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Figure 1. SliderEdit produces continuous edit trajectories in state-of-the-art instruction-based image editing models. Our method
provides fine-grained and disentangled control over the intensity of edit attributes described in an instruction, allowing continuous transi-
tions between editing strengths. Despite its effectiveness, SliderEdit is extremely lightweight and can be trained efficiently to transform a
state-of-the-art instruction-based image editing model into a continuously controllable editing framework.

Abstract

Instruction-based image editing models have recently
achieved impressive performance, enabling complex edits
to an input image from a multi-instruction prompt. How-
ever, these models apply each instruction in the prompt
with a fixed strength, limiting the user’s ability to pre-
cisely and continuously control the intensity of individual
edits. We introduce SliderEdit, a framework for continu-
ous image editing with fine-grained, interpretable instruc-
tion control. Given a multi-part edit instruction, SliderEdit
disentangles the individual instructions and exposes each
as a globally trained slider, allowing smooth adjustment
of its strength. Unlike prior works that introduced slider-
based attribute controls in text-to-image generation, typi-
cally requiring separate training or fine-tuning for each at-
tribute or concept, our method learns a single set of low-
rank adaptation matrices that generalize across diverse ed-

its, attributes, and compositional instructions. This enables
continuous interpolation along individual edit dimensions
while preserving both spatial locality and global semantic
consistency. We apply SliderEdit to state-of-the-art image
editing models, including FLUX-Kontext and Qwen-Image-
Edit, and observe substantial improvements in edit control-
lability, visual consistency, and user steerability. To the best
of our knowledge, we are the first to explore and propose a
framework for continuous, fine-grained instruction control
in instruction-based image editing models. Our results pave
the way for interactive, instruction-driven image manipula-
tion with continuous and compositional control.'

1. Introduction

Recent advances in large-scale diffusion [16, 31, 34] and
flow-matching models [9, 27] have revolutionized image
synthesis, enabling unprecedented photorealism and seman-

IProject page is available at: https://armanzarei.github.io/SliderEdit
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tic fidelity. Building on these foundations, instruction-based
image editing has emerged as a powerful paradigm, allow-
ing users to modify images through natural language com-
mands [4, 24, 42, 49]. The latest state-of-the-art models,
such as FLUX-Kontext [24] and Qwen-Image-Edit [42], can
perform a wide spectrum of manipulations, from global
scene and style transformations to highly localized, fine-
grained edits, all within a unified text-driven framework.

Despite these advances, current instruction-based edit-
ing models remain inherently discrete: they apply edits in
an all-or-nothing manner, offering limited control over how
strongly each instruction is expressed. For example, given
an image of a dragon and a multi-instruction prompt such
as “change the skin color to gold and make it exhale fire”,
existing models generate a single fixed outcome for a given
prompt. While doing multiple generations may yield differ-
ent variations, it does not allow systematic adjustment of in-
dividual edit strengths, such as turning the skin slightly gold
versus bright metallic gold, or adding a small flame versus
a large burst of fire. This lack of fine-grained, continuous
control limits both user flexibility and interpretability—the
two key properties for truly interactive image editing.

To address this gap, we propose SliderEdit, a framework
for continuous image editing with fine-grained instruction
control. Our goal is to extend state-of-the-art instruction-
based editing models into systems that support continuous,
disentangled, and interpretable control over the effects of
individual editing instructions. Specifically, given a multi-
instruction prompt, SliderEdit assigns each instruction its
own slider, allowing smooth adjustment of its influence be-
tween suppression, full application, and amplification (See
Fig. 1). These sliders provide intuitive and flexible control
over complex multi-instruction edits, operating seamlessly
without any re-training or per-instruction fine-tuning.

Our key insight is that the latent representations of mod-
ern multimodal diffusion transformers (MMDIiTs) encode
instruction semantics within localized token embeddings.
By identifying and selectively modulating these tokens, we
can gain fine-grained control over how individual instruc-
tions affect the output. Building on this observation, Slid-
erEdit employs a small set of learnable low-rank adapta-
tion matrices that act directly on instruction-relevant to-
ken embeddings. These adapters are trained using a novel
and lightweight objective, the Partial Prompt Suppression
(PPS) loss, which teaches the model how to suppress or
neutralize the visual effect of a specific instruction. The
loss simply requires that the model’s output, when given
the full prompt, matches the output produced when the tar-
get instruction is removed, making it intuitive, interpretable,
and easy to optimize. Once trained, these low-rank adapters
naturally yield continuous sliders by smoothly scaling their
learned weights, enabling interpretable adjustment of each
instruction’s influence. For single-instruction edits, we fur-

ther extend this idea by applying the adapter across all im-

age and text tokens, resulting in smoother edit trajectories.
SliderEdit integrates seamlessly with existing state-of-

the-art instruction-based image editing models such as

FLUX-Kontext and Qwen-Image-Edit, requiring only min-

imal additional training. Our approach provides a uni-

fied framework for continuous and compositional control

across diverse editing scenarios—from subtle attribute ad-

justments and stylistic refinements to complex, multi-object

scene manipulations. Through both quantitative evaluation

and qualitative analyses, we show that SliderEdit delivers

superior edit controllability and semantic disentanglement.
In summary, our main contributions are:

e We are the first to explore and propose a framework
for continuous instruction-based image editing, enabling
smooth, fine-grained, and interpretable modulation of edit
intensity for individual instructions.

* We propose Partial Prompt Suppression loss, which en-
ables efficient training of instruction-aware adapters that
learn disentangled, continuous control over edit strengths.

* We demonstrate seamless integration of our framework
with state-of-the-art foundation image editing models,
achieving substantial improvements in edit consistency
and user controllability.

2. Related Works
2.1. Image Editing

Image editing methods have advanced rapidly in recent
years. Early approaches built on diffusion priors en-
abled flexible editing by perturbing and denoising input im-
ages [29]. Subsequent methods [2, 14, 20, 22, 40] formu-
lated editing as steering the diffusion trajectory through op-
timization or conditioning while preserving image fidelity.
With the emergence of instruction-based editing [4, 13, 26,
38, 49], models began to directly interpret natural language
commands, allowing intuitive user control. More recently,
large foundation models for instruction-based image edit-
ing [24, 42] have achieved remarkable versatility, perform-
ing both local and global modifications within a unified ar-
chitecture. Despite their impressive capabilities, these mod-
els lack fine-grained controllability, i.e., the ability to con-
tinuously adjust the strength of individual edits. Our work
addresses this limitation through a framework that enables
continuous and interpretable instruction-level control.

2.2. Continuous Attribute Slider

A growing body of work in image generative modeling
has explored continuous attribute control over generated
images. Before diffusion models, much of this effort fo-
cused on learning structured and manipulable latent spaces
in GANs and VAEs [1, 17, 19, 21, 36]. These approaches
discovered semantically meaningful directions in the la-
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tent space that correspond to interpretable visual attributes.
With the emergence of text-to-image diffusion models, re-
cent works [3, 6, 7, 10, 11, 14, 43] have extended continu-
ous attribute control through per-attribute sliders or seman-
tic embedding directions. Methods such as Concept Slid-
ers [10] and Baumann et al. [3] train per-attribute LoRAs
or editing directions within the text embedding space to
achieve smooth attribute manipulation. While all these ap-
proaches mark significant progress toward controllable gen-
eration, they face notable limitations: many require training
a new LoRA or embedding direction per attribute, suffer
from attribute entanglement, or degrade with multiple edits.
They also primarily target text-to-image generation, offer-
ing limited or indirect applicability to real-image editing.

In contrast, our method introduces a novel and unified
framework that generalizes slider-based continuous control
to instruction-based image editing. It eliminates the need
for per-attribute retraining, supports multiple simultaneous
edits, and remains robust across diverse editing scenarios
and unseen attributes, while achieving significantly better
performance on real-image editing tasks.

3. SliderEdit: Continuous Image Editing

In this section, we address the problem of enabling fine-
grained control over individual editing instructions in a
multi-instruction prompt for image editing. Formally, given
a prompt P = {Py, ..., Pk }, where each P; denotes a dis-
tinct edit instruction (e.g., “make her laugh”, “make her
hair curly”; see Fig. 2, top row), our goal is to allow the
user to modulate the strength of each instruction indepen-
dently. To this end, we aim to associate each instruction
P; with a corresponding scaling factor 3; € [0, 1], allowing
users to continuously control the strength of that specific
edit—ranging from fully suppressing it (5; = 0) to fully
applying it (8; = 1), or even exaggerating it when 3; > 1.
In Section 3.1, we present the background of the MMDiT
architecture and describe how text and image tokens are
processed. Section 3.2 then examines how individual in-
structions P; influence the generation process by tracing
their effect through the model’s internal representations.
This interpretability analysis provides key insights into
where and how control can be applied. Building on this,
Section 3.3 introduces our method for modulating each in-
struction’s strength via a continuous scaling mechanism, en-
abling fine-grained control over multi-instruction prompts.

3.1. MMDIT Architecture

Recent image editing models such as FLUX-Kontext and
Qwen-Image-Edit are built upon the MM-DiT architecture,
which features a dual-branch structure: one for latent image
tokens and one for text embeddings. Specifically, the latent
image tokens x1,...,x N represent both the noisy vectors
in the VAE latent space and the encoded latents of the con-
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Figure 2. Instruction-token embedding interpolation for

strength control. Interpolating between instruction and null-
token embeddings produces intermediate edit strengths, demon-
strating the potential for achieving fine-grained control through
direct manipulation of intermediate instruction embeddings.

ditioning source image, while the text tokens y1, . ..,y are
obtained by encoding the prompt P using a pretrained lan-
guage model (e.g., T5).

The prompt P is first tokenized into yj,...,y,, then
padded with the special <pad> token to reach a fixed length
T {yII’ s ’yg—a y‘lr-‘rl = y/<pad>7 e 7le = y/<pad>}' These
are passed through the TS encoder to produce final text to-
ken embeddings y1, . . ., yr. The image tokens and text em-
beddings are then jointly processed by each MM-DiT block,
where they interact through shared attention layers that en-
able cross-modal information exchange between visual and
textual representations.

3.2. Instruction-Level Interpretability Analysis

Building on the previous section’s description of token in-
teractions in MMDIiT, we next investigate how individual
instruction tokens affect generation. Specifically, we an-
alyze the subset {yu, Yu+t1,---,Yu } corresponding to an
edit instruction Pyareer. These embeddings carry the seman-
tic signal responsible for the target edit, and we test whether
their influence is localized or diffused through the network
via targeted interventions.

Specifically, within each attention block at layer
¢, we intervene on the target instruction embeddings
{yl, 1 .y}, which represent the target instruction
tokens input to that block (i.e., the embeddings after pro-
cessing by the preceding layers). We linearly interpolate
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Figure 3. Overview of the SliderEdit training pipeline. Learnable low-rank matrices are applied to the intermediate token embeddings
corresponding to the target edit instruction. These adapters are trained using the Partial Prompt Suppression (PPS) loss, which encourages
the model to suppress or neutralize the visual effect of the selected instruction tokens.

them with the padding token embedding yfpad>:

vy (1=B) s+ B ylass, forje{u,... u'}.

The interpolation coefficient 5 € [0, 1] determines how
much of the instruction’s information is preserved. Setting
B = 1 effectively removes the instruction by replacing its
embeddings with that of the padding token (i.e., no infor-
mation), while 5 = 0 leaves the instruction fully intact.

Figure 2 illustrates the resulting generations. The bot-
tom row corresponds to 5 = 1, where the edit is entirely re-
moved, while the middle row shows an intermediate, manu-
ally chosen $ that partially applies the edit. These results
demonstrate that the intermediate token embeddings cor-
responding to Pirger are highly localized and show strong
potential for achieving fine-grained control by directly ma-
nipulating their embeddings. While this analysis shows po-
tential for controlling edits via simple embedding interpola-
tion, this approach provides only limited and discontinuous
modulation. To achieve stronger and smoother control, we
propose a robust method in the next section.

3.3. Fine-Grained Control of Edit Instructions

Building on our interpretability findings, we introduce a
mechanism that enables continuous and independent con-
trol over each edit instruction in a multi-instruction prompt.

Given an input image X, and a prompt P =
{P1,...,Px} containing K edit instructions, a base im-
age editing model produces an edited output Xl "x
where all edits are applied simultaneously. Our objec-
tive is to learn a flexible adapter My(P;) capable of sup-
pressing or modulating a specific instruction P; within P.
When this adapter is activated, the model should generate
Xzzilt;;i"Pi’l’P"“"”’PK , effectively removing the influence
of P; while keeping other edits intact.

Partial Prompt Suppression Loss. To train My, we
propose the Partial Prompt Suppression (PPS) objective.
Using the frozen base model €(Z, X, P), where Z denotes
the noisy latents, X the original image latents, and P the
text prompt, we first perform a forward pass with the prompt
excluding the i-th instruction P;. We then require that the
adapted model €y, (p,), when given the full prompt, pro-
duces an equivalent denoising direction:

Lops = ||6M9(73i)(Zv Xorigap) - €<Z7 Xorig7P - {Pz})H

Intuitively, this objective teaches the adapter to neutral-
ize the representation of the tokens corresponding to P;
throughout the model so that their visual effect disappears.
In addition to PPS, we introduce a simplified variant, Sim-
plified Partial Prompt Suppression (SPPS). SPPS treats
each edit prompt as a single instruction (i.e., P = P;) and
applies the same suppression objective directly to P; (See
Figure 8). Despite its simplicity, SPPS yields highly ro-
bust and generalizable adapters, even for multi-instruction
editing scenarios. Algorithm | outlines the overall training
procedure of SliderEdit. Additional details on SPPS and its
comparison with PPS are provided in Appendix 7.1.

Selective Token LoRA. We instantiate My as a Selec-
tive Token LoRA (STLoRA)—a lightweight, token-aware
adapter. STLoRA learns low-rank updates for selected lin-
ear projections in the model but applies them only to the em-
beddings of target tokens corresponding to the suppressed
instruction P;. Formally, consider a linear projection at
layer ¢ where tokens z (either image or text) are transformed
as 2/ = W*. STLoRA introduces trainable low-rank ma-
trices A® and BY with AW* = B*A’, updating only the
selected target tokens:

/ 14 14 l 14
Rarget — (W + AW )Ztargeb Zothers — W Zothers.-
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Algorithm 1 Training SliderEdit

Require: ¢(Z, X, P): Image Editing Model, Mjy: Train-
able Adapter, {(X @ P®)}: Dataset

orig’

1: for each training stef) do

2: Xorig, P ={P1,..., Pk} < Sample a Data

3: e~ N(0,1),t ~U0,1]

4: if use Lspps then

S: P = {’P{} D> Consider whole as a single-instruction prompt
6: end if

7: 7 (1 — t)E + thrig

8: ‘P; < Random target instruction from P to suppress
9: v G(Z, Xoriga P \ {'Pt})
10: D EMG(Pi)(Z, Xgrig,P)
11: Leps = ||o —v*||?
12: Update 6 via gradient descent on Lppg
13: end for

Algorithm 2 M{ (STLoRA / GSTLoRA)

Require: TW*: Base Linear Projection, {A’, B‘}: Low-
Rank Matrices, mode € {STLoRA, GSTLoRA}

Input: {z1,...,2x}: Image Tokens, {y1,...,yr}: Text
Tokens, P;: Target Instruction

1. AW! = BfA*

2: if mode = GSTLoRA then

3y (W+AW)y; Yy € {y1,-- ., yr}

4: x; — (W + AW)z; Vo; € {z1,...,xN}

5: else if mode = STLoRA then

6: T < TokenIndices(P;) > Indicesin {1, ..., T} — P
7: yi < (W + AW)y; Yy, €T

8y Wy; Yyi € {yr,- - ur}\ T
9: x; — Wz, ine{xl,...,xjv}

10: end if

11: return {z1,..., N}, {y1,.-., Y1}

This selectivity ensures the adapter modifies only target to-
ken embeddings. Figure 3 illustrates the SliderEdit training
pipeline, and Figure 8 shows the SPPS variant.

Continuous Control via Scaling STLoRA Once
trained, the LoRA adapter naturally supports continu-
ous control through its scaling parameter [10, 18, 28,
35]. We denote Mg* as the adapter with scaled updates
aAW, for each layer. By varying « within a predefined
range [Qumin, hmax], We obtain a smooth continuum of ef-
fects—from complete suppression (v = 1) to full appli-
cation (o = 0), and even exaggerated edits for a < 0. Note
that the scaling parameter «; follows an inverse range com-
pared to (3; defined earlier. The two scales can be related
through o =1 — f5.

Globally Selective Token LoRA While STLoRA effec-
tively handles both single- and multi-instruction prompts
by selectively modulating tokens corresponding to each in-

struction P;, we introduce Globally Selective Token LoRA
(GSTLoRA) for the single-instruction setting. In this vari-
ant, all token embeddings (both text and image) are in-
cluded in the adaptation, allowing LoRA updates to be ap-
plied globally across the representation space. This design
provides stronger control and often yields higher-fidelity
edits when manipulating a single instruction, as the update
can leverage global context rather than being limited to a
subset of intermediate text token embeddings. Algorithm 2
outlines the operation of STLoRA and GSTLoRA adapters.

4. Experiments

We conduct comprehensive quantitative and qualitative
evaluations of SliderEdit, showing that it performs robustly
across a wide range of instruction edits. In addition, we
compare various baselines and SliderEdit variants, demon-
strating that our method achieves superior results, offering
continuous and precise control over edits.

4.1. Implementation details

We use FLUX-Kontext and Qwen-Image-Edit as our base
models. All models are trained with the /spps loss for
simplicity and generalization, while Lppg provides stronger
multi-instruction control for STLoRA (see Appendix 7.1).
We set the LoRA rank to 16, keeping the adapters
lightweight and efficient. Training uses a small subset
(1k—8k samples) of the GPT-Image-Edit dataset [41]. Both
STLoRA models are trained for 1,000 iterations, converg-
ing around 400 but extended for consistency. GSTLoRA
on FLUX-Kontext is trained for 300 iterations. Overall,
the training process is computationally very lightweight and
data-efficient. Further details are provided in Appendix 8&.1.

4.2. Qualitative Results

In this section, we qualitatively evaluate the results of Slid-
erEdit variants, demonstrating their effectiveness across di-
verse scenarios and editing capabilities.

Figure 4 presents qualitative examples of GSTLoRA ap-
plied to the FLUX-Kontext model. As shown, our method
produces smooth and continuous edit trajectories, enabling
fine-grained control over the strength of edits. It effectively
handles both local edits (e.g., adding makeup or modify-
ing a car’s age) and global edits (e.g., changing the season
or adjusting scene lighting). Additional examples, such as
edits involving camera view or angle changes, as well as
applications in text editing and face editing, are provided in
Figures 14, 9, 15, and 16 in the Appendix.

Figures 6 and 17 illustrate qualitative results of STLoRA
for instructions containing two edit directions. The result-
ing 2D intermediate space exhibits smooth and continuous
variations, allowing users to precisely control edit strengths
along each direction to obtain desired outputs. Figures |
and 10 provide additional cases with three edit directions.
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“Change the car to a modern sport car”

Turn on The ||ghT"

Take a
breather

”

“Change the ST;l|e of the text and the emoji to a dripping ink font”
Figure 4. Qualitative Samples of GSTLoRA. Demonstrates smooth, continuous control over the strength of both local and global edits.

To further explore the versatility of SliderEdit, we exam-
ine its performance on advanced tasks supported by state-
of-the-art editing models. One such task is zero-shot per-
sonalization. Figure 5 shows an example where STLoRA is
integrated with Qwen-Image-Edit to perform multi-subject
personalization, followed by instruction-based scene edit-
ing. Our approach provides users with flexible, fine-grained
control—by adjusting sliders, one can generate a coherent
series of images that naturally evolve, resembling a narra-
tive. This demonstrates the potential of SliderEdit as a pow-
erful tool for storytelling and creative content generation.

4.3. Quantitative Results

In this section, we quantitatively evaluate the performance
of STLoRA and GSTLoRA against multiple baselines. We
assess their ability to achieve continuous, extrapolative, and
disentangled control through quantitative metrics, providing

an objective analysis of the smoothness and independence
of the edit trajectories generated by each method.

4.3.1. Evaluation Set

For quantitative evaluation, we construct a facial editing
benchmark with IV subjects of diverse genders, ages, and
ethnicities, and define M edit directions (e.g., "make the
hair curly”, “make the hair long”). Original images are
chosen so that target attributes are absent (e.g., straight,
short hair). We evaluate each model under editing con-
figurations containing ~ instructions, sampling ~ instruc-
tions from the M available to form (Af ) prompts. For each
instruction, the edit strength « varies within [@min, Ctmax]
across 0 steps, yielding a y-dimensional edit space of 67 im-
ages per prompt. This structured space enables quantitative
analysis of continuity, extrapolation, and disentanglement.
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"A dog playing around a
vase in the jungle. Make
the dog cry, make the
vase broken, make the

jungle foggy."

Figure 5. Controllable zero-shot multi-subject personaliza-
tion with STLoRA. STLoRA enables smooth adjustment of each
instruction’s strength to generate coherent, evolving image se-
quences, supporting story-like visual editing. (Best viewed from
top-left to top-right, then bottom-right to bottom-left)

4.3.2. Metrics

We employ several quantitative metrics to evaluate differ-
ent aspects of the editing behavior, including continuity,
extrapolation, and disentanglement. For each instruction
edit, the model generates a sequence of images at varying
edit strengths, which are then analyzed using the following
metrics. To measure how strongly each edit is reflected in
the generated image, we use vision-language models. For
each instruction (e.g., “make the person laugh”), we define a
corresponding descriptive prompt (e.g., “a person smiling”)
and compute image—text similarity in the embedding space
of VLMs such as CLIP [33], SigLIP [47], and BLIP [25].
This score measures how well the edit is executed.
Extrapolation. Extrapolation measures the model’s
ability to apply edits beyond the standard range, which is
particularly useful when amplifying attributes such as facial
expressions. We define the extrapolation score as the maxi-
mum VLM’s similarity value, which indicates the strongest
expression of the target attribute achieved by the model.
Continuity. Given similarity scores si,...,ss for in-
creasing « values, we expect them to vary smoothly and
uniformly between min(s;) and max(s;). We quantify this
using a chi-squared statistic comparing the observed and ex-
pected counts of s; across bins, where higher (xz,,/dof) !
indicates smoother edit trajectories. For 2D and 3D edit
spaces, we apply the same test to assess the uniformity
across the grids. For more details, refer to Appendix 8.2.1
Disentanglement. We evaluate how well the model ap-
plies an edit without altering unrelated factors such as iden-

Memake the girl laugh and make the girl fat”

Figure 6. Qualitative results of STLoRA on 2-instruction edit.
The 2D grid shows smooth, continuous transitions, allowing pre-
cise and disentangled control over each instruction’s strength.

tity or background. Identity preservation is measured via
cosine distance in the ArcFace [8] embedding space, where
lower values indicate better consistency. We further com-
pute perceptual distances between edited and original im-
ages using LPIPS [48] (AlexNet [23], VGG [37]) and DI-
NOv2 [5, 32], capturing both low-level perceptual and high-
level semantic changes to assess overall disentanglement.

4.3.3. Baselines

We consider different baselines depending on the number
of edit instructions ~y used in the prompt.

For the case of a single-instruction setting (y = 1), we
compare GSTLoRA (Ours) and STLoRA (Ours) with Ex-
plicit CFG and Implicit CFG, all implemented on top of the
FLUX-Kontext model, as well as prior methods Concept-
Slider [10] and Continuous Attribute Control [3]. FLUX-
Kontext is a guidance-distilled model that internally ap-
proximates the effect of classifier-free guidance, allowing
implicit control over edit strength but offering limited flex-
ibility. To enable explicit control, we reconfigure it to per-
form guidance externally during inference. Concept-Slider
and Continuous Attribute Control provide fine-grained at-
tribute manipulation but rely on inversion techniques [12,
30], making them less effective for direct image editing.

For multi-instruction edits (y > 1), Explicit CFG, Im-
plicit CFG, and GSTLoRA cannot independently control
each edit direction, whereas STLoRA enables disentangled,
per-instruction control. Since Concept-Slider and Contin-
uous Attribute Control already perform poorly in single-
instruction settings, we omit them from this scenario. We
evaluate STLoRA on both FLUX-Kontext and Qwen-Image-
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Extrapolation 1 Continuity 1 Disentanglement |

Model CLIP SigLIP BLIP CLIP SigLIP BLIP LPIPS,, LPIPS,, DiNO ID

Concept Slider [10] 0.2581 0.0666 0.4680 0.1803 0.2071 0.1719 0.2174 0.2495 0.2140 0.7091
Cont. Attr. Control [3] 0.2380 0.0484 0.2082 0.1891 0.2167 0.1114 0.1973 0.2485 0.1852 0.5519
Implicit CFG 0.2607 0.0667 0.4658 0.1547 0.1906 0.1513 0.2149 0.2611 0.1405 0.2748
Explicit CFG [15] 0.2731 0.0739 0.5717 0.1993 0.2263 0.1803 0.2465 0.3085 0.1718 0.3415
SliderEditsry.orA 0.2632 0.0669 0.4762 0.2538 0.2495 0.1830 0.1902 0.2345  0.1071 0.2550
SliderEditcstrorA 0.2648 0.0673 0.4862 0.2998 0.3062 0.2227 0.1868 0.2330 0.1168 0.2675

Table 1. Quantitative results for single-instruction edits (y = 1). SliderEdit yields smoother trajectories and better identity preservation.

v Model Extrap.,,, T Cont.pyg T Dis.avg |
1 FLUX Kontext 0.2630 0.2709 0.1912
Qwenimage-Edit 0.3214 0.2319 0.2187
5 FLUXKontext 0.2776 0.2409 0.2509
Qwenimage-Edit 0.3160 0.2813 0.3088
3 FLUXontext 0.2970 0.3691 0.2762
Qwenimage-Edit 0.3417 0.4345 0.3630

Table 2. Quantitative results for multi-instruction edits. Both
models show comparable performance in continuity. FLUX better
preserves identity, while Qwen performs better in extrapolation.

Edit. For more details on baselines, refer to Appendix 8.2.2.

4.3.4. Results

Table | presents the quantitative comparison for single-
instruction prompts (y = 1) using § = 15 across differ-
ent baselines and metrics, including continuity, extrapola-
tion, and disentanglement. For fair comparison, continuity
is calculated based on normalized scores across all methods.
As shown, GSTLoRA achieves the highest continuity while
maintaining strong disentanglement and satisfactory extrap-
olation performance. Notably, although one might expect
Explicit CFG to perform comparably, both STLoRA and
GSTLoRA significantly outperform it, demonstrating supe-
rior smoothness and control in edit strength.

Figure 7 provides qualitative and quantitative examples
for a representative case. GSTLoRA produces a remarkably
smooth and continuous edit trajectory, in contrast to Implicit
and Explicit CFG, which exhibit abrupt transitions and in-
consistent edit intensities. This behavior is well captured
by our quantitative metrics—on the left, the aggregated av-
erage similarity score across normalized VLM metrics in-
creases gradually for GSTLoRA, whereas both CFG vari-
ants show sudden jumps. In terms of disentanglement, GST-
LoRA also achieves lower identity drift and more stable vi-
sual consistency compared to the other methods. Refer to
Appendix 8.2 for more comparison and other baselines.

Table 2 presents quantitative results for multi-instruction
prompts with v € 1,2,3 and using § = 7, comparing
FLUX-Kontext and Qwen-Image-Edit. Both models per-
form strongly: for single-instruction edits, STLoRA on
FLUX achieves better performance in terms of continuity,
whereas in the two- and three-instruction settings, Qwen
demonstrates stronger results. Moreover, FLUX better pre-

Make the skin color darker

GSTLoRA

Exp. CFG

Imp. CFG

.
-l . « *
i | o
0.4+ 2 /
o —®— GSTLORA (x?/3=1.500) 024 "

=~ Exp. CFG (x?/3=0.500)
—a— Imp. CFG (x%/3=0.250)
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Figure 7. Qualitative and quantitative comparison of GST-
LoRA with CFG baselines. GSTLoRA shows smooth edit trajec-
tories with gradual similarity changes, unlike Implicit and Explicit
CFG, which exhibit abrupt transitions and greater identity drift.

serves identity and disentanglement, whereas Qwen per-
forms better in extrapolation. However, as observed across
all configurations, there consistently exists a trade-off be-
tween continuity, extrapolation, and disentanglement.

5. Conclusion

We introduced SliderEdit, a unified framework for contin-
uous, fine-grained instruction control in instruction-based
image editing models. By training lightweight low-rank
adapters with a novel loss to disentangle and modulate in-
struction effects, SliderEdit enables smooth, interpretable
control over edit strength. Integrated with state-of-the-
art models like FLUX-Kontext and Qwen-Image-Edit, it
achieves superior controllability, visual coherence, and flex-
ibility, laying the foundation for interactive, instruction-
driven editing with continuous and compositional control.
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