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Machine Learning with images

• Supervised:
Automatic image feature detection from labeled data

• Unsupervised:
Clustering of images, features

• Generative:
Enhance Resolution, Generate Artificial Features,
Fill in missing data, Data Augmentation



Generative models

Training data ~ pdata(x) Generated samples ~ pmodel(x)

Want to learn pmodel(x) similar to pdata(x) 



Goodfellow et al. 2014



Generative Adversarial Networks (GAN)

Wang et al. 2019: Generative Adversarial Networks: A Survey and Taxonomy



Use as an artistic tool
• GAN trained on portrait pictures

• Portrait of ‘Edmond de Belamy’ sold at Christie’s for 

432,000$ last year

• Apparently, the 19 year old main author of the 
public source code used didn’t see any money

• Also used for e.g. audio, learned from midi tabs

A beginners Guide to GANs, https://skymind.ai/wiki/generative-adversarial-network-gan

https://richardyang40148.github.io/TheBlog/midinet_arxiv_demo.html



The “GAN-Zoo”



The “GAN-Zoo”



Challenges for GANs and training

• Hard to train
• Difficult to obtain (Nash) Equilibrium between Generator and 

Discriminator during training
• Danger of ‘Modal Collapse’

• Hard to evaluate
• How to reliably quantify:
• Image quality
• Diversity
• Stability of training



Progress in results from GANs

Wang et al. 2019: Generative Adversarial Networks: A Survey and Taxonomy
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ABSTRACT

We describe a new training methodology for generative adversarial networks. The
key idea is to grow both the generator and discriminator progressively: starting
from a low resolution, we add new layers that model increasingly fine details as
training progresses. This both speeds the training up and greatly stabilizes it, al-
lowing us to produce images of unprecedented quality, e.g., CELEBA images at
10242. We also propose a simple way to increase the variation in generated im-
ages, and achieve a record inception score of 8.80 in unsupervised CIFAR10.
Additionally, we describe several implementation details that are important for
discouraging unhealthy competition between the generator and discriminator. Fi-
nally, we suggest a new metric for evaluating GAN results, both in terms of image
quality and variation. As an additional contribution, we construct a higher-quality
version of the CELEBA dataset.

1 INTRODUCTION

Generative methods that produce novel samples from high-dimensional data distributions, such as
images, are finding widespread use, for example in speech synthesis (van den Oord et al., 2016a),
image-to-image translation (Zhu et al., 2017; Liu et al., 2017; Wang et al., 2017), and image in-
painting (Iizuka et al., 2017). Currently the most prominent approaches are autoregressive models
(van den Oord et al., 2016b;c), variational autoencoders (VAE) (Kingma & Welling, 2014), and gen-
erative adversarial networks (GAN) (Goodfellow et al., 2014). Currently they all have significant
strengths and weaknesses. Autoregressive models – such as PixelCNN – produce sharp images but
are slow to evaluate and do not have a latent representation as they directly model the conditional
distribution over pixels, potentially limiting their applicability. VAEs are easy to train but tend
to produce blurry results due to restrictions in the model, although recent work is improving this
(Kingma et al., 2016). GANs produce sharp images, albeit only in fairly small resolutions and with
somewhat limited variation, and the training continues to be unstable despite recent progress (Sali-
mans et al., 2016; Gulrajani et al., 2017; Berthelot et al., 2017; Kodali et al., 2017). Hybrid methods
combine various strengths of the three, but so far lag behind GANs in image quality (Makhzani &
Frey, 2017; Ulyanov et al., 2017; Dumoulin et al., 2016).

Typically, a GAN consists of two networks: generator and discriminator (aka critic). The generator
produces a sample, e.g., an image, from a latent code, and the distribution of these images should
ideally be indistinguishable from the training distribution. Since it is generally infeasible to engineer
a function that tells whether that is the case, a discriminator network is trained to do the assessment,
and since networks are differentiable, we also get a gradient we can use to steer both networks to
the right direction. Typically, the generator is of main interest – the discriminator is an adaptive loss
function that gets discarded once the generator has been trained.

There are multiple potential problems with this formulation. When we measure the distance between
the training distribution and the generated distribution, the gradients can point to more or less random
directions if the distributions do not have substantial overlap, i.e., are too easy to tell apart (Arjovsky
& Bottou, 2017). Originally, Jensen-Shannon divergence was used as a distance metric (Goodfellow
et al., 2014), and recently that formulation has been improved (Hjelm et al., 2017) and a number of
more stable alternatives have been proposed, including least squares (Mao et al., 2016b), absolute
deviation with margin (Zhao et al., 2017), and Wasserstein distance (Arjovsky et al., 2017; Gulrajani
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Figure 1: Our training starts with both the generator (G) and discriminator (D) having a low spa-
tial resolution of 4⇥4 pixels. As the training advances, we incrementally add layers to G and D,
thus increasing the spatial resolution of the generated images. All existing layers remain trainable
throughout the process. Here N ⇥N refers to convolutional layers operating on N ⇥ N spatial
resolution. This allows stable synthesis in high resolutions and also speeds up training considerably.
One the right we show six example images generated using progressive growing at 1024⇥ 1024.

Another benefit is the reduced training time. With progressively growing GANs most of the itera-
tions are done at lower resolutions, and comparable result quality is often obtained up to 2–6 times
faster, depending on the final output resolution.

The idea of growing GANs progressively is related to the work of Wang et al. (2017), who use mul-
tiple discriminators that operate on different spatial resolutions. That work in turn is motivated by
Durugkar et al. (2016) who use one generator and multiple discriminators concurrently, and Ghosh
et al. (2017) who do the opposite with multiple generators and one discriminator. Hierarchical
GANs (Denton et al., 2015; Huang et al., 2016; Zhang et al., 2017) define a generator and discrimi-
nator for each level of an image pyramid. These methods build on the same observation as our work
– that the complex mapping from latents to high-resolution images is easier to learn in steps – but
the crucial difference is that we have only a single GAN instead of a hierarchy of them. In contrast
to early work on adaptively growing networks, e.g., growing neural gas (Fritzke, 1995) and neuro
evolution of augmenting topologies (Stanley & Miikkulainen, 2002) that grow networks greedily,
we simply defer the introduction of pre-configured layers. In that sense our approach resembles
layer-wise training of autoencoders (Bengio et al., 2007).

3 INCREASING VARIATION USING MINIBATCH STANDARD DEVIATION

GANs have a tendency to capture only a subset of the variation found in training data, and Salimans
et al. (2016) suggest “minibatch discrimination” as a solution. They compute feature statistics not
only from individual images but also across the minibatch, thus encouraging the minibatches of
generated and training images to show similar statistics. This is implemented by adding a minibatch
layer towards the end of the discriminator, where the layer learns a large tensor that projects the
input activation to an array of statistics. A separate set of statistics is produced for each example in a
minibatch and it is concatenated to the layer’s output, so that the discriminator can use the statistics
internally. We simplify this approach drastically while also improving the variation.

Our simplified solution has neither learnable parameters nor new hyperparameters. We first compute
the standard deviation for each feature in each spatial location over the minibatch. We then average
these estimates over all features and spatial locations to arrive at a single value. We replicate the
value and concatenate it to all spatial locations and over the minibatch, yielding one additional (con-
stant) feature map. This layer could be inserted anywhere in the discriminator, but we have found it
best to insert it towards the end (see Appendix A.1 for details). We experimented with a richer set
of statistics, but were not able to improve the variation further. In parallel work, Lin et al. (2017)
provide theoretical insights about the benefits of showing multiple images to the discriminator.

3



Progressive growing of GANs
Published as a conference paper at ICLR 2018

4x4
G

D

4x4

8x8

Reals

4x4

4x4

Reals

8x8

4x4

Latent

Reals

4x4

…

Training progresses

LatentLatent

1024x1024

1024x1024

Figure 1: Our training starts with both the generator (G) and discriminator (D) having a low spa-
tial resolution of 4⇥4 pixels. As the training advances, we incrementally add layers to G and D,
thus increasing the spatial resolution of the generated images. All existing layers remain trainable
throughout the process. Here N ⇥N refers to convolutional layers operating on N ⇥ N spatial
resolution. This allows stable synthesis in high resolutions and also speeds up training considerably.
One the right we show six example images generated using progressive growing at 1024⇥ 1024.

Another benefit is the reduced training time. With progressively growing GANs most of the itera-
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GANs (Denton et al., 2015; Huang et al., 2016; Zhang et al., 2017) define a generator and discrimi-
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we simply defer the introduction of pre-configured layers. In that sense our approach resembles
layer-wise training of autoencoders (Bengio et al., 2007).
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GANs have a tendency to capture only a subset of the variation found in training data, and Salimans
et al. (2016) suggest “minibatch discrimination” as a solution. They compute feature statistics not
only from individual images but also across the minibatch, thus encouraging the minibatches of
generated and training images to show similar statistics. This is implemented by adding a minibatch
layer towards the end of the discriminator, where the layer learns a large tensor that projects the
input activation to an array of statistics. A separate set of statistics is produced for each example in a
minibatch and it is concatenated to the layer’s output, so that the discriminator can use the statistics
internally. We simplify this approach drastically while also improving the variation.

Our simplified solution has neither learnable parameters nor new hyperparameters. We first compute
the standard deviation for each feature in each spatial location over the minibatch. We then average
these estimates over all features and spatial locations to arrive at a single value. We replicate the
value and concatenate it to all spatial locations and over the minibatch, yielding one additional (con-
stant) feature map. This layer could be inserted anywhere in the discriminator, but we have found it
best to insert it towards the end (see Appendix A.1 for details). We experimented with a richer set
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provide theoretical insights about the benefits of showing multiple images to the discriminator.

3



Network parameters



Sample Fake Celebrities













https://github.com/tkarras/progressive_growing_of_gans

How to use the PG-GAN Code?





• Dataset tool to generate ‘tf-record’ files with hierarchical image 
resolutions for fast data access during training

• Generate e.g. from single folder of training images
• Prescribe training parameters and setup in config.py file
• Run train.py on GPU (cluster) and wait…

• Saved network snapshots can be loaded for image generation
• Additional tools for analysis etc. are provided

How to train with your own images?



Computational requirements

• A few weeks on single CUDA graphics card for 10242 images

• Optimized for at least 8 cards, with speedup from weeks to few days or 

less

• New TensorFlow versions and applications may allow for easier 

architecture independent training

• Lots of (hyper-)parameters to consider, may require multiple training 

sessions

• Input dataset needs to be curated



Large database of solar observations/images

• SDO AIA & HMI
• Launch date:

February 11, 2010
• ~1 image per second,

sequenced in
wavelengths
• Huge dataset with

40962 images
• ~TB per day

Solar Wind

1-4 days



Training with 171A images

• Database of ~20k 171A EUV images across 9 years of the mission, 
covering almost a solar cycle

• Reduced from 4k to 512x512 resolution
• Dataset cleaned manually for obviously bad images
• Trained on one GeForce RTX 2080 ti for about two weeks (with restarts, 

lots of heat in the office)





Training with 171A images



Training with 171A images



Training with 171A images





Metrics from PG-GAN paper

Without progressive growing With progressive growing



Metrics for our training run

• Wasserstein (Earth-
mover) distance, 
blue, for different 
resolutions. Dark 
blue is average.

• Multiscale Structural 
Similarity (MS-SIM)



Use Cases and Challenges
• Synthetic high res solar images could be used for further ML applications and 

forecasting purposes:
- estimating potential scenarios for future space weather
- feeding them to forecasting tools based on solar images

• Study Sun and other stars during different phases of their lives
• Augment features to higher resolutions, convert to different wavelengths (e.g. 

conditional (c)GAN)
• High computational demands – Need multiple GPUs due to memory requirements 

(high resolutions) and for reasonable runtimes
• More control over latent space image generation desired:

- combine with supervised (labeled) learning to control feature
- use ‘StyleGAN’ approach for automatic latent space structuring



Conditional GAN (cGAN)



Transparent Latent Space PG-GAN

https://github.com/SummitKwan/transparent_latent_gan



Style-GAN



Summary
• Generative Adversarial Networks are currently the most powerful deep 

learning tool to generate high quality artificial images.
• Other application domains are also feasible, such as time series, sounds

etc.
• Training is prone to difficulties and instability and has significant 

computational demands. Cooperation with computing experts/scientists 
can help. GPUs are essential.

• Many well documented open source codes exists to get started. Mostly 
based on tensorflow implementations.

• We demonstrated first steps for a use case in data augmentation for solar 
images.

• Debate about use in science and forecasting: How realistic and reliable are 
artificially generated images and features? What are good tests and 
metrics? – Domain knowledge required!

Thank you!
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