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Motivation

« Dynamical systems perspective: dynamical systems underlie
the pattern of neural populations
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Motivation

« Dynamical systems perspective: dynamical systems underlie
the pattern of neural populations

e Monkey J-array

Problem: trajectories often
computed based on trial averages =\

f Monkey N-array

- Can we uncover underlying
dynamics of single trials?

Pré)jection' onto jP'C1 Projection onto jPC,
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Part I: The LFADS basic architecture

1. LFADS assumes an underlying dynamical system
(recurrent neural network) that generates spike trains

2. LFADS as a form of factor analysis

3. LFADS as a variational autoencoder



Part I: The LFADS basic architecture

1. LFADS assumes an underlying dynamical system
(recurrent neural network) that generates spike trains



LFADS basic architecture
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LFADS basic architecture
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To model underlying dynamics:

Recurrent neural networks (simple)

y Jo: Initial hidden state
T g 14
m> gt = tanh(W7|g; 1, 24])
yr = Wg
‘ 1
output

Yeung, CS231n (Stanford) 2017, lécturel3



RNN variant: Gated Recurrent Unit (GRU)

Simple GRU

gt = tanh(W7gt—1,2¢]) ¢; = tanh(W€|zy, s © g¢—1])

gt—UtQ--i— (1 —up) ©

- A combination of previous state ‘'memory’and updated state

- Prevents vanishing gradients
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LFADS basic architecture
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Part I: The LFADS basic architecture

2. LFADS as a form of factor analysis



Factor Analysis

Assumes data y (dimension Q) IS
generated by a latent variable x
(dimension p) where p <

Yot | Xt ™ -’MF ((:x:J + d} H) 3

Roweis, 2004. Factor analysis and PCA




Previous methods to uncover latent factors

Xt ™ ..Nf (CJK;T.{ + d} .H) .

y:,:‘f

« (Gaussian process factor analysis:

each dimension of x Is a Gaussian
%

Process

X, - N,J'UF(UE KLJ . /\]\/\J\/\/——

 Poisson feed-forward linear

dynamical system (PfLDS):
y IS generated from x through a
rate A and a noise model P

ErtilZre ~ Px (Arei = [F(200)):)

Roweis, 2004. Factor analysis and PCA

gxT



LFADS basic architecture
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. FADS can recover low-dimensional factors
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Part I: The LFADS basic architecture

3. LFADS as a variational autoencoder



Autoencoders

Reconstmgted data
A form of unsupervised learning T T~ W i =3

B L&0EG

Uncover hidden structure of = _T‘ﬁ”z ) RS
data (in LFADS: spike trains) ———t : sl < S5
inputdata \ : '

| Decoer | oassae s oo
Features | pA m Input+datau-

} e -
After training, features (factors) Encoder i"q?:@
will represent a compressed Input data T — RS
structure of the input data sl « B2

Autoencoders

(Feature learning)

Yeung, CS231n (Stanford) 2017, fécture13



Variational Autoencoder (VAE)

« Goal: try to learn the probability distribution p(x) that generates training data x

VAEs define intractable density function with latent z:
po(a) = [ po(e)polalz)dz

Input data Latent variable Reconstruction
T | 2 T

z follows some
parameterized distribution
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Variational Autoencoder (VAE)

« Goal: try to learn the probability distribution p(x) that underlie training data x

VAEs define intractable density function with latent z:
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Variational Autoencoder (VAE): Training

Reconstructed spike trains

RNN (decoder)
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Variational Autoencoder (VAE): Training

log pg(z'V) =

A
: _ | | T
=[E. [logpo(2?) | 2)] - Dicr.(ao(2 | 2D) | o))+ Dicr.(as(= | 27) | po(z | 27))
N - / v sample x|z from |2 ~ N (ptz|2, X))
(1) 9. ¢ >0
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Summary: the LFADS basic architecture
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1. LFADS assumes a dynamical system underlying spike trains
2. LFADS uncovers low-dimensional factors that underlie firing rates
3. LFADS is trained as a variational autoencoder ( )
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LFADS uncovers single-trial rotation dynamics
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LFADS uncovers single-trial rotation dynamics
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Part Il: Variants of LFADS

1. Dynamic neural stitching

2. LFADS with external perturbations



Dynamic neural stitching

Session 1
£ N

A single underlying Session 2

dynamical system | —— "

I ’_) Session N



LFADS basic architecture
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Dynamic neural stitching
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Dynamic neural stitching

d Condition-averaged LFADS factor trajectories across sessions

« Consistent trajectories
across sessions -2
consistent with a single
underlying dynamical
system

£ Single-trial LFADS factor trajectories
Session 1
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Dynamic neural stitching

 Good decoding of kinematic variables :

using LFADS factors "
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LFADS uncover structure of perturbations

» Behavior of dynamical system often disturbed by external signals from other brain areas
- Can we infer these signals on single-trials?
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¥ position (cm)

LFADS uncover structure of perturbations
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LFADS uncover structure of perturbations
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Discussion

1. In what context would LFADS be approprlate to model neural
data? When will it not be appropriate?



