








 
5  Neural Coding 
5.1  Receptive fields  

• A neuron responds to a specific set of input patterns, known as its receptive field  
o retinal ganglion cells respond to spots of light in particular places of the visual field  
o simple cells in area V1 of the visual cortex respond to bars of light of particular 

orientation in particular places of the visual field  
o complex cells in V1 respond to oriented bars moving in particular directions  

• What are high-level receptive fields?  
o this is still much debated  
o grandmother cell hypothesis suggests that the highest-level receptive fields are quite 

specific i.e. a neuron that only responds to your grandmother  
§ but do we have need cells that respond to your grandmother from the front, from 

the back, sitting, walking etc?  
§ there is evidence for neurons that only respond to faces, and even faces with 

particular expressions  
o we do not have enough neurons to code for every feature of every visual scene we 

encounter in our lives, so neurons must code for some level of general features  
o individual neurons may die during our lifetimes, so there must be multiple neurons 

coding for similar features for robustness  
5.2  Single neuron codes 

• Output of a neuron is a sequence of action potentials (APs)  
o the temporal pattern of action potential firing can be very different between neuronal 

types and for different states of the same neuron  

 
[SH90 Fig. 2.5 pg 47] 

• How might information be encoded by APs?  
o binary: either firing an action potential(s) or is silent  

 
[RWRB97 Fig. 3.4 pg 114] 

o rate coding: average firing frequency over some time period  
§ muscle afferents encode muscle length and rate of change in length by firing rate  
§ muscle force is generated as a function of motoneuron firing rate  

o interspike interval codes: temporal sequence of exact spike times  
§ H1 neuron of fly visual system encodes angular velocity of object in visual field 

by interspike intervals  



 
[BRRW91 Fig. 1 pg 1855] 

• Dynamic range  
o suppose a neuron can fire from 0 to 200 spikes per second, then how many different 

neuronal states can be discriminated in 100msecs?  
§ if the code is average firing rate, then only approximately 20 different states 

(rates) can be distinguished by counting spikes in a 100msec period  
§ if the code is a binary vector derived by identifying if a spike was fired in each 

of 20 5msec time bins, then there are 2 to the power of 20 possible states  
o since we have reaction times for visual object recognition of the order of 150msecs, the 

time available for distinguishing the state of a single neuron is very short (20-30msecs at 
most)  

5.3  Population neuronal codes 
• Output of a network is a pattern of activity across the population of neurons  
• Information may be encoded in three different ways:  

 
[CS92 Fig. 4.14 pg 164] 

o local coding: each neuron represents a specific feature that the system distinguishes  
o scalar coding: firing rate of each neuron encodes a feature  

§ redundancy and improved signal-to-noise ratio can be achieved by several 
neurons coding the same features  

o vector coding: feature encoded in the firing rates of a subpopulation of neurons that have 
overlapping tuning curves in the feature space  
§ an example is coding for object orientation in the visual system  

§ certain neurons respond maximally to bars of light of particular 
orientation  

§ for any given bar, many neurons will respond with different firing rates, 
depending on how closely the orientation of the bar matches their 
preferred orientation  

§ this vector of neuronal firing rates more accurately encodes the exact 
orientation of the bar than does the firing rate of a single neuron  



 
[CS92 Fig. 4.21 pg 178] 

§ another example is 3-pigment system for colour coding in the retina  
§ 3 types of cones respond preferentially to different frequencies (colour) 

of light  
§ vector of cone responses from a population of cones including all three 

types is needed to encode colour and distinguish changes in colour 
from changes in light intensity  

 
[CS92 Fig. 4.15 pg 166] 

5.4  Temporal binding 
• A single object in the real world may be encoded in the synchronous firing of neurons that code 

for each separate feature of the object  
• In this way multiple objects can be represented simultaneously and distinguished by the neurons 

representing one object firing out of phase with the neurons representing another object  
• Coincidence detection by a downstream neuron results in that neuron responding to higher level 

features e.g. red spheres  



 
[MB99 Fig. 4.4 pg 117; ??] 

5.5  Synchronization and oscillations 
• There is evidence for an increase in synchrony between cortical neurons responding to a stimulus, 

without necessarily any change in their average firing rates  
o such synchrony is seen in nearby neurons, between neurons in different cortical areas and 

even across hemispheres  
o an example is in the auditory system, where in response to a sound stimulus, neurons do 

not change their average firing rate, but they do fire more in synchrony with each other - 
this synchrony may be detected by downstream neurons, thus recognising the presence of 
the sound  

• Synchrony may coincide with, but does not depend on, oscillations in neural activity  
o oscillations in the gamma frequency range (20-70Hz) are seen in many cortical and 

subcortical regions  
o many other oscillation frequencies are seen in different areas and in different 

circumstances  
o theta frequency (7-12Hz) oscillations in the hippocampus are associated with exploratory 

behaviour in rats  
o such oscillations may simply be epiphenomena resulting from circuit dynamics  
o however, they can also act as clock signals  

§ information about spatial location is contained in the firing rates of cells in the 
hippocampus (place cells)   

§ BUT more spatial information is contained in the phase of place cell firing 
relative to the theta rhythm.  

5.6  Places to start 
• Churchland and Sejnowski (1992) The Computational Brain, MIT Press  
• Rieke, Warland, de Ruyter van Steveninck and Bialek (1997) Spikes, MIT Press  
• Maass and Bishop (eds) (1999) Pulsed Neural Networks, MIT Press  

 


