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Learning representations:
AutoEncoder

Hiddenlayers ~ Outputlayer

» Bottleneck Architecture
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AUtoEncoder: A second perspective

» Use NN as Datastructure:

deconv deconv
- layer - layer
vector of ones target image

®» Fven: Train to output different pictures, based on input vector.




AUtoEncoder: A second perspective

» Train encoder to organise latent space

» Tada! Autoencoder!
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Variational AutoEncoder

» Autoencoder stores points.

» VAE stores Gaussian distributions!
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Variational
AUtoEncoder
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Variational AutoEncoder: Loss

2
= Root Mean Square Error: RSME = Yycrest set (Vored,i — Verue,i)

» FEncourages the network to describe the input




Variational AutoEncoder: Loss

2
= Root Mean Square Error: RSME = Yycrest set (Vored,i — Verue,i)
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Variational AutoEncoder: Loss

2
= Root Mean Square Error: RSME = Y6t set(Vpreai — Verue,i)
» FEncourages the network to describe the input
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» Kulloack-Leibler Divergence: DK];,(P II Q) = §. p(z) log(ZE—:i) dx

» Disfance between distributions

®» L =RMSE +f - D (P||[N(u=0,0 =1) )




Variational AutoEncoder: latent space

L=RMSE +f -Dg (P|IN(u=0,6 =1))

Only reconstruction loss Only KL divergence Combination




Variational AutoEncoder

®» Result: a dense, confinuous latent space.

These images in between are generated!




SciNet Architecture

_ | | SciNet!
= Train on observations & questions

and answers

= Model parameters ~ latent repres. question
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Damped Pendulum

ldentifying system parameters




pendulum position
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Damped Pendulum

observation data set

pendulum position
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X+bx+kx=0

Key FIndings
®» X+ bx+Kkx=0
®» x and b in two latent neurons
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Collision

Using constants of motion
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After collision
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Before collision
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Key Findings: Collision

® stores total angular momentum in the latent neuron!

» RMSE = 4% of radius r.

» SciNet is resistant to noise.
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Qubits

Counting Degrees of Freedom




Qubits: reconstruction of quantum state ¥




Qubits: reconstruction of quantum state ¥
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Key FIndings: Qubits

» SciNet determines degrees of freedom in state
» SciNet distinguishes tomographically complete sefs
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Heliocentric solar system

Smart choice of coordinates




Solar system

» coordinate selection
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Key FIndings: Solar System

» Storing linear combinations of @earth, Cmars ATAN

77 AR

4

&

@A antes Ny
MX N~

» RMSE=0.4% (w.rt. 2m) .4%3,,,3«0‘«
2 Q) . )
/A r(to) time r(t]) time r(tz)
encoder E evolution evolution

Earth

>
./y 0,
e

= —

Q Q

(g [

D D

2 2

fixed Q Q

: 0O @)

(PE stars -3 =

. ] > = =

> S

Sun /Oy - X
rM




Discussion

»SciNet:
®|denfifies system parameters in latent neurons
®»Cqaptures constants of mofion

»Counts Degrees of Freedom
»Fnds a preferable coordinate system




Future Work

®» Strong results on some simple models

» Validation is simple: Prediction Error

®» Defermining the d.o.f. needs a cleaner threshold

» Good coordinate systems are valuable but ¢(t) = wt Is rare.

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

» |nferpreting latent variables without comparison model will
be hard.




Thank You for the Attention!
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Variational AutoEncoder: latent space

L=RMSE +f -Dg (P|IN(u=0,6 =1))




