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Figure 1. We decouple the optimization of reconstruction and adversarial losses by synthesizing an image as a combination of its recon-
struction (low-frequency) and GAN residual (high-frequency) components. The GAN residual adds realistic fine details while avoiding the

pixel-wise penalty imposed by reconstruction losses.

Abstract

Current Image-to-Image translation (121) frameworks
rely heavily on reconstruction losses, where the output
needs to match a given ground truth image. An adversarial
loss is commonly utilized as a secondary loss term, mainly
to add more realism to the output. Compared to uncon-
ditional GANs, 121 translation frameworks have more su-
pervisory signals, but still their output shows more artifacts
and does not reach the same level of realism achieved by un-
conditional GANs. We study the performance gap, in terms
of photo-realism, between 121 translation and unconditional
GAN frameworks. Based on our observations we propose a
modified architecture and training objective to address this
realism gap. Our proposal relaxes the role of reconstruc-
tion losses, to act as regularizers instead of doing all the
heavy lifting which is common in current 121 frameworks.
Furthermore, our proposed formulation decouples the op-
timization of reconstruction and adversarial objectives and
removes pixel-wise constraints on the final output. This al-
lows for a set of stochastic but realistic variations of any
target output image.
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1. Introduction

Generative Adversarial Networks (GANs) have had a
revolutionary impact on generative modeling and image
synthesis. In their unconditional setting [7, 13, 15], GANs
map a source distribution, typically a unit Gaussian, to a tar-
get distribution (e.g., real images). At inference time, ran-
dom images can be synthesized by sampling latent codes
from the source distribution and passing them through a
generator network. To provide user control over the syn-
thesis process, Isola et al. [11] proposed a GAN-based
Image-to-image (I2I) translation framework, which con-
ditions the synthesis process on an input image that de-
scribes certain attributes of the target output. Therefore,
I2I translation learns to map images from a source do-
main A to a target domain B (e.g., semantic maps —
scenes or sketches — photo-realistic images). I2I trans-
lation has since been utilized for many problems in com-
puter vision and graphics, such as inpainting [34], coloriza-
tion [48, 50], super-resolution [20], image de-noising [4],
rendering [27, 28, 37], and many more [5, 41, 51].

While unconditional GANs [14, 17] and class-
conditional GANs [3] have reached unprecedented visual
quality, 121 translation lags behind in quality and realism.
This is despite the fact that it has more inputs and better
supervision during training. For example, Figure 2 con-
trasts StyleGAN [15] (unconditional) and GauGAN [32]



Figure 2. Comparing image realism between unconditional GANs
and I2I translation. Left: Sample output from StyleGAN [15] at
1024 1024 resolution. Right: I2I translation outputs from Gau-
GAN [32] at 256 256 resolution. Even at a lower resolution, 121
shows more noticeable artifacts compared to unconditional GANSs.

(I2I) which both came out around the same time and from
the same institution. Yet, there is a clear realism gap in favor
of unconditional GANSs.

We are motivated by this realism gap between uncondi-
tional GANs and I2I translation. We investigate the cause
of this performance gap and trace it back to the difference
in the training objective between those two tasks. In un-
conditional GANSs, the generated output is supervised only
by an adversarial loss £,qy, Where a critic/discriminator net-
work learns to score how realistic the output looks. On the
other hand, I2I translation relies on cyclic [54] and cross-
cyclic [10, 23] reconstruction losses between the generated
output and available ground truth images. Thus the training
objective of I2I translation optimizes a weighted combina-
tion of both an adversarial loss, L,4v, and a reconstruction
loss, L. Reconstruction losses enforce a form of pixel-
wise matching between the ground-truth image I® and the
output reconstruction 8. This provides a strong supervi-
sory signal which speeds up convergence significantly when
compared to unconditional GANs. However, we show that
reconstruction losses are at odds with adversarial losses,
which does not lead to a sound optimization objective and
causes visual artifacts in 12I outputs.
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Figure 3. Comparison between different 121 training objectives:
Left is the input semantic layout. The following columns show the
output of networks trained with an L1 loss, VGG-based percep-
tual loss, perceptual+adversarial (GAN) losses respectively. Last
column shows the corresponding ground truth image.
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Figure 3 shows the effect of optimizing different objec-
tives for 121 translation. Optimizing an L1 reconstruction

Figure 4. Examples of multi-modal outputs (generated by our
method) with local stochastic variations that add realism and sat-
isfy the GAN objective. Applying reconstruction losses in tradi-
tional 121 frameworks ignores this type of multi-modality and pe-
nalizes such variations, which misleads I2I training.

alone leads to very blurry outputs. While using a VGG-
based perceptual loss [12] achieves much better results, the
output is not sharp and contains clear grid artifacts. Adding
an adversarial loss brings the output closer to the distribu-
tion of real images, but, in many cases, artifacts can be spot-
ted (e.g., around the hair, teeth and eyes). We hypothesize
that directly optimizing a reconstruction loss on the output
ignores a type of multi-modality in image synthesis, which
leads to visible artifacts. To motivate our hypothesis, Fig-
ure 4 shows how GANs improves realism by simulating fine
details found in real images, like local variations or noise
patterns found in the texture of real materials. There are
infinite realizations of such noise patterns that adds realism
to the output (e.g., skin freckles, pores and wrinkles, and
linings of hair strands). However, applying a reconstruction
loss (L) in traditional 121 frameworks penalizes all these
local variations and promotes a uni-modal solution where
the generated image matches the ground truth down to the
pixel level. This leads to smoothed outputs and other no-
ticeable artifacts that do not show in the unconditional GAN
setup where no reconstruction loss is applied.

In this work, we address this problem and propose a
modified architecture and training objective that relaxes the
role of reconstruction losses to act as regularizers instead
of doing all the heavy lifting which is common in current
121 translation frameworks. Our formulation decouples the
optimization of adversarial and reconstruction losses. This
enables our network to hallucinate local variations to add
realism to the output while avoiding being penalized by
reconstruction losses.

‘We summarize our contributions as follow:

* We study the realism gap between unconditional GANs
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