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A.1. Implementation Details.

We train a slider projector along with a rank 4 LoRA on
all attention layers of the base diffusion transformer model.
We train all our models at a resolution of 512 x 512. After
filtering, our dataset consists of 66K edit trajectories, along
with their edit instructions. We use a threshold value of 0.15
on the KL divergence to filter the non-smooth edit trajecto-
ries. We train all models on a 8 NVIDIA A100 (80GB)
GPU for 110, 000 iterations with an effective batch size of
8 and a constant learning rate of 2 x 1075, Training takes
about 72 hours to complete. During training, we drop the
slider conditioning with 10% of the time. For inference, we
use the default Euler scheduler from Flux Kontext and use
T = 28 inference steps for generation. The generation time
is similar to the Flux Kontext model, as we only add a small
MLP projector on the base model (details are in Sec.A.13).

A.2. Dataset Generation

In this section, we provide the details about our dataset gen-
eration process. Our dataset generation consists of three

stages:

i) Generating Image Edit Pairs. We use the Sub-
ject200K [11] dataset to source our input images. This
dataset consists of a variety of input objects and scenes
captured in different environmental conditions. We extract
110K source images from this dataset. Next, we gener-
ate image-specific edit instructions for source images using
Qwen-VLM [1]. For a good diversity of our dataset, we
categorize our edit categories into global edits (stylization,
scene reimagination, and environment change) and local ed-
its (material and appearance editing, attribute modification,
and shape morphing). For each image in the dataset, we
randomly sample one of these editing categories and query
the Qwen-VLM to generate an edit instruction from that
category. We pass the input image along with the system
prompt to the Qwen-VLM to generate instructions specific
to the image. We use the system prompt for ‘appearance
change’ edit (see Q-1 on page 3) and query the VLM to
generate the edit instruction in a .json format. We use simi-
lar system prompts for other editing categories. We sample
a predefined set 50 — 100 in-context examples per edit cat-
egory and randomly sample 4 examples and combine them
with the system prompt to generate rich prompts for gen-
erating diverse editing instructions. We present samples of
in-context examples used in Q-2 and Q-3 on pages 3 and 4.

Generating image edits. We use the source images and
obtain editing instructions to generate edited versions of the
source image using Flux Kontext [2]. Flux-kontext, being a
generalist editing model, can generate high-quality edits for
the source images given text prompts. However, in some
cases, it does not perform the edit and outputs the same in-
put image. We filter such cases in our filtering stage, dis-
cussed next. We show some examples of the edits and in-
structions in Fig. 3.

ii) Generating intermediate edits with Image morphing.
Given the source and edited image, we use Freemorph [3]
- a training-free Diffusion-based image morphing approach
to generate interpolations. These interpolations will be used
as ground truths for the edits with intermediate strengths.
Freemorph requires an input caption for the two images to
be interpolated. To this end, we use LLaVA [9] to generate
captions as suggested by their paper. Freemorph first inverts
the two images and then interpolates the attention features
during denoising. This requires a full denoising process to
generate one morph image. In practice, we generate N = 5
intermediate morphs between the source and the edited im-
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Make the panda open ite mouth wide for yawning’

Turn on the cide lamp with bright yellow light’

Reduce the size of the object’

.

Trancform the ccooter into an off-road motorbike’

Transform the marshmallows into chocolate chipe’

Figure 1. Kontinuous Kontext can enable fine-grained control over the edit strength for diverse instruction-driven image editing operations.
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Figure 2. Samples from diverse image editing categories in our synthesized dataset spanning global edits (stylization, reimagination, and
environment changes), as well as local edits (appearance changes, material changes, attribute editing, and object morphing)

(Q-1) System prompt for generating edit instructions

System Prompt: You are a professional image editor. Generate an original, diverse,
and detailed local appearance change instruction for the given object in the
image. Create a unique instruction different in wording and content from the
examples.

Examples: {examples}

Output ONLY a valid JSON object with EXACT keys "category" and "instruction".
No additional text or explanation.

Example output: {"category": "Appearance Change", "instruction": "Modify

the fabric of the couch to a rich burgundy velvet with gentle sheen."} DO NOT

include trailing commas or escape characters.
N J

age. We use the official code provided by the authors that is version. Some examples are shown in the first and last row
built on StableDiffusion-2.1 [10] and use the DDIM sched- in Fig. 4.

uler for generation with 7' = 50 steps. All the interpolations
were generated at a native resolution 768 x 768 of SD-2.1
base model. Though Freemorph generates smooth interpo-
lations in most of the cases, it may contain errors in some,
that we filter out with our extensive filtering pipeline

b) Non-smooth trajectories. We also filter out samples
where the edit sequence has non-uniform transitions, i.e.,
change between the two adjacent images is not consistent
across the sequence (see rows 3,4,5 in Fig. 4). For a good
training sample (x, e, s, ys), the extent of change between

iii) Data Filtering. As our data generation process involves the source z and edit y, should scale with the edit strength
the use of several generative models, it may lead to errors s. Equivalently, the distance between adjacent images in the
in some of the generated data samples. We filter such cases sequence should remain consistent. We define the sequence
with an automated data filtering logic. Specifically, we re- of deltas as D = {do1,d1,2,...,dn_1,n}, Where d; ;11 is
move samples that have - @) inversion errors, b) non-smooth the distance between image y; and y;,1 and measures its
trajectories, or ¢) weak edits. Some examples are shown in uniformity via the KL-divergence from a discrete uniform
Fig. 4. distribution. In an ideal edit sequence, this sequence of im-

age distances should follow a uniform distribution. We use
a KL threshold value of 0.15 to filter such cases with non-
smooth trajectories.

a) Poor inversion. We use Freemorph for generating im-
age edit sequences that involve diffusion inversion of the
input images. The inversion of the source and the edited

image can be error-prone, resulting in an inaccurate train- ¢) Weak edits. As we use Flux Kontext to generate the
ing signal. To address this, we compute the LPIPS distance edited version of the source image, we filter out cases where
between the original image and its inversion and remove the Flux Kontext is not able to perform the edit (see row 2 in

sample if the LPIPS is above a threshold, indicating poor in- Fig. 4). In such cases, Kontext replicates the source image



(Q-2) In context example for local edits

Appearance_change
with soft reflections",
highlights",

light"]

Material change

a semi-matte roughness",

and subtle texture"]

Attribute_change

Intra_object morph

decorative handle",

examples = [ "Transform the chair into plush candy-colored marshmallow material
"Make the bicycle frame appear as flowing liquid metal with dynamic

"Turn the lampshade into glowing crystalline material with internal refracted

examples = [ "Replace the chair’s wooden legs with polished chrome metal,
emphasizing its reflective specularity",
"Make the tabletop appear carved from dark mahogany wood with visible grain and

"Transform the bag’s fabric into smooth black leather with glossy highlights

examples = ["Open the laptop lid halfway to reveal the keyboard",
"Rotate the handlebar of the bicycle by 45 degrees",
"Raise the adjustable lamp arm to maximum height"]

examples = ["Morph a teapot into a lantern while keeping the spout as a

"Transform a bicycle into a motorbike with parts composed naturally",
"Morph a chair into a bench while preserving the backrest shape"]

as output without any meaningful change. We filter such
cases by computing the LPIPS between the source image
and the output image and thresholding on LPIPS value.

Deciding filtering thresholds. We select these thresh-
olds by manually inspecting a small set of edit sequences
(=~ 100) per edit category. Additionally, one can use a VLM
to automatically decide on these thresholds if data needs to
be added from new other sources.

A.3. Model Architecture

Our projector is a 4 layer MLP with dimensions 1536 —
6144 — 6144 — 6144 — 6144. The output dimension of
D = 6144 is divided into two chunks, each of 3072, rep-
resenting offsets for modulation parameters - Aygcqe and
Aysnhist. The 1536 dimensional input to the model con-
sists of an embedded scale value s of dimension 768 and a
pooled CLIP text embedding of dimensions 768. We first
apply sinusoidal positional encoding to s to bring it to 128
dimensions, followed by a linear layer to transform it to a

similar dimension of 768. The CLIP embedding and the en-
coded scale embeddings are concatenated and passed as a
single input to the projector network. As our slider projec-
tor is lightweight and requires negligible computation and
inference overhead over the base Flux Kontext model.

A.4. Additional ablations and evaluations.

A.4.1. Inference-time control in modulation space

We perform a simple experiment to analyse the effect of
modulation parameters on the edited images. We scale the
modulation parameters with v = (0.5, 1.3) for the text to-
ken and visualize the generated edit image in Fig. 5. Though
the generated edits are diverse for different scale values, the
scaling value v does not directly correlate with the strength
of the edit. This raises a need of learning a calibrated map-
per like our slider projector, which can expose accurate
strength control by properly manipulating the modulation
parameters.



(Q-3) In context example for global edits

Stylization

examples = [ "Render the scene in Studio Ghibli style with dreamy backgrounds
and soft pastel hues",

"Transform the image into Pixar-style 3D animation with vibrant colors and
cinematic lighting",

"Stylize the composition as a Van Gogh oil painting with thick impasto brush
strokes"]

Environment_change

examples = ["Blanket the entire landscape with fresh, thick snow, covering
trees and rooftops with crystalline frost",

"Transform the scene into a harsh winter blizzard with swirling snow and
reduced visibility",

"Age the entire scene to look like a weathered medieval village with cracked
stone walls"]

Scene_reimagination

examples = ["Place the entire village on a massive turtle’s back slowly moving
through the ocean",

"Transform the bustling marketplace into a floating bazaar carried by hot air
balloons",

"Reimagine the city skyline as colossal crystal formations reflecting rainbow
light"]

Global Edits Local Edits

Timagine the field is a vast ocean and the Transform the scene into a painting using soft Replace the cushion colors of all four chairs Timprove the ccene by replacing the wooden

hoodie is a. majestic chip sailing acrose it pastels and muted colors to create a dreamy with uniform dark blve and white stripes fountain pen with a futoristic ctylus

Y A M
1 g L
3 | Y ‘l; n

Morph the large thermos flask into a compact Replace the leather ceat cuchion with

casting a warm glow against the setting atmosphere

Add & dreamy fairy dust effect to create a Introduce vibrant poppies blooming amidst a
whimsical forest backdrop for the kitchen tranquil garden setting travel mog while maintaining its classic design cheepokin cushions for added comfort

Turn on the bright neow lights and add some Convert the doll to a digital painting in the style of Morph the white clectric scooter into a deck lamp Change the color of the kites body to

futurictic urban elements such as floating Chinese brush paintings using deficate strokec and a deep blue shade
holographic ads and colorful street art. muted colors to evoke a sence of mostalgia and

spiritval tranquility.

Figure 3. Samples for generated edit instructions and the generated edits from Flux Kontext




Good trajectories
Source Inversion Inversion Edited

Filtered trajectories
Source  Inversion Poor inversion Inversion Edited

Figure 4. Samples trajectories from our synthesized dataset



Scaling the modulation parameters at inference time

Source v=0.0 v=0.5 v=0.6 v=0.7 v=0.8

Change the image to a waterca/orlbw‘ht/‘hg'

- M.

Source v=0.0 v=0.5 v=0.6 v=0.7

v=0.9 v=1.0 v=1.1 v=1.2

v=0.9 v=1.0 v=1.1 v=1.2 v=1.3

Change the image to a cartoon

Figure 5. Inference time control in modulation space. We conducted a simple experiment by scaling the text modulation parameters
with values of v € (0.5, 1.3) to generate multiple edits. While these edits varied across different scales, the variations did not consistently
correlate with the intended edit strength. This highlights the need for a dedicated learning module that can translate such variations into
user-interpretable strength control by accurately manipulating the modulation parameters.

A.4.2. Evaluation of identity preservation

We quantify the image identity preservation by computing
the CLIP-Image similarity and DINO-Image similarity be-
tween the source image and the edited image across differ-
ent edit strengths. We present a plot of the image similarity
value across the edit strengths in Fig. 6. In an ideal case, the
image similarity should decay linearly with the increase in
edit strength s. Our method achieves the desired trend while
still keeping the images with the strongest edits (s = 1)
close to the source image. In comparison, the baselines ei-
ther do not follow the linear trend or change the identity
substantially when strong edits are performed (MARBLE,
Concept Sliders).

A.4.3. Faithfulness and quality tradeoff.

We plot the Pareto front between faithfulness (CLIP-dir)
and identity preservation (LPIPS(x,,x0)) across all edit
strengths in Fig. 7. Our method exhibits monotonic and
smooth transition for both metrics across the full range of s.
In contrast, baselines quickly diverge (higher LPIPS) from
the source even for small edit strengths (0 < s < 0.50) or
are not monotonic. Notably, at intermediate strength (e.g.,
s = 0.50), we achieve significantly higher faithfulness with
lesser identity change than baselines.

A.5. Ablation study

We present an ablation study in Fig. 8 for different archi-
tecture choices. Adding the output of the slider projector
in the text embedding space leads to edit transitions with
abrupt jumps. Similarly, without adding the pooled text em-
bedding in the projector leads to non-smooth edit trajecto-
ries. Our design of injecting the slider control in the mod-

ulation space and making the projector adapt to the edit in-
struction embedding results in smooth trajectories, enabling
fine-grained control to the user.

A.6. Evaluation Metrics

A.6.1. Smoothness of the edit sequence

We consider first and second-order smoothness of an edit
trajectory for quantitative evaluation. For a given source
image x and edit instruction, we generate a sequence of NV
edited images {ys,, Ys,, - - -, Ysn }» and include the source
image as the initial element y;, = x, yielding a sequence
of N+1 images. We use an image distance metric d(-, ) to
compare the images and explore a semantic metric (Dream-
sim [5]) and LPIPS.

First-order smoothness. We define adjacent distances be-
tween the images in the sequence as:
di:d(ysmyspﬂ)) 1=0,...,N-1,

and compute the cumulative path length

N-1
L=> d.
1=0

The first-order smoothness is then computed as:
i
f)
which captures the largest normalized jump in the generated
edit trajectory.

§' = max
7

Second-order smoothness. For local consistency, we com-
pute the triangle deficit given by
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Figure 6. Identity preservation comparison. We evaluate the identity preservation of the source image during editing by computing
image similarity with CLIP and Dino features. We plot the similarity scores across each edit strength to analyse the trend. Ideally, as we
increase the edit strength, the image similarity should decay linearly. As compared to the baseline methods, our method achieves smooth
decay trend for comparison against all the baselines. Notably, for MARBLE the image similarity is small even for the first edit, indicating
its inferiority in identity preservation. For Concept-Sliders though the trend is good, it significantly changes the subject identity for higher
edit strengths, resulting in poor image similarity. Our method achieves the desired trend while keeping the identity intact, even for the

strongest edits, with a strength close to full edit.
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Figure 7. We plot the faithfulness of the edits along with the per-
ceptual change in the source image. Our method achieves a mono-
tonic and smooth transitions for both the metrics indicating supe-
rior tradeoff.

Ai = d(ysi) ySi+1) + d(y5i+l ) y3i+2) - d(yS'L ’ y5i+2)

i=0,...,N-2.

Each deficit is normalized by the direct distance between

the endpoints:
~ A;
A

d(ybz ? yng) .

The second-order smoothness is then computed as:

6% = max A,
7

where smaller values indicate smoother local transitions.

Analysis. We conducted a user study to evaluate how well
smoothness metrics align with human preferences. Partici-
pants were shown pairs of edit sequences and asked which
of the two images have smoother transitions. The study
included 20 volunteers and 40 sequence pairs. For each
sequence, we computed first- and second-order smooth-
ness using two distance functions: LPIPS [13] and Dream-
Sim [5]. We then measured agreement between user choices
and each of the four metric configurations (Fig. 10). Re-
sults show that §2 (DreamSim) aligns best with user prefer-
ences, as it captures fine-grained semantic changes reflected
in slider adjustments. While first-order smoothness pre-
vents abrupt jumps, second-order smoothness ensures con-
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Figure 8. Ablation over model architecture. Injecting the slider projector in the text space results in an abrupt transition in the first
example and is non-monotonic in the second example. Further, using a slider projector in the modulation space without the pooled text
embedding input results in sudden transitions. Our projector takes the text embedding as input and makes appropriate adjustments to the

modulation parameters for smooth transitions in the edit sequences.

sistency in the rate of change, producing natural and con-
tinuous transitions that match user expectations for image
editing. Fig. 9 illustrates this: although Sequence 1 has bet-
ter first-order smoothness (lower '), Sequence 2 is seman-
tically smoother, captured by a lower 62, .- From these
findings, we define the smoothness metric as:

Ssmooth = 0°(Dreamsim)

A.6.2. Instruction following with CLIP directional
similarity

For a given input image z, and edit instruction e, we edit
the image with uniformly sampled edit strengths {s; =
i/Nli = 1,..,N} to obtain the edited image sequence
{yili = 1,...,N}. We compute the CLIP-direction simi-
larity [6] for each of the edits at each strength as:

di = dclipfsim(ysmxue)a = ]-7 7N
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Figure 9. Qualitative interpretation for first order and second order smoothness. For slider-based image editing, second-order smooth-
ness is more important than first-order smoothness, as it captures the local consistency needed for gradual, nuanced changes with slider.
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Figure 10. We perform a user study where we computed the align-
ment of the users’ scores given for the smoothness of the sequence
with the different variations of smoothness metrics. We found
5@ aligns well with the user preferences for smoothness, in-

smooth

dicating that it is a good metric to measure the smoothness.

and report the aggregated normalized CLIP-sim as:

N
Do o — >io(di/si)
clip—dir N

adjusting the directional similarity based on the edit
strength.

A.7. Qualitative Comparison

We present additional comparison with interpolation-based
baselines in Fig. 11, 12 and with domain-specific methods
ConceptSliders in Fig. 14, and MARBLE in Fig. 13.

A.8. Additional Baselines

We compared Kontinuous Kontext with two additional sim-
ple baselines: a) CFG-Scale - We change the classifier
free guidance scale to control the extent of the edit, as we
expect that with a higher CFG scale, the generated edit
should follow the edit instruction more closely. b) Attention
reweighting - We scale the cross-attention maps between
the text tokens and the generated visual tokens, inspired
by Prompt2Prompt [8]. The insight is that, if we increase
the cross-attention weight between the target latents and the
text instruction, the target image will pay more attention to
the edit instruction, resulting in stronger edits. We present
a comparison in Tab. | and Fig. 15. Both the inference
time baselines fail the generate smooth edit transitions and
distort the input image identity significantly. These abrupt
transitions are also evident as very high scores in dgmooth
smoothness metric.

A.9. Failure case - Extrapolation beyond the train-
ing strength s > 1

One of the failure cases of our method is in extrapolating
edits beyond the strength value s = 1. Our method either
does not perform the edits for s > 1 or reduces the extent
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Modity the couch to have a cottony texture and change the

curtain to a green wool fabric.
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WAN

Freemorph Diffmorpher

Modity the woman'e hair to cilver and change the flower to blue.’

Figure 11. Comparison with interpolation baselines. Morphing-based methods generate smooth transitions; however, they often intro-
duce artifacts in the intermediate images or omit details such as leaves. Similarly, the video inbetweening model WAN produces strong
artifacts in intermediate frames, as these appearance transitions are out of the domain for an inbetweening model trained only on real

videos.

of the edit as shown in Fig. 16.
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Freemorph Diffmorpher
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Modify the lantern to be cryctal and the treec to appear ancient while retaining
the forest cetting with lighte.’

WAN

Freemorph Diffmorpher

Ours

Transform the cat into an anime style in a digital art format’

Figure 12. Comparison with interpolation baselines. DiffMorpher and FreeMorph remove objects in the intermediate edits of the
first examples. DiffMorpher produces blurred outputs even for simple stylization transitions. The WAN inbetweening model generates
transitions with abrupt jumps in both examples. In contrast, our method produces smooth transitions while preserving image identity.

A.10. Evaluation dataset and challenging instruction-driven image editing test exam-
ples. The benchmark consists of edits from the following

PIEBench: We evaluate our method on the widely used im- categories: change object, add/remove object, change pose,

age editing benchmark PIEbench, which consists of diverse
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Figure 13. Comparison with MARBLE for material control

change color, change material, change background, and object, as it’s a discrete edit, and our method focuses on
change style. We kept all edit categories except add/remove continuous attribute editing.
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Figure 14. Comparison with Concept Sliders for diverse attribute editing.
Domain-specific comparison: As ConceptSliders opti- signed to achieve continuous control during image genera-
mize for specific attributes (e.g., smile, chubby), we ac- tion, and is not directly suitable for image editing, we eval-
cordingly select the dataset suitable for such edits (e.g., face uate it on 44 generated images across 11 sliders covering

images) for comparison. Further, as concept-sliders is de- facial attributes, stylization, and scene edits. For material
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Figure 15. We compare with additional inference time baselines.



Methods Osmooth 4 CLIP-dir 1
CFG-scale 152.205 0.242
Attention-weighing  120.760 0.237
Ours 0.329 0.241

Table 1. Comparison with additional inference time baselines.

Transform her jacket to a brown colored

overcoat_with fur on the collar and sleeves’

Reduce the cize of the pam/a'

Figure 16. Extrapolation of edit strengths. One of the failure
cases of our method is that it cannot generate edits with extrapo-
lation well. In most cases, it either recreates the full edit image
(s = 1), or reduces the extent of edit in the extrapolation region.

control, we evaluate MARBLE on 40 images from the ma-
terial editing category from the PIEBench dataset.

A.11. Compositional Editing

Kontinuous Kontext enables multi-turn editing like the base
Flux Kontext model. We first edit the input image with the
first edit instruction and followed by editing with the second
edit instruction. The results are shown in Fig. 17.

A.12. Generalization to other architectures

Our method builds on the findings [4, 7] that the modulation
space of recent DiT based diffusion models enables fine-
grained control over the scene contents. Leveraging this
observation, we train a strength-conditioned slider projector
to predict the offsets for the modulation parameters of DiT
blocks. Though we have demonstrated this capability with
Flux Kontext, most of the recent instruction-driven image
editing models consist of the same DiT blocks. Hence, our
approach is compatible with all the recent instruction-based
editing (e.g., [12]) and can easily be integrated to achieve
fine-grained strength control for image editing.

A.13. Latency and Computational Cost

Our method adds negligible inference overhead over the
base Flux Kontext model in terms of latency (60s vs 56s)

Method ‘ # Diftusion Evaluations ‘ Models used

Diffmorpher N+1 Flux Kontext (1) + SD-2.1 (N)
Freemorph N+1 Flux Kontext (1) + SD-2.1 (N)
Wan 2 Flux Kontext (1) + WAN-2.1 (1)
ConceptSliders N SD-XL (N)
MARBLE N SD-XL (N)
Ours | N | Flux Kontext (N)

Table 2. Inference cost comparison. We compare against base-
lines in terms of the number of diffusion model evaluations, as the
baselines use different base diffusion models. Here, N represents
the number of sequential edits generated for a given image and
prompt. Our method uses the same or fewer inferences than all
the baselines, except WAN, which requires a costly video model
evaluation.

on a single NVIDIA A6000 GPU for 28 denoising steps. In
comparison to the baselines, our method uses a compara-
ble number of diffusion model inferences. As the baselines
use different base diffusion models, we compare with them
in terms of the number of diffusion evaluations in Table. 2.
Our trainable parameters include a small 4 layer projector
and LoRA parameters for the projection matrices of the base
model, which accounts for ~ 1% of parameters of the base
Flux Kontext model.
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