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Abstract. Recent neural architectures for image generation are capable of producing photo-realistic results but the distributions of real and
faked images still differ. While the lack of a structured latent representation for GANs results in mode collapse, VAEs enforce a prior to the
latent space that leads to an unnatural representation of the underlying real distribution. We introduce a method that preserves the natural
structure of the latent manifold. By utilizing neighboring relations within
the set of discrete real samples, we reproduce the full continuous latent
manifold. We propose a novel image generation network X-GAN that
creates latent input vectors from random convex combinations of adjacent real samples. This way we ensure a structured and natural latent
space by not requiring prior assumptions. In our experiments, we show
that our model outperforms recent approaches in terms of the missing
mode problem while maintaining a high image quality.
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Introduction

One big challenge in computer vision is the understanding of images and their
manifold. Other than discriminative tasks like image/action classification[30, 6]
and pose estimation[5, 2], generative approaches provide a much deeper understanding of the nature of the given data. Therefore, the generation of synthetic
data which resembles the real data distribution is major in modern research.
The recent trend of deep generative networks in computer vision led to several models capable to produce photo-realistic images [1, 8, 12, 25, 23]. These approaches are mostly based on Generative Adversarial Networks (GAN) [13] and
Variational Auto Encoders [27] (VAE). GANs are based on an adversarial game
between generator and discriminator, which has been proven successful in generating realistic images. However, GANs are known to suffer from the missing
mode problem [28, 13]: If the generator becomes strong in producing images of
certain modes the adversarial loss suppresses the generation of more challenging
samples. In contrast to the real distribution, for GANs dense areas in the fake
data distribution can be observed where images are easily generated, while areas
with more difficult samples are not well represented. VAEs are trained to encode
and decode images. They are often applied to tackle mode collapse. To fill the

