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Abstract

We propose SW-Guidance, a training-free approach for image generation con-
ditioned on the color distribution of a reference image. While it is possible to
generate an image with fixed colors by first creating an image from a text prompt
and then applying a color style transfer method, this approach often results in
semantically meaningless colors in the generated image. Our method solves this
problem by modifying the sampling process of a diffusion model to incorporate
the differentiable Sliced 1-Wasserstein distance between the color distribution of
the generated image and the reference palette. Our method outperforms state-of-
the-art techniques for color-conditional generation in terms of color similarity to
the reference, producing images that not only match the reference colors but also
maintain semantic coherence with the original text prompt. Our source code is
available at https://github.com/alobashev/sw-guidance.

Figure 1: Color-conditional generation by Sliced Wasserstein guidance achieves unprecedented match
with a reference color palette without transferring other stylistic features.

1 Introduction

To get a desired picture from text-to-image models we usually need a precise prompt and a bit of luck.
However, natural language is not expressive enough to accurately describe colors, and even specific
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terms such as “turquoise blue” yield varying tones. Moreover, prompt length constraints make full
palette descriptions impractical. Using reference images for color styles addresses these limitations
and establishes the color transfer problem, that is, applying a reference color style to a content image.

Color transfer is closely related to the artistic style transfer. Notably, artistic style is not linked to the
depicted objects but is instead shared between patches of an image. This insight was utilized in the
seminal work by Gatys et al. [1], where artistic style is defined as the distribution of activations in the
VGG-19 network [2]. To match the artistic style between generated and reference images, Gatys et al.
minimized the difference between the Gram matrices of activations from internal layers of VGG-19
(which is equivalent to matching the first two moments of the distributions of activations).

Strictly speaking, the style loss by Gatys et al. is not a proper distance in the space of probability
distributions, as, for instance, Jensen-Shannon [3], Total variation and various Wasserstein distances
[4]. Unfortunately, these metrics are hard to approximate in a differentiable fashion. To address
the complications of Wasserstein metrics, a new family of metrics called Sliced Wasserstein (SW)
distances was developed in 2012 [5, 6]. First, Sliced Wasserstein distances are differentiable. Second,
they can be efficiently estimated from samples. Importantly, for bounded distributions, convergence
of the Sliced Wasserstein distance implies the convergence of all moments. However, in high-
dimensional spaces the sliced approach requires a large number of projections to accurately estimate
the distance. To generalize the SW distance and enhance its performance in higher dimensions other
its variants were proposed [7, 8, 9, 10, 11, 12, 13, 14].

Following Gatys et al., various CNN-based color transfer methods were proposed, such as DPST [15],
WCT [16], PhotoWCT [17], WCT2 [18], PhotoNAS [19], PhotoWCT2 [20], and DAST [21]. These
algorithms can address the problem of color-conditional image generation, transferring reference
colors to the image created by a text-to-image model.

Another way to achieve color conditioning is to control the generation process of a diffusion model
[22, 23, 24]. This problem setting is broadly called the stylized image generation. The approaches
for stylized generation could be categorized into three groups:

Modification of weights The first group includes additive corrections of a model’s weights, which
require fine-tuning for every new style of images: Textual Inversion [25], DreamBooth [26], and
LoRA [27]. The introduction of ControlNet [28] and T2I-Adapter [29] in 2023 enabled adjustments
of weights in a single pass of a hyper-network. ControlNets and adapters are trained on fairly large
paired datasets and cover tasks such as pose, depth, and edge conditioning.

Modification of attention The examples of attention-related algorithms are IP-Adapter [30],
StyleAdapter [31], StyleDrop [32], StyleAligned [33], InstantStyle [34, 35]. Training-free, they
change attention output on each step and are effective for controlling structural and high-level
features, such as painting style and composition, but do not target a color distribution separately.

Modification of sampling The third way to impose a condition is to add a new term to the
denoising process. The first work of this kind was classifier guidance [22], which requires a specific
classifier trained on noisy data samples1. Diffusion Posterior Sampling (DPS) [36] addresses the
main weakness of classifier guidance by replacing a noisy classifier with a composition of a predicted
noiseless image and a classifier trained on clean data (i.e., any pre-trained one). Universal Diffusion
Guidance [37] and FreeDoM [38] generalize the DPS approach by replacing the MSE loss used by
DPS with a general distance function. These ideas were further developed in RB-Modulation [39].

In current approaches to stylized image generation style and color conditioning are often entangled,
making it challenging to control these aspects independently. Our goal is to propose a way to
condition solely on color and independently control the palette and general style of an image.

Our Contributions This work makes the following key contributions:

• For the first time, we incorporate the differentiable Sliced Wasserstein distance and its
generalizations into the conditioning of a diffusion model

• We achieve state-of-the-art results in a problem of color-specific conditional generation,
without transferring unwanted textures or other stylistic features (see Fig. 1).

1This guided denoising procedure resembles the optimization process of Gatys et al., which also generates
an image from Gaussian noise by iterative denoising. In this case, the unconditional score function is equal to
the gradient of a content loss, and the classifier guidance term corresponds to the gradient of a style loss.
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2 Background

2.1 Conditioning Process in Diffusion Models

Diffusion models [40, 41] are a class of generative models that learn to iteratively denoise a data
distribution. To describe the conditioning process in diffusion models, we use Bayes' rule to express
the posterior distribution in terms of the gradient of the log-likelihood and the unconditional score:

r x t logp(x t jy) = r x t logp(yjx t ) + r x t logp(x t ); (1)

wherey represents the conditioning, andx t is the noisy sample at noise levelt.

Diffusion Posterior Sampling (DPS) [36] introduced an approximation for the conditional likelihood
based on a predicted noiseless sample,x̂0 = E(x0jx t ), as

p(yjx t ) � p(yjx̂0(x t )) : (2)

In the DPS approach, the authors considered the gradient of the log-likelihood as follows:

r x t logp(yjx̂0(x t )) = �
1

� 2 r x t jj y � A(x̂0(x t )) jj2; (3)

whereA is an operator, generally non-linear, that extracts the conditiony from the predicted noiseless
samplêx0, and� is a positive hyperparameter. For example,A could extract the CLIP [42] embedding
from x̂0, andy could be a target prompt embedding.

Universal Diffusion Guidance [37] and FreeDoM [38] extend the DPS approximation by proposing a
more general distance functionD in the space of conditionsY . Speci�cally, for y 2 Y , the gradient
of the logarithm of the posterior distribution is given by:

r x t logp(yjx̂0(x t )) = �
1
� 2 r x t D (y; A(x̂0(x t ))) : (4)

This formulation is more �exible and letsy andA(x̂0(x t )) to be a more complicated objects than
vectors inRd as long as we can de�ne a differentiable distance function between them. In the
next section, we will de�ne the Sliced Wasserstein distance as a suitable distanceD between two
probability measures.

2.2 Sliced Wasserstein distance

A classical formulation of color transfer problem is to align two probability distributions in the
3-dimensional RGB space. Speci�cally, the color distributions of a content image and a reference
image can be represented as probability density functions, denoted by� 0 and� 1 respectively. The
objective in guided diffusion models is to match the generated sample's probability density� 0 with
the reference� 1.

Wasserstein distances, rooted in optimal transport theory, appear to be natural for this task as they
measure the cost of transporting one probability distribution to match another [4]. The Wasserstein
distance of orderp is

Wp (� 0; � 1) =
�

inf
� 2 �( � 0 ;� 1 )

Z

X 0 �X 1

jj x � yjjp d� (x; y)
� 1=p

; (5)

CalculatingWp (� 0; � 1) for many samples can be computationally prohibitive, also a Wasserstein
distance is hard to differentiate through, because its value is itself a result of an optimization procedure
inf over all transport plans�( � 0; � 1), i.e. over all joint distributions with marginals� 0 and� 1 .

To alleviate this issue, the Sliced Wasserstein (SW) distance was introduced [5], offering a more
computationally tractable alternative by reducing high-dimensional distributions to one-dimensional
projections where the Wasserstein distance can be computed more straightforwardly. The Sliced
p-Wasserstein distance is de�ned as [5, 6]:

SWp(� 0; � 1) =
� Z

Sd � 1
W p

p (P� � 0; P� � 1) d�
� 1=p

; (6)

whereSd� 1 is the unit sphere inRd with
R

Sd � 1 d� = 1 , P� is a linear projection onto a one-
dimensional subspace de�ned by� andW p

p is an ordinary p-Wasserstein distance by Eq.5.
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Figure 2: General scheme of the Slices Wasserstein Guidance for a latent diffusion model with
decoderD and feature extractor	 .

3 Method

Below we give a detailed description of SW-Guidance algorithm. We placed some necessary
theoretical fact, Proposition 1 and Lemma 2, at the end of this section.

The general scheme of the algorithm is illustrated in Fig. 2. We denotexT ; : : : ; x0 as the latent
states of our diffusion sampling, wherexT is a sample from a normal distribution,x0 is a noiseless
sample and̂x0(x t ) is a prediction ofx0 for givenx t . D (x0) is a decoded image from the latent space
of diffusion to the real image domain. Lastly,	 is a feature extractor, which in our case is the color
distribution of an image in RGB color space.

Algorithm 1 Color Conditional Generation with Sliced Wasserstein Guidance
1: Initialize latent vectorxT � N (0; I ), set learning rate� lr , y - samples from the reference color

distribution
2: for t = T to 1 do
3: u  0 . Initialize control vector
4: for j = 1 to M do
5: x0

t  x t + u
6: Get prediction of last latent̂x0  DDIM(t; x 0

t )
7: Getŷ0  VAE(x̂0) . Decode latent to image
8: for k = 1 to K do . Sliced Wasserstein
9: Project samples on a random direction�

10: Update lossL  L +
P

jcdfŷ0 � cdfy j
11: end for
12: Update control vectoru  u � � lrr u L (u)
13: end for
14: Update latentx �

t  x t + u
15: Get denoised latentx t � 1  DDIM(t; x �

t )
16: end for

The proposed Algorithm 1 initializes a noise tensorxT sampled from a latent normal distribution.
OverT diffusion timesteps, the noise tensor is iteratively re�ned. Following each denoising step, a
predicted result̂x0 is decoded to obtain an imageŷ0 = D(x̂0). To modulate guided diffusion within
each timestep, we add an auxiliary control tensoru following [39]. That is,u is initialized with zeros
and we setx0

t = x t + u. Then we predict original samplêx0(x0
t ) = x̂0(u) and compute gradient of

the Sliced Wasserstein distance (SW) between the color distribution of a reference image� ref and the
predictedŷ0(u) = D(x̂0(u)) with a respect tou

L (u) = SW 1(� ŷ0 (u ) ; � ref); (7)

The control vectoru is optimized overM steps to shift the reverse diffusion process toward the
reference's color distribution. This optimization accumulates gradients w.r.tu M times and minimizes
the loss functionL , Eq.7. Let us note that by Lemma 2 the minimization of the lossL will lead
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to a weak convergence of generated color distribution� ŷ0 (u ) towards the reference� ref with the
convergence of all moments.

The loss function can incorporate �rst two moments (mean� and covariance� ) of � ŷ0 (u ) and� ref

L (ŷ0(u)) = ( � ŷ0 � � ref)2 + ( � ŷ0 � � ref)2 + SW( � ŷ0 ; � ref); (8)

The impact of adding the �rst two moments (see Fig. 5), along with other variants of the SW distance
such as Generalized [8], Distributional [9], and Energy-Based [11] SW distances, is studied in the
Experiments section.

Let u? be a shift, obtained after M steps of Eq. 7 optimization. Then we setx?
t = x t + u? and

perform usual DDIM [43] denoising step forx?
t with classi�er-free guidance to obtainx t � 1. Full

algorithm for a latent diffusion model with classi�er-free guidance is listed in the Appendix.

Ef�cient Computation of Sliced Wasserstein Let F0 andF1 be two cumulative distribution
functions of 1-dimensional probability distributions� 0 and� 1. Then the Wasserstein distance of
orderp between� 0 and� 1 has a form (Rachev and Rüschendorf, 1998, Theorem 3.1.2 [44])

Wp(� 0; � 1) =
� Z 1

0

�
�F � 1

0 (y) � F � 1
1 (y)

�
�p

dy
� 1

p

(9)

Formally, it involves differentiable estimation of inverse cumulative density functions. However, in
the case ofp = 1 the Proposition 1 allows us to replace the difference of inverse CDFs by absolution
difference of CDFs, making it much easier to compute

W1(� 0; � 1) =
Z 1

�1
jF0(x) � F1(x)j dx (10)

Moreover, since all color distributions in RGB space have a compact support (unit cube), one can
employ guarantees of Lemma 2, which in fact states a convergence of general p-Wasserstein distances
given convergence of the 1-Wasserstein distance. These facts justify the selection of 1-Wasserstein
instead of generalp-Wasserstein.

Differentiable Approximation of CDF We approximate the cumulative distribution function (CDF)
by sorting samples from the distribution. Once the samplesf x i gn

i =1 are sorted, the CDF can be
directly obtained by assigning a rank to each sorted sample. For a given samplex i , its rank (i.e., its
position in the sorted array) divided by the total number of samplesn provides the CDF value at that
point. If f x ( i ) g represents the sorted samples, the CDF atx ( i ) is given by:

CDF(x ( i ) ) =
i
n

(11)

This sorting operation is differentiable, so the CDF is also differentiable. To achieve a good approxi-
mation of the true underlying CDF, a large number of samplesn is required.

Theoretical Justi�cation We need Proposition 1 for ef�cient sampling, as it allows one to avoid
computing the inverse CDF.
Proposition 1. LetF andG be two cumulative distribution functions. Then,

Z 1

0

�
�F � 1(t) � G� 1(t)

�
� dt =

Z

R
jF (x) � G(x)j dx; (12)

whereF � 1 andG� 1 are the quantile functions (inverse CDFs) ofF andG, respectively.

Lemma 2 provides the theoretical foundation for our optimization procedure for multidimensional
Borel probability measures� n and� onRd.
Lemma 2. Let � n and� be Borel probability measures on the unit cube inRd. If the numerical
sequence

lim
n !1

SW (� n ; � ) = 0 (13)

then the sequence� n converges to� weakly, and all moments of� n converge to the moments of� .

Proofs for Proposition 1 and Lemma 2 are provided in the Appendix.
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