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Jan Evangelista Purkyně
(1787 – 1869)

1891

Camillo Golgi
(1843 – 1926)

1837 

Santiago Ramón y Cajal
(1852 – 1934)

1873

Nobel Prize in Physiology or Medicine 1906 

"in recognition of their work on the structure of 

the nervous system"
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Dendrites / (and a whole body, actually) receive a signal 

Soma / gets a signal  go further or not 

Axon / a link 
Synapse / connectors
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Human nervous system

Neurons are the fundamental structural and functional units of 
the nervous system.

Neurons perform three main functions:
1.Sensory function (afferent neurons)
2.Integrative function (interneurons) 
3.Motor function (efferent neurons)

The entire human brain contains 86 billion neurons
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Warren Sturgis 
McCulloch

(1898 – 1969)

Walter Pitts
(1923 – 1969)
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McCulloch, W.S., Pitts, W. A logical calculus of the ideas immanent in nervous activity. Bulletin of Mathematical Biophysics 5, 115–133 (1943). https://doi.org/10.1007/BF02478259

1943
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Activation Functions
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(1923 – 1969)

© wikimedia.org

Output

Activation functionSumming function

x2

w1

x1

wn

xn

w2

Input

Training of a Perceptron

𝑥 = 𝑥1𝑤1 + 𝑥2𝑤2 + ⋯ + 𝑥𝑛 𝑤𝑛 = σ𝑖=1
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McCulloch, W.S., Pitts, W. A logical calculus of the ideas immanent in nervous activity. Bulletin of Mathematical Biophysics 5, 115–133 (1943). https://doi.org/10.1007/BF02478259



Training of a Perceptron via Gradient Descent of Loss Function
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Frank Rosenblatt
(1928 – 1971)
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Learning rate 

Loss Function

Rosenblatt, F. (1958). "The perceptron: A probabilistic model for information storage and organization in the brain". Psychological Review. 65 (6): 386–408. doi:10.1037/h0042519.

1958

https://dx.doi.org/10.1037/h0042519
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1037%2Fh0042519
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𝑦 ො𝑦-Error
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Seymour Papert  
(1928 – 2016)

Marvin Minsky
(1927 – 2016)

Truth table for the logical functions AND, OR, and XOR.
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0 1 0 1 1
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Linearly non-Separable Classes
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Input layer Hidden layer 1 Hidden layer 2 Output layer



Backpropagation and Novel Prize
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John  Hopfield
(1933 -)

Geoffrey Hinton
(1947 -)

Hopfield Network Diagram with Three 
Neurons

Backpropagation
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Second AI Winter
38

A frame  from the TV series Friends (© Warner Bros. Television).



Astronomy, Astrophysics, AI
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39
Odewahn, S.C., et al. (1992). Automated Star/Galaxy Discrimination with Neural Networks. In: MacGillivray, H.T., Thomson, E.B. (eds) Digitised Optical Sky Surveys. Astrophysics and Space Science Library, vol 174. 
Springer, Dordrecht. https://doi.org/10.1007/978-94-011-2472-0_28



ImageNet Large Scale Visual Recognition 
Challenge (ILSVRC)

40

ImageNet Image Catalog
(14,000,000 images, 20,000 classes)

Error Rate Curve of Classifiers  
(- - - -  average error rate for humans)

© deepsense.ai
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Universal Approximation Theorem (UAT)

A neural network with at least one hidden layer and a sufficient number of neurons can 
approximate any continuous function with arbitrary precision, provided an appropriate activation 
function is used.

• Cybenko, G. Approximation by superpositions of a sigmoidal function. Math. Control Signal Systems 2, 303–314 (1989). 
https://doi.org/10.1007/BF02551274 

• Hornik, K., Stinchcombe, M., & White, H. Multilayer feedforward networks are universal approximators. Neural Networks 2, 359–366 
(1989). https://doi.org/10.1016/0893-6080(89)90020-8

• Funahashi, K.-I. On the approximate realization of continuous mappings by neural networks. Neural Networks 2, 183–192 (1989). 
https://doi.org/10.1016/0893-6080(89)90003-8

Limitations of the theorem:
1.Does not account for training speed
2.Ensures existence, but not construction 
3.A single hidden layer may be inefficient
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Image Blurring Due to MSE Optimization
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ImageNet Large Scale Visual Recognition 
Challenge (ILSVRC)

69

ImageNet Image Catalog
(14,000,000 images, 20,000 classes)

Error Rate Curve of Classifiers  
(- - - -  average error rate for humans)
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The Original GAN Paper
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Generator Discriminator
Goodfellow, I. J., Pouget-Abadie, J., Mirza, M., et al. Generative adversarial networks. arXiv preprint (2014). https://doi.org/10.48550/arXiv.1406.2661



GAN Architecture
71

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
72

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
73

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
74

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
75

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
76

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
77

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
78

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
79

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
80

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
81

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
82

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
83

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
84

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
85

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
86

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
87

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
88

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
89

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Architecture
90

Generator

Discriminator

La
te

n
t 

sp
ac

e

Fake

Real



GAN Principle
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Generator Discriminator

Fake Real

It has never seen any real data It learns from real data

It strives to increase its efficiencyIt strives to decrease D efficiency

min
𝐺

max
𝐷

𝑉 𝐺, 𝐷

Returns the data generated 
from the latent space

Returns the probability that 
the data is real



Adversarial
92

Generator Discriminator

min
𝐺

max
𝐷

𝑉 𝐺, 𝐷



Loss Function for GAN
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Binary Cross-Entropy (BCE) is a loss function that measures the difference between predicted probabilities and true labels in a 
binary classification task.

B𝐶𝐸 = −
1

𝑛


𝑖=1

𝑛

𝑌𝑖 log 𝑌𝑖 + 1 − 𝑌𝑖 ∙ log 1 − 𝑌𝑖

𝑌𝑖 − the true value for the i-th example (0 or 1)

𝑌𝑖 − the predicted probability by the model of belonging to class 1 (a value 

between 0 and 1)



Loss Function for GAN
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𝐿𝐷 = −
1

𝑛


𝑖=1

𝑛

log 𝐷(𝑥𝑖) + log 1 − 𝐷(𝐺(𝑧𝑖))

Generator

Discriminator

La
te

n
t 

sp
ac

e

Real data

z

x

G(z)

𝐿𝐺 = −
1

𝑛


𝑖=1

𝑛

log 𝐷(𝐺(𝑧𝑖))



Training Instability
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Generator Discriminator

𝑤𝑛𝑒𝑤 = 𝑤𝑜𝑙𝑑 − 𝜀 ∙ ∇𝐿 𝑤𝑜𝑙𝑑

Learning rate 



Mode collapse
96

Figure 2 from1. Generated images by GAN models trained on MNIST after 1,100k,500k,1000k iterations.

1Mi, L., Shen, M., & Zhang, J. A probe towards understanding GAN and VAE models. arXiv preprint (2018). https://doi.org/10.48550/arXiv.1812.05676



97

Wasserstein GAN GPSuper-Resolution GANCycleGANLSGANContext-Conditional GANCoupled GANsBoundary-Seeking GANWasserstein GANAdversarial AutoencoderInfoGAN
Pix2PixBidirectional GANSemi-Supervised GANCycleGANsAuxiliary Classifier GANContext EncoderDiscoGANDeep Convolutional GAN

PixelDA
Conditional GANDualGANStyleGANStyleGAN2VAE-GANGAN



98

Wasserstein GAN

Super-Resolution GAN

CycleGAN

LSGAN

Context-Conditional GAN

Coupled GANs

Boundary-Seeking GAN

Wasserstein GAN GP Adversarial Autoencoder

InfoGAN

Pix2Pix
Bidirectional GAN

Semi-Supervised GAN

CycleGANs

Auxiliary Classifier GANContext Encoder

DiscoGAN

PixelDA

Conditional GAN

DualGAN

StyleGAN

StyleGAN2

GAN

Deep Convolutional GAN

VAE-GAN



99

Wasserstein GAN

Super-Resolution GAN

CycleGAN

LSGAN

Context-Conditional GAN

Coupled GANs

Boundary-Seeking GAN

Wasserstein GAN GP

InfoGAN

Pix2PixBidirectional GAN

Semi-Supervised GAN

CycleGANsAuxiliary Classifier GANContext Encoder

DiscoGAN

PixelDA

Conditional GAN

DualGAN

StyleGAN

StyleGAN2

GAN

Deep Convolutional GAN

Adversarial Autoencoder

VAE-GAN



100

Wasserstein GAN

Super-Resolution GAN

CycleGAN

LSGAN

Context-Conditional GAN

Coupled GANs

Boundary-Seeking GAN

Wasserstein GAN GP

InfoGAN

Pix2Pix

Bidirectional GAN

Semi-Supervised GAN

CycleGANs

Auxiliary Classifier GANContext Encoder

DiscoGAN

Deep Convolutional GAN

PixelDA

Conditional GAN

DualGAN

StyleGAN

StyleGAN2

GAN Adversarial Autoencoder

VAE-GAN



Conditional GAN (cGAN)
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1Mirza, M., & Osindero, S. Conditional generative adversarial nets. arXiv preprint (2014). https://doi.org/10.48550/arXiv.1411.1784

Figure 2 from1: Generated MNIST digits, each row conditioned on one label

Figure 1 from1: Conditional adversarial net



Pix2Pix (Image-to-image translation with conditional 
adversarial networks)
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Figure 8 from1: Example results on Google Maps at 512x512 resolution (model was trained on images at 256 × 256 resolution, and run convolutionally on the larger 
images at test time). Contrast adjusted for clarity.

1Isola, P., Zhu, J.-Y., Zhou, T., & Efros, A. A. Image-to-image translation with conditional adversarial networks. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR 2017), 5967–
5976 (2017). https://doi.org/10.1109/CVPR.2017.632

DiscriminatorEncoder DecoderLR

Generator

Output



Pix2Pix (Image-to-image translation with conditional 
adversarial networks)
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Figure 14 from1: Example results of our method on facades labels→photo, compared to ground truth.

1Isola, P., Zhu, J.-Y., Zhou, T., & Efros, A. A. Image-to-image translation with conditional adversarial networks. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR 2017), 5967–
5976 (2017). https://doi.org/10.1109/CVPR.2017.632



Pix2Pix (Image-to-image translation with conditional 
adversarial networks)
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Figure 2 from1: Training a conditional GAN to map edges→photo.

1Isola, P., Zhu, J.-Y., Zhou, T., & Efros, A. A. Image-to-image translation with conditional adversarial networks. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR 2017), 5967–
5976 (2017). https://doi.org/10.1109/CVPR.2017.632

Figure 16 from1: Example results of our method on automatically detected 
edges→handbags, compared to ground truth.
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1Isola, P., Zhu, J.-Y., Zhou, T., & Efros, A. A. Image-to-image translation with conditional adversarial networks. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR 2017), 5967–
5976 (2017). https://doi.org/10.1109/CVPR.2017.632

Figure 11 from1:  Example applications developed by online community based on our pix2pix codebase

Pix2Pix (Image-to-image translation with conditional 
adversarial networks)



CycleGAN (Unpaired image-to-image translation 
using cycle-consistent adversarial networks)
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1Zhu, J.-Y., Park, T., Isola, P., & Efros, A. A. Unpaired image-to-image translation using cycle-consistent adversarial networks. Proceedings of the IEEE International Conference on Computer Vision (ICCV 2017), 
2223–2232. https://doi.org/10.1109/ICCV.2017.244

Figure 1 from1

Figure 3 from1



CycleGAN (Unpaired image-to-image translation 
using cycle-consistent adversarial networks)
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1Zhu, J.-Y., Park, T., Isola, P., & Efros, A. A. Unpaired image-to-image translation using cycle-consistent adversarial networks. Proceedings of the IEEE International Conference on Computer Vision (ICCV 2017), 
2223–2232. https://doi.org/10.1109/ICCV.2017.244

Discriminator 1

Encoder DecoderLR

Generator 1

Encoder DecoderLR

Generator 2

Discriminator 2



CycleGAN (Unpaired image-to-image translation 
using cycle-consistent adversarial networks)
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1Zhu, J.-Y., Park, T., Isola, P., & Efros, A. A. Unpaired image-to-image translation using cycle-consistent adversarial networks. Proceedings of the IEEE International Conference on Computer Vision (ICCV 2017), 
2223–2232. https://doi.org/10.1109/ICCV.2017.244

Figure 10 from1 :Collection style transfer I: transfer input images into the artistic styles of Monet, Van Gogh, Cezanne, and Ukiyo-e.



CycleGAN (Unpaired image-to-image translation 
using cycle-consistent adversarial networks)
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1Zhu, J.-Y., Park, T., Isola, P., & Efros, A. A. Unpaired image-to-image translation using cycle-consistent adversarial networks. Proceedings of the IEEE International Conference on Computer Vision (ICCV 2017), 
2223–2232. https://doi.org/10.1109/ICCV.2017.244

Figure 10 from1 :Collection style transfer I: transfer input images into the artistic styles of Monet, Van Gogh, Cezanne, and Ukiyo-e.



StyleGAN
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1Karras, T., Laine, S., & Aila, T. A style-based generator architecture for generative adversarial networks. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR 2019), 4401–
4410. https://doi.org/10.1109/CVPR.2019.00453

Figure 1 (b) from1. Style-based generator
Figure 2 from1. Uncurated set of images produced by our style-

based generator (config F) with the FFHQ dataset. 



Applications of GAN
111

1Aggarwal, A., Mittal, M., & Battineni, G. Generative adversarial network: An overview of theory and applications. International Journal of Information Management Data Insights, 1(1), 100004 (2021). 
https://doi.org/10.1016/j.jjimei.2020.100004

Table 1 from1. Key studies that define different GAN applications.
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1Aggarwal, A., Mittal, M., & Battineni, G. Generative adversarial network: An overview of theory and applications. International Journal of Information Management Data Insights, 1(1), 100004 (2021). 
https://doi.org/10.1016/j.jjimei.2020.100004

Table 1 from1. Key studies that define different GAN applications.



Applications of GAN
115

1Aggarwal, A., Mittal, M., & Battineni, G. Generative adversarial network: An overview of theory and applications. International Journal of Information Management Data Insights, 1(1), 100004 (2021). 
https://doi.org/10.1016/j.jjimei.2020.100004

Table 1 from1. Key studies that define different GAN applications.



Applications of GAN in Astronomy
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1Diao, K., & Mao, Y. Multi-fidelity emulator for large-scale 21 cm lightcone images: a few-shot transfer learning approach with generative adversarial network. arXiv preprint (2025). 
https://doi.org/10.48550/arXiv.2502.04246

Figure 14 from1. The standard deviation of the 21 cm brightness temperature map for each pixel over 1,024 image samples of the
large-scale GAN (top), in comparison with the simulated images using 21cmFAST (bottom).



Applications of GAN in Astronomy
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1Bhambra, P., Joachimi, B., Lahav, O., et al. PSI-GAN: a power-spectrum-informed generative adversarial network for the emulation of large-scale structure maps across cosmologies and redshifts. Monthly 
Notices of the Royal Astronomical Society, 536(3), 3138–3157 (2025). https://doi.org/10.1093/mnras/stae2810

Figure 10 from1. An example showing the the dark matter distribution field from an 𝑁-body simulation (left) and an emulation generated by Psi-GAN 
(centre), the difference map (right), showing the differences between the 𝑁-body simulation and the Psi-GAN emulation.



Applications of GAN in Astronomy
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1Manteiga, M., Santoveña, R., Álvarez, M. A., et al. A method based on Generative Adversarial Networks (GANs) for disentangling atmospheric properties in astronomical spectra. arXiv preprint (2025). 
https://doi.org/10.48550/arXiv.2501.11762

GANDALF: Generative Adversaria 
Networks for Disentangling and Learning 

Framework 

Figure 1 from1. The disentanglement architecture featuring multi-discriminators

A frame  from The Lord of the Rings: The Fellowship of 
the Ring (2001), directed by Peter Jackson, New Line 

Cinema.



The GAN is dead; long live the GAN!
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Huang, Y., Gokaslan, A., Kuleshov, V., & Tompkin, J. The GAN is dead; long live the GAN! A Modern GAN Baseline. arXiv preprint (2025). https://doi.org/10.48550/arXiv.2501.05441

Qualitative examples of sample generation from R3GAN on FFHQ-256https://github.com/brownvc/R3GAN



Be the first!
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Ethics and Limitations of Using Generative Models
121

1. Ethical Risks of Generative Models
• Spread of misinformation: Generative models can create fake texts, images, and videos, which threatens trust in 

information.
• Copyright infringement: Models can generate content that violates the rights of original creators.
• Discrimination and bias: Models can reproduce and amplify stereotypes present in the training data.

2. Limitations of Generative Models
• Lack of context understanding: Models don’t have consciousness and may generate incorrect or harmful content.
• Data dependency: The quality of generation depends directly on the quality and representativeness of the 

training data.
• High energy consumption: Training and using generative models require significant computational resources, 

impacting the environment.

3. Responsible Use
• Transparency: Clearly indicate when content is created using AI.
• Quality control: Check generated content to ensure it meets ethical standards.
• Regulation: Develop and follow legal and ethical guidelines for AI use.
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