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Abstract

The goal of semantic image synthesis is to generate photo-realistic images from se-
mantic label maps. It is highly relevant for tasks like content generation and image
editing. Current state-of-the-art approaches, however, still struggle to generate realistic
objects in images at various scales. In particular, small objects tend to fade away and
large objects are often generated as collages of patches. In order to address this issue,
we propose a Dual Pyramid Generative Adversarial Network (DP-GAN) that learns the
conditioning of spatially-adaptive normalization blocks at all scales jointly, such that
scale information is bi-directionally used, and it unifies supervision at different scales.
Our qualitative and quantitative results show that the proposed approach generates im-
ages where small and large objects look more realistic compared to images generated by
state-of-the-art methods.

1 Introduction

Generative adversarial networks [7] have become very successful in generating simple photo-
realistic images like faces or animals [2, 14, 15]. However, it is still very challenging to gen-
erate images of complex scenes that contain many different objects at various scales. This
is also the case when the semantic layout is provided, e.g. for content generation or image
editing [3, 11, 30]. This task is also known as semantic image synthesis and requires to
generate photo-realistic images for given semantic input layouts as illustrated in Fig. 1.
Previous methods for semantic image synthesis usually generate images by an encoder-
decoder architecture that takes the semantic label map as input. However, as shown in [21],
the flat segmentation maps will fade away due to the usage of common normalization lay-
ers, like instance normalization [29]. To address this issue, spatially-adaptive normalization
(SPADE) [21] has been proposed, which propagates semantic information throughout the
network. This is achieved by modulating the normalized activation in a spatially-adaptive
manner, conditioned on the input segmentation mask. SPADE [21], however, uses as many
other works a classification network as discriminator that takes the label map as input along
with the image and makes a global decision whether an image is real or not. Since a global
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