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• Neurons are organized in large networks. A typical neuron in cortex 

receives thousands of inputs.

• “Brainbow”: genetic engineering technique (in mice) which makes 

neighbouring neurons glow in different colours through fluorescent proteins. 



Aim of modelling networks: explore the computational potential of such connectivity. 

- What properties? 

- What dynamics and how are those generated ? (e.g. spontaneous activity, variability, oscillations)

- Why are networks the way they are? What are they problems they solve, what constraints? 

What computations? (e.g. learning, integration, gain modulation or selective amplification of some 

signal , memory etc..) 

- What changes in properties can be related to ageing or disease?

• Tools: 

- models of neurons and synapses : spiking neurons (IAF) or firing rate 

- analytical solutions (dynamical systems, mean field theory), numerical integration

The tools we choose depend on the question, the data we compare our model to and the scale of 

the problem.

Networks of Neurons



• In cortex, ~80% excitatory cells (pyramidal neurons), ~20% inhibitory 

neurons (smooth stellate + large variety of other types)/ a.k.a interneurons.

What’s in a network of neurons ?



• Laminar Organization.

Cortex is divided into 6 layers. 

Models usually pool all layers together.

What’s in a network of neurons ?



• Columnar Organization. 

Neurons in small (30-100 micrometers) columns perpendicular to the layers 

(across all layers) respond to similar stimulus features.

What’s in a network of neurons ?



Many interconnected areas. A very large 

fraction of the cortex (often quoted around 

~20–30%+, depending on definition) is 

involved in visual processing.



Many interconnected areas. A very large 

fraction of the cortex (often quoted around 

~20–30%+, depending on definition) is 

involved in visual processing.



Connectivity

• 3 types of connections: feed-forward, recurrent (lateral), feedback.
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Network modeling strategies (1) 

• method 1: spiking neurons, e.g. integrate and fire neurons 

• up to 10,000 neurons+.

• advantage: comparison with electrophysiology, a system where all neurons 

can be ‘recorded’ at all times.

• difficulties: lots of parameters/assumptions, long simulations, analysis 

difficult.



spike raster

neuron trace

[Izhikevitch, 2003]

Network modeling strategies (2) 



Dynamics of Recurrent Networks 

Recurrent Networks can show rich dynamics, oscillations, chaotic / asynchronous states depending on 

Excitation/Inhibition (E/I) balance. 

synchronous, 

regular, high rates

asynchronous irregular

Synchronous 

fast oscillations

Synchronous

slow oscillations

[Brunel, 2000]

𝐻𝑒𝑟𝑒 𝑔 on  x-axis is the relative 

strength of inhibitory synapses 

compared to excitatory

synapses.



Dynamics of Feedforward Networks

How do inputs propagate across Feedforward networks ? 

(How fast? What’s the role of synchrony?)

Low noise regime High noise regime



• Method 2:  reduce the description to describe only rate of spiking r(t) 

(also confusingly sometimes denoted v(t)), instead of Vm(t). 

Network modeling strategies (3) 

• Interpretation: average over equivalent neurons or over time



• Each neuron is described at time t by a firing rate v(t).

Firing rate model (1)

• In absence of input, the firing rate relaxes to 0 with a time constant r - which  also 

determines how quickly the neuron responds to input.

• The input from a presynaptic neuron is proportional to its firing rate u

• The weight wij determines the strength of connection of neuron j to neuron i

• The total input current is the sum of the input from all external sources.



• Each neuron is described at time t by a firing rate v(t).

Firing rate model (2)

dot-product

• F determines the steady state r as a function of input

• F is called the activation function

• F can be taken as a saturating function, e.g. sigmoid

• F is often chosen to be threshold linear



Network Architectures

• A: Feedforward

• B: Recurrent



Excitatory - Inhibitory Network

• Some models have a single population of neurons and the weights are allowed to be 

positive and negative.

• Other models represent the excitatory and inhibitory population separately (more 

‘biological’ + richer dynamics).

• 4 weight matrices, MEE, MIE, MII, MEI



Example: 

Orientation selectivity as a model computation



Neurons in V1 are selective to orientation



Sclar and Freeman, 1982

Origin of Orientation selectivity ?

V1

Text

• Example of a computation, emergence of a new property. 

LGN



Model of Hubel and Wiesel (1962)

Text

• Hubel and Wiesel (1962) proposed that the oriented fields of V1 neurons could be 

generated by summing the input from appropriately selected LGN neurons.

• The model accounts for selectivity in V1 on the basis of a purely feedforward

architecture.

Text



input

output

Feedforward

Hubel and Wiesel, 1962; 

Troyer, Krukowski, 

Priebe and Miller, 1998

input

Recurrent

Somers, Nelson and Sur 1995; 

Sompolinsky and Shapley, 1997

output

Due to the imprecise 

organization of the 

thalamic afferents, input 

to V1 is broadly tuned

Connectivity sharpens 

the tuning curve

Due to the precise 

organization of the thalamic 

afferents, input to V1 is 

sharply tuned

Connectivity achieves 

contrast invariance through 

feedforward inhibition

Feedforward vs Recurrent models of Orientation Selectivity 



The Recurrent/ Ring Model of orientation selectivity (1)

• If the input from LGN is broadly tuned, can contrast-invariant orientation selectivity 

be achieved within V1, through recurrent interactions between neurons?



• N neurons, with preferred angle,   ,evenly distributed 

between            and         

• Neurons receive thalamic inputs h.

+ recurrent connections, with excitatory weights between 

nearby cells and inhibitory weights between cells that are 

further apart (mexican-hat profile)

The Recurrent/ Ring Model of orientation selectivity (2)



• h is input, can be tuned (Hubel Wiesel 

scenario) or very broadly tuned.

• The steady-state can be solved analytically. 

Model analyzed like a physical system. 

• Model achieves i) orientation selectivity; ii) contrast invariance of tuning, even if input is 

very broad.

• The width of orientation selectivity depends on the shape of the mexican-hat, but is 

independent of the width of the input.

• Symmetry breaking /Attractor dynamics.

The Recurrent/ Ring Model of orientation selectivity (3)



The Recurrent/ Ring Model of orientation selectivity (4)



Attractor Networks 

• Attractor network : a network of neurons, usually recurrently connected, whose time 

dynamics settle to a stable pattern. 

• That pattern may be stationary (fixed points), time-varying (e.g. cyclic), or even 

stochastic-looking (e.g., chaotic). 

• The particular pattern a network settles to is called its ‘attractor’.

•The ring model is called a line (or ring or continuous) attractor network. Its stable states 

are also sometimes referred to as ‘bump attractors’.

Point Attractor Line Attractor



The Ring Model (5): Sustained Activity

• If recurrent connections are strong enough, the pattern of population 

activity once established can become independent of the structure of the 

input. It can persist when input is removed.

• A model of working memory ?



Recurrent model of orientation selectivity with spiking neurons

Using same recurrent principles, we can implement a spiking 

model of orientation selectivity

. 

Different questions can be asked: 

e.g. What connectivity can create irregularity of spiking aka 

Poisson variability?

How does connectivity and variability impact information? 

Do fwd and recurrent models transmit as much information?

[Somers, Nelson & Sur, 1995]

[Seriès, Latham & Pouget, 2004]
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• “Although feedforward models for the emergence of orientation selectivity are able to 

account for many aspects of V1 orientation selectivity, interactions within the visual cortex, 

particularly between nearby neurons, also sculpt selectivity”.

• A diversity of mechanisms, depending on species, layer and cell type. 



Network models - summary

• Network models: to understand the implications of connectivity in terms of 

computation and dynamics.

• 2 Main strategies: Spiking vs Firing rate models. 

• The issue of the emergence of orientation selectivity as a model problem, 

extensively studied theoretically and experimentally.

- Two main models: feed-forward and recurrent. 

- The problem has been investigated with a firing rate model, a.k.a. the ‘ring model’ 

which has attractor dynamics and is now taken as a model of connectivity throughout 

the brain.

- Detailed spiking/ integrate-and-fire models have also been constructed which can be 

directly compared to electrophysiology.
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