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Generating faces

Credit: this-person-does-not-exist.com
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Dall-E

https://openai.com/product/dall-e-2

A 3d realistic render of an astronaut walking on Mars
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A pencil and watercolor drawing of a bright city in the future with
flying cars
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Artificial Intelligence Virtual Artist

ATV A

The Artificial Intelligence who composes classical music
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Explain generative modeling to five years-old kid

Generative modeling is like playing pretend with your friends. Imagine you have a box

of toys, and you want to make a new toy that looks like the ones in the box. You can

use your imagination to think of what the new toy might look like, and then try to make

it with the materials you have.

Generative modeling is kind of like that, but with a computer instead of toys. The
computer tries to imagine new things based on what it has seen before, and then

creates them. It's like the computer is using its imagination to make something new!
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Cosmology
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CosmoGAN: creating high-fidelity weak
lensing convergence maps using Generative
Adversarial Networks

Mustafa Mustafa' @, Deborah Bard', Wahid Bhim|l', Zarlja Lukié', Raml Al-Rfou’ and Jan M. Kratochl*
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Figure 1 Weak lensing convergence maps for our ACDM cosmological rnodel. Randomly selected maps from validation dataset (top) and GAN
generated examples (bottom)
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Quantum state tomography
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Figure 3. Benchmarking AQT (a) to MLE tomography offcred by IBM’s Qiskit library (b) for a noisy 3-qubit GHZ state data
generated on the IBMQ_OURENSE quantum computer. Each bar represents the absolute value of a density matrix (DM) element.
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Quantum state tomography
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