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1. Motivation

Generative Adversarial Networks (GANs) have only re-
cently been used for the super resolution task [6]. This
method lead to perceptually pleasing photos with higher
levels of details not seen in photos generated using other
methods [4]. Even then, Ledig et al. used a generic imple-
mentation of the GAN architecture, called SRGAN. They
only changed the cost function to optimize the perceptual-
loss as opposed to the mean-square-error.

In the same year, [10] proposed CycleGAN, a GAN net-
work with two generators and two discriminators where one
generator-discriminator pair tries to outperform the other.
This method surpassed the baseline results in many areas,
such as photo enhancement.

I think that combining the two, Ledig et al.’s metric of
evaluation and Zhu et al.’s CycleGAN architecture, will
lead to an overall better performance on the super resolu-
tion task.

2. Related Work

Recent advancements related to the super resolution
problem have come from the use of various deep learning
architectures. Some apply conventional CNN frameworks
with unconventional non-linear mapping strategies, such as
sparse-coding-based SR methods [3]. This method was suc-
ceeded by [5] with the use of a recursive network that com-
bines skip-connections and recursive supervision. [4] also
outperforms Dong et al.’s algorithm by using a much larger
network (up to 20 weighted layers) that only learns residu-
als and has high learning rates in order to speed up conver-
gence.

Recently, [6] has outperformed all of the aforementioned
methods by using a generic GAN architecture and a differ-
ent evaluation metric. Ledig et al. optimizies the perceptual
loss as opposed to the MSE metric. This leads to prioritiz-
ing perceptually pleasing, high detailed photos over similar
PSNR values.

Dahl et al. focuses on a slightly different problem than
the previous methods. Instead of solving how to increase
the resolution of already high resolution images, they en-

Figure 1. CycleGAN architecture, taken from [10]. DX and DY

are the two discriminators. G and F are the two generators. X
and Y are images generated by G and F .

hance small 8x8 resolution images to 32x32 resolution im-
ages. They tackle this problem with a recursive network
simliar to PixelCNN [2].

3. Project Overview
The concept of this project is to replicate the CycleGAN

architecture with a variant of the perceptual loss optimiza-
tion function used in SRGAN. Optimizing hte perceptual
loss will result in the high detail images that Ledig et al.
obtained using SRGAN and using the CycleGAN architec-
ture will boost the performance of the algorithm like it did
with many other GAN-related tasks outlined in [10].

For reference, the CycleGAN architecture is shown in
Figure 1.

The perceptual loss function I will be optimizing is
shown in Equation 1. In Equation 1, lSRX measures the con-
tent loss and lSRGen measures the adversarial loss. The con-
tent loss and the adversarial loss are shown in Equations 2
and 3, respectively. In these equations, GθG(I

LR) repre-
sents the reconstructed image, IHR is the reference image,
and DθD (GθG(I

LR)) is the probability that GθG(I
LR) is a



natural image.
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For evaluation, I will be using SET5 [1], SET14 [9],
and BSD100 [7] datasets, the same datasets that Ledig et al.
used. For training, I will be using images from ImageNet
[8], similar to Ledig et al.

Unfortunately, I do not think I will have time to per-
form the same evaluation as Ledig et al., since they used
the mean-opinion-score (MOS) metric which involves hav-
ing user-feedback. Therefore, I will base my evaluation on
PSNR values unless I have adequate time to gather enough
participants to perform the MOS evaluation.

4. Milestones, Timeline, and Goals
The timeline I would like to keep is outlined below:

15 February: Gather necessary data

22 February: Have a basic implementation of CycleGAN

1 March: Adjust cost functions to prioritize perceptual loss

8 March: Have testing and evaluation completed

13 March: Paper submitted and poster ready to present

In terms of my goals for the project, I would like to be
able to at least replicate the results of the Ledig et al. paper.
However, I think I will be able to improve upon it since
CycleGAN has been shown to improve image enhancement
[10].
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