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Fig. 1: Applications. SWD can be used in various applications and with ReSWD we
enhance their performances. Here, we show diffusion guidance, color corrections and
general distribution matching.

Abstract. Distribution matching is central to many vision and graphics
tasks, where the widely used Wasserstein distance is too costly to com-
pute for high-dimensional distributions. The Sliced Wasserstein Distance
(SWD) offers a scalable alternative, yet its Monte Carlo estimator suffers
from high variance, resulting in noisy gradients and slow convergence. We
introduce Reservoir SWD (ReSWD), which integrates Weighted Reser-
voir Sampling into SWD to adaptively retain informative projection
directions in optimization steps, resulting in stable gradients while re-
maining unbiased. Experiments on synthetic benchmarks and real-world
tasks such as color correction and diffusion guidance show that ReSWD
consistently outperforms standard SWD and other variance reduction
baselines. Project page with code: https://ReservoirSWD.github.io

https://ReservoirSWD.github.io
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1 Introduction

Distribution matching is a central problem in computer vision and graphics: from
classical tasks such as histogram matching to more nuanced applications such
as color grading (5; 16; 39; 41), texture alignment (12; 17), and the guidance of
generative models (26). Among the available metrics, the Wasserstein distance
has emerged as particularly powerful due to its ability to capture shifts between
distributions. However, the Wasserstein distance suffers from the curse of di-
mensionality and has a practical convergence rate scaled with the d-dimensional
distribution O

�
n�

1
d

�
, with n data points. This limits its direct use in many

iterative optimization settings.
The Sliced Wasserstein Distance (SWD) (5; 17; 39) offers a practical alter-

native by projecting distributions in random directions and averaging their 1-D
Wasserstein costs. This reduces the computational burden to a sequence of 1-D
sorting problems but introduces a new challenge: the expectation over projec-
tion directions is typically approximated via Monte Carlo (MC) sampling, which
suffers from high variance. Increasing the directions would result in the true ex-
pected value, but the complexity of SWD scales with the number of random
directions M as O

�
Mn log n

�
. Hence, the curse of dimensionality is introduced

again indirectly with the number of projections, which should increase with the
dimensionality of the data. In optimization scenarios, where such SWD metrics
are used as loss functions to optimize neural networks, this variance directly
results in noisy gradients and slower convergence.

A variety of variance reduction techniques have been explored for MC esti-
mators, but most remain underutilized in distribution matching objectives. In
this work, we draw inspiration from recent advances in rendering, particularly
the ReSTIR resampling framework (3), and adapt Weighted Reservoir Sampling
(WRS) (6; 11) to the SWD setting. The resulting estimator, which we term
Reservoir SWD (ReSWD), continuously reuses and reweighs the most infor-
mative projection directions throughout the optimization. Intuitively, ReSWD
preferentially retains those directions where the two distributions are most dis-
similar, thus concentrating computational effort on projections that produce
stronger and more stable gradients. This simple but effective modification sig-
nificantly reduces stochastic variance while preserving unbiasedness due to the
weighting of the WRS, leading to faster and more robust optimization.

We demonstrate the advantages of ReSWD on two real-world distribution
matching problems of color correction and color diffusion guidance, as shown in
Fig. 1, as well as synthetic general distribution matching problems, showing clear
improvements over the standard SWD and existing variance reduction baselines.

2 Related Work

Distribution Matching and Optimal Transport. Distribution matching
is the general task of aligning two distributions. A particularly effective way
of achieving this is with Optimal Transport (OT) by minimizing the cost of
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moving the probability mass, which is often performed using Wasserstein dis-
tances (37; 47). Entropic regularization accelerates OT through Sinkhorn itera-
tions (9), leading to scalable solvers and Sinkhorn divergences that interpolate
between OT and kernel Maximum Mean Discrepancies (MMD) (14). OT has
been widely applied to textures, color transfer, and barycenters (5; 39; 41).

To address high-dimensional costs, Sliced Wasserstein (SW) replaces cou-
plings with averages of 1-D transports. Early works introduced SW barycenters
and Radon/Projected variants that are fast and differentiable (5; 41). Exten-
sions include Max-SW, which selects the most contributing directions instead
of averaging over them (10), and several other techniques to improve efficiency
and optimization performance (22; 29; 31; 32; 33). SW has also been studied
through geometry and flows: gradient flows as generative dynamics with long-
time analysis (8; 46), intrinsic geometry of SW space (36), extensions to Car-
tan–Hadamard manifolds (4), and stereographic spherical SW for curved do-
mains (45). Recent work further reduces variance via quasi-Monte Carlo and
control variates (28; 30). In practice, SW is widely used as a loss in graph-
ics, vision, and generative modeling e.g ., for textures, patch statistics, and color
transfer due to stable gradients and favorable sample complexity (12; 17; 39; 49).

Our work ties into the work selecting the most contributing directions similar
to Max-SW but achieves this by building a reservoir of high contributing direc-
tions during the training. This improves efficiency, as we keep more directions in
optimization. It also ties in with the work on variance reduction while remain-
ing unbiased, as our technique is inspired by variance reduction techniques in
real-time path tracing (3).

Color Transfer and Correction. Classical color transfer methods framed re-
coloring as histogram or distribution matching across images, often using statis-
tical metrics or optimal transport (5; 39; 41). These techniques established the
foundation for perceptual color differences in imaging. More recently, multiscale
OT and Wasserstein-based metrics have been proposed as perceptually faithful
color difference measures (16).

With deep learning, style transfer methods enabled more expressive color
and appearance manipulation. CNN-based approaches introduced artistic and
photorealistic stylization (2; 7; 15; 19; 21; 24; 25; 27; 50), with adaptive instance
normalization and feature transforms widely adopted to control color and tone.
These methods evolved from hand-crafted global mappings to neural architec-
tures capable of spatially aware and semantically coherent color control.

With the advance of text-guided diffusion models (13; 44), additional mecha-
nisms to control the style such as LoRA (20), IP-Adapter (52), ControlNets (51)
are introduced. A recent work by Lobashev et al . (26) also demonstrated that
traditional constraints based on OT can be used during generation to enforce a
color distribution.

Our work can be used to enhance traditional color matching works with
improved efficiency and to enable more novel color-guided diffusion tasks.
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3 Method

In our setting, we only ever compare empirical discrete distributions, that is,
two sets of samples X = fx1; : : : ; xNg � Rd and Y = fy1; : : : ; yNg � Rd, drawn
from the underlying distributions X and Y.

3.1 Preliminaries

Wasserstein Distance. The Wasserstein p-distance measures differences be-
tween two empirical distributions. In the 1D case relevant to our setting, given
two sets of samples X and Y , the Wasserstein distance can be computed simply
by sorting both sets and comparing the corresponding order statistics:

Wp(X;Y ) =

 
1
n

nX
i=1

jxi � yijp
!1=p

; (1)

This efficient formulation has complexity O(n log n) due to sorting, in contrast
to the cubic complexity of the general d-dimensional case (5; 39; 41).
Sliced Wasserstein Distance (SWD). The Sliced Wasserstein Distance pro-
poses to stochastically approximate the true Wasserstein distance in multi-
dimensional distributions. It is defined as (12; 17; 39):

Sp(X;Y ) = E��U(Sd�1)

h
Wp(��X;��Y )

i
; (2)

where �� indicates the projection onto the unit-normal vector � (uniformly sam-
pled from Sd�1, the d-dimensional unit sphere Rd).

In practice, the expectation is often approximated via Monte Carlo (MC)
integration:

Sp(X;Y ) � wi
LX
i=1

Wp(��iX;��iY ): (3)

with random uniformly sampled directions �i and wi being the sampling weights,
i.e. wi = 1

L with uniform direction sampling. The resulting complexity is there-
fore O(Ln log n). The SWD is an unbiased estimate of the true Wasserstein
distance (17; 39). With modern frameworks such as PyTorch or Tensorflow, the
entire metric can be trivially implemented fully differentiable, which enables us-
age in optimization settings. However, due to the MC integration, SWD can lead
to noisy gradients, which we aim to solve with ReSWD.

3.2 Reservoir Sliced Wasserstein Distance (ReSWD)

Although SWD is highly efficient in the calculation at high dimensions, it still
suffers from high variance due to the MC integration from random directions.
Especially, when SWD is used as a loss during an optimization, this leads to
noisy gradients. In computer graphics, variance is often also an issue, especially
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Fig. 2: Overview. During the optimization we keep a reservoir of highly in�uential
directions. We use the Sliced Wasserstein Distance (SWD) as a proxy metric for the
reservoir update and the �nal optimization loss. Note that only directions in the reser-
voir in�uence the optimization to remain unbiased.

in real-time path tracing where MC integration is also usually employed. Inspired
by ReSTIR's resampled-importance-sampling(3), we incorporate the Weighted
Reservoir Sampling (WRS) mechanism into SWD. This allows the reuse of in-
formation between optimization steps, and hence faster convergence overall with
minimal performance penalties.

Weighted Reservoir Sampling is a family of algorithms that draw a �xed sub-
set from a weighted stream of candidates,i.e. directions, in a single pass (6; 11).
Suppose that we wish to maintain a reservoir ofK candidates while processing
a candidate pool ofK + M items, whereM denotes the number of newly drawn
candidates. Each candidate� j is associated with a non-negative weightwj , and
the goal is to select exactlyK survivors such that the marginal inclusion prob-
ability of each element is proportional to wj . This is achieved by assigning to
every candidate a random key (11)

kj = u
1=w j
j ; uj � U (0; 1); (4)

retaining the K elements with the smallest keys. The resulting selection is un-
biased: the expected inclusion probability of each element is proportional to its
weight, while the reservoir size remains �xed (11). In our context, WRS allows
e�cient reallocation of computational e�ort toward projections with higher con-
tribution to the optimization loss, while preserving Monte Carlo unbiasedness.

In Fig. 2, we present an overview of our proposed method. LetP be a pool
of K + M 1-D projection directions � � Sd� 1. For every � 2 P we compute the
1-D p-power Wasserstein cost

D (� ) = W p
�
� � �; � � �

�
(5)

Then each distance calculation performs the following steps.
Step 0: Time-decay reweighting. As SWD is most often used in optimization
scenarios, we introduce� as the time decay constant to place more emphasis on
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newer random directions to account for the shifting optimization �eld. Before
drawing new candidates, weage the stored reservoir weights:

~wi  wi exp
�
� (t � t i )=�

�
; ~ki  ki exp

�
� (t � t i )=�

�
; (6)

where t i is the step when� i entered the reservoir. This exponential decay (en-
abled when � > 0) steadily forgets stale projections so that the sampler adapts
to nonstationary optimization trajectories.
Step 1: Reservoir construction. At optimization step t we maintain a per-
sistent reservoir R t � 1 of K directions from the previous optimization step t � 1
and draw M new directions N t . The candidate set isPt = R t � 1 [ N t .
Step 2: Weighted reservoir sampling. Following Efraimidis & Spirakis (11)
we assign each� 2 P t a key k(� ) = u1=D ( � ) , u � U (0; 1) and keep theK largest
keys. This selects each� with probability q(� ) = D (� )P

� 02P t
D (� 0) , i.e. proportionally

to its contribution to the loss.
Step 3: Self-normalized weights. For the survivors f � i gK

i =1 we calculate the
loss with weights as:

bSp(�; � ) =
KX

i =1

1=q(� i )P
j 1=q(� j )

| {z }
w i

D(� i ); (7)

This loss can then be used in optimizations with a detached gradient calculation
for importance weights wi . This remains an unbiased MC estimate of E� [Wp],
while focusing on the computation on projections that highlight larger di�er-
ences.
Step 4: ESS-based reservoir reset. We monitor the e�ective sample size (3)
ESS = (

P
i wi )2=

P
i w 2

i and �ush the reservoir wheneverESS< �K (� =0 :5 in
all experiments), preventing weight collapse.
Handling unequal sample counts. If the sample sizes ofX and Y are not
equal, we repeat the shorter projection so that both 1-D arrays have the same
length before sorting. Repetitions are picked uniformly with replacement, fol-
lowing Elnekave et al. (12).
Complexity. The dominant cost is sorting n scalars for each of(K + M ) direc-
tions: O

�
(K + M ) n logn

�
. Key generation, ESS evaluation, and gradient accu-

mulation are O(K + M + d).
Algorithmic summary. The overview of the algorithm is shown in Algorithm
1.

3.3 Applications

We showcase our SWD modi�cations on two real-world applications.
Color Correction. Often in movie production two shots have to be matched in
terms of their color appearance. We tackle this approach by matching a source
image using a Color Decision List (CDL) (38) with a reference image. The source
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Algorithm 1 ReSWD estimator (per optimisation step)

Require: batches f xn gN �
n =1 , f ym gN �

m =1 , reservoir R t � 1 , hyper-params K; M; p; �; �
1: for (� i ; wi ; ki ; t i ) 2 R t � 1 do . Step 0: Time-decay
2: wi  wi exp

�
� (t � t i )=�

�

3: ki  ki exp
�
� (t � t i )=�

�

4: end for
5: N t  DrawDirections (M; d ) . Step 1: Reservoir Construction
6: x̂; ŷ  DuplicateSamples (xn ; ym ) . See �Handling unequal sample counts�
7: for � 2 N t do . Step 2: Reservoir Sampling
8: D (� )  Wp (� � x̂; � � ŷ)
9: kt (� )  u1=D ( � ) ; u �U (0; 1)

10: end for
11: k(� )  Rt � 1 [k] [ kt (� ) . Join reservoir with new keys
12: R t  R t � 1 [� ] [ N t . Join reservoir with new directions
13: R t  K directions with largest k(� )
14: compute q(� ), weights wi , and cWp via Eq. (7) . Step 3: Self normalizing weights
15: if ESS < �K then return cWp ; ? . Step 4: ESS-Reset
16: else return cWp ; R t

17: end if

image x is �rst passed through a di�erentiable CDL implementation, applying
the slope s, o�set o, power p and � saturation adjustments according to x0 =
S
�
(s � x + o)p; �

�
. The saturation is de�ned as S(x; � ) = L( x) + �

�
x � L(x)

�
and

L(x) = 0 :2126x r + 0 :7152xg + 0 :0722xb, where r; g; b de�ne the color channels.
The source and reference are then converted to the CIELAB space. We found
that this space improves the color accuracy, which is consistent with a recent
paper proposing a perceptual color metric (16). As we perform the matching
on a pixel level, we �nd that lower resolutions result in faster matching speeds
with similar performance. Thus, we leverage a resolution of128 in the maximum
dimension. Within 150 steps, the CDL parameters are optimized and can be
applied to the full-res image or even a video clip.

Di�usion Guidance. Lobashevet al. (26) proposed to incorporate SWD guid-
ance in di�usion models to shift the �nal generation towards a certain color
distribution. The main concept is to optimize a small o�set on top of the cur-
rent latents with i SWD steps in each di�usion step. Here, we use the predicted
x0 in each step and decode it using the VAE decoder. This prediction is then
matched with the reference image. We apply this approach to the more recent
�ow matching model SD3.5 (1). This required several modi�cations. Lobashev
et al. (26) calculated the full gradient from the input, through the VAE and the
U-net. With the increased complexity of larger transformer models, we opted
to employ a gradient stop after the backbone similar to SDS (40). Hence, we
only backpropagate through the VAE decoder. Similarly to our color-correction
approach, we also opted to perform the matching in the CIELAB space. In ad-
dition, we replace the simple gradient descent of Lobashevet al. (26) with an
Adam optimizer. With these changes, we use a learning rate of3e� 3 and a total



8 M. Boss et al.

of 6 steps for 95% of the total denoising steps. We do not reset the reservoir
after each denoising step, but twice during the generation, as we only perform
6 SWD steps, which would not su�ce to build a reservoir. This general method
can then be applied to medium, large, and large-turbo SD3.5 models using the
recommended CFG and step counts.

4 Results

We perform synthetic as well as real-world tests with ReSWD and study the
in�uence of our main hyperparameter, the number of fresh candidates in each
optimization step.

Table 1: Comparison on 1D distribution
matching. Mean-W1 over 1000 distribution
matches for various methods alongside the re-
spective running time. Here, we can see that ours
provides the best performance with a compara-
tively low run-time cost.

Method Mean-W 1 [103 ] # � [103 ] 95% CI [103 ] Grad SNR " Time [ms] #

SWD 0.733 0.050 � 0.003 0.215 1.03
(30) (LCV) 0.735 0.044 � 0.003 0.218 1.81
(30) (UCV) 0.726 0.045 � 0.003 0.200 2.19
(10) (Max-SW) 29.152 38.278 � 2.373 0.0497 1.13
(29) (IS-EBSW-e) 0.698 0.075 � 0.005 0.2291 1.42
(28) (QMC) 0.670 0.043 � 0.003 0.208 1.38
ReSWD 0.622 0.075 � 0.005 0.278 1.92

ReSWD + QMC 0.610 0.076 � 0.005 0.274 2.10

Table 2: In�uence of fresh can-
didates. With a �xed budget of 64
projections, we analyze the in�u-
ence of the fresh candidates.

# Candidates Mean-W 1 [103 ] # � [103 ] 95% CI [103 ] Time [ms] #

2 0.721 0.257 � 0.016 1.99
4 0.673 0.151 � 0.009 1.96
8 0.622 0.075 � 0.005 1.92

16 0.746 0.122 � 0.008 1.91
32 1.192 1.283 � 0.080 1.98
48 2.122 3.280 � 0.203 1.93
56 3.811 3.317 � 0.206 1.85
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Fig. 3: True Wasserstein metric over
steps. The e�ect of reservoir warmup
is clear when comparing ReSWD with
the true Wasserstein distance during op-
timization. Initially, ReSWD performs
slightly worse due to lower projections in
the loss, but can outperform SWD in the
end.
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Fig. 4: Pearson correlation with
the true Wasserstein Distance. Our
method achieves a high correlation with
the true Wasserstein loss, while improving
upon pure SWD (See Fig. 3). This indi-
cates the unbiased nature of our proposed
method.
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General Distribution Matching. For a general test of our proposed method
we create 1000d = 3 distribution pairs (normal, uniform, bimodal normal) and
align them based on 1024 samples in 300 steps. All methods leverage 64 projec-
tions. In Table 1, our method clearly outperforms previous SWD techniques with
a slight additional performance cost. To evaluate the optimization behavior of
our method, we measure the gradient signal-to-noise ratio (SNR) by taking the
mean gradient as the signal and the standard deviation as the noise. A higher
value here indicates that the method provides more stable gradients. Addition-
ally, we calculate the mean W1 true Wasserstein score for each dimension in
each step. This allows us to plot the convergence behavior of our method in
Fig. 3. Here, it is evident that pure SWD and our ReSTIR-based modi�cation
have a similar trajectory, but building the reservoir initially results in slightly
slower trajectory, which produces better results after roughly 140 steps. This
also allows us to investigate the correlation between our proposed loss and the
true Wasserstein distance. We also investigate the combination of ReSWD with
QMC in Table 1 and observe an additional performance improvement with min-
imal additional overhead. In Fig. 4, our method achieves a high correlation with
the true loss, indicating the unbiased nature of our method.
Color Matching. To evaluate the color matching based on our di�erentiable
color correction pipeline, we created a dataset of 10 scenes with two di�erent
illumination settings each. For each setting, we also take a photo using a cali-
bration color chart. We match the illumination pairs and compute the following
metrics from the color checker data extracted from the additional image pairs:
Color data PSNR and RMSE (between adjusted and ground truth color checker
images), transform error, i.e. deviation from an identity transform between tar-
get and adjusted colors as RMSE, as well as an adapted CTQM metric (35)
describing the overall color transfer quality. We select Reinhardet al. (43) and
Nguyen et al. (34) as conventional baselines, Yooet al. (50), Ho et al. (18)
and Larchenko et al. (23) as neural network based comparisons, as well as our
proposed method but without the addition of ReSWD. Table 3 shows that our
approach achieves the lowest transform error in a competitive runtime. In Fig. 5,
we present the visual comparison between the methods. It is also evident that
our method outperforms the existing baseline in qualitative results as well. Addi-
tionally, it is worth pointing out that our results using a parametric model also
o�er real-world advantages because of better pipeline integration and further
manual edits being possible.
Di�usion Guidance. We select Lobashevet al. (26) as our main comparison.
Furthermore, we also implemented our modi�cations to the matching in the
SDXL model to compare our alterations with the baseline, which is based on
SDXL. This delineates the in�uence of the improved SD3.5 model from our
matching and alterations. For evaluations, we follow Lobashevet al. and select
1000 prompts from the ContraStyles dataset1 and 1000 images from Unsplash
Lite 2. We provide the W2 Wasserstein distance, CLIP-IQA (48) and CLIP-T (42)

1 https://huggingface.co/datasets/tomg-group-umd/ContraStyles
2 https://unsplash.com/data




	ReSWD: ReSTIR‘d, not shaken. Combining Reservoir Sampling and Sliced Wasserstein Distance for Variance Reduction

