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Agenda

 Objective: From Observations to Models

 Necessary Network Architecture

 Results on Physical Experiments

 Discussion



Objective



Finding a simple Model



Network Architecture
Representation Learning



Learning representations:
Levels of Abstraction



 Bottleneck Architecture

Learning representations: 

AutoEncoder



AutoEncoder: A second perspective

 Use NN as Datastructure:

 Even: Train to output different pictures, based on input vector.



AutoEncoder: A second perspective

 Train encoder to organise latent space

 Tada! Autoencoder!



AutoEncoder

 latent space trained on MNIST.

 2 latent neurons

 2-dim. latent space

w



Variational AutoEncoder
 Autoencoder stores points. 

 VAE stores Gaussian distributions!



Variational 

AutoEncoder



Variational AutoEncoder: Loss

 Root Mean Square Error:  RSME = σ𝑖∈𝑡𝑒𝑠𝑡 𝑠𝑒𝑡 𝑦𝑝𝑟𝑒𝑑,𝑖 − 𝑦𝑡𝑟𝑢𝑒,𝑖
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 Encourages the network to describe the input

 Kullback-Leibler Divergence: 

 Distance between distributions

 ℒ = 𝑅𝑀𝑆𝐸 + 𝛽 ∙ 𝐷𝐾𝐿( 𝑃||𝑁(𝜇 = 0, 𝜎 = 1) )



Variational AutoEncoder: latent space

ℒ = 𝑅𝑀𝑆𝐸 + 𝛽 ∙ 𝐷𝐾𝐿( 𝑃||𝑁(𝜇 = 0, 𝜎 = 1) )



Variational AutoEncoder

Result: a dense, continuous latent space.



SciNet Architecture
 Train on observations & questions 

and answers

 Model parameters ~ latent repres.

 Compare to Autoencoder:

SciNet!



Damped Pendulum
Identifying system parameters



Damped Pendulum

 𝑥 𝑡 = 𝐴0𝑒
−
𝜅𝑡

2 sin 𝜔𝑡 , 𝑤𝑖𝑡ℎ 𝜔 = 𝜅(1 −
𝑏2

4𝜅
)



Damped Pendulum

𝑡𝑝𝑟𝑒𝑑

𝑥(𝑡𝑝𝑟𝑒𝑑)



Key Findings

 ሷ𝑥 + 𝑏 ሶ𝑥 + 𝜅𝑥 = 0

 𝜅 and b in two latent neurons

 no information in the 3rd neuron.

 RMSE = σ𝑖∈𝑡𝑒𝑠𝑡 𝑠𝑒𝑡 𝑦𝑝𝑟𝑒𝑑,𝑖 − 𝑦𝑡𝑟𝑢𝑒,𝑖
2

 RMSE of 2% of amplitude

ሷ𝑥 + 𝑏 ሶ𝑥 + 𝜅𝑥 = 0



Collision
Using constants of motion



Collision



Collision



Collision + Noise



Key Findings: Collision

 stores total angular momentum in the latent neuron!

 RMSE = 4% of radius r.

 SciNet is resistant to noise.



Qubits
Counting Degrees of Freedom



Qubits: reconstruction of quantum state 𝜓



Qubits: reconstruction of quantum state 𝜓

measurement data

𝑝(𝛼𝑖 , 𝜓) 𝑖

parameterization 
of a measurement𝜔:

𝑝(𝛽𝑖, 𝜔) 𝑖

measurement probability

𝑝(𝜔, 𝜓)



Key Findings: Qubits

 SciNet determines degrees of freedom in state

 SciNet distinguishes tomographically complete sets



Heliocentric solar system
Smart choice of coordinates



Solar system

 coordinate selection



Solar system

Initial angles from Earth

𝜃𝑠𝑢𝑛(𝑡 = 0), 𝜃𝑚𝑎𝑟𝑠 (𝑡 = 0)

Predicted angles

𝜃𝑠𝑢𝑛(𝑡), 𝜃𝑚𝑎𝑟𝑠 (𝑡)



Key Findings: Solar System

 Storing linear combinations of 𝜑𝑒𝑎𝑟𝑡ℎ, 𝜑𝑚𝑎𝑟𝑠

 RMSE = 0.4% (w.r.t. 2𝜋)



Discussion

SciNet:

Identifies system parameters in latent neurons

Captures constants of motion

Counts Degrees of Freedom

Finds a preferable coordinate system



Future Work

 Strong results on some simple models

 Validation is simple: Prediction Error

 Determining the d.o.f. needs a cleaner threshold

Good coordinate systems are valuable but 𝜑 𝑡 = 𝜔𝑡 is rare.

We have the option to use a more complex time-evolving RNN.

 Interpreting latent variables without comparison model will 

be hard.



Thank You for the Attention!



Appendix



VAE – latent 

space

 Result: a dense, continuous 

latent space.



Variational AutoEncoder: latent space

ℒ = 𝑅𝑀𝑆𝐸 + 𝛽 ∙ 𝐷𝐾𝐿( 𝑃||𝑁(𝜇 = 0, 𝜎 = 1) )


