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PhsyicsGen:
Can Generative Models Learn from Images
to Predict Complex Physical Relations?



Introduction & Motivation

Institute for Machine Learning and Analytics 2

Objective: Active noise reduction through AI-based control of drilling rigs

• ~9–10 min simulation time



Introduction & Motivation
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DL-model

Are generative models able to learn complex physical 

relations from input-output image pairs?

What speedups can be achieved by replacing differential 

equation-based simulations?



PhysicsGen Benchmark – The Three Tasks
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Urban Sound Propagation
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Sound 

Propagation 

Simulation

Prediction

100.000 Pairs

OSM

• Decibels (dB)

• Humidity, Temperature

• Order of Reflections

PhysicsGen Task 1

Doc.: https://noisemodelling.readthedocs.io/en/latest/

https://noisemodelling.readthedocs.io/en/latest/


Lens Distortion
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Brown-Conrady 

Distortion Model

Target Distortion

100.000 Pairs

Input

PhysicsGen Task 2

• distortion parameters 

(p1,p2) 

Goal: Simulate optical lens distortion

• CelebA subset (50k faces, 256×256)



Dynamics of Movement 
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PhysicsGen Task 3

Pymunk 

Simulation

Target 𝑡𝑛

100.000 Pairs

Input 𝑡0

• Inclination

• Start height

• Time interval

Evaluation:

• Ball position X, Y

• Rotation θ

• Ground inclation β



PhysicsGen Benchmark – Generative Models
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Encoder-Decoder Architectures

• U-Net

• Convolutional Autoencoder (ConvAE)

• Variational Autoencoder (VAE)

Generative Adversarial Network

• Pix2Pix

Diffusion Models

• Denoising Diffusion Propabilistic Model (DDPM)

• Stable Diffusion

• conditioning with and without cross-

attention

• Denoising Diffusion Bridge Models (DDBM)



Urban Sound Propagation
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Reflection Task



Lens Distortion

Institute for Machine Learning and Analytics 10



Dynamics of Movement 
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Overall Discussion & Key Insights
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• Good for simple 0th and 1st order problems

• Struggle with complex physical relations

• 2M speedup in sound propagation

• Runtime comparison is practical; CPU vs. GPU

Diffusion models

U-Net
Pix2Pix
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Are generative models able to learn complex physical 

relations from input-output image pairs?

What speedups can be achieved by replacing differential 

equation-based simulations?



Limitations & Conclusion
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Conclusion

• PhysicsGen provides a valuable benchmark for 

evaluating generative models in physical simulation 

tasks

• Current models show great promise for speed but 

require significant advancements to ensure physical 

correctness @mspitzna/physicsgen

• Project:  https://www.ki-bohrer.de/

• PhysicsGen:  https://www.physics-gen.org/

https://www.ki-bohrer.de/
https://www.physics-gen.org/


PhysicsGen Benchmark
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PhysicsGen: Can Generative Models Learn from Images 
to Predict Complex Physical Relations?
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