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ABSTRACT

Since the introduction of Wasserstein GANs, there has been considerable debate
whether they should be viewed as minimizing the Wasserstein distance between
the distributions of the training images and the generated images. In particular,
several recent works have shown that minimizing this Wasserstein distance leads
to blurry images that are of much lower quality than those generated by commonly
used WGANs.
In this paper we present theoretical and experimental results that suggest that with
commonly used parameter settings, WGANs do minimize the Wasserstein dis-
tance but the form of the distance that is minimized depends highly on the dis-
criminator architecture. We focus on discrete generators for which the Wasser-
stein distance between the generator distribution and the training distribution can
be computed exactly and show that when the discriminator is fully connected,
standard WGANs indeed minimize the Wasserstein distance between the gener-
ated images and the training images, while when the discriminator is convolu-
tional they minimize the Wasserstein distance between patches in the generated
images and the training images. Our experiments indicate that minimizing the
patch Wasserstein metric yields sharp and realistic samples for the same datasets
in which minimizing the image Wasserstein distance yields blurry and low quality
samples. Our results also suggest alternative methods that directly optimize the
patch Wasserstein distance without a discriminator and/or a generator.

1 INTRODUCTION

In a seminal paper, Arjovsky et al. (2017) showed the relationship between generative adversarial
networks (GANs) and the Wasserstein distance between two distributions. They argued that when
the data lies on a low dimensional manifold, the Wasserstein distance is a more sensible optimization
criterion compared to the KL divergence and showed that the Wasserstein distance can be approxi-
mately optimized using an adversarial game between two neural networks: a generator network and
a critic network. The key difference between their method, Wasserstein GAN (WGAN), and previ-
ous GANs is that the critic is regularized to be 1-Lipshitz, and a great deal of subsequent research
has focused on improved regularization techniques Gulrajani et al. (2017); Miyato et al. (2018); Anil
et al. (2019). WGANs have been used in many applications and can give excellent sample quality
on different challenging image datasets Radford et al. (2015); Isola et al. (2017); Brock et al. (2018);
Karras et al. (2020); Sauer et al. (2022); Pan et al. (2023).

In recent years, however, the connection between the success of GANs and the Wasserstein distance
has been questioned Stanczuk et al. (2021); Fedus et al. (2018); Mallasto et al. (2019); Korotin et al.
(2022). A first criticism is the extent to which WGANs indeed minimize the Wasserstein distance
(W1). Several authors have shown that the approximating W1 using WGANs can yield a poor
approximation and that when the approximation quality is improved, the quality of the generated
images actually decreases Mallasto et al. (2019). A second criticism is whether minimizing the
Wasserstein distance between two distributions is a sensible optimization criterion for generative
models of images. Figure 1 is a reproduction of a figure from Stanczuk et al. (2021) showing that a
mini batch of blurred images (Kmeans of the data) is closer to the entire dataset than a batch of real
images in terms of Wasserstein distance. This suggests that even if we improved how well GANs
approximate the Wasserstein distance, we would only decrease the quality of the generated images.
This had lead to an alternative view whereby “GANs succeed because they fail to approximate the
Wasserstein distance” Stanczuk et al. (2021) and that GANs should not be seen as minimizing a loss
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function Goodfellow et al. (2020); Fedus et al. (2017). Many recent papers had completely deserted
the distribution matching approach focusing on analyzing the adversarial game and its equilibrium
Sidheekh et al. (2021); Farnia & Ozdaglar (2020); Schäfer et al. (2019); Qin et al. (2020).

While results such as those shown in figure 1 are certainly compelling (see Appendix A for more
details), we believe that they are not sufficient to conclude that “GANs succeed because they fail to
approximate the Wasserstein distance”. First, these results are based on computing the Wasserstein
distance between batches and not the Wasserstein distance between distributions. Computing the
distance between small batches may not give a good estimate of the distance between the distribu-
tions. Second, given that GAN training is not solving a convex optimizatoin problem, it is hard to
draw conclusions from the solution obtained in a particular run of training GANs. One can imagine
that a particular run converged to a local minimum of the Wasserstein distance but another run will
give a better loss.

Figure 1: A recreation of Figure 10 in Stanczuk et al. (2021). 3 minibatches of 64 images are
compared to the same batch of 10000 real images. Left: a minibatch of real images. Middle a batch
of repeated means of the data. Right: 64-means of the data. The two blurred batches give better
Wasserstein distance than samples from the training set.

In this paper we present theoretical and experimental results that suggest that with the appropri-
ate parameter settings, WGANs do minimize the Wasserstein distance but the form of the distance
that is minimized depends highly on the discriminator architecture. We focus on discrete genera-
tors for which the Wasserstein distance between the generator distribution and the training distri-
bution can be computed exactly and show that when the discriminator is fully connected, standard
WGANs indeed minimize the Wasserstein distance between the generated images and the train-
ing images, while when the discriminator is convolutional they minimize the Wasserstein distance
between patches in the generated images and the training images. Our experiments indicate that
minimizing the patch Wasserstein metric yields sharp and realistic samples for the same datasets in
which minimizing the image Wasserstein distance yields blurry and low quality samples. Our re-
sults also suggest alternative methods that directly optimize the patch Wasserstein distance without
a discriminator and/or a generator.

2 THE DISCRETE WASSERSTEIN PROBLEM

We start by reviewing the connection between Wasserstein distance and WGANs. The Wasserstein
distance W (P;Q) between two distributions is defined as:

W (P;Q) = inf

2�(P;Q)

Ex;y�
kx� yk (1)

where �(P;Q) denotes the set of joint distributions whose marginal probabilities are P;Q. The
connection to GANs is more evident in the dual form:

W (P;Q) = max
f2F1

EP (f)� EQ(f) (2)

where F1 is the class of 1-Lipschitz bounded functions. Thus if we denote by P the distribution over
images defined by the generator andQ the training distribution, the minimization ofW (P;Q) can be
performed using an adversarial game in which the the generator attempts to decreaseEP (f)�EQ(f)
and the discriminator, or critic, attempts to increase EP (f)� EQ(f) where f is the discriminator.
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WhenP; Q are continuous distributions in high dimensions, neither the primal nor the dual form can
be computed exactly. This dif�culty of exact computation makes it dif�cult to say whether WGANs
indeed minimize the Wasserstein distance. One option is to look at small batches of images from
P andQ and compute the average distance between such batches (see �gure 1 for an example).
However, as we show in appendix A (see also Bellemare et al. (2017)), the results may be quite
different depending on the size of the batch.

In order to enable exact computation ofW (P; Q) we focus on the case where bothP andQ are
discrete distributions. In GAN training, the training setQ is always discrete since it consists ofN
training examples. We can also forceP to be discrete by �rst samplingM �xed latent vectorszi
from a standard normal distribution and then de�ning the following generative model.

• Samplei from a uniform distribution over1; � � � M .

• x = f � (zi ).

Wheref � (z) is a standard generator as is used in all GANs. The only difference between this
generative model, which we call ”discrete GAN” is that the latent vectorz can take on at mostM
possible values. Thus we can write the generated distributionP asP = f x j gM

j =1 with x j = f � (zj )
and the training distribution isQ = f yi gN

i =1 . Then:

W (P; Q) =
X

i;j

� ij kyi � x j k (3)

with � ij a M � N matrix that can be computed using optimal transport in time that is polynomial
in M andN . In our expereimtnts we used the POT package Flamary et al. (2021).

Not only does the discrete setting allow us to computeW (P; Q) exactly it also yields a simple
algorithm for minimizingW (P; Q), which we call “OT-Means”.

Algorithm (OT-Means) .

• Given f x j g set� to be the optimal transport matrix betwenf x j gM
j =1 and the training set

f yi gN
i =1

• Given� minimize:

x j = arg min
X

i

� ij kyi � x j k (4)

This minimization is the geometric median problem and can be performed using iteratively
reweighted least squares. Weiszfeld (1937)

It is easy to show that this algorithm decreasesW (P; Q) at each iteration and it also allows us to
characterize the optimal solution.

Theorem 1: Given a training setP = f yi gN
i =1 , the set ofM vectorsQ = f x j gM

j =1 that minimize
W (P; Q) is obtained when each generated sample is a linear combination of at leastN=M training
samples. WhenN = M then the optimal solution is simplyx j = yi .

Proof sketch: This follows from the fact that the OT means is guaranteed to decreaseW (P; Q) so
that the global optimum must be a �xed-point of the algorithm and hence also be a �xed point of
the iteratively reweighted least squares algorithm which means that it is a linear combination of the
training images. (see B for more details)

To illustrate Theorem 1, we show in �gure 2 (second column) the (locally) optimal solution to
W (P; Q) computed using OT-means for three datasets withM = 64 The datasets are a toy dataset
of squares at different locations, MNIST and FFHQ Karras et al. (2019). In all three casesN >> M
so that theorem 1 implies that the optimal solution is obtained when each generated sample is a
combination of many training examples, and as expected the optimal solution generates blurred,
unrealistic samples. These results agree with previously published Stanczuk et al. (2021) but here
we can characterize the minimum and show that the optimal solution for the full Wasserstein distance
should produce blurred images.
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Figure 2: A comparison of OTmeans and a discreteWGAN with FC discriminator. Both generate
exactly 64 images. The �rst three columns show 16 samples from the train data and the two learned
models. The right column shows the Image-level W1 distance throughout the learning process. The
distance between a batch of real samples and the dataset is added for reference in red.

2.1 WGANS WITH FULLY CONNECTEDDISCRIMINATOR MINIMIZE THE WASSERSTEIN
DISTANCE

The third column of �gure 2 shows the result of running a discrete WGAN on the three datasets.
The generator is a fully connected neural network with 1 layer with 128 hidden units, and the latent
vectorz is chosen from one ofM = 64 possible random vectors. The discriminator is also a fully
connected neural network with 1 layer with 1024 hidden units. As is common in WGAN training we
do not train the discriminator until convergence but rather do a single update after each mini-batch
and use the gradient penalty to regularize the generator.

As can be seen in the �gure, in all three datasets, the WGAN consistently decreases the Wasserstein
distance during training and converges to a value that is close to the (locally) optimal solution found
by OT-means. Not only are the losses obtained by WGAN and OT-means similar, the results are
visually similar: both the optimal solution and the WGAN solutions are blurred.

Figure 9 in appendix C shows the result of the discrete WGAN whenM = N . In this case, the
global optimum of the Wasserstein is to copy the training examples which would give a loss of zero.
As can be seen in the �gure, the WGAN indeed copies the examples (even though the generator
never sees the training examples directly) and obtains a loss that is close to zero.

To summarize our results so far, we �nd that when the discriminator is fully connected neural net-
work, WGANsdominimize the Wasserstein distance for highly different datasets even when we use
the standard training procedure in which the discriminator is not trained until convergence. We have
also shown that for a discrete generator withM << N the optimal solution in terms of Wasser-
stein distance will generate blurred images. How then do we explain the fact that WGANS used in
practice do not generate blurred images?

3 WGANS WITH A CNN-GAP DISCRIMINATOR MINIMIZE THE PATCH

WASSERSTEINDISTANCE

WGANs used in practice do not use a fully connected discriminator. Rather, the overwhelming
majority of them use a CNN architecture for the discriminator, similar to the architecture that is
used for visual recognition. We now ask, how does this choice of architecture effect the relationship
between WGANs and the Wasserstein distance?
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We �rst focus on a CNN architecture in which the penultimate layer performs global average pool-
ing. In such architectures, which we call CNN-GAP, a series of convolutions overC channels is
performed to produceC spatial maps. Each spatial map is then averaged to produce a vector of
lengthC and the output of the network is a linear function of this vector. An example of a CNN-
GAP architecture is the popular ResNet He et al. (2016) architecture that for many years was the
standard CNN used for visual recognition and has also been used in many successful GANs Miyato
et al. (2018); Brock et al. (2018); Sauer et al. (2021). For such an architecture, we can show that
WGANs approximate the Wasserstein distance between patches, not images.

Theorem 2: Consider training a WGAN where the critic is a CNN which performs global aver-
age pooling in the penultimate layer and the size of the receptive �eld of units in the layer before
the global average pool isS. Then WGAN training is approximately minimizing the Wasserstein
distance betweenS � S patches in the generated images and the training images.

Proof: We can write the output of the critic for an input x as:

f (x) =
CX

c=1

wc
1
J

X

i

f c(Pi x) (5)

wherePi x extracts thei th patch in imagex, C is the number of channels,wc are the weights in the
�nal layer, andJ is the number of patches.

We can de�ne a patch critic,g(x) as the functiong(x) =
P

c wcf c(x) wherex is a patch. Then we
can rewrite the image critic,f (x) as:

f (x) =
1
J

X

i

g(Pi x) (6)

By the linearity of the expectationEP (f ) is equal toE ~P (g) and likewiseEQ (f ) = E ~Q (g) where
~P ; ~Q is the distribution over patches in the generated images and the training set. This means that:

max
f 2 GAP

EP (f ) � EQ (f ) = max
g2 G

E ~P (g) � E ~Q (g) (7)

whereGAP is the class of functions that can be implemented by a CNN-GAP architecture andG
is the class of functions that operate onS � S patches and can be implemented by the units in the
layer before the GAP.

The term ”approximately minimizing” in the theorem statement is the same as in the original proof
of WGANs. For the WGAN training approximation to be exact, the discriminator needs to be trained
until convergence and the gradient penalty regularization should be equivalent to constraining the
generator to be 1-Lipshitz. In practice, neither of these conditions hold. Nevertheless, we �nd that
when the standard WGAN training protocol is employed, WGANs with a CNN-GAP discriminator
indeed minimize the patch Wasserstein distance. The Middle images column of �gure 3 shows the
result of training a discrete WGAN with a CNN-GAP discriminator on the three datasets. We used
3 convolution layers with 64 channels, kernel size of 3 and stride 2 followed by a GAP and a linear
unit. Therefore its receptive �eld size is 15. We used exactly the same generator as in �gure 2
(replotted here in the leftmost column) and exactly the same training protocol. The only difference
is the architecture of the discriminator and this yields a dramatic change in the generated images.
For the Fully-Connected architecture the generated images preserve the global structure but not the
local statistics, while for the CNN-GAP discriminator the generated images are sharp and preserve
local structure but not the global one.

Even when the generator is discrete, the Wasserstein distance between all16 � 16 patches in the
generated images and the training set is too expensive to compute. As a cheaper proxy, we compute
the sliced Wasserstein Distance (SWD)Pitie et al. (2005); Rabin et al. (2011); Bonneel et al. (2015);
Kolouri et al. (2018); Deshpande et al. (2018); Elnekave & Weiss (2022) between the sets of patches.
Given a candidate set of imagesf x j g, we extract all patches from this set and all patches from
the training imagesf yi g and measure the SWD between the two sets of patches. We can also
approximate the optimal solution to the Patch-Wasserstein problem by optimizing the SWD with
respect to the imagesf x j g using gradient descent. As shown in the third column of �gure 3, the
results of direct optimization are visually similar to what is found by a WGAN with a CNN-GAP
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Figure 3: Training the same FC generator with different discriminator architecture gives a dramatic
change in the generated images. Fully connected discriminator (left column, replotted from �gure 2
yields blurred images. CNN-GAP discriminator (second column) gives sharp images but without
global structure similar to directly minimizing the patch Wasserstein distance (third column). The
SWD loss over patches (right column) is decreased during training with a convolutional architecture
and approaches the loss of direct minimization.

discriminator: the generated samples preserve the local statistics but not the global ones. As shown
in �gure 3 the patch SWD distance decreases steadily during training of the WGANs with a CNN-
GAP discriminator and approaches the result of directly optimizing it.

4 PATCH WASSERSTEIN VS. IMAGE WASSERSTEIN

Theorem 2 shows that when WGAN is trained with a convolutional discriminator, the WGAN gen-
erator is approximately minimizing the Patch Wasserstein metric rather than the image Wasserstein
metric. But is there any theoretical reason to prefer minimizing the Patch Wasserstein rather than
the image Wasserstein? The following theorem shows that the situation of �gure 1, where the image
Wasserstein distance prefers blurred samples over a batch from the training set, does not occur when
we use patch Wasserstein with small patches.

Theorem 3: Suppose that the distribution over patches has �nite support (i.e. there are at mostK
possible patches in the training distribution). Suppose thatM < N and that the number of patches
in the generatedM images is much larger thanK . Then a sample ofM images from the test set will
be closer in terms ofpatch Wassersteindistance to the training set ofN images than almost anyM
images that are a linear combination ofN=M training examples.

Proof: Since the number of patches is large in theM generated images and in the training set, and
they come from the same distribution, then the Wasserstein distance over patches will be close to
zero. On the other hand, when we take linear combination ofM=N different images we will almost
always create additional patches that are not one of theK possible patches in the distribution.

A trivial example where the assumptions of theorem 3 hold is the square dataset. Since each pixel in
the distribution can only take on the values of 0 or 1, a3 � 3 patch can take on at most 512 possible
values (the actual number is actually much smaller). When we compare a sample of 64 images from
the test set to the training set, then both patch distributions have at most 512 possible values and
will have similar distributions over these 512 possibilities. In contrast, when we take the result of
OT-means for this dataset, the patch distribution includes additional patches (with non binary pixel
values) that do not occur in the training distribution. Thus patch Wasserstein will prefer a sample
from the test set over the results of OT-means.
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To test whether these assumptions also hold for more complicated distributions such as MNIST and
FFHQ we repeated the experiments of �gure 1 for the three datasets: squares, MNIST and FFHQ
and compared the Wasserstein distance between64 images from the test set and the full training set
to the Wasserstein distance between64 centroids of OT-means and the full training set. The result
of these experiment is shown in the bar plot in Figure 4. In all three cases, the patch Wasserstein
distance preferred the64 images from the training set while the image W1 preferred the blurred
centroids.

Figure 4: Comparing image and patch level Wasserstein distances. According to the image Wasser-
stein distance, a batch of blurred centroids is closer to the training disribution than a batch of the
same size from the test set. With patch Wasserstein this is no longer the case.

However, as shown in the right image column in �gure 3, simply optimizing the patch Wasserstein
distance can yield images that have the correct patches but in the wrong location (e.g. eyes in
the bottom of the image). This is not what we see with commonly used GANs that use a CNN
discriminator but do not use GAP.

5 WGANS WITH A CNN DISCRIMINATOR MINIMIZE THE

LOCATION-SPECIFIC PATCHWASSERSTEINDISTANCE

We now focus on a CNN architecture without global average pooling. We show that it minimizes a
location-speci�c Wasserstein distance over patches.

Theorem 4: Consider training a WGAN where the critic is a CNN without a GAP and the size of
the receptive �eld of units in the layer last linear layer isS. Then WGAN training is optimizing an
upper bound on all location-speci�c Wasserstein distances betweenS � S patches in the generated
images and the training images.

Proof: We can write the output of the critic for an input x as:

f (x) =
X

c

X

i

wic f c(Pi x) (8)

wherePi x extracts thei th patch in imagex, C is the number of channels andwic the weights in the
�nal layer.

Now de�ne the function classCNN as all functions that can be implemented using equation 8 and
the classCNN i as the set of functions that can be implemented by equation 8 whenwjc = 0 for all
j 6= i .

max
f 2 CNN

EP (f ) � EQ (f ) � max
f 2 CNN i

EP (f ) � EQ (f ) (9)

and by the same linearity of expectation as before:

max
f 2 CNN i

EP (f ) � EQ (f ) = max
gi 2 G

E ~P (gi ) � E ~Q( gi ) (10)

where againgi (x) is a critic for thei th patch:gi (x) =
P

c wic f c(Pi x). Equation 10 is the Wasser-
stein distance between the distribution of thei th patch in the true images and the distribution of the
i th patch in the fake images. Thus training a WGAN with a CNN discriminator minimizes an upper
bound over all location-speci�c patch Wasserstein distances.
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Figure 5: Changing the architecture of the �nal layer in the CNN discriminator causes a dramatic
change in the generated images. When that layer has global average pooling followed by a linear
function (CNN-GAP) local statistics are preserved but the location of features is not (e.g. eyes in the
bottom of a face). When the �nal layer is fully-connected the location is preserved. The loss plots
in the bottom show both CNN discriminators minimize the patch distribution distance to the train
patches only the CNN-FC minimizes the location speci�c patch SWD to the training patches.

Figure 5 shows the results of training a discrete WGAN with two different CNN discriminator on
the three datasets. The only difference between these results is the �nal layer in the discriminator:
GAP followed by a linear layer (CNN-GAP) vs a single linear layer (CNN-FC). As predicted by
theorems 2 and 4, the images are very different. In both CNN-GAP and CNN-FC the images are
sharp but only in the CNN-FC the patch distributions that are being optimized are location-speci�c
so that patches in the generated images appear in the correct location (e.g. there are no eyes in the
bottom).

While CNN-FC discriminator cause the generated images to preserve the locaton of features, the
images donot maintain the global structure. This is most evident in the squares dataset. While
the location speci�c patch distribution is approximately preserved, the global structure is not (even
though the training images always include exactly one square, some generated images have many
squares and other none). Similarly, in the FFHQ results, while eyes always appear in the correct
location, the symmetry of faces isnot preserved and the two eyes in a generated face may be quite
different (best seen by zooming in on �gure 5). This is an inherent problem with using a fully
convolutional architecture followed by a linear layer in the end. Such an architecture can only
reweight the outputs of the convolutional layers and so cannot learn global structure that is much
larger than the receptive �eld size. A fully-connected architecture, on the other hand, can learn
global structure, but using it as a discriminator makes the WGAN minimize the image Wasserstein
and hence produce blurred images.

The preceding discussion illustrates the challenge of choosing the correct discriminator for a given
dataset. If the discriminator is fully-connected, global structure is preserved but local statistics are
not. If the discriminator is convolutional with a receptive �eld that is too small, local statistics are
preserved but global structure is not. As an alternative to a careful choice of discriminator architec-
ture, one can simply choose to optimizemultipleWasserstein distances at different scales. Figure 6
shows one such algorithm. We start by running OT-means to optimize image level Wasserstein and
then switch to optimizing SWD on patches. The results preserve both global structure and local
statistics. See more details in appendix D.

6 LIMITATIONS AND EXTENSIONS

The main limitation of our analysis and our experiments is that there is a large gap between the
GANs that we analyze and state-of-the-art GANs. There are many ”tricks of the trade” that are
important to get state-of-the-art image samples, including the choice of generator, working with
pre-trained representations and different regularization techniques Sauer et al. (2022). Our focus
here was on relatively simple GANs that still capture the essence of WGAN training and can show
the strong effect of the discriminator architecture on the metric that is being optimized.
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Figure 6: Results of direct patch SWD minimization in mulitple scales on the three datasets used
throughout this paper. This generates novel samples that preserve both global structure and local
statistics.

Another simpli�cation that we made in the theory and the experiments is that of the discrete GAN.
Clearly, without some form of capacity control on the generator, the minimal Wasserstein distance
solution is to simply copy the training examples. We have found that with standard continuous
WGANs that are trained with small training sets, over�tting does actually occur but as the size of
the training set increases the WGANs no longer over�t. This suggests that even when the latent
vector is continuous, WGANs have some implicit form of capacity control rather than the explicit
form that we assumed in the paper.

Finally, our theoretical analysis in theorems 2 and 4 ignore all architectural constraints of the CNN
except for the size of the receptive �eld in the �nal convolutional layer. Just as our theorems show
that the speci�c form of the layers used in the last layers make a big difference in terms of the
distance being minimized, there may also be an additional effect of the initial layers. In particular,
the de�nition of the ”receptive �eld” of a unit can be subtle. While methods such as ResNet have a
theoretical receptive �eld that is almost the size of the full image, empirically it has been shown that
the receptive �eld is much smaller (e.g. approximately 15% of the image size, according to Brendel
& Bethge (2019)).

7 DISCUSSION

With the appropriate parameter settings, modern GANs can generate remarkably realistic images
and yet the question of why they are so successful in some settings and not in other is still unsolved.
The Wasserstein distance between distributions is a well-studied, principled way of comparing dis-
tributions and this is perhaps what makes the the link between WGANs and Wasserstein distances
so intriguing. In recent years, two main arguments have been made against the connection between
Wasserstein distance and successful GANs: (1) GANs do a poor job of approximating the distance
and (2) minimizing this distance will lead to images of poor quality. In this paper we have attempted
to address both arguments. We have shown theoretical and experimental evidence that WGANs do
indeed optimize Wasserstein distances but the exact form of the distance being optimized depends
on the architecture of the discriminator. When the discriminator is fully connected, WGANs mini-
mize the image Wasserstein distance and produce images that are blurred. When the discriminator
is a CNN with GAP, WGANs minimize the patch Wasserstein distance and produce images that are
sharp but do not preserve the location of features. Finally, when the discriminator is a CNN with a
�nal layer that is linear in channels and location, WGANs minimize an upper bound over location
speci�c patch Wasserstein distances and produce images that are both sharp and preserve feature
location.

Regardless of WGANs our results also indicate that minimizing the Wasserstein distance between
patch distributions is a sensible optimization criterion that can lead to sharp, realistic samples. We
hope that our paper motivates further research into �nding good algorithms to optimize this dis-
tance.
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8 REPRODUCIBILITY STATEMENT

We submit as part of the supplementary material a zip file containing the code we used for all the
experiment in this paper. The code is written in python and a README.md file in the main directory
explains how to use it as well as how to produce each and every of the paper’s figures. The zip
also contains instructions about preparing the data for these experiments. We highly encourage the
interested reader to try out the code and see how different parameters affect the experiments results.
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Nathalie T.H. Gayraud, Hicham Janati, Alain Rakotomamonjy, Ievgen Redko, Antoine Rolet,
Antony Schutz, Vivien Seguy, Danica J. Sutherland, Romain Tavenard, Alexander Tong, and
Titouan Vayer. Pot: Python optimal transport. Journal of Machine Learning Research, 22(78):
1–8, 2021. URL http://jmlr.org/papers/v22/20-451.html.

Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, and Yoshua Bengio. Generative adversarial networks. Communications of the
ACM, 63(11):139–144, 2020.

10



Under review as a conference paper at ICLR 2024

Ishaan Gulrajani, Faruk Ahmed, Martin Arjovsky, Vincent Dumoulin, and Aaron C Courville. Im-
proved training of wasserstein gans. Advances in neural information processing systems, 30,
2017.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recog-
nition. In Proceedings of the IEEE conference on computer vision and pattern recognition, pp.
770–778, 2016.

Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, and Alexei A Efros. Image-to-image translation with
conditional adversarial networks. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pp. 1125–1134, 2017.

Tero Karras, Samuli Laine, and Timo Aila. A style-based generator architecture for generative
adversarial networks. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition, pp. 4401–4410, 2019.

Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten, Jaakko Lehtinen, and Timo Aila. Analyz-
ing and improving the image quality of stylegan. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 8110–8119, 2020.

Soheil Kolouri, Phillip E Pope, Charles E Martin, and Gustavo K Rohde. Sliced-wasserstein autoen-
coder: An embarrassingly simple generative model. arXiv preprint arXiv:1804.01947, 2018.

Alexander Korotin, Alexander Kolesov, and Evgeny Burnaev. Kantorovich strikes back! wasserstein
gans are not optimal transport? Advances in Neural Information Processing Systems, 35:13933–
13946, 2022.
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