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Motivation
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Inferring Generative Models from Data
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Figure from: Koppe, G., Toutounji, H., Kirsch, P., Lis, S., & Durstewitz, D. (2019).
Identifying nonlinear dynamical systems via generative recurrent neural networks with applications to fMRI. PLoS Computational Biology, 15.  
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Diagonal Off-diagonal

Observation Model Activation Function
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I For fMRI observation modelrefer to: Koppe, G., Toutounji, H., Kirsch, P., Lis, S., & Durstewitz, D. (2019).

Identifying nonlinear dynamical systems via generative recurrent neural networks with applications to fMRI. PLoS ComputationalBiology, 15.   



 

Increasing Computational Capacity

» %, =Az,_, + WA(z,_)) tho + Cs, +e, €,~ VOX)

* Can we reduce the dimensionality of latent space?

¢ Retain piece-wise linear form

¢ Neurophysiological analogy: dendritic computation or neuronal diversity

  
 



 

Basis Expansion
New activation function in latent model
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Variational Inference

Variational Lower Bound

  x= {x,|r=1..

z= {z,|t=1...T}

 

P(x) a LG, px) = Egyclnllogpo, z)] oy Egyclnllog qy(Z |x)]

°

Complete Likelihood

I
log pol.2) = —1 — Ho — 8)" —Ho — 8)

r1
=2% Az) Wh) 8)ZG, AZ) WHE,-1) $))
“ t=2
 

1 T

—> D) @, — Bz)", — Bz)
t=1

Mean-Field Approximation

i T

apex) = Tame |x,) = IlN(Lgl&))- Gy)

Hyl%,) = NN,(x)
o4(%,) = NN,(%;,)

 
 



Benchmark Dynamical Systems

Lorenz Attractor Lorenz-96 System
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Results - Lorenz System
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Results - Lorenz System
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Results - Lorenz-96 System
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Results - Lorenz-96 System
°

 

 

— Me=15

—_ M=20
see ee ee we . — M=25

— M=30

 TTTTVN
B =1, 2, 5, 10, 20, 50

M
S
E

2
5
-
s
t
e
p
s

B =1, 2, 5, 10, 20, 50

 

 

M=15

M 20

M=25

M = 30

eG ‘ ;
HH Jt: i:

10° i oar ur

m4 be
i i

6x1071 j
Hes ‘|,

4x 1072 1] ‘hy

3x 107} 

 
 



 

Summary

Basis expansion:

¢ Improvesinference

¢ Encourages learning of more interesting dynamics

« Reduces dimensionality of the latent space
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Global vs. Local Metrics
Kullback-Leibler Divergence vs. Mean Squared Error

low MSE — high MSE. ———,
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Figure from: Koppe, G., Toutounji, H., Kirsch, P., Lis, S., & Durstewitz, D. (2019).

Identifying nonlinear dynamical systems via generative recurrent neural networks with applications to fMRI. PLoS ComputationalBiology, 15.

  
 

  


