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Abstract Joint distribution matching problem is one of the research hotspots in the field of machine learning
and computer vision. This problem, which aims to learn bidirectional mappings to match joint distributions of
two different domains, has two critical challenges: First, it is very difficult to exploit sufficient correlation
information from the joint distributions of two different domains. In the unsupervised learning setting, there are
two sets of samples drawn separately from two marginal distributions in two different domains. Based on the
coupling theory, there exist an infinite set of joint distributions given two marginal distributions, and thus infinite
bidirectional mappings between two different domains may exist. Therefore, directly learning the joint
distributions without additional information between the marginal distributions is a highly ill-posed problem;
Second, the joint distribution matching problem is hard to formulate and effectively optimize. One can directly
apply some statistics divergence (e.g., Wasserstein distance) to measure the divergence of joint distributions.
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Wasserstein distance is a measure in the optimal transport theory, which has been successfully applied in
computer vision applications. However, directly optimizing the primal problem of Wasserstein distance may
result in intractable computational cost and statistical difficulties. Recently, many studies have been proposed to
address the joint distribution matching problem and learn the mappings in two domains separately, which cannot
learn cross-domain correlations and may incur joint distribution mismatching problem. In this paper, relying on
the optimal transport theory, we tackled these issues by minimizing Wasserstein distance of the joint distributions
in two different domains. However, directly optimizing the primal problem of Wasserstein distance is intractable
due to the computational cost and the statistical difficulties. Without loss of generality, two different domains can
be assumed that they often share the same latent space (i.e., images in different domains have similar
characteristics), we then proposed a theorem to reduce the intractable optimization problem into a simple and
feasible problem. With the help of the proposed theorem, we introduced a novel objective function and design a
Joint Wasserstein Auto-Encoders (JWAE) to solve the joint distribution matching problem. Our novel objective
function is composed of two parts, i.e., reconstruction loss and distribution divergence. The reconstruction loss
can be derived from Auto-Encoder and cycle mapping, while the distribution divergence needs to be optimized
for three spaces (i.e., source space, target space and latent space). In this way, we can learn good bidirectional
mappings through minimizing the reconstruction loss and reducing the distribution divergence. In the
experiments, we applied our proposed method to perform unsupervised image-to-image translation and
cross-domain video-to-video synthesis, and generate high quality images and coherent videos. Both qualitative
and quantitative comparisons demonstrate the superior performance of our method over several baseline methods.
For example, on the "scene—segmentation™ image-to-image translation task, the IS value of JWAE is 0.59 higher
than that of CycleGAN, and the FID value of JWAE is 65.8 lower than that of CycleGAN. On the "winter—
summer" video synthesis, the FID4video value of JWAE is 2.2 lower than that of Slomo-Cycle.

Key words Joint distribution matching; Optimal transport theory; Wasserstein distance; Unsupervised image
translation; Cross-domain video synthesis
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Background

Joint distribution matching (JDM) seeks to learn the
bidirectional mappings to match the joint distributions of
unpaired data in two different domains. This problem has been
applied in computer vision, such as image translation*?and
video synthesis®®>#. However, learning the joint distribution of
two domains is more difficult and has two key challenges.

The first key challenge, from a probabilistic modeling
perspective, is how to exploit the joint distribution of unpaired
data by learning the bidirectional mappings between two
different domains. In the unsupervised learning setting, there
are two sets of samples drawn separately from two marginal
distributions in two domains. Based on the coupling theory!™,
there exist an infinite set of joint distributions given two
marginal distributions, and thus infinite bidirectional mappings
between two different domains may exist. Therefore, directly
learning the joint distribution without additional information
between the marginal distributions is a highly ill-posed
problem. Recently, many studies™®’! have been proposed to
learn the mappings in two domains separately, which cannot
learn cross-domain correlations. Therefore, how to exploit
sufficient information from the joint distribution remains an
open question.

The second critical challenge is how to formulate and
optimize the joint distribution matching problem. Most existing
methods®®® do not directly measure the distance between joint
distributions, which may result in the distribution mismatching
issue. To address this, one can directly apply some statistics
divergence, €.¢g., Wasserstein distance, to measure the
divergence of joint distributions. However, the optimization
may result in intractable computational cost and statistical
difficulties™. Therefore, it is important to design a new

objective function and an effective optimization method for the
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joint distribution matching problem.
In this paper, we
Auto-Encoder (JWAE) method. Specifically, to address the first

propose a Joint Wasserstein

challenge, we use optimal transport theory to exploit geometry
information and correlations between different domains. For
the second challenge, we apply Wasserstein distance to measure
the divergence between joint distributions in two domains, and
optimize it based on an equivalence theorem.

The contributions are summarized as follows:

i) Relying on optimal transport theory, we propose a novel
JWAE to solve the joint distribution matching problem. The
proposed method is able to exploit sufficient information for
JDM by learning correlations between domains instead of
learning from individual domain.

ii) We derive an important theorem so that the intractable
primal problem of minimizing Wasserstein distance between
joint distributions can be readily reduced to a simple
optimization problem.

iii) We apply JWAE to unsupervised image translation and
cross-domain video synthesis. Experiments on real-world
datasets show the superiority of the proposed method over
several state-of-the-arts.
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