Week 9 - part 1 : Models and data

B
9.1 What is a good neuron model?
Biological Modeling - Models and data
of Neural Networks: 9.4 Generalized Linear Model
- Adding noise to the SRM
9.6. Modeling in vitro data
Week 9 - how long lasts the effect of a spike?

9.7 Systems neuroscience

Coding and Decoding - reverse correlations

Wulfram Gerstner - helping humans
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~ Neuronal Dynamics - 9.1 Neuron Models andData

Intracellular recordings

-What Is a good neuron model?

-Estimate parameters of models?

-How does a neuron encode?

-Decoding: what do we learn from a spike train?



Neuronal Dynamics — 9.1intro: Systems neuroscience, in vivo

Now: extracellular o 00D e
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cortex

-What Is a good ‘processing’ model?
Estimate parameters of models? _
‘Encoding’

-How does a neuron enco
-Decoding=what do we-learn from a spike train?

e



Neuronal Dynamics — 9.1intro: Model of DECODING

Predict stimulus!

visual
cortex

odel of ‘Decoding’:
redict stimulus, given spike times




Week 9 - part 4 : Generalized linear model
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9.1 What is a good neuron model?

Biological Modeling - Models and data

of Neural Networks: 9.4 Generalized Linear Model
. - for one neuron

9.6. Modeling in vitro data

- how long lasts the effect of a spike?
Week 9 - 9.7 Systems neuroscience
Coding and Decoding - reverse correlations

Wulfram Gerstner
EPFL, Lausanne, Switzerland



Spike Response Model (SRM) Gerstner et al.,

Generalized Linear Mo

1992,2000

del GLM Truccolo et al., 2005
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Neuronal Dynamics - 9.4 Likelihood of a spike train
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Neuronal Dynamics — 9.4 SRM with escape noise = GLM

-linear filters
-€SCape rate
—likelihood of observed
spike train
-2 parameter optimization
of neuron model




Week 9 - part 6 : Modeling in vitro data

B
EEEEEEEEEEEEEEEEE 9.1 What is a good neuron model?
= = = - Models and data
Biological Modeling . .
9.4 Generalized Linear Model
of Neural Networks:
9.6. Modellng in V|tro data
- how long lasts the effect of a spike?
Week 9 - 9.7 Systems neuroscience
Coding and Decoding - reverse correlations

- helping humans
Wulfram Gerstner

EPFL, Lausanne, Switzerland



Neuronal Dynamics — 9.6 Models and Data

comparison model-data
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Neuronal Dynamics - 9.6 GLM/SRM with escape noise
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Neuronal Dynamics — 9.6 cLm/SRM predict subthreshold voltage
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Neuronal Dynamics — 9.6 cLM/SRM predict spike times

Role of moving threshold =~ No moving threshola
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Change In model formulation:
What are the units of .... ?

expone

(1)

‘soft-threshold
adaptive IF model’

ral - .
K \‘?1\(55) <:\
. u — :

(0 \

_/

~

\_ N@@

d

potential CEU t = Ifi s S(t—s)ds +I(t)

threshold

firing intensity o(t) = f (u(t) —$(t))

adaptation
current




Neuronal Dynamics — 9.6 How long does the effect of a spike last2
Time scale/of filterg?
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A single spike has a measurable effect Pozzorini et al. 2013

more than 10 seconds later!



Neuronal Dynamics - 9.6 Extracted parameters: voltage
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Neuronal Dynamics — 9.6 Models and Data
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-Predict spike times

-Predict subthreshold voltage
-Easy to interpret (not a ‘black box’)
-Variety of phenomena
-Systematic: ‘optimize’ parameters

BUT so far limited to in vitro
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Week 9 - part 7 : Models and data

B

9.1 What is a good neuron model?
Biological Modeling - Models and data
of Neural Networks: 9.4 Generalized Linear Model

' - Adding noise to the SRM
9.6. Modeling in vitro data
- _how lona |5 ne effect of a snike?

Week 9 - 9.7 Systems neuroscience
Coding and Decoding - reverse correlations

- helping humans

Wulfram Gerstner
EPFL, Lausanne, Switzerland




Neuronal Dynamics — Review: Models and Data

-Predict spike times

-Predict subthreshold voltage
-Easy to interpret (not a ‘black box’)
-Variety of phenomena
-Systematic: ‘optimize’ parameters

BUT so far limited to in vitro



Neuronal Dynamics — 9.7 Systems neuroscience, in vivo

Now: extracellular o 00D e
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cortex

edict spike times, given stimulus
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C) Easyto. interpret (not a ‘black box’) Model ¢ ‘Encoding’

D) Flexible 6-9‘01 onenomena
E) Systematic procedure to ‘optimize’ parameters




Neuronal Dynamics - 9.7 Estimation of receptive fields
Estimation of spatial (and temporal) receptive fields
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Neuronal Dynamics — 9.7 Estimation of Receptive Fields
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Neuronal Dynamics — 9.7 Estimation of Receptive Fields

GLM for prediction of retinal ganglion ON cell activity

variance
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Data from Retinal
Ganglion Cells

worse than

Pillow et al. 2008



Neuronal Dynamics - 9.7 GLM with lateral coupling
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Neuronal Dynamics — 9.7 GLM with lateral coupling
One cell in a Network of Ganglion cells Pillow et al. 2008
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Neuronal Dynamics — 9.7 Model of ENCODING

R

s wddese e : Vlsual
cortex

edict spike times, given stimulus
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C) Easyto interpret (not a ‘black box’) ‘Encoding’
D) Flexible enough-to_ account for a vari enomena

E) Systematic procedure to ‘optimize’ parameters




Neuronal Dynamics — 9.7 ENCODING and Decoding

Model of ‘Encoding

eneralized Linear Model (GLM)
- flexible model
- systematic optimization

of parameters

Model of ‘Decoding

The same GLM works!
- flexible model
- systematic optimization
of parameters




Neuronal Dynamics — 9.7 Model of DECODING

Predict stimulus!

visual
cortex

odel of ‘Decoding’:
redict stimulus, given spike times




Neuronal Dynamics — 9.7 Helping Humans
Application: Neuroprosthetics

[ N
any groups
0 frontal motor \ y group
cortex world wide

IinoianiiiTiii

<, ] A M =<)Ly work on this
problem!

Model of
‘Decoding’

Predict iIntended arm movement,
given Spike Times



Neuronal Dynamics — 9.7 Basic neuroprosthetics

Application: Neuroprosthetics
Decode the Intended arm movement
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Fig. 11.12: Decoding had velocity from spiking activity in area MI of cortex. The real
hand velocity (thin black line) is compared to the decoded velocity (thick black line) for
the z— (top) and the y—components (bottom). Modified from Truccolo et al. (2005).



Neuronal Dynamics — 9.7 Why mathematical models?

Mathematical models
for neuroscience

|

help humans

The end



Neuronal Dynamics week 9-Suggested Reading/selected references
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Encoding and Decoding
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