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This is based on…
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Outline

 Introduction to Modeling

 Variational Auto Encoder (VAE) vs. SciNet

 Examples of Physical Problems

 Technical Aspects of the Optimization Procedure
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Introduction
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Modelling: Observational Input
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Modelling: Postulate a Model
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Modelling: Extracting Parameters

𝑥 = 𝑣 ⋅ 𝑡 + 𝑥0 , 𝑣 = 25 𝑚𝑠−1, 𝑥0 = 10 𝑚

Model (Linear) Parameter Values
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Modelling: Extracting Parameters

𝑥 = 𝑣 ⋅ 𝑡 + 𝑥0 , 𝑣 = 25 𝑚𝑠−1, 𝑥0 = 10 𝑚

Model (Linear) Parameter Values

Noise has been ignored
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Modelling: Making Predictions

𝑥 = 𝑣 ⋅ 𝑡 + 𝑥0 , 𝑣 = 25 𝑚𝑠−1, 𝑥0 = 10 𝑚

Model (Linear) Parameter Values

Time [s] Position [m]

100 ?

200 ?

… …

Q: What is the car‘s position at 

time t=100 s ? 
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Modelling: Making Predictions

𝑥 = 𝑣 ⋅ 𝑡 + 𝑥0 , 𝑣 = 25 𝑚𝑠−1, 𝑥0 = 10 𝑚

Model (Linear) Parameter Values

Time [s] Position [m]

100 2510

200 5010

… …

A: 5010 m.  
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Modeling: Human -> Machine
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Modeling: Human -> Machine

Key idea of the

paper
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Modeling: Human -> Machine

„SciNet“

13



Variational Auto Encoder (VAE)

Optimize this
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VAE Network Structure

Distributions
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 Maximize: faithfulness to prior distribution + 

reconstruction likelihood

VAE: Criteria
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VAE: Criteria

 Maximize: faithfulness to prior distribution + 

reconstruction likelihood
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 Maximize: faithfulness to prior distribution + 

reconstruction likelihood

VAE: Criteria

𝐸𝑞𝜙(𝑧|𝑥) log 𝑝𝜃(𝑥|𝑧) − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝 𝑧
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𝐸𝑞𝜙(𝑧|𝑥) log 𝑝𝜃(𝑥|𝑧) − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝 𝑧

VAE: Criteria

 Maximize: faithfulness to prior distribution + 

reconstruction likelihood
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𝐸𝑞𝜙(𝑧|𝑥) log 𝑝𝜃(𝑥|𝑧) − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝 𝑧

VAE: Criteria

 Maximize: faithfulness to prior distribution + 

reconstruction likelihood

Will go into more detail later! 
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VAE vs. SciNet

VAE: Tries to reproduce data distribution SciNet: Tries to anwser specific questions

[Iten et al, PRL, 2018]
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End of Introduction

 Questions?
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Examples!
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Example: Quantum State Tomography

Q: How many real parameters are needed to

characterize the state?
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Example: Quantum State Tomography

Q: How many real parameters are needed to

characterize the state?
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Example: Quantum State Tomography

A: 1-qubit: 2 real parameters; 2-qubit: 6 real 

parameters

Note: in general: 2 ⋅ 2𝑛 − 2

qu“bit“Complex coeff. normalization + global phase
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Example: Quantum State Tomography

Task Description:

Ref. 

Measure-

ment

results

encoder decoder

Q: What if we make

the measurement M?

A: We would

obtain the

following

results
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Example: Quantum State Tomography

Machine Performance:

[Iten et al, PRL, 2018]

28



Example: Quantum State Tomography

Machine Performance:

[Iten et al, PRL, 2018]
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Time-Varying Parameters

[Iten et al, PRL, 2018]
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Time-Varying Parameters

[Iten et al, PRL, 2018]
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Example: Heliocentric Model

[Iten et al, PRL, 2018]
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Example: Heliocentric Model

Good

Parameters!

(simple time 

evolution)

Bad 

Parameters!

(Complicated

time 

evolution)

[Iten et al, PRL, 2018]
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Example: Heliocentric Model
[Iten et al, PRL, 2018]

34

predicts the angles of Mars and the 

Sun with a root mean square error 

below 0.4% (with respect to 2π)



Example: Heliocentric Model
[Iten et al, PRL, 2018]
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predicts the angles of Mars and the 

Sun with a root mean square error 

below 0.4% (with respect to 2π)

Activation of neurons at 𝑡0; stores

linear combinations of 𝜙𝑀 and 𝜙𝐸



Remark

Minimal number

of latent neurons
Relevant # DOF required to

answer all questions
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Remark

Minimal number

of latent neurons
Relevant # DOF required to

answer all questions

Can be proven using methods

from differential geometry!
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End of Examples
 Questions?
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Mathematics!
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Mathematics!
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Mathematics!

𝑝 𝑧 𝑥 =
𝑝 𝑥 𝑧 ⋅ 𝑝(𝑧)

𝑝(𝑥)
ℒ𝜃,𝜙 𝑥 = 𝔼𝑞𝜙(𝑧|𝑥) log

𝑝𝜃 𝑥, 𝑧

𝑞𝜙 𝑧 𝑥

Bayesian Inference Evidence Lower Bound (ELBO)
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Bayesian Inference

𝑝 𝑧 𝑥 =
𝑝 𝑥 𝑧 ⋅ 𝑝(𝑧)

𝑝(𝑥)
True posterior

distribution

Prior 

distribution

Marginal 

likelihood

likelihood

𝑝 𝑥 = ∫ 𝑝 𝑥, 𝑧 𝑑𝑧
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Bayesian Inference

𝑝 𝑧 𝑥 =
𝑝 𝑥 𝑧 ⋅ 𝑝(𝑧)

𝑝(𝑥)
True posterior

distribution

Prior 

distribution

Marginal 

likelihood

likelihood

?

𝑝 𝑥 = ∫ 𝑝 𝑥, 𝑧 𝑑𝑧
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Graphical
Representation Independent 

Gaussians

Arxiv:1906.02691v3
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Graphical
Representation Independent 

Gaussians

Remark: data set = weird distribution,

Training autoencoder = find variables z with simple distribution

z = equivalent to the dataset, capturing essential features
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Variational Problem 

Choose the KL divergence to be

our „distance measure“ ☺

Let‘s make the inferred

model close to the true

model!

Hmm…vary the inferred

model to minimize some

„distance measure“ 

But we don‘t know the

true model (posterior

distribution)! 
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Let‘s make the inferred

model 𝒒𝝓 𝒛 𝒙 close to

the true model 𝒑𝜽 𝒛|𝒙 !

Variational Problem 

Choose the KL divergence as our

„distance measure“ functional ☺

𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝𝜃 𝑧 𝑥

Hmm…vary the inferred

model 𝒒𝝓 𝒛 𝒙 to minimize

some „distance measure“ 

functional 𝑺[𝒒𝝓 𝒛 𝒙 ]

But we don‘t know the

true model) 𝒑𝜽 𝒛|𝒙 ! 


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Variational Problem 

KL

𝒑𝜽 𝒛|𝒙

𝒑𝜽 𝒛|𝒙 𝒒𝝓 𝒛 𝒙
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„The way out“

ℒ𝜃,𝜙 𝑥 ≡ 𝔼𝑞𝜙(𝑧|𝑥) log
𝑝𝜃 𝑥, 𝑧

𝑞𝜙 𝑧 𝑥
~ − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝𝜃 𝑧 𝑥

Evidence Lower Bound 

(ELBO)
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*„The way out“ --> Derivation!

log 𝑝𝜃(𝑥) = 𝔼𝑞𝜙(𝑧|𝑥) log 𝑝𝜃(𝑥) = 𝔼𝑞𝜙(𝑧|𝑥) log
𝑝𝜃 𝑥, 𝑧

𝑝𝜃 𝑧 𝑥

= 𝔼𝑞𝜙(𝑧|𝑥) log
𝑝𝜃 𝑥, 𝑧

𝑞𝜙(𝑧|𝑥)

𝑞𝜙(𝑧|𝑥)

𝑝𝜃(𝑧|𝑥)

= 𝔼𝑞𝜙(𝑧|𝑥) log
𝑝𝜃 𝑥, 𝑧

𝑞𝜙 𝑧 𝑥
+ 𝔼𝑞𝜙(𝑧|𝑥) log

𝑞𝜙(𝑧|𝑥)

𝑝𝜃 𝑧 𝑥

= ℒ𝜃,𝜙 𝑥 + 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝𝜃 𝑧 𝑥

∴ ℒ𝜃,𝜙 𝑥 ~ − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝𝜃 𝑧 𝑥
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Massaging the Equation…

ℒ𝜃,𝜙 𝑥 = 𝔼𝑞𝜙(𝑧|𝑥) log
𝑝𝜃 𝑥, 𝑧

𝑞𝜙 𝑧 𝑥
𝐸𝑞𝜙(𝑧|𝑥) log 𝑝𝜃(𝑥|𝑧) − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝 𝑧
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*Massaging the Equation…

ℒ𝜃,𝜙 𝑥 ≡ 𝔼𝑞𝜙(𝑧|𝑥) log
𝑝𝜃 𝑥, 𝑧

𝑞𝜙 𝑧 𝑥

𝐸𝑞𝜙(𝑧|𝑥) log 𝑝𝜃(𝑥|𝑧) − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝 𝑧

𝔼𝑞𝜙(𝑧|𝑥) log
𝑝𝜃 𝑥|𝑧 ⋅ 𝑝(𝑧)

𝑞𝜙 𝑧 𝑥

𝔼𝑞𝜙(𝑧|𝑥) log 𝑝𝜃 𝑥|𝑧 − log
𝑞𝜙 𝑧 𝑥

𝑝(𝑧)
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Graphical
Representation


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Optimization

 Back-propagation

 Differentiate the ELBO ℒ𝜃,𝜙 𝑥 , w.r.t. 𝜃, 𝜙

 Reminder: ℒ𝜃,𝜙 𝑥 = 𝐸𝑞𝜙(𝑧|𝑥) log 𝑝𝜃(𝑥|𝑧) − 𝐷𝐾𝐿 𝑞𝜙 𝑧 𝑥 𝑝 𝑧

Can‘t take ∇𝜙 w.r.t. 

𝑧 ~ 𝑞𝜙(𝑧|𝑥)

Gradient descent

𝑎𝑛+1 = 𝑎𝑛 − 𝛾∇𝐹(𝑎𝑛)
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Reparameterization Trick

 Problem…

∇𝜙
𝑧 ~ 𝑞𝜙(𝑧|𝑥)

𝑧𝑖 = 𝜇𝑖 + 𝜎𝑖𝜖𝑖

∇𝜙 ℒ𝜃,𝜙 𝑥
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Reparameterization Trick
 Problem…

∇𝜙

𝑧 ~ 𝑞𝜙(𝑧|𝑥)

𝑧𝑖 = 𝜇𝑖 + 𝜎𝑖𝜖𝑖

∇𝜙 ℒ𝜃,𝜙 𝑥

𝑞𝜙(𝑧|𝑥)

𝑔(𝜖)

𝑧𝑖

𝜖𝑖

𝑧𝑖 = 𝜇𝑖 + 𝜎𝑖𝜖𝑖
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Reparameterization Trick
 Problem…

∇𝜙

𝑧 ~ 𝑞𝜙(𝑧|𝑥)

𝑧𝑖 = 𝜇𝑖 + 𝜎𝑖𝜖𝑖

∇𝜙 ℒ𝜃,𝜙 𝑥

𝑞𝜙(𝑧|𝑥)

𝑔(𝜖)

𝑧𝑖

𝜖𝑖

𝑧𝑖 = 𝜇𝑖 + 𝜎𝑖𝜖𝑖

𝑔(𝜖) is

Gaussian

𝜇 𝜙 , 𝜎 𝜙 ,
𝜖 not dependent on 𝜙
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Reparameterization Trick

Arxiv:1906.0261v3
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Recap…
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Conclusion

 VAE based SciNet structure models physical systems

 Not just the values of parameters, but also to identify relevant DOF

 Need to maximize ELBO

 Use reparameterization trick for back propagation
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