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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
Images of recording techniques reprinted 
from refs. 40–43 with permission of Elsevier, 
Springer Science + Business Media, and  
Am. Physiol. Soc. Image of Utah array  
reprinted from ref. 42, © 1999 IEEE. Ca2+ 
imaging reprinted from ref. 33, © 2003 Natl. 
Acad. Sci. USA.
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.

Stevenson and Körding,  2011

Need good questions and good methods
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accuracy of two commonly used neural data analysis methods scales 

with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 

neuroscience and being able to accurately predict neural activity is 

at the heart of many neural data analysis techniques 9. These tech-

niques generally ask how information about the external world is 

encoded in the spiking of neurons 10. On the other hand, a number 

of applications, such as brain-machine interfaces, aim to use neural 

firing to predict behavior or estimate what stimuli are present in 

the external world. These two issues are together referred to as the 

 neural coding problem. We want to understand how neurons encode 

information about the external world and we want to understand 

how neural signals can be decoded to provide information about the 

external world. In most cases, encoding and decoding models are 

tightly linked; leading decoding models are usually based on explicit 

models of encoding 11–13.

We focused on models of neural encoding and two general 

approaches to the neural coding problem. Many methods focus on 

describing how neural firing relates to stimuli or the movement pro-

duced by an animal, using tuning curves or receptive fields. For exam-

ple, in motor cortex, the firing of the majority of neurons appears 

to depend sinusoidally on the direction of the animal’s hand move-

ment. A second class of methods focuses on describing how neurons 

 interact and influence one another 14–20 and assume that each neuron’s 

 spiking may influence the spiking probability of other neurons. We 

fitted typical versions of both model classes to multi-electrode data 

recorded from the cortices of awake, behaving (motor task) or anes-

thetized (visual task) monkeys and determined how spike prediction 

accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 

aim at predicting trial-by-trial spike counts: a tuning curve model that  

makes predictions based on external stimuli and a pair-wise inter-

actions model that makes predictions based on the activity of the other  

simultaneously recorded neurons (Fig. 2a). In both models, we assumed 

that spike counts on a given trial were generated by a linear nonlinear 

Poisson model 21, where the firing rate is determined either by a tuning 

curve or by coupling with the other recorded neurons. We estimated the 

parameters of these two models using maximum a posteriori estimation 

and assessed the spike prediction accuracy on trials that were not used 

during the estimation (Supplementary Methods). We were particu-

larly interested in how the number of simultaneously recorded neurons 

affects spike prediction accuracy. For the interaction model, we varied 

the ‘network size’ by using a random subsample of the other recorded 

neurons and examined how prediction accuracy varies with the number 

of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 

recorded while a monkey performed a center-out reaching task 22. In 

addition, spike data from 106 primary visual cortical neurons were 

recorded while an anesthetized monkey viewed oriented gratings 23. In 

data from motor cortex, we considered sinusoidal tuning to the direction 

of hand movement, while in the data from visual cortex we considered 

tuning to the movement direction of an oriented grating. As the tuning 

curve model describes each neuron independently, spike prediction 

accuracy is constant as a function of the number of recorded neurons. 

For the interaction model, however, it is possible for spike prediction 

accuracy to vary as a function of the number of neurons (Fig. 2b). We 

found that spike prediction accuracy under the interaction model grows 

with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  

of recorded neurons. (a) Examining 56 studies 

published over the last five decades, we found 

that the number of simultaneously recorded 

neurons doubled approximately every 7 years. 

(b) A timeline of recording technologies  

during this period shows the development  

from single-electrode recordings to multi-

electrode arrays and in vivo imaging techniques. 
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Figure 2 Approaches to neural data analysis and the scaling of spike 

prediction accuracy. (a) There are two main approaches to modeling 

multi-electrode data: mapping tuning properties to describe how neurons 

relate to stimuli or movement and mapping interactions between neurons. 

These techniques aim to predict spiking based on either external variables 

or other neural signals. (b) In data recorded from motor cortex (top) and 

visual cortex (bottom), spike prediction accuracy grows when modeling 

interactions between neurons, but is constant when modeling tuning 

curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 

approach is to consider simultaneously recorded neural activity as an 

expression of a latent, low-dimensional state space. These spaces can 

be extracted by first estimating smooth firing rates for each neuron and 

then using a dimensionality reduction technique such as factor analysis. 

Features of these state spaces can then be used to predict reaction times 

or reach targets on a trial-by-trial basis or to describe neural variability. 

Purple and green ellipses represent neural variability at target onset and 
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-> Perfect recipe for overfitting 

Full biophysical model

How can it be learned?

e-type is cAC, followed by cNAC and dNAC, and that stuttering
and irregular e-types (cSTUT, bSTUT, dSTUT, cIR, and bIR) are
relatively rare (Figure 5B). Inhibitory e-types with regular firing
patterns (cAC, bAC, cNAC, bNAC, and dNAC) occur more
frequently in superficial layers, whereas e-types with irregular
firing patterns (cSTUT, bSTUT, dSTUT, cIR, bIR) are more com-
mon in deep layers (Figure 5B).

Digital Reconstruction of Connectivity
We developed an algorithmic approach to reconstruct synaptic
connectivity between neurons in a companion study (Reimann
et al., 2015). The approach is based on five rules of connectivity
described in the Experimental Procedures and validated in Re-
imann et al. (2015). We implemented these rules in four stages
that yield plausible multi-synapse connections, consistent with
the rules and constrained by experimental bouton densities
(Figure 6A).

The algorithm predicts the characteristics of multi-synapse
connections between pairs of neurons that belong to specific
m-types (Figure 6B). We have previously shown that these pre-
dictions faithfully reproduce detailed anatomical data on con-
nectivity between L5 thick-tufted PCs (number of synapses
and locations; Ramaswamy et al., 2012) and for a number of

Figure 5. Layer-Dependent Distribution of
Inhibitory e-Types
(A) In silico ‘‘brainbow’’ staining of a random

selection of inhibitory morphologies, colored by

e-type.

(B) Layer-wise distribution of inhibitory e-types

(n = 35 reconstructions; mean ± SD). See Figure 4

for definitions of e-types.

other connection types (synapse loca-
tions; Hill et al., 2012). We now show
that they reproduce the connectivity
(numbers and locations) of all connection
types that have been studied experimen-
tally (see NMC Portal). For example, the
anatomy of in silico synaptic connections
between L5 Martinotti cells and L5 thick-
tufted PCs (Figure S5) compares well with
available experimental data (Silberberg
and Markram, 2007). The algorithm pro-
vides detailed anatomical predictions for
connection properties, which it has not
yet been possible to measure experimen-
tally (e.g., numbers of source and target
cells and synapses) (Figure S5). The
reconstruction also allows studies of neu-
rons involved in polysynaptic pathways
(see NMC Portal) forming known motifs
(Honey et al., 2007; Perin et al., 2011;
Silberberg, 2008; Sporns and Kötter,
2004).
The algorithm yields 1,941 biologically

plausible multi-synapse connection types
(out of a theoretical 3,025) that are con-

sistent with the connectivity principles described above. Figure 7
shows the predicted average number of synapses formed by
each potentially viable connection type (Figure 7A) aswell as their
predicted average connection probabilities (Figure 7B). The
predicted number of synapses/connection is 4.5 ± 0.1 (3.6 for
excitatory connections, 13.9 for inhibitory connections; n = 35).
We also predict 27,625 types of connection between neurons
of different me-types (see NMC Portal).
On average, each neuron innervates 255 ± 13 other neurons

belonging to 32% ± 1% of m-types, forming an average of
1,145 ± 75 synapses per neuron present in the microcircuit (Fig-
ure S6A; mean ± SD, across the 35 Bio1-5 reconstructions; all
neurons sampled). As a population, the neurons belonging to a
givenm-type innervate 63% ± 6%of them-types in themicrocir-
cuit. The individual reconstructions (Bio1-5) yield an average of
638 ± 74 million appositions and 36.7 ± 4.2 million synapses
(27.0 ± 2.9 million excitatory and 9.7 ± 1.5 million inhibitory).
Taken together, the neurons of the microcircuit form 8.1 ± 0.9
million connections. Figure 7C and Table S1 provide a first
view of the connectivity between neurons of the neocortical
microcircuit. Analyzing these data, we find that, at this age,
the fraction of excitatory synapses (red) increases from L1 to
L6 (Figure S6B). At later ages, this trend may change as axons

464 Cell 163, 456–492, October 8, 2015 ª2015 Elsevier Inc.
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Each neuron is described by a constant firing rate 

Boring model:

Easy to fit
no overfitting
…. but terribly boring!
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CHAPTER 11. SPIKING NETWORK DYNAMICS: GLM

11.7 Definition of the GLM

between receptive field centres15.We found that fitted stimulus filters
have smaller surrounds than the spike-triggered average, indicating
that a portion of the classical surround can be explained by interac-
tions between cells21 (see Supplementary Information).

To assess accuracy in capturing the statistical dependencies in
population responses, we compared the pairwise cross-correlation
function (CCF) of RGCs and simulated model spike trains (Fig. 2).
For nearby ON–ON and OFF–OFF pairs, the CCF exhibits a sharp
peak at zero, indicating the prevalence of synchronous spikes; how-
ever, for ON–OFF pairs, a trough at zero indicates an absence of
synchrony. For all 351 possible pairings, the model accurately repro-
duces the CCF (Fig. 2a–c, e, f).

To examine whether inter-neuronal coupling was necessary to
capture the response correlation structure, we re-fitted the model
without coupling filters (that is, so that each cell’s response depends
only on the stimulus and its own spike-train history). This
‘uncoupled model’ assumes that cells encode the stimulus indepen-
dently, although correlations may still arise from the overlap of
stimulus filters. However, the uncoupled model fails to reproduce
the sharp CCF peaks observed in the data. These peaks are also absent
from CCFs computed on trial-shuffled data, indicating that fast-
timescale correlations are not stimulus-induced and therefore cannot
be captured by any independent encoding model.

Higher-order statistical dependencies were considered by inspect-
ing correlations in three-neuron groups: triplet CCFs show the spike
rate of one cell as a function of the relative time to spikes in two other
cells (Fig. 2e–g)15. For adjacent neurons of the same type, triplet CCFs
have substantial peaks at zero (‘triplet synchrony’), which are well
matched by the full model.

Although the full and uncoupled models differ substantially in
their statistical dependencies, the two models predict average light
responses in individual cells with nearly identical accuracy, capturing
80–95% of the variance in the peri-stimulus time histogram (PSTH)
in 26 out of 27 cells (Fig. 3a–c). Both models therefore accurately
describe average single-cell responses to new stimuli. However, the
full model achieves higher accuracy, predicting multi-neuronal spike
responses on a single trial (86 3%more bits per spike, Fig. 3d). This
discrepancy can be explained by the fact that noise is shared across

neurons. Shared variability means that population activity carries
information about a single cell’s response (owing to coupling
between cells) beyond that provided by the stimulus alone.
Individual neurons therefore appear less noisy when conditioned
on spiking activity in the rest of the population than they appear in
raster plots.

We measured the effect of correlations on single-trial, single-cell
spike-train prediction by using the model to draw samples of a single
cell’s response given both the stimulus and the spiking activity in the
rest of the population on a single trial (Fig. 3e, f). Averaging the
resulting raster plot gives a prediction of the cell’s single-trial spike
rate, or ‘population-conditioned’ PSTH for a single trial. We com-
pared these predictions with the cell’s true spike times (binned at
2ms) across all trials and found that on nearly every trial, the model-
based prediction is more highly correlated with the observed spikes
than the neuron’s full PSTH (Fig. 3g). Note that the full PSTH
achieves the highest correlation possible for any trial-independent
prediction. Thus, by exploiting the correlation structure, the coupled
model predicts single-neuron spike times more accurately than any
independent encoding model.

Although the full model accurately captures dependencies in the
activity of RGCs, it is not obvious a prioriwhether these dependencies
affect the amount of sensory information conveyed by RGC res-
ponses. In principle, the correlation structure could be necessary to
predict the responses, but not to extract the stimulus information
that the responses carry13. To examine this issue directly, we used the
full and uncoupled models to perform Bayesian decoding of the
population response (Fig. 4a), which optimally reconstructs stimuli
given an accurate description of the encoding process. For compar-
ison, we also performed Bayesian decoding under a Poisson (that is,
LNP) model and optimal linear decoding6.

Each decoding method was used to estimate short (150-ms) seg-
ments of the stimulus given all relevant spike times from the full popu-
lation (Fig. 4b). Bayesian decoding under the coupled model recovers
20% more information than Bayesian decoding under the uncoupled
model, indicating that knowledge of the correlation structure is critical
for extracting all sensory information contained in the population
response. This improvement was invariant to enhancements of the
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Figure 1 | Multi-neuron encoding model and fitted parameters. a, Model
schematic for two coupled neurons: each neuron has a stimulus filter, a post-
spike filter and coupling filters that capture dependencies on spiking in other
neurons. Summed filter output passes through an exponential nonlinearity
to produce the instantaneous spike rate. b, Mosaics of 11 ON and 16 OFF
retinal ganglion cell receptive fields, tiling a small region of visual space.
Ellipses represent 1 s.d. of a Gaussian fit to each receptive field centre; the
square grid indicates stimulus pixels. c–e, Parameters for an example ON
cell. c, Temporal and spatial components of centre (red) and surround (blue)
filter components, the difference of which is the full stimulus filter.

d, Exponentiated post-spike filter, which may be interpreted as multiplying
the spike rate after a spike at time zero. It produces a brief refractory period
and gradual recovery (with a slight overshoot). e, Connectivity and coupling
filters from other cells in the population. The black filled ellipse is this cell’s
RF centre, and blue and red lines show connections from neighbouring OFF
and ON cells, respectively (line thickness indicates coupling strength).
Below, exponentiated coupling filters show the multiplicative effect on this
cell’s spike rate after a spike in a neighbouring cell. f–h, Analogous plots for
an example OFF cell.
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Figure 11.1: .

The Generalized linear model (GLM) is a model that computes the response of a network of
spiking neurons to some stimulus. This model is structurally very similar to a network model
of sSRM neurons. There are two main conceptual differences

• the input currents defined for the sSRM is replaced by an external stimulus (e.g. movies
or sound)

• the variable u in the GLM can be seen as an internal variable and does not need to be
identified to the membrane potential

So the GLM defines a set of N internal variables u
i

, i = 1, . . . , N which are given by

u
i

(t) =

X

j

w
ij

(✏
ij

⇤ y
j

) (t) + (
i

⇤ I) (t) (11.21)

and the spiking probability is similar to the one for the sSRM.

11.8 post lecture notes

• Can do additional exercices 11.2, 11.8

• recurrent network, complicated conceptually.

• not spoken about refractoriness.

Neurophysics 2016 77 Jean-Pascal Pfister
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CHAPTER 11. SPIKING NETWORK DYNAMICS: GLM

11.7 Definition of the GLM

between receptive field centres15.We found that fitted stimulus filters
have smaller surrounds than the spike-triggered average, indicating
that a portion of the classical surround can be explained by interac-
tions between cells21 (see Supplementary Information).

To assess accuracy in capturing the statistical dependencies in
population responses, we compared the pairwise cross-correlation
function (CCF) of RGCs and simulated model spike trains (Fig. 2).
For nearby ON–ON and OFF–OFF pairs, the CCF exhibits a sharp
peak at zero, indicating the prevalence of synchronous spikes; how-
ever, for ON–OFF pairs, a trough at zero indicates an absence of
synchrony. For all 351 possible pairings, the model accurately repro-
duces the CCF (Fig. 2a–c, e, f).

To examine whether inter-neuronal coupling was necessary to
capture the response correlation structure, we re-fitted the model
without coupling filters (that is, so that each cell’s response depends
only on the stimulus and its own spike-train history). This
‘uncoupled model’ assumes that cells encode the stimulus indepen-
dently, although correlations may still arise from the overlap of
stimulus filters. However, the uncoupled model fails to reproduce
the sharp CCF peaks observed in the data. These peaks are also absent
from CCFs computed on trial-shuffled data, indicating that fast-
timescale correlations are not stimulus-induced and therefore cannot
be captured by any independent encoding model.

Higher-order statistical dependencies were considered by inspect-
ing correlations in three-neuron groups: triplet CCFs show the spike
rate of one cell as a function of the relative time to spikes in two other
cells (Fig. 2e–g)15. For adjacent neurons of the same type, triplet CCFs
have substantial peaks at zero (‘triplet synchrony’), which are well
matched by the full model.

Although the full and uncoupled models differ substantially in
their statistical dependencies, the two models predict average light
responses in individual cells with nearly identical accuracy, capturing
80–95% of the variance in the peri-stimulus time histogram (PSTH)
in 26 out of 27 cells (Fig. 3a–c). Both models therefore accurately
describe average single-cell responses to new stimuli. However, the
full model achieves higher accuracy, predicting multi-neuronal spike
responses on a single trial (86 3%more bits per spike, Fig. 3d). This
discrepancy can be explained by the fact that noise is shared across

neurons. Shared variability means that population activity carries
information about a single cell’s response (owing to coupling
between cells) beyond that provided by the stimulus alone.
Individual neurons therefore appear less noisy when conditioned
on spiking activity in the rest of the population than they appear in
raster plots.

We measured the effect of correlations on single-trial, single-cell
spike-train prediction by using the model to draw samples of a single
cell’s response given both the stimulus and the spiking activity in the
rest of the population on a single trial (Fig. 3e, f). Averaging the
resulting raster plot gives a prediction of the cell’s single-trial spike
rate, or ‘population-conditioned’ PSTH for a single trial. We com-
pared these predictions with the cell’s true spike times (binned at
2ms) across all trials and found that on nearly every trial, the model-
based prediction is more highly correlated with the observed spikes
than the neuron’s full PSTH (Fig. 3g). Note that the full PSTH
achieves the highest correlation possible for any trial-independent
prediction. Thus, by exploiting the correlation structure, the coupled
model predicts single-neuron spike times more accurately than any
independent encoding model.

Although the full model accurately captures dependencies in the
activity of RGCs, it is not obvious a prioriwhether these dependencies
affect the amount of sensory information conveyed by RGC res-
ponses. In principle, the correlation structure could be necessary to
predict the responses, but not to extract the stimulus information
that the responses carry13. To examine this issue directly, we used the
full and uncoupled models to perform Bayesian decoding of the
population response (Fig. 4a), which optimally reconstructs stimuli
given an accurate description of the encoding process. For compar-
ison, we also performed Bayesian decoding under a Poisson (that is,
LNP) model and optimal linear decoding6.

Each decoding method was used to estimate short (150-ms) seg-
ments of the stimulus given all relevant spike times from the full popu-
lation (Fig. 4b). Bayesian decoding under the coupled model recovers
20% more information than Bayesian decoding under the uncoupled
model, indicating that knowledge of the correlation structure is critical
for extracting all sensory information contained in the population
response. This improvement was invariant to enhancements of the
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Figure 1 | Multi-neuron encoding model and fitted parameters. a, Model
schematic for two coupled neurons: each neuron has a stimulus filter, a post-
spike filter and coupling filters that capture dependencies on spiking in other
neurons. Summed filter output passes through an exponential nonlinearity
to produce the instantaneous spike rate. b, Mosaics of 11 ON and 16 OFF
retinal ganglion cell receptive fields, tiling a small region of visual space.
Ellipses represent 1 s.d. of a Gaussian fit to each receptive field centre; the
square grid indicates stimulus pixels. c–e, Parameters for an example ON
cell. c, Temporal and spatial components of centre (red) and surround (blue)
filter components, the difference of which is the full stimulus filter.

d, Exponentiated post-spike filter, which may be interpreted as multiplying
the spike rate after a spike at time zero. It produces a brief refractory period
and gradual recovery (with a slight overshoot). e, Connectivity and coupling
filters from other cells in the population. The black filled ellipse is this cell’s
RF centre, and blue and red lines show connections from neighbouring OFF
and ON cells, respectively (line thickness indicates coupling strength).
Below, exponentiated coupling filters show the multiplicative effect on this
cell’s spike rate after a spike in a neighbouring cell. f–h, Analogous plots for
an example OFF cell.
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Figure 11.1: .

The Generalized linear model (GLM) is a model that computes the response of a network of
spiking neurons to some stimulus. This model is structurally very similar to a network model
of sSRM neurons. There are two main conceptual differences

• the input currents defined for the sSRM is replaced by an external stimulus (e.g. movies
or sound)

• the variable u in the GLM can be seen as an internal variable and does not need to be
identified to the membrane potential

So the GLM defines a set of N internal variables u
i

, i = 1, . . . , N which are given by

u
i

(t) =

X

j

w
ij

(✏
ij

⇤ y
j

) (t) + (
i

⇤ I) (t) (11.21)

and the spiking probability is similar to the one for the sSRM.

11.8 post lecture notes

• Can do additional exercices 11.2, 11.8

• recurrent network, complicated conceptually.

• not spoken about refractoriness.
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Outlook of part I

• Motivation for the GLM

• Math primer 

• Definition of the GLM

• Properties of the GLM

• Learning with the GLM

8

Generalised linear model (GLM)
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