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  Week 9 – part 1 : Models and data 



 

-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 – 9.1  Neuron Models and Data 

in 
Intracellular recordings 



Now: extracellular 

              recordings 
visual  

cortex 

Model of ‘Encoding’ 

Neuronal Dynamics –  9.1 intro: Systems neuroscience, in vivo  

 

-What is a good ‘processing’ model? 

-Estimate parameters of models? 

-How does a neuron encode? 

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

 



visual  

cortex 

Model of ‘Decoding’: 

 predict stimulus, given spike times 

Neuronal Dynamics –  9.1 intro: Model of DECODING 

Predict stimulus! 
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  Week 9 – part 4 : Generalized linear model 



Spike Response Model (SRM) 

Generalized Linear Model GLM 
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Neuronal Dynamics – 9.4 Likelihood of a spike train 



+ 

Neuronal Dynamics – 9.4 SRM with escape noise =  GLM 

-linear filters 

-escape rate 

likelihood of observed 

       spike train 

parameter optimization 

      of neuron model 



Biological Modeling  

of Neural Networks: 

 

Week 9 –  

Coding and Decoding 

Wulfram Gerstner 

EPFL, Lausanne, Switzerland 

9.1 What is a good neuron model? 

       - Models and data 

9.4  Generalized Linear Model 
        -  for one neuron  

9.6. Modeling in vitro data 
         -  how long lasts the effect of a spike? 

9.7  Systems neuroscience 
        -   reverse correlations 

        -  helping humans  

 

 

  Week 9 – part 6 : Modeling in vitro data 



Neuronal Dynamics – 9.6 Models and Data  

comparison model-data 

Predict 

-Subthreshold voltage 

-Spike times 
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Neuronal Dynamics – 9.6   GLM/SRM with escape noise 



neuron 

model 

Image:Mensi et al. 

Neuronal Dynamics – 9.6   GLM/SRM predict subthreshold voltage 



Mensi et al., 2012 

No moving threshold 

With moving threshold 

Role of moving threshold 

Neuronal Dynamics – 9.6   GLM/SRM predict spike times 
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Change in model formulation: 
What are the units of ….  ? 
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exponential 

adaptation 

current 

‘soft-threshold 

adaptive IF model’ 



Pozzorini et al. 2013 

Time scale of filters? 
 Power law 

A single spike has a measurable effect 

 more than 10 seconds later! 

( )s 1( )s

Neuronal Dynamics – 9.6   How long does the effect of a  spike last?  



Mensi et al., 2012 
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Neuronal Dynamics – 9.6 Extracted parameters: voltage  



-Predict spike times 

-Predict subthreshold voltage 

-Easy to interpret (not a ‘black box’) 

-Variety of phenomena 

-Systematic: ‘optimize’ parameters 

Neuronal Dynamics – 9.6 Models and Data  

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



-Predict spike times 

-Predict subthreshold voltage 

-Easy to interpret (not a ‘black box’) 

-Variety of phenomena 

-Systematic: ‘optimize’ parameters 

Neuronal Dynamics –  Review:  Models and Data  

BUT so far limited to in vitro 



Now: extracellular 

              recordings 
visual  

cortex 

Model of ‘Encoding’ 

A) Predict spike times, given stimulus 

B) Predict subthreshold voltage 

C) Easy to interpret (not a ‘black box’) 

D) Flexible enough to account for a variety of phenomena 

E) Systematic procedure to ‘optimize’ parameters 

Neuronal Dynamics –  9.7 Systems neuroscience, in vivo  



Estimation of spatial (and temporal) receptive fields 
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Neuronal Dynamics –  9.7 Estimation of receptive fields  



Special case of 

GLM= 

Generalized Linear Model 

LNP =  

Linear-Nonlinear-Poisson 

visual 

stimulus 

Neuronal Dynamics –  9.7 Estimation of Receptive Fields 



GLM for prediction of retinal ganglion ON cell activity 

Pillow et al. 2008 

Neuronal Dynamics –  9.7 Estimation of Receptive Fields 

Data from Retinal 

Ganglion Cells 

LNP  
worse than 

GLM 



Neuronal Dynamics –  9.7 GLM with lateral coupling 



Pillow et al. 2008 One cell in a Network of Ganglion cells 

Neuronal Dynamics –  9.7 GLM with lateral coupling 

Image: 
Gerstner et al., 

Neuronal Dynamics, 

Cambridge 2014 

coupled 

GLM 
Better than 

Uncoupled GLM 



visual  

cortex 

Model of ‘Encoding’ 

A) Predict spike times, given stimulus 

B) Predict subthreshold voltage 

C) Easy to interpret (not a ‘black box’) 

D) Flexible enough to account for a variety of phenomena 

E) Systematic procedure to ‘optimize’ parameters 

Neuronal Dynamics –  9.7 Model of ENCODING 



Model of ‘Encoding’ 

Neuronal Dynamics –  9.7 ENCODING and Decoding 

Generalized Linear Model (GLM) 

    - flexible model 

    - systematic optimization 

               of parameters  

Model of ‘Decoding’ 

The same GLM works! 

    - flexible model 

    - systematic optimization 

             of parameters  



visual  

cortex 

Model of ‘Decoding’: 

 predict stimulus, given spike times 

Neuronal Dynamics –  9.7 Model of DECODING 

Predict stimulus! 



Model of  

‘Decoding’ 
Predict intended arm movement, 

   given Spike Times 

Application: Neuroprosthetics 

frontal  
cortex 

Neuronal Dynamics –  9.7 Helping Humans 

Many groups 

world wide 

   work on this  

      problem! 

motor  
cortex 



Application: Neuroprosthetics 

Hand velocity 

Decode the intended arm movement 

Neuronal Dynamics –  9.7 Basic neuroprosthetics 

Image: 
Gerstner et al., 

Neuronal Dynamics, 

Cambridge 2014 



Mathematical models  

   for neuroscience 

help humans 

The end 

Neuronal Dynamics –  9.7  Why mathematical models? 
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Optimization methods for neuron models, max likelihood,  and GLM 

Encoding and Decoding 


