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1. Abstract

accurate image. The super-resolution task is unique in that
we often know information about the images that we want
to improve. Our rationale is to take advantage of this assumption and devise ways to introduce known information
to improve the quality of super-resolution models.

We investigated the problem of image super-resolution,
a classic and highly-applicable task in computer vision. Recently, super-resolution has been very successful at low upscaling factors (2-4x) with GANs. In this paper, we proposed several methods to introduce auxiliary, conditional
information into a super-resolution model to produce images more tuned to the human eye. We showed that our
model, trained on the MNIST and CelebA datasets and conditioned on digits/facial attributes respectively, helped constrain the solution-space of the super-resolution task to produce more accurate upscaled images.

3. Related Work
3.1. Non-Deep Learning Approaches
One of the first super-resolution models was ExampleBased Super-Resolution [15] that used a nearest neighbors
search to sharpen edges and image details in one pass after cubic spline [14] interpolation. Example-Based SuperResolution was fairly successful at sharpening image edges.
Another model that serves as a baseline today is Lukin
et. al’s Bicubic Interpolation SR model [8], developed in
2006. Lukin et. al. saw promising results on a scaling factor of 2x, and improved over the previously state-of-the-art
bilinear interpolation model [9]. Another non-deep learning approach, [4] utilizes sparse-coding methods that pay
attention to learning and optimizing dictionaries/mapping
functions of low-resolution patches and aggregating corresponding high-resolution patches for reconstruction.
Generally, non-deep learning approaches have been limited in super-resolution quality, upscaling factor, and generalization across different types of images.

2. Introduction
Super-resolution is a highly challenging task that has a
wide range of applications, such as facial recognition, satellite imaging, and medical image processing [16]. Superresolution has been an attractive research topic for the last
two decades and has been very successful at low upscaling factors (2-4x) with Generative Adversarial Networks
(GANs). The input to a super-resolution GAN is a low resolution image (e.g. 16x16). The output from the GAN is a
higher resolution image (e.g. 64x64). We aim to add a class
conditional feature to GANs to fine tune results at upscaling
factors that GANs are currently fairly successful on.
General information, such as class, may not have a
huge effect on many super resolution models because specific, pixel level information and edge information has been
found to be more important than what the image is of.
Therefore, we focused first on two datasets, MNIST and
CelebA, where we believed there was potential for classification to impact the super resolution. Both datasets are
discussed more in depth in Section 5.
We believe that our work could have important realworld applications. Imagine a scenario in which a law enforcement agency needs to enhance photographs of suspects
captured on low-resolution cameras. By providing information about what we know about the suspect’s gender and
whether or not they wear glasses, we can produce a more
∗ indicates

3.2. SRCNN
One of the first promising deep learning super-resolution
models was SRCNN [6]. SRCNN [6] used three layers:
patch extraction and representation, non-linear mapping,
and a final reconstruction layer. SRCNN [6] saw fairly good
results up until a 2x upscaling factor, and inspired a number
of other CNN based approaches. Other SRCNN inspired
models include Pixel Recursive Super Resolution (PRSR)
[11] and Perceptual Loss [13]. PRSR saw promising results
with an upscaling factor of 4x from 8x8 to 32x32, and Perceptual Loss saw similar results to SRCNN [6], but with
three orders of magnitude faster training. Another CNN
based approach was a deeper CNN-based model coined
VDSR [7]. VDSR cascaded a pair of convolution and non-
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linear layers repeatedly, with depth ranging from 5 to 20.
As depth increased, so did performance, and VDSR [7] saw
a marked improvement over SRCNN [6], especially at the
higher (up to 4x) scaling factors.

player minimax game:

3.3. Super-Resolution GAN (SRGAN)

[2]

In the past few years, interesting progress has been made
using GANs [2] towards super-resolution. Ledig [5] proposed a feed-forward network as the generating function
that used a perceptual loss that was the weighted combination of several components. In essence, this paper features a deep residual network with the capability for large
upscaling factors (4×) with photo-realistic reconstructions
of low-resolution images. SRGAN [5] is generally regarded
as the state of the art for super-resolution today.
Radford and Metz [10] added a set of constraints to [5]
to improve the stability of training GANs to create DCGAN [10]. [10] also saw interesting results with arithmetic
properties on faces. For example, [10] showed that smiling woman - neutral woman + neutral man produced the
image of a smiling man. [10] performed this arithmetic on
mean vectors, but we believe a similar production of specific qualities, such as smiling in this case, could be conveyed with a classifier during the learning process. Discriminative Generative Networks have also seen success specifically on faces datasets. Yu et al. [12] was able to produce
8x super-resolution on faces, albeit somewhat fuzzy. Right
now, GANs are widely regarded as producing state-of-theart super-resolution output.
There are also existing works specifically targeting
MNIST and CelebA, the two datasets we focused on. On the
MNIST dataset, we adapted CGANs[3], which introduced
a conditional component to GANs and was fairly successful
generating images in MNIST, to super-resolution factors of
2x and 4x on the MNIST dataset. Additionally, we adapted
a SRGAN model [1] for the CelebA dataset by introducing class information in the super-resolution task. Before
our changes, [1] saw successful outputs with a 4x scaling
factor, as seen in Figure 3.

4.2. Conditional GANs

minG maxD (D, G) = Ex pdata [log(D(x)]
+ Ez pz (z) [log(1 − D(G(z)))]

The development of Conditional-GANs by Mirza (2014)
suggested that we could take advantage of natural one-tomany mappings to produce a conditional predictive distribution for the discriminator D/generator G network described
above [3]. This framework consists of both D/G models
conditioned on some auxiliary information y. This is represented by the following objective function:
minG maxD (D, G) = Ex pdata [log(D(x|y)]
+ Ez pz (z) [log(1 − D(G(z|y)))]
[3]
Mirza & Osindero were able to successful generate digits
of the MNIST dataset using the Conditional-GAN framework.
We propose a GAN framework 4.2 for single-image
super-resolution, drawing inspiration from the [5] referenced in 3. We use original, high-resolution images (I HR )
as true labels and low-resolution images (I LR ), downsampled by some factor k from originals, as training examples.
With this framework, we explored two separate approaches
for introducing class information to the model: using a conditional distribution in the generator and discriminator models 4.3 and adding a class loss term to the generator loss 4.4,
as depicted in Figure 1.

4.3. Conditional GAN (CGAN)
We used specific image attributes on our labeled datasets
(e.g. classification categories, facial features) as conditional
variables, c, for each example or test-time input. As a result,
our generator and discriminators were jointly conditioned
as DΘD (x, c) and GΘG (z, c), respectively. Recall that in
conventional GANs, z is the latent representation [2], initialized to random noise. In our model, however, we used
the low resolution image, I LR , as the input to the generator. The input x represents an image, either real or fake
(produced by the generator).
The overall objective of our adversarial model is shown
below:

4. Method
4.1. General Adversarial Networks (GANs)
In 2014, Goodfellow et al.[2] introduced the notion of
Generative Adversarial Networks (GANs) which offered a
new level of impact for generative models. Under the GAN
framework, a generative model competes with a discriminative adversary. The discriminative model determines
whether a sample is generated or a data example, while the
generative model attempts to fool it. These adversarial models are trained simultaneously.
In some ways, this model can be interpreted as a two-

minΘG maxΘD (D, G) =
EI HR ∼ptrain (I HR ) [log(DΘD (I HR , c)]
+EI LR ∼pG (I LR ) [log(1 − DΘG (GΘG (I LR , c)), c)]
[3]
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Figure 1. Approach for introducing auxiliary information, indicated in red, compared to Vanilla GAN.

The simplest way to produce the conditional distributions for the generator and discriminator is by feeding the
additional class information, c into both networks. We do
this by concatenating the c to the inputs in the dense layers
of each model.

By adding this class loss term to the generator loss, the
generator optimized for correct prediction on the classifier,
which demonstrated results closer to the original 64x64 image. The class loss backpropogated to the generator’s parameter weights, such that auxiliary information the classifier presented (e.g. what specifically eyeglasses look like)
was learned by the generator. The class loss term served as
an indication to the model that the information we classify
on was important to learn.

4.4. GAN + Class Loss
Another way we introduced class information to a GAN
was by adding and minimizing an explicit class loss term,
as seen in Figure 1. Given that we have an additional computation for the class loss term, C(z), our adversarial model
is represented below:

5. Dataset and Features
5.1. MNIST
MNIST is a dataset of hand written numbers 1-9. On
this data set, we expect a better performance than baseline
super-resolution models due to the highly-recognizable, distinct shape of each digit. In addition, the dataset has a fairly
uniform distribution of digits, which will help with learning
each condition well. MNIST [17] contains 60,000 training
images, some of which can be used for validation purposes,
and 10,000 test images, drawn from the same distribution.
All are grayscale images of digits, sized normally and centered in a 28x28 size image. We preprocessed the dataset by
downscaling by a factor of 4 to use as inputs to our superresolution models.

minG maxD (D, G) = Ex pdata [log(D(x)]
+ Ez pz (z) [log(1 − D(G(z) + C(z)))]
To do this, we first trained a classifier on the dataset,
based on a set of pre-determined attributes (i.e. gender,
eyeglasses). Next, we froze the classifier’s weights and
imported the frozen graph into the super-resolution GAN
model. This was important so that the model did not update
the weights for the classifier’s parameters during training of
the super-resolution model. We then replaced nodes in the
classifier to connect the existing GAN graph with the classifier graph in order to use the predicted classification scores
in the GAN model.
With the connected classifier model, we computed the
scores for the original 64x64 images, I HR . We then computed the scores for the generator’s resulting 64x64 images.
The original classifier’s scores were treated as labels and the
generator’s scores as the logit values for a softmax cross entropy loss. This resulting class loss term was then added to
the generator loss and minimized with an AdamOptimizer
in the same way that a vanilla GAN might operate.

5.2. CelebA
Large-scale CelebFaces Attributes (CelebA) [18] contains 202,599 celebrity images, each with 40 attributes,
such as ”Male” or ”Eyeglasses”. We split these images up
into random training, test, and validation splits ourselves.
CelebA offers a pre-processed Aligned and Cropped version of the dataset, which provides 178x218 images that
have been aligned and cropped around the upper torso. We
3

fusion about to the exact identity (or classification) of an
digit image, as seen in red in Figure 6.
To quantify the quality of output produced by the
MNIST super-resolution Conditional GAN (CGAN), we
trained a separate deep, convolutional MNIST classifier on
the training data from MNIST. The resulting test accuracy
on the MNIST test batch was 0.9925. We also classified
the super-resolved output of the MNIST super-resolution
vanilla GAN (using the downscaled test batch images as
input), which gave us an accuracy of 0.6953. We then
classified the super-resolved output of the MNIST superresolution CGAN (using the downscaled test batch images
as input), which gave us an accuracy of 0.8438. In Figure 5,
we see that the two images in the top two rows generated by
the vanilla GAN were nearly unrecognizable to the MNIST
classifier. The first row image generated by the vanilla GAN
was misclassified as a 2 with probability 100%, whereas
the true class was 3. The CGAN output was correctly classified as a 3 with probability 58%. These probabilities indicated that the classifier had a harder time distinguishing the
3 in the CGAN output as opposed to the 3 in the original
high-res image (which was classified as a 3 with probability
100%). However, the CGAN output was much more recognizable the true digit than the vanilla GAN output. The
CGAN arguably preserved the overall structure of the original input image when its output is compared to the true
high-res image. Similarly, the second row image generated
by the vanilla GAN was misclassified as a 7 with probability 94% whereas the true class is 9. For the bottom two
rows, we notice that qualitatively, the CGAN output was
much smoother but the classifier was still able to correctly
classify both the vanilla GAN output and the CGAN output
with 100% probability.
From the confusion matrix7, we can see that the vanilla
GAN output was not as recognizable by the classifier since
many of points representing the true positive cases (on the
diagonal) are lighter than the points representing true positives from the classified CGAN output, especially for 4,5,6,
7, and 9. Interestingly, CGAN-super-resolved 9’s are much
more often mistaken for 4’s than the vanilla GAN output;
however, vanilla GAN-super-resolved 9’s are much more
often mistaken for 7’s than the CGAN output. Furthermore,
super-resolved 8’s are the least recognized digits out of both
of the models.
This was a successful quantitative and qualitative confirmation of our hypothesis that introducing class information
could help control super-resolution outputs to be more recognizable to the human eye.

Figure 2. Aligned and Cropped image on the left, preprocessed
and cropped 64x64 input on the right.

Figure 3. Results from SRGAN model. Trained by David Garcia.
[1]

further pre-processed these images to randomize saturation
and contrast. Additionally, we took a random crop around
the face, which produced a 144x144 image that we reshaped
to 128x128 and downsized to 64x64. We used these 64x64
images as the ”true output”, or labels, for our models, and
used a further downsized 16x16 image (4x downscale) as
input.
We are adapting an existing GAN implementation [1] to
add attribute conditions. Our approach seeks to improve the
recognizability of specific attributes to the human eye, while
maintaining the resolution quality of the SRGAN model.
As you can see in Figure 3, the current GAN model outputs a high-resolution image, but the person’s face doesn’t
look like the original. In fact, it seems to portray less feminine qualities than the original image. By adding gender
class information, we hope to make these subtle features
much more realistic in the generated image.

6. Experiments
6.1. MNIST + CGAN
For our first model, we implemented a vanilla superresolution GAN by feeding downscaled MNIST images as
input (instead of uniformly sampled noise), and adding a
content loss term. We then implemented a conditional GAN
(CGAN) by modifying the model and feeding in the MNIST
class labels as described in Section 4.3. The results are
shown in Figure 6.
To qualify the results, we turn to the output examples
in Figure 4. As we can see, CGAN produces significantly clearer images than the vanilla GAN. Our results are
more unambiguously recognizable as digits. Meanwhile,
the vanilla GAN model produced artifacts that create con-

6.2. CelebA + CGAN
We implemented a similar conditional GAN architecture
for the CelebA dataset as the MNIST dataset conditional
GAN as described in 4.2. In this case, concatenating the
4

Figure 4. Comparison of vanilla GAN vs. conditional GAN results
on MNIST dataset.

Figure 5. MNIST classifier results on the original high-res image, the super-resolution CGAN output, and the super-resolution
vanilla GAN output.

Figure 6. A partial batch of MNIST trials. Artifacts from vanilla
GAN highlighted in red.

attributes labels proved more difficult than it was for the
MNIST model, for which we implemented a much simpler
architecture with fewer convolutional layers.
Figure 9 demonstrates that the original super-resolution
GAN trained reasonably well, while the CGAN training
(loss plot in Figure 8) was much more unstable. Although
we used the same loss function in both the original superresolution GAN and the CGAN, the CGAN loss moves
much more erratically, with the discriminator overpowering the training by becoming very quickly too powerful.
This is likely because we had to add a new fully-connected
layer to both the generator and discriminator in the CGAN
so that we could incorporate the concatenated attribute in
the generator and discriminator. The original GAN we used
for CelebA super-resolution was a ResNet architecture with
no fully-connected layers in the generator and discriminator. This additional complexity likely caused training to be
much more sensitive to hyperparameter tuning.

Figure 7. Confusion matrix for the classified vanilla GAN MNIST
output (left) and CGAN MNIST output (right).

As a result of these challenges, we were forced to shift
our architecture to append the class label to each model input, which led to significant instability during training.
5

Figure 8. CGAN loss plot for the first 500 batches of training

Figure 11. SRCGAN with gender classifier loss graph.

Figure 9. Vanilla GAN loss plot for the first 500 batches of training

Figure 12. SRCGAN with eyeglasses classifier loss graph.

Figure 13. Gender/eyeglasses classifier’s confusion matrix on our
test set of 3000.
Figure 10. Vanilla GAN Output loss graph

classifier’s confusion matrix is depicted in Figure 13.
Next, we froze the gender classifier’s weights and imported the graph into the super-resolution GAN. As described in Section 6.2, we used the classifier to calculate
a class loss, then we added this term to the generator loss
with a class loss weight. We experimented with different versions of a class loss weight, and settled on
.5 because the results looked best qualitatively.
Overall, the gender class loss term didn’t seem to have
huge differences in the final outputs. We looked at numerous random samples of 16 images at over 100 images total,
and we saw very similar results. Figure 14 depicts a random
sample of 5 images.
As you can see, there are few qualitative differences be-

6.3. CelebA + Gender Classifier
First, we trained a Convolutional Neural Network gender
classifier on CelebA that we adapted from Github to classify on CelebA [19]. We used a validation split of .2 and
reserved 3000 random images from CelebA for our test set.
Our classifier performed at .938 accuracy on the training set
and .856 accuracy on the test set after 10 epochs. We found
that the crop was too small, such the image felt very close
to the face and the classifier was unable to use signs such
as neck or hair to distinguish between genders. The classifier performed fairly well considering it was essentially
only considering facial features and face shape. Our gender
6

Figure 16. From left to right: 16x16, bicubic interpolation, our
output, true output. The woman depicted is the same as in Figure
3.

ous changes that we could conclude that the classifier made
a significant difference. We think this is because gender is
such a broad classification that the model would have trouble learning a specific thing to improve on. Super-resolution
models generally look for specific, local information to produce a higher resolution image, and our hypothesis is that
something like gender is simply too broad to learn effectively, across the board. In order to test this hypothesis, we
turned to something more specific: eyeglasses.

Figure 14. From left to right: 16x16 input image, bicubic interpolation, SRCGAN output, original SRGAN output, original images.

6.4. CelebA + Eyeglasses classifier
We used the same classification CNN model, except we
swapped the gender labels for eyeglass labels. Our classifier produced a train accuracy of 1.0 and a test accuracy of
0.956. The classifier’s confusion matrix and example wrong
classifications can be found in Figure 13.
After running the GAN with the same hyperparameters
that we used on the CGAN with gender, we saw promising
results. As you can see in Figure 18, the glasses we generated seem clearer and covered the entire eye, especially in
the first and third examples. In the second example, we see
a stronger glasses frame as well. Since eyeglasses is such
an obvious characteristic, our quantitative results were not
helpful, as each image classified as 0.99 probability of eyeglasses, as we would probably expect. However, we can see
qualitatively from the results that our output has a stronger
emphasis on fully-formed glasses. Figure 18 depicts three
random samples, but this was consistent across the random
batches we looked at.
Overall, we saw marginally better glasses across the
board. We hypothesize that this was because eyeglasses are
a very specific and easily-perceivable attribute, and therefore the model is more easily able to learn how to successfully form a more simple characteristic. Already though,
the previous model is fairly good, so we only saw minor
improvements.

Figure 15. The probabilities of each example image’s true class.
Our SRCGAN versus the original SRGAN model. Image numbers
correspond to the images in Figure 14, from top to bottom.

tween our outputs in column 4 (boxed in red) versus the
original GAN’s outputs in column 3. Our images appear
smoother, but it’s hard to tell if there are any true gender
differences.
In Figure 15, we do see a few quantitative differences.
We have shown the probability of the true class on each
of our outputs versus each of the original model’s outputs.
As you can see, our model’s outputs classify better for the
bottom two images in particular. For example, we see the
man that we have outputted does seem to have a stronger
jawline and more of a beard than the original GAN’s output,
which is reflected quantitatively by the classifier.
We also looked at the specific example that inspired us
to start with gender in the first place. Figure 16 depicts the
woman that we saw the original model produce the wrong
output for. As you can see, our model definitely produces a
more feminine face.
Overall, we saw a few minor changes between our model
and the original model. However, we didn’t see such obvi-

7. Conclusion
Our MNIST experiments were very successful. We saw
outputs consistent with the original, high-resolutionimages
that were unambiguously recognizable as digits. With the
conditional information, our model was able to learn how
7

tional information provided helped the SRGAN make minor changes towards better output. With additional gender
information, the changes were more vague, so it was harder
for us to conclude that our model was having a large effect,
although we did see improvements in some cases. With
additional glasses information, the model more obviously
learned how to form better shaped glasses and made minor
tweaks across the board.
Overall, class conditioning seems promising in cases
where there are clear cut attributes that the model is not
learning towards as much as it could be (e.g. a fully formed
number or wearing eyeglasses). On specific datasets, SRCGAN seems to be a promising super-resolution model. With
more time, we would hope to better develop a general conditional GAN that can be used for super-resolution on a variety of tasks.
Moving forward, it would be interesting to attempt conditional super-resolution with multiple attributes concurrently. That is, indicate that a person is wearing glasses
and male. In addition, it may be interesting to try different models for introducing auxiliary information (i.e. InfoGAN [20]) to see which model performs best with the
super-resolution task.
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