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Abstract

In this work, we introduce Modulated Flows
(ModFlows), a novel approach for color style
transfer between images based on rectified flows.
The primary goal of the color transfer is to adjust
the colors of a target image to match the color
distribution of a reference image. Our technique
is based on optimal transport and executes color
transfer as an invertible transformation within the
RGB color space. The ModFlows utilizes the
bijective property of flows, enabling us to intro-
duce a common intermediate color distribution
and build a dataset of rectified flows. We train an
encoder on this dataset to predict the weights of a
rectified model for unseen images. We show that
the trained encoder provides an image embedding,
associated only with its color style. The presented
method is capable of processing 4K images and
achieves the state-of-the-art performance in terms
of content and style similarity.

1. Introduction

Color adjustment is one of the most frequently used image
editing operations. While minor corrections can often be
made quickly, achieving a precise color palette typically
requires more time and attention to detail.

Classical Methods. The idea of image modifications based
on features of another image appeared in the early 2000s
under the name “image analogies” (Jacobs et al., 2001).
Soon the problem of example-based color transfer was for-
mulated in the following way (Reinhard et al., 2001). A
pair of images known as “content” and “style” in the current
literature is introduced. The aim of the transfer is to alter the
colors of the content image to fit the colors of the style im-
age without visible distortions and artifacts. The proposed
solution (called as ColorTransfer, CT) treats images as 3D
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distributions in the [« color space (Ruderman et al., 1998)
and adjusts the mean and the variance along the main axes
(i.e. marginal moments).

The pioneering works on the color transfer have already
considered it as a problem of the optimal transport (Morovic
& Sun, 2003). For instance, one would prefer to keep the
shades of red as close to each other as possible. Technically,
one defines a distance in the color space and tries to fit
the desired mass distribution with a minimal effort. The
effort needed can be defined as a transportation cost, i.e. the
problem can be formulated within the framework of optimal
transport (OT) theory. In general case, the exact solution
of OT problem is hard to obtain. For instance, in the case
of discrete distributions the optimal histogram matching
could be utilized (Morovic & Sun, 2003). However, an
exact calculation of the transport cost was computationally
heavy; for this reason other histogram-based approaches
dropped the optimality constraint and considered the color
transfer as the mass preserving transport problem (Neumann
& Neumann, 2005; Pitie et al., 2005).

Unfortunately, the first attempts suffered from artifacts and
additional (sometimes even manual) adjustments were still
needed to work around their limitations. Pitié & Kokaram
(2007) were the first who switched to a continuous for-
mulation of OT problem in color transfer. The authors
made several simplifications, assuming color distributions
to be Gaussian. Referred to as Monge-Kantorovitch Linear
(MKL) (Mahmoud, 2023) it is still a strong competitor, as
shown in Fig. 2.

Neural Methods. Gatys et al. (2016) turned the research
into a different direction. It adapted deep convolutional
neural networks (CNN) for a high-level style extraction. The
algorithm (often referred as Neural Style (Johnson, 2015))
was shown to be able to perform an example-based color
transfer when applied to a pair of images. The transfer was
not ideal though. Neural Style targets a painting technique
and textures. Hence, it blends into a stylized image not only
a reference color palette but also unwanted patterns.

The ability of deep CNNs to separate a color style from
a content has inspired follow-up studies, primarily focus-
ing on artifact removal. This has resulted in a series of
algorithms such as DPST (Luan et al., 2017), WCT (Li
et al., 2017), PhotoWCT (Li et al., 2018), WCT2 (Yoo et al.,
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Figure 1.Qualitative comparison. Examples from Unsplash Lite test set. Our model achieves the most exact match with the reference
palette without visible distortion (zoom in for better quality).

2019), PhotoNAS (An et al., 2020), PhotoWCT2 (Chiu & the method based on a discrete optimal transport applied to
Gurari, 2022) and DAST (Hong et al., 2021). learned style dictionaries. However, the algorithm is slow
ompared to the other methods based on neural networks

A step aside was taken by Deep Preset (Ho & Zhou, 2021 nd its code is also unavailable at the moment.

which is based on the U-net architecture. Deep Preset IS

aimed at automatic retouching and achieves the high qualitin order to address these limitations, we aimed on develop-
in terms of absence of artifacts. It changes the color disng a model that could be trained without additional LUT
tribution only slightly. While this is desirable in the case lters, could be quickly applied to new images and consid-
of retouching, it does not suit the color transfer task wellers the color transfer problem from the optimal transport
Nevertheless, we have included Deep Preset in comparisqmoint of view. To this end, we utilize recti ed ows with

to give a reference values of scores for image retouching. parameters, predicted by an encoder network. In order to
simplify the training process, we introduce a uniform latent

The rst one is the Neural Preset approach proposed by K or intermediate) space. The rectied ows transport the

et al. (2023), where the color transfer is executed in RGBcolor distribution of a given image to the latent space. Upon

space by a multilayer perceptron with the hidden weightsapphcat'on of a particular style, we use the inverse recti ed

: : ow to transfer color distribution back from the uniform
predicted by an encoder network. The algorithm could be. , .~ . S .

i . X . ; . . distribution to target distribution of the style image.
trained in self-supervised fashion. It achieves impressive
visual quality and is capable of processing of high-resolutionOur contribution. The contribution of this paper can be
images. However, it heavily depends on external Looksummarized as follows:

Up-Table (LUT) lIters. Designing a diverse set of LUT

Iters of a high quality requires domain expertise and time. , \yie describe a new method of color transfer based on
One may treat them as a part of the dataset. These Iters, |qctied ows and the common latent distribution.
along with the model, are not currently available. Since

the test set consists of more than a thousand of images, « We produce the dataset of 5896 ow-image pairs and
we only included Neural Preset in qualitative comparison.  train the generalizing encoder model.

The results for Neural Preset were obtained via of cially

distributed application. * We show that the encoder-predicted vector of weights

. o . is an image embedding strongly associated with a color
The second one is Sparse Dictionaries (Huang et al., 2023), style of the image.

Two most recent studies are closely related to our wor



