prompts alone struggle to
provide this level of control, as their discrete nature prevents smooth intensity
adjustment and their holistic influence often leads to unintended changes. For
example, to control the intensity of a smile, a user must resort to distinct coarse
categorical descriptions like “a slight smile” versus “a wide grin”, rather than
smoothly varying the intensity. This limitation motivates research into underly-
ing semantic control mechanisms that are both continuous and disentangled.

In pursuing this goal, some works have focused on general, training-free meth-
ods that manipulate the diffusion model’s internal representations [4, 15, 29].
While versatile, these techniques often struggle with disentanglement, where an
edit intended to be local inadvertently causes widespread, undesirable changes
to the overall image style and composition. To achieve higher fidelity, other ap-
proaches have pursued task-specific optimization, training a dedicated module
for each edit [21,24, 58], with the module’s weights acting as the controllable
representation for the edit. However, while often producing high-quality results,
this strategy is inherently unscalable, demanding a unique training pipeline for
every possible modification.
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In this work, we propose a method for disentangled and continuous image
editing through the fine-grained manipulation of text embeddings at the token-
level. Our approach leverages a Sparse Autoencoder (SAE) [13], an unsupervised
model trained to reconstruct its input from a sparse, high-dimensional latent
space. The sparsity of this latent space induces semantically disentangled di-
mensions, which in turn enable the discovery of meaningful editing directions
for each token.

Specifically, we derive an edit direction in the SAE’s space by comparing the
sparse representations of two prompts that differ by the desired edit description
(e.g., “a person” and “a smiling person”), identifying the entries most correlated
with the change. We then construct an edit-specific direction as a sparse vector
that modifies only these highly relevant entries.

This disentangled direction is added to the sparse representation of the
prompt, and can be scaled to continuously control the magnitude of the tar-
get attribute, while preserving the rest of the image. This approach leverages
the SAE to uncover disentangled directions that are difficult to identify directly
in the raw embedding space, as qualitatively demonstrated in Figure 2.

Our method operates solely on the text embeddings, leaving the denoising
process untouched. In this setup, the diffusion model serves merely as a renderer:
it receives the edited semantic instructions and translates them into a visual
output. As a result, the method is model-agnostic and can be applied to any
text-to-image backbone that shares the same text encoder, without additional
training or fine-tuning.

Through extensive experiments, we demonstrate the effectiveness of our method
in providing both continuous and highly disentangled semantic edits. We vali-
date the versatility of our approach by applying the same framework to various
generative models, including two image synthesis backbones, without any model-
specific training. Importantly, we show that our method enables a wide range
of intuitive, magnitude-controlled manipulations from simple text commands, as
demonstrated in Figure 1. We further show that our method can be applied to
real images using inversion techniques.

2 Related Work

Image Editing with Diffusion Models The success of diffusion models in
image synthesis [6, 32,48, 50, 54,56,57] has led to their widespread adoption for
the more challenging task of real image editing. Unlike pure generation, editing
requires a careful balance between preserving an image’s original attributes and
introducing controlled, text-guided changes. Common strategies include manip-
ulating the denoising process through feature injection [1, 10, 31, 46,47, 61] or
applying partial noise schedules with a new text condition [8,18,34,41,52, 60].
A key requirement for applying these methods to real images is an inversion
technique that can find an initial noise capable of reconstructing the image [19,
27,30, 35,36,42,43,55].

Continuous Image Editing with Diffusion Models A challenge in this area
is achieving fine-grained, continuous control over semantic attributes. To achieve



4 R. Kamenetsky et al.

this kind of control some methods perform Task-specific optimization methods,
which yield high-fidelity, disentangled edits but are not scalable, requiring a
separate, costly process for each new attribute, such as training a dedicated
LoRA adapter [24], optimizing a text token [58] or to train numerous person-
specific DreamBooth LoRAs [53] and then trains a classifier in the latent space
[12] or in the weights’ space [21]. Conversely, training-free methods that discover
semantic directions in existing latent spaces [4,7,15,20,28,29] are general-purpose
but often struggle with the precision and disentanglement of specialized models.
Another line of work conditions an instruction-based editor on an edit-strength
scalar for continuous intensity control [45], at the cost of training on synthesized
strength-annotated data. Other works [16,25] explore unsupervised discovery of
a model’s latent variations but are not designed for direct, text-guided editing.
Our work aims to bridge this gap, offering a general framework that provides
the disentangled control of task-specific methods without the need for per-edit
training.

3 Preliminary - Sparse AutoEncoders

Sparse Autoencoders (SAEs) are neural architectures designed to learn inter-
pretable and disentangled high-dimensional latent representations [13]. An SAE
typically consists of a simple encoder, often a single linear layer with a non-
negative activation, and a linear decoder. The model is trained with a dual

objective:
L=Lec+o- L‘sparsm (1)

where L,q. is a standard reconstruction loss, and Lgparse is a set of regulariza-
tion terms that encourages the latent representation to be sparse. This sparsity
constraint encourages the SAE to learn a dictionary-like representation, where
a small set of active latent features often corresponds to a distinct semantic at-
tribute of the input. This property makes SAEs a powerful tool for interpreting
the otherwise dense and opaque hidden states of large language models.

Consequently, SAEs have been successfully applied to the internal states of
large language models to uncover meaningful, semantic features [9,13,26]. For
example, [9] found that certain features in the sparse representation are active
only when specific entities, such as “US presidents,” are mentioned in the text.
Identifying which features correspond to specific concepts enables model steering,
allowing for direct control over model behavior by manipulating its internal
activations [2,5]. The basic SAE framework can be extended with more advanced
variants and sparsity regularization techniques, which are detailed further in the
supplementary materials.

Recent works have integrated Sparse Autoencoders (SAEs) into diffusion
models for various distinct purposes. For instance, One-Step is Enough [59]
trains SAEs on SDXL cross-attention layers to extract interpretable features
from the model’s internal representations. Furthermore, Concept-Steerers [38]
and SAFEuron [14] utilize SAEs to steer generation toward safer outputs and
enable concept unlearning, respectively. However, these methods do not support
controllable, continues image editing.
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4 Method

We present a method for text-driven image editing that provides both disen-
tanglement and continuous control. Our approach is based on manipulating the
text embeddings of a frozen text-to-image model. We train a Sparse Autoen-
coder (SAE) on these embeddings, which provides a space in which disentangled
directions corresponding to semantic attributes can be found. Editing is then
performed by adjusting the embeddings along these directions to achieve con-
trolled manipulations.

Specifically, given a frozen text encoder, we train a
Sparse Autoencoder (SAE) on its output embedding
space (details in Sec. 4.1). The SAE is composed of -emne = Lyge ===
an encoder, Sene, and a decoder Sg... The encoder | !
maps dense text embeddings into a high-dimensional,
disentangled latent space where distinct semantic con- ‘ !
cepts are isolated, while the decoder reconstructs the
original embedding from this sparse representation. 5 g Senc Sdee H
Once trained, manipulations are applied directly in
this sparse SAE’s space by adjusting specific entries
in the latent representation. The modified represen-
tation is then passed through the SAE’s decoder to
recover an edited text embedding, which can be fed
into any compatible text-to-image model (e.g., Flux) Fig.3: We train the
that uses the same text encoder architecture. In this Sparse Autoencoder on
way, the SAE acts as a lightweight, pluggable module token embeddings —ob-
that enables disentangled and semantic control over tained from a frozen T5
the final generated image. epcoder, usmg'reconstruc—

The editing direction is obtained from a source tion and sparsity losses.
prompt Ps,. (e.g. a “man”) and target prompt Py
(e.g. “a smiling man”) , details in Sec. 4.2. We apply
the edit direction by multiplying it with a scale factor and adding it to the sparse
representation of the specific source token in Ps,. to be edited (e.g. the “man”
token). The magnitude of the edit is dictated by this scale factor, allowing for
continuous control over the attribute’s intensity (details in Sec. 4.3).

We demonstrate our method on the T5 text encoder [49], which is widely
adopted as the text conditioning module in many state-of-the-art text-to-image
models. For the image generation backbone, which acts as a renderer for our text
embedding manipulations, we primarily use the Flux [6] diffusion transformer
(DiT).

Lsp‘arse

4.1 SAE Training

We train our Sparse Autoencoder (SAE) on a dataset of text embeddings. To cre-
ate this dataset, we first process a corpus of text prompts through the frozen T5
text encoder and collect the resulting token embeddings, excluding padding to-
kens. Notably, unlike typical SAE applications that focus on intermediate trans-
former layers, we train our SAE on the final output of the text encoder, as these
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are the exact representations that are continuously processed by the Diffusion
Transformer (DiT) throughout the denoising steps.

The SAE is trained on the embeddings of individual text tokens, using the
objective function from Eq. 1, the process illustrated in Fig. 3. Here, L .. is
the standard reconstruction loss (e.g., Mean Squared Error) between the SAE’s
input and output embeddings. We control the target level of sparsity via another
hyperparameter which sets the desired number of non-zero activations for each
token’s latent code.

4.2 Obtaining an edit direction

Motivated by prior work on SAEs
in language models, which shows
that specific entries in the sparse

representation activate only in the mameatiug o EEE Sune v -y
presence of particular semantic at- ke ~ ‘

tributes [13,26], we aim to detect Re.e:'vam

such entries to construct disentan- e ] Q‘
gled directions in the SAE’s latent
space for image editing. To do so, S -
we use a source prompt Pg.. (€.g. eatingcake” s EEEESW el - B ‘

“a woman”) and a target prompt
Pigt (e.g. “a woman laughing”). We
first encode all text tokens in both
prompts using the SAE encoder,
Sene, to obtain sparse token repre-
sentations. Since it is unknown apri-
ori which tokens hold the seman-
tic information for a concept [37],
we use element-wise max-pooling

Fig. 4: Extracting Edit Directions. We derive
an edit direction from a prompt pair that iso-
lates a single attribute. Both prompts are en-
coded with the SAE, and their token repre-
sentations are aggregated via max-pooling. By
comparing the two resulting sparse vectors, we
identify the key features corresponding to the
desired change. The final edit direction is a

to aggregate their sparse represen-
tations into a single, sparse vec-
tor for each prompt. As Ps.. and

sparse vector composed of only these key fea-
tures, taken from the target prompt’s repre-
sentation.

Prgt are semantically similar except
for the edited attribute, the activated entries in maxpool(Senc(Psre)) and
maxpool(Senc(Prgt)) should overlap substantially, with their differences center-
ing around entries corresponding to the edit-specific attribute.

To identify the entries that correlate with the requested edit, we compute an
entry-wise ratio, R, between the source and target prompt:

~ maxpool(Senc(Pigr))
R= maxpool(Senc(Psre)) + € ®)

where € is a small constant added for numerical stability. The entries in R with
the highest values correspond most strongly to the edit-specific attribute. Next,
to isolate these key entries , we normalize the ratio vector, R"*"™ = R/ max(R),
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Fig.5: Applying the edit direction. An aggregated edit direction is scaled to adjust
edit magnitude and applied to the sparse representation of the relevant source token
(e.g., man). The result is then decoded back into the T5 embedding space, and used
to condition the text-to-image model.

and apply a predefined threshold p € [0,1]. This yields a set of indices, M,
corresponding to the most relevant entries for the edit:

M = {i | RY"™ > p}. 3)

Finally, we use this set of indices to construct the disentangled edit direction,
deqit, as a sparse vector, as illustrated in Fig. 4. The direction is defined to be
zero everywhere except at the identified indices, where it takes its values from
the target representation:

[deaitli = {([)Se”C(Ptgt)}i i: Z ]\]\j, "

Improving direction’s robustness To enhance the robustness of our derived edit
directions, we aggregate information from a set of multiple source-target prompt
pairs rather than relying on a single pair. Given a desired edit, defined by the pair
of texts descriptions Py, and Piq¢, we use an LLM to construct N sentence pairs
that share the same underlying semantic relationship. This process, generalizes
the specific edit into an abstract concept. For example, to create a direction for
“happiness”, the LLM generates pairs that add this attribute to various contexts,
such as (“man on the beach”, “happy man on the beach”) and (“man eating cake”,
“happy man eating cake”). We then apply our direction-finding procedure to each
of the N prompt pairs, resulting in a set of N steering vectors {d;}X ;. These
vectors are stacked to form a direction matrix: D = [dy,...,dy]T. To extract
the most prominent and consistent direction representing the shared attribute
across all examples, we perform Singular Value Decomposition (SVD) on D. The
singular vector corresponding to the largest singular value is then selected as our
final, robust edit direction deg;s-
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Original  cartoon + —— Original = cracked + ——— Original  + glasses

Fig. 6: Qualitative Results. Our method enables a diverse range of continuous and
disentangled semantic edits across various image styles. We demonstrate the ability to
add attributes (e.g., mustache, glasses), change expressions (smile, laugh), change style
(cartoon) and to perform highly localized edits, such as modifying the age of only one
person in a scene or adding cracks to a vase.

4.3 Applying the edit direction
Once the edit direction d.q;; is derived, we apply it to the source prompt Py .
To ensure the manipulation is localized, we modify only the embedding of the
specific token to be edited (e.g., the “woman” token), which we denote as e;4;. The
magnitude of the edit is controlled by a scalar factor w, allowing for continuous,
fine-grained control over the attribute’s intensity.

The final, edited text embedding for the token, e;gt, is produced by first
encoding the original token’s embedding with S.,., adding the scaled direction
in the sparse latent space, and then decoding the result with Sge.:

e:ﬁoken = SdEC(Senc(etgt) +w- dedit)~ (5)

Setting w = 0 recovers the original embedding, while progressively increasing
w strengthens the visual effect. This new token embedding, eégt, replaces the
original in the prompt.

Finally, the manipulated text embeddings are used to condition the renderer.
Specifically, for diffusion models, we follow the standard editing approach to
preserve the overall structure of the source image. This involves using the same
initial noise, z, that was used to generate the source image, and only substitut-
ing the original token embeddings with our modified ones. This ensures that the
changes in the final generated image are driven exclusively by our disentangled
edit. Fig. 5 provides a schematic of this entire editing pipeline.

4.4 Injection Schedule
The denoising process in diffusion models operates hierarchically: early timesteps
are crucial for establishing the global structure and layout of an image, while
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later steps refine fine-grained details and textures [3,11,33,47,62]. Consequently,
for fine-grained edits that aim to preserve the original structure, prior work has
shown that it is often optimal to begin the editing manipulation only at later
timesteps, after the core layout is formed [34,35].

Building on this insight, we introduce an exponential injection schedule that
applies the edit direction with increasing intensity over time. For a base scale
factor w and diffusion step ¢, we define the time-dependent scale w; as:

w; = min (" —1,7), (6)

where 7 € R is a hyperparameter that acts as an upper bound on the edit
strength. This exponential formulation offers a key advantage over linear sched-
ules: it applies the edit very gently in the early, structure-defining timesteps and
progressively increases its influence as the process moves into the later, detail-
refining stages. This gradual application better aligns with the hierarchical na-
ture of image synthesis, preserving global structure while enabling powerful,
fine-grained modifications.

5 Experiments

We conduct extensive experiments to evaluate our method’s ability to provide
continuous control and disentangled edits that preserve the subject’s identity.
Similar to prior work, we focus our evaluation on human subjects, a challenging
domain that demands strong disentanglement to preserve identity and offers the
most meaningful application of continuous magnitude control. To demonstrate
its model-agnostic nature, we apply our approach to both Flux [6] and Stable
Diffusion 3.5 [22]. Unless otherwise specified, all results are generated using Flux.
We also show its applicability to real image editing through integration with stan-
dard inversion techniques. For quantitative evaluation, we measure preservation
with LPIPS [63] and semantic accuracy with a VQA-Score [40]. Implementation
details in the Appendix.

5.1 Qualitative Results

We present qualitative results generated by our method, SAEdit, in Figures
1, 6, 7 and 8. Figure 6 shows a wide variety of continuous edits on human
subjects. Our method successfully changes expressions (e.g., adding a smile),
modify attributes (e.g., making hair blonde), and add accessories (e.g., hats or
glasses). Crucially, these edits are highly localized. For instance, we demonstrate
the ability to modify the age of a single person in a multi-subject image while
leaving the other person and the background entirely untouched.

The results also highlight the continuous nature of our control. As shown in
the examples, attributes such as the intensity of a laugh or the degree of age
can be smoothly scaled. This allows users to precisely tune the magnitude of the
desired effect while the rest of the image content is faithfully preserved.

The approach is not limited to human subjects and generalizes to a broad
range of semantic concepts, as shown in Figure 8. Finally, to demonstrate the
model-agnostic nature of SAEdit, Figure 7 shows that the same edit directions



10 R. Kamenetsky et al.

Original bloom (tree) + ————

Original surprised + ——— Original square (mirror) + ——

Fig. 7: Results with SD3.5. These demon- Fig.8: Our method’s versatility extends
strate that our method integrates seam- beyond human subjects, enabling contin-
lessly with models relying on T5, enabling uous and disentangled control over object
consistent and faithful edits across archi- attributes like seasonal appearance and ob-
tectures. ject shape.

produce consistent, high-quality results when applied to a different T5-based
model, Stable Diffusion 3.5. We provide additional qualitative results in Ap-
pendix, including examples of our method applied to real images, and used for
gradual change in style.

5.2 Ablation

Figure 10 provides a qualitative ablation study of our method’s components,
demonstrating their respective contributions to the final result. As a baseline,
deriving an edit direction from a single prompt pair (top row) preserves the sub-
ject’s identity, but the intended semantic change to the expression is weak and
insufficient. Aggregating the direction from N prompt pairs (middle row) suc-
cessfully strengthens the edit as required, but causing minor unwanted changes
to the hair color, the necklace, and the dress texture.

Finally, incorporating our exponential injection schedule (bottom row) re-
solves this issue by preserving these fine-grained details while maintaining the
strong semantic edit, thus achieving a high-quality and disentangled result. We
complement these qualitative observations with a quantitative ablation in Fig-
ure 9 (top-right is better). Beyond our direction-aggregation choices, we assess
the necessity of the SAE itself by applying our pipeline directly to the raw T5
embeddings. Since this dense space lacks the sparse structure our method ex-
ploits, we adapt the token-level aggregation and report both mean and max
pooling variants. This no-SAE baseline suffers from attribute entanglement and
insufficient edits, confirming that the SAE’s sparse latent space is necessary for
deriving disentangled edit directions. We further ablate replacing our SVD-based
direction with mean aggregation, and replacing max-pooling with mean token
pooling; full details are provided in the Appendix.
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Fig. 9: Quantitative ablations (top-right is better). We compare our full method
(SAEdit w/ SVD) against replacing SVD with mean aggregation, replacing max-
pooling with mean token pooling, and applying the pipeline directly on dense TH
embeddings (no SAE). Results confirm the necessity of the SAE and our heuristic

choices for optimal disentanglement.

5.3 Comparisons

We evaluate our method against sev-
eral state-of-the-art approaches for
continuous image editing, highlight-
ing its ability to provide disentan-
gled control without per-edit optimiza-
tion. We compare against methods from
both optimization-based and training-
free categories. From the optimization-
based group, we evaluate Concept Slid-
ers [24] by using their official SDXL-
trained LoRAs as well as LoRAs we
trained on the Flux architecture for a
direct comparison. We additionally in-
clude Prompt Sliders [58], a textual-
inversion [23] based method that learns
concept embeddings used for adjustable
control. In the training-free category,
we compare against FluxSpace [15],
adjusting its Agpe parameter to con-
trol edit magnitude. We also evaluate
against Attribute Control [4], a method
that proposes both a training-free and
an optimization-based variant. For Flux
Kontext [39], which does not natively
support continuous edit scaling, we im-
plement two proxy baselines for magni-
tude control over the edit strength: the

Single Prompt

+ N prompts

+ exp inject.

Original

angry + ——————————

Fig. 10: Ablation study. We demonstrate
how each component progressively im-
proves the quality of an 'angry’ edit. A di-
rection from a single prompt pair results
in a weak edit with unintended modifi-
cations. Aggregating N prompts produces
a more robust and semantically accurate
direction, but can still alter fine details.
Adding our exponential injection schedule
preserves the original image’s details (e.g.,
the necklace and hair color), yielding the
most faithful and disentangled result.
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first involves varying the Classifier-Free Guidance (CFG) strength, while the sec-
ond uses an LLM to generate prompts corresponding to ‘light’ and ’extreme’ ver-
sions of each edit (instruction prompts and more details provided in Appendix.

Quantitative Comparisons To
evaluate the fine-grained and

continuous control of our .
method, we constructed a  °*]
. . v
custom evaluation set. This ¢ . ¢
. . ) 4
set is based on 63 images, .3#1 ~ %
. <l
each generated from a unique oo . . ¢
g ¢
prompt created by a large § L
0.075 N 3
language model [44]. Each & o shcdi ur ¢
. a uxspace 43 e
prompt describes a scene con-  ooso| e FLUX kontext (cfg) ; S0
.. ® FLUX kontext (prompts) N >
taining a person. For each concept:sliders (FLUX) . 3
. 1 d 0.025{| @ attribute-control (opt) Vel & o
source lma‘ge7 we a‘pp 1€ a attribute-control (txt) 11
M SEGA S
set of 6 to 8 different seman- ool I reprsiders tsox . . o
tic edit directions, resulting in prompt-sliders (sdx!)

0.4 03 0.1 0.0

432 unique edit scenarios. To

assess the continuity of these

edits, we then generated each Fig. 11: Quantitative comparison. We compare our
)

method to other baselines.

0.2
LPIPS Score (inverted)

scenario at 3-5 distinct mag-
nitude levels, producing a fi-
nal evaluation set of at least
1,296 images per method. The complete list of prompts and edit directions is
provided in Appendix. We quantitatively assess our method along three axes:
image preservation, prompt adherence and identity preservation. To measure the
image preservation of original content, we use LPIPS [63]. To measure prompt
adherence with the edit, we compute a VQA-based score [40]. This score is the
delta between the VQA score of the edited image against the target prompt and
that of the source image against the same prompt, which isolates the semantic
change introduced by the edit. Finally, to evaluate identity preservation, we em-
ploy ArcFace [17] to calculate the cosine similarity between the subject in the
source image and the edited output.

Figure 11 presents the quantitative comparison between our method and
other methods at varying levels of edit intensity. Additional metrics showcasing
facial similarity preservation are in the appendix. The results demonstrate that
our method outperforms all other approaches.

Notably, our zero-shot method is superior even to task-specific techniques
that are explicitly trained for each edit type. This indicates that our approach
successfully achieves the dual goals of high semantic accuracy for the required
edit and strong preservation of the original content. Furthermore, the metrics
show a smooth and predictable progression as the edit magnitude increases,
confirming that our method provides true continuous control and allows users
to precisely tune the intensity of an effect.
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Table 1: User Study. Pairwise win rate of our method against other methods.

Opponent Image Prompt
Method Pres. Adher. Overall

Flux Kontext (CFG) 73% 71% 70%
Flux Kontext (LLM) 60% 68% 70%
ConceptSlider (Flux) 71% 67% 1%
Flux Space 59%  92% 93%

User Study To complement our quantitative analysis, we conducted a user study
to evaluate the perceptual quality of our method against competing approaches.
For fairness, we limited our comparison to methods that also use the Flux model,
ensuring the source images were as similar as possible. In a pairwise compari-
son, we presented participants with results from our method and a competing
method, showing three distinct levels of edit intensity for each to assess contin-
uous control. Users were asked to state their preference based on three criteria:
Image Preservation, Prompt Alignment (which included the gradualness of the
effect), and Overall Quality. In total, our user study gathered 390 pairwise com-
parison responses. More details in Appendix.

The results, summarized in Table 1, show that our method was significantly
preferred over all other approaches in all categories. This suggests that users
found our edits achieve a better balance of successfully applying the desired
change while faithfully preserving the original image content.

Qualitative Comparisons Figure 13 presents a qualitative comparison between
our method and other approaches. While the results for most methods are taken
directly from our quantitative evaluation set, we manually optimized the prompts
for the Flux Kontext baselines to ensure the strongest possible comparison, as
their default outputs were often suboptimal (see Appendix). For example, for
the CFG-based baseline, we found the prompt “Make the man look slightly like
a kid” with CFG scales of 1.5 and 1.6 yielded the most plausible results. While
most of the compared methods operate on the Flux model, Attribute Control and
Prompt Sliders use SDXI-based pipelines. For Prompt-Sliders we implemented
an inversion procedure to enable real-image editing within their framework, and
for Attribute-Control we use their official real-image editing pipeline based on
SDXL Turbo. In both cases, we present the reconstructed inversion output as
the “original image” for a fair comparison across methods.

Additional qualitative comparisons with Attribute Control and Prompt Slid-
ers are provided in the appendix. In this configuration, inversion is applied only
by our method, while the SDXL-based baselines generate their results directly.
The visual comparison highlights the superior disentanglement of our method.
For instance, in contrast to Concept-Sliders, our approach achieves a perfect
reconstruction of the subject’s jacket while applying the desired edit. Similarly,
when compared to Flux Kontext, our method successfully modifies the subject’s
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age in a more natural and gradual manner, demonstrating more precise control

over the semantic attributes. More results in the appendix.

5.4 Integration With
Flux-Kontext

Since our method operates directly on
the semantic text-embedding space, it
can be seamlessly incorporated into
instruction-based models. We demon-

Orignal -+ beard Orignal + green

Fig.12: Our method struggles with out-
of-distribution (OOD) edits that conflict

hi bils . Fl with strong priors in the base model. For
strate  this capability using ux- example, applying a “beard” edit changes

Kontext for gradual real-image edit- {po woman into a man (left), while mak-
ing (in the appendix). The application ing the dog “green” results in an unnatural,
mechanism, however, differs from the animated-style dog (right).

standard text-to-image setting. The

direction finding mechanism remains

the same, but the target token changes. In the text-to-image case the edit
direction is injected into the embedding of the target subject token, whereas
instruction-based models require modifying the instruction tokens that encode
the editing operation itself.

To enable continuous control in this setting, we apply the edit direction to the
tokens corresponding to the action described by the instruction. For example,
for an instruction such as “make the man laugh”, we subtract the calculated
laugh direction from the associated instruction token (“laugh”). This reduces the
strength of the directive, providing fine-grained and gradual control over the
resulting edit intensity.

5.5 Limitations

While our method identifies robust and disentangled edit directions,

it’s ability to disentangle is constrained by the inherent biases of the un-
derlying text-to-image model. When an edit is requested that is strongly out-
of-distribution (OOD), our approach can fail to maintain disentanglement. As
shown in Figure 12, attempting to add a ’beard’ to a “woman” results in the sub-
ject’s perceived gender being changed to male. Similarly, making a dog “green”
alters its texture to appear unnatural and cartoon-like. We hypothesize these
failures occur because the SAE cannot fully separate concepts that are funda-
mentally entangled in the base model’s worldview.



6 Conclusions

In this work, we introduced a novel
framework that provides both disen-
tangled and continuous control for
text-to-image editing.

Our method leverages a Sparse
Autoencoder (SAE) on text embed-
dings to create a sparse representa-
tion where semantic attributes are iso-
lated. This sparse representation is
the key to our method’s success. Hav-
ing isolated individual attributes fa-
cilitates disentangled edits, where the
subject’s core identity is preserved.
Our approach enables token-level ma-
nipulation, providing fine-grained and
continuous control over the magni-
tude of a given attribute.

A key advantage of our design is
that editing is decoupled from render-
ing: we modify only the text embed-
ding, enabling any compatible text-
to-image backbone model to act as the
renderer. SAEs are primarily known
for their role in interpretability of lan-
guage models, yet in this work we
demonstrate that they can be har-
nessed for image generation, yielding
fine-grained editing capabilities. Im-
age editing has recently seen remark-
able progress, yet precise fine-grained
control remains an open challenge,
and we believe this work will encour-

age further advances in that direction.
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Flux Kontext Prompt Sliders Attr Control

FluxSpace

Ours

Fig.13: Each row showcases the results
of a different editing method for the same
edit. Our method (bottom row) produces
a more disentangled result that better pre-
serves the subject’s identity.
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