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We first kindly refer the readers to the project website
omaralezaby.github.io/inretouch/ for video results, source
code, and dataset.

In this supplementary material, we provide more imple-
mentation details of our work in 1. We also provide more
ablation studies in 2.

As for visuals, we first provide a comparison on visual
consistency in 4. In Section 5 we discuss the limitations of
the proposed approach. More visuals on retouching transfer
comparison can be found in Section 6. Finally, in Section
7, we show the variety of our presets applied to a natural
image.

1. Implantation Details

Compared Methods For the compared method that re-
quires pre-training on the dataset, we modified and adapted
their architectures for our task. For the Deep Preset [5]
method, we modified the reference branch to take a 6-
channel input. We provide the image pair before and after
editing as a reference by stacking them together. For Neural
Preset, we modified the architecture to generate an editing
mask with the same size as the input instead of just a mod-
ification vector to allow for local modification. Similarly,
we use the pair of before and after editing stacked together
as the reference to the model. For the Style GAN [6] based
method, we used the Domain Alignment Module proposed
in [3]. This module was proposed to apply color changes to
an image, based on a provided reference. We modified the
module to take the stacked pair of before and after editing
as a reference. We emphasize that all the compared meth-
ods take the same input information (reference before and
after editing).

For the other methods that require no pre-training on our
dataset (Image Analogies [4, 8] and In-Context learning [1,

*Corresponding Auther

9] methods), we used the open-source models provided by
the authors.

Evaluation Dataset Lightroom preset system suffers
from visual inconsistency. As we see in Fig. D same preset
can produce different styles when applied to different im-
ages. For an accurate evaluation process, we need to make
sure the chosen reference visual style matches the style of
the GT. We achieve that by choosing a reference that has
the same color distribution as the input image, as it is more
likely to generate the same style when applying the preset.
We calculate the 3D color histogram of each reference im-
age before editing, and we compare it with the 3D color
histogram of the input image. We choose the reference im-
age with the closest color histogram to the input images as
a reference. For a fair comparison, we used the same refer-
ence in all compared methods.

Dataset Disclaimer All the images used in our dataset
were obtained from the open-source MIT5k dataset [2], and
all the presets used are open-access licensed under Creative
Commons (CC 4.0). All dataset creation processes and
components are checked to avoid any violations or misuse
and to ensure ethical conduct.

2. More Ablations
INR Components Ablation : In Fig. F we show the
incremental performance improvement over the baseline
MLP INR architecture. Context awareness enables recog-
nizing textures, objects, and edges, producing fewer arti-
facts and better editing.

Sampling Window Size In Fig. A (left), we can notice
some improvement when increasing the size of the sampled
window. This can be attributed to the model processing a
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Figure A. Ablation for Sampling Window Size, Depth-Wise Conv
Filter Size, and the Depth of the INR architecture. From the re-
sults, we can notice that model simplicity is crucial for good per-
formance and for better generalization.
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Figure B. The effect of different components in our architecture
on the output.

bigger, coherent area to learn more about update smooth-
ness. But after some degree, we see no noticeable improve-
ment. For our experiments, we chose a sampling Window
size of 13 for the best trade-off between cohesion and mem-
ory footprint during training.

DW CNN Filter Size Fig. A (right) shows that increas-
ing filter size can improve performance as it considers more
information from neighboring pixels. However, increasing
the filter size introduces more parameters that require more
time to optimize and can result in overfitting issues with a
drop in performance. We choose the filter size of 3 for fast
optimization and as less parameters increase as possible.

Depth of the INR architecture Fig. A (down), we notice
that increasing the size of the INR by adding more layers
reduces the INR performance. When adding more parame-
ters, the network tends to overfit on the reference, failing to
generalize to new images.

3. Testing on Professionally Edited Images
In FigC we show additional qualitative results of various
methods tested on the professionally edited images col-
lected online. We can appreciate our method’s ability to

adaptively learn and apply a variety of edits, including local
and region-specific edits. Additionally, we can notice supe-
rior visual consistency between the output produced by our
method and the reference in comparison with other meth-
ods, including Lightroom presets. Please refer to ”Profes-
sional Test Data” for the full 100 pairs test data, including
all the outputs produced by the compared methods.

4. Visual Style Consistency
In Fig. D, we compare the editing consistency of our pro-
posed method with that of the widely-used Lightroom pre-
set. Our method demonstrates the ability to produce more
realistic outputs that better adhere to the reference edits, val-
idating its effectiveness and highlighting its superior visual
consistency.

Lightroom presets work by saving the Lightroom edits
applied to an image. These presets are usually created to
process RAW images. These edits consist of image pro-
cessing pipeline operations like color correction, hue ad-
justment, and exposure correction. These operations affect
every image differently depending on the image details, like
the sensor of the camera, lighting conditions, and color dis-
tribution. This limits the visual reproducibility of the edits
to similar images. Additionally, saving edits in formats like
presets is software-specific, so they require the same soft-
ware to use them. Our method provides a more visually
consistent way to transfer edits between images without be-
ing software-dependent.

Comparison with Style Transfer The current style trans-
fer methods use a single reference image to represent the
style of the desired output. As we see in Fig. E, these meth-
ods fail in the task of photo retouching. The task of photo
retouching requires fine edits and specific color changes
based on location and context. It is not feasible to capture
these edits using only a single reference image. We tested
different style transfer methods developed for photo editing
based on a reference. We can notice artifacts in the output
because of undesirable changes. Additionally, they fail to
recognize the fine details of the style, limited to reference
ambiguity. For a quality output, we notice these methods
are limited to reference images with similar characteristics
to the input image (nature, portrait) or with general and no-
ticeable aesthetics (color filter, day-night images, etc). Our
proposed approach allows the use of available references
with much less limitation for high-quality output.

5. Limitations
INRs are naturally noise-suppressing because of their in-
ductive bias towards low frequencies [7]. So, our method
struggles with transferring high noise and grains. A sepa-
rate noise addition module will be useful for better transfer.
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Figure C. Additional examples of the comparison between different methods on professionally edited images. Qualitative Compar-
isons. We can appreciate the visual consistency between the reference and our method output. Our method is able to recognize objects and
apply local and region-specific edits accurately.

Additionally, since our method learn from one reference,
the closer the reference to the input, the better the produced
results. Even though our method can learn from a refer-
ence that is totally different from the input image, as we
showed in our evaluation, having a reference with minimal
variety (uniform colors) and no resemblance to the input
image can produce sub-optimal results. However, this use
case is not common as humans usually tend to utilize visual
clues, choosing references that resemble some similarity to
the input images.

6. More Visual Results

We show in Fig. F the qualitative results of various meth-
ods for the retouching transfer task. Our approach excels
in accurately learning the edits from before-and-after image
pairs, producing outputs that are not only more realistic but
also better aligned with the intended edits. In contrast, other
methods struggle to achieve similar fidelity, often resulting
in noticeable artifacts and inconsistencies. This highlights
the effectiveness and robustness of our method in capturing
and applying complex retouching transformations.
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Figure D. Additional examples of the issue of visual editing con-
sistency in presets. Some presets produce a different style when
applied to different images. We can appreciate our method provid-
ing a more visually consistent edit.

7. Dataset Presets
To ensure the versatility and robustness of our dataset, we
curated a diverse collection of varying presets, designed to
simulate a wide range of editing styles and conditions. As
shown in Fig. G, we apply some of these presets to a single
natural image, showcasing the richness and variety inher-
ent in the dataset. This comprehensive coverage not only
highlights the adaptability of our approach to diverse edit-
ing scenarios but also establishes our dataset as a valuable
resource for developing and evaluating methods capable of
handling complex retouching tasks. Such diversity enables
generalizing effectively across different styles.
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Figure E. Comparison between using a style reference (Style Transfer), and a Before-After editing reference (Retouch Transfer).
Having the reference before and after editing provides more control over the edits applied, producing a higher fidelity output with fewer
artifacts.
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Figure F. Additional examples of the comparison between different methods on retouching transfer task. Our method learns the edits
effectively from a single sample, generalizing to a wide variety of edits, and has the most consistent output with the GT. We can appreciate
the ability of our method to learn and adapt to complex edits like vignetting and local modification.



Figure G. Visualization of the variety of edits in the used presets. Images are produced by applying different presets to a natural image
(highlighted top-left).
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