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Chapter outlines 

 This chapter is about information representation and related 

competitive dynamics in neural tissue  

 Brief outline of a basic model of a   hypercolumn in which neurons 

respond to specific sensory input with characteristic tuning curves. 

 Discussion of  models that show  how topographic feature maps can 

be self-organized 

 Dynamics of such maps modeled as dynamic neural field theory  

 Discussion of such competitive dynamics in a variety of examples 

in different parts of the brain 

 Formal discussions of population coding and some extensions of 

the basic models including dynamic updates of represented features 

with changing external states  
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Competitive  feature representations in cortical tissue 

 A basic model of hypercolumn (Fig. 7.1A) 

 Consists of a line of population nodes each responding to a specific orientation  

 Implements a specific hypothesis of cortical organization 

 Input  to the orientationally selective cells is focal 

 The broadness of the tuning curves is the result of lateral interactions    

 Activity of nodes during a specific experiment (Fig. 7.1C) 

 100 nodes are used  

 Each node corresponds to a certain orientation with the degree scale on the right 

 The response of the nodes was probed by externally activating a very small region 

for a short time 

 After this time, the next node was activated probing the response to  consecutive 

orientations during this experiment  

 The nodes that receive external input for a specific orientation became very active 
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Competitive  feature representations in cortical tissue 

 Activity of nodes during a specific experiment (Fig. 7.1C) 

 Activity packet (or bubble) : the consecutively active area activated through lateral 

interactions in the network 

 The activation of the middle node (which responds maximally to an orientation of 0 

degrees) is plotted against the input orientation with open squares (in Fig. 7.1B) 

 The model data match the experimental data reasonably well 

 In this basic hypercolumn  model 

 It is assumed that the orientation preference of hypercolumn nodes is 

systematically organized 

 The lateral interactions within the hypercolumn model are organized such that there 

is more excitation to neighboring nodes and inhibition between nodes that are 

remote  

 This lateral interaction in the model leads to dynamic properties of the model  

 Different applications and extensions of such models can capture basic brain 

processing mechanisms 
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Competitive  feature representations in cortical tissue 
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The basic cortical map model (David Willshaw and Christoph 

von der Malsburg (1976)) 

 2 dimensional cortical sheet is considered (Fig. 7.2A) 

 Begin with equations for one dimensional model with N nodes (Fig. 7.2B) and 

extend to 2 dimensional case later 

 The change of the internal activation ui of node i is given by: 

 

 

 

   (where  is a time weight, wij is a lateral weight from node j to node i, wij
in  is the connection 

weight from input node k to cortical node i, rk
in(t) is the rate of the input node k, and M is 

the number of input nodes)   

 The rate ri(t) of the cortical node i is related to the internal activation via an 

activation function called sigmoid function  
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The basic cortical map model (David Willshaw and Christoph 

von der Malsburg (1976)) 

 Learning of the lateral weights wij  

  Depend only on the distance between two nodes with positive values 

(excitatory) for short distances and negative values (inhibitory) for large 

distances 

 

 

 Learning of the weight values of the input connections wij
in  

  Start with a random weight matrix 

 A specific feature is randomly selected and the corresponding area around this 

feature value is activated in the input map (Hebbian learning) 

 This activity triggers some response in the cortical map 

 Hebbian learning of the input rates results in an increase of weights between the 

activated input nodes and the winning activity packet in the cortical sheet (more 

in section 7.3)  
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The Kohonen model 

 Simplifications of input feature representation 

 Representation of the input feature as d input nodes in the d-dimensional case 

instead of the coordination values of the activated node among many nodes 

(Fig 7.3)  
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The Kohonen model 

 Dynamics of the recurrent cortical sheet are approximated with WTA procedure 

 The activation of the cortical sheet after competition is set to the Gaussian around 

the winning node    

   

 Only the active area around the winning node  participates in Hebbian learning 

 Current preferred feature of the winning node becomes closer to the training 

example 
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The Kohonen model 

 The development of centers of the tuning curves, cijk , for a 10 x10 cortical layer 

(Fig. 7.4) 

 

 

 

 

 

 

 Started from random values (Fig. 7.4A) 

 Relatively  homogeneous representation for a uniformly distributed samples in  

a square (Fig. 7.4B) 

 Another example from different initial conditions (Fig. 7.4C) 
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Ongoing refinements of cortical maps 

 After 1000 training examples, 1< ri 
in

  <2 of 1000 examples are used 

 SOM can learn to represent new domains of feature values, although the 

representation  seems less fine grained compared to the initial feature 

domain 
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Efficiency of goal directed learning over random 

learning 

 

 Rats were raised  in a noisy environment that severely impaired the 

development of  tonotopicity (orderly representations of tones)  in  

A1(primary auditory cortex)  (Fig 7.6A) 

 These rats were not able to recover normal tonotopic representation  in 

A1 even though stimulated with sounds of difficult frequencies 

 However when the same sound patterns were used to solve to get a food 

reward, rats were able to recover a normal tonotopic maps (Fig 7.6B) 
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Dynamic neural field theory 

 Spatially continuous form  of  Eqn. 7.1 

 

 

 Discretization  notational change for computer simulation 

 

 

 

(C) 2010, SNU Biointelligence Lab, http://bi.snu.ac.kr/ 

http://bi.snu.ac.kr/


16 

 
Center-surround interaction kernel(Gaussian weight 

kernel)  

 
 Formation of w in one dimensional example with fixed topographic input 

   

 

 Distance for a periodic boundaries:  

 

 

  Continuous (excitatary) version of  the basic Hebbian learning:  

 

 

 

 

 Final weight kernel form  
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The center-surround interaction kernel 

 The Gaussian weight kernel from training a recurrent network 

on training examples with Gaussian shape was derived   

 Training examples other than Gaussian:  Maxican-hat function 

as the difference of two Gaussians (Fig. 7.7) 
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The center-surround interaction kernel 

 Interaction structures within the superior colliculus 

from cell recordings in monkeys (Fig. 7.8) 

 Influence of activity in other parts of the colliculus 

on the activity of each neuron 

 This influence has the characteristics of short-distance 

excitation and long-distance inhibition  

 Able to produce many behavioural findings for the  

variations in the time required to initiate a fast eye 

movement as a function of various experimental conditions 
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 Different regimes of recurrent network models depending on the following 

levels of inhibition  

 Growing activity 

 Inhibition is weak than the excitation between nearby nodes 

 Dynamic of model are governed by positive feedback 

 The whole map will eventually become active and undesirable for brain process  

 Decaying activity 

 Inhibition is stronger than excitation 

 Dominated by negative feedback 

 Activity of map decays after removal of external input  

 It can facilitate competition between external inputs  

 Memory acticity 

 Intermediate range of inhibition 

 Active area can be stable in the map even when an external input is removed 

 Represent memories of feature values through ongoing activity  
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 The firing rates of nodes in a network of 100 nodes during the evolution of  the system in 
time (Fig. 7.9) 

 

 

 

 

 

 

 

 

 All nodes are initialize to medium firing rates and strong external stimulus to nodes number 
40-50 was applied at t = 0 

 External stimulus was removed at t = 10 

 The overall firing rates decrease slightly and the activity packet became lower and broader 

 A group of neighboring nodes with the same center as the external stimulus stayed alive 
asymptotically: the dynamic of the cortical sheet is therefore able to memorize a feature 
(working memory) 
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Asymptotic states and the dynamics of neural fields 
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Asymptotic states and the dynamics of neural fields 

 The dynamic neural field (DNF) model is sometimes called a continuous attractor neural 
network (CANN) and a special case of more general attractor neural networks (ANN)     

 The rate profile at t = 20 is shown as a solid line in Fig. 7.10 

 

 

 

 

 

 

 

 In these simulations, inhibition constant C = 0.5, weight strength Aw = 4 

 The active area decays with large inhibition constants  

 However , the decay process can take some time so that a trace of the evoked area can 
still be seen at t = 20 shown by dotted line 
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 The average firing rate of an IT cell to a good stimulus is shown as solid line 

 The period when the cue stimulus was presented is indicated by the gray bar 

 The response to a bad objects is illustrated with a dashed line 

 This neuron seems to respond with a firing rate below the background rate 
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Examples of competitive representations in the brain 

 Different objects were shown to the monkeys and selected to which the recorded 

IT cell respond strongly (good objects) and weakly (bad objects) (Fig. 7.11A)   
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Examples of competitive representations in the brain 

 At a later time, the monkey was shown both objects and asked to select the object that was used 
for cueing 

 The IT neuron responds initially in both conditions but the response is quite different at later 
stages 

 The period when the cue stimulus was presented is indicated by the gray bar 

 The response to a bad objects is illustrated with a dashed line 

 Aspects captured by simulations of  the DNF model (Fig. 7.11B) 
 Solid line represents the activity of a node within the response bubble 

 Dashed line corresponds to the activity of a node outside the activity bubble 

 The activity of this node is weakened as a result of lateral inhibition during the stimulus 
presentations  
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Examples of competitive representations in the brain 

 Demonstration  of  physiological working memory  (Fig. 7.12) 

 Monkey was trained to maintain its eyes on a central fixation spot until a go signal 

 The subject was not allowed to move its eyes until the go signal indicated by the third 

vertical bar in the figure 

 Thus, target location for each trial had to be remembered during the delay period 

 Neurons in the dorsolateral prefrontal cortex (area 46)  are recorded and found active 

neurons during the delay period 

 Such working memory activity is sustained through lateral reverberating neural activity 

as captured by the DNF model 
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Examples of competitive representations in the brain 

 Representation of space in the archicortex 

 Some neurons in the hippocampus of rats fire in relation to specific locations within a 

maze during free moving 

 When the firing rates of the different neurons  are plotted, the resulting firing pattern 

looks random 

 If the plot is rearranged so that maximally firing neurons are plotted adjacent to each 

other, then a firing profile can be seen (Fig. 7.13)    
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Examples of competitive representations in the brain 

 Self organizing network to reflect dimensionality of  the feature space 

 Before learning, all nodes have equal weights with high dimensionality 

 After training, weights in the physical space of the nodes look random 

 After reordering the nodes so that strongly connected nodes are adjacent to each other, 

the order in the connectivity becomes apparent 

 The dimensionality of the initial network reduced to 1 dimensional connectivity pattern 

 Network self-organizes to reflect the dimensionality of the feature space 
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Formal analysis of attractor states 

 Stationary state of the dynamic eqn. without external input 

 

 

 By boundary conditions 

 

 

 For the Gaussian weight kernel, the solution becomes 

 

 

 Numerically solved as a dotted line and corresponding simulations are shown as a solid 

line in  Fig. 7.15  
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 Stability of the activity packet with respect to movements 

 Velocity of the activity packet without external input 

 

 

 Velocity of boundaries 

 

 

 

 

 

 RHS of eqn. (7.20) is zero when the weighting function  is symmetrical and shift-

invariant and the gradients of the activity packet at the boundaries are the same except 

for their sign. (Fig. 7.16) 
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Formal analysis of attractor states 
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Formal analysis of attractor states 

 Integrals from x1 to x2 are same for each Gaussian curve (Fig. 7.16A) 

 Gradients at the boundaries are the same (Fig. 7.16B)  

 The velocity of the center of the activity packet is there for zero and stays centered 

around the location where it was initialized 
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Formal analysis of attractor states 

 Noise in the system 

 Noise breaks the symmetry  and shift invariance of the weighting functions when 
the noise is independent for each component of the weight  

 This leads to a clustering of end states (Fig. 7.17A) 

 Irregular or partial training of the network (Fig. 7.17B-D) 

 The network is trained with activity packets centered around only 10 different 
nodes (Fig. 7.17B)     
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Path integration and the Hebbian trace rule 

 Sense of direction: we must have some form of spatial representation in our 
brain 

 Recordings of activities of a cell when the rodent was rotated in different directions 
(Fig. 7.18)  
 In the subiculum of rodents, it was found that firing of neurons  represents the direction in 

which the rodent was heading 

 Solid line represents the response property of this neuron  

 The neuron fires maximally for one particular direction and fires with lower firing rates to 
directions around the preferred direction 

 The dashed line represents the new head  properties of the same neuron when the rodent is 
placed in a new maze with cortical lesions 
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Path integration with asymmetrical weight kernels 

 Path integration is the calculation of  the new position by using  

the old position and the changes made 

 For models of path integration 

 Relate the strength of asymmetry to the velocity of the movement 

of the activity packet 

 A velocity signal generated by the subject itself: idiothetic cues 

  examples:  inputs from the vestibular system in mammals, which can 

generate signals indicating  the rotation of the head  

 Such signals will be the inputs to the models considered here 
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Path integration with asymmetrical weight kernels 

 How idiothetic velocity signal can be used in DNF models of head 
direction representations (Fig. 7.19) 

 Rotation nodes can modulate the strength of the collateral connections between 
DNF nodes 

 This modularity influence makes the effective weight kernel within the 
attractor network in one direction stronger than in the other direction  

 This enables the activity packet to move in a particular direction with a speed 
determined by the firing rate of the rotation nodes 
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Self-organization of a rotation network 

 The network has to learn that synapses have strong weights only in 
response to the appropriate weights in the recurrent network 

 A learning rule that can associate the recent movement of the activity 
packet: need to have a trace (short-term memory) in the nodes which is 
related to the recent movement of the activity packet 

 Example of such trace term: 

 
 With this trace term, we can associate the co-firing of rotation cells with the movement of 

the packet in the recurrent network  

 The weights between rotation nodes and the synapses in the recurrent 
network can be formed with Hebbian rule  

 

 

 The rule strengthens the weights between the rotation node and the appropriate 
synapses in the recurrent  network 
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Updating the network after learning 

 Dynamics of the model for updating head directions without external input: 

 

 

 

 

 The behavior of the model when trained on examples of one clockwise and 
one anti-clockwise rotation with only one rotation speed is shown in Fig. 
7.20 

 An external position stimulus was applied initially for 10 to initiate an activity 
packet 

 This activity packet is stable after removal of the external stimulus when the 
rotational nodes are inactive 

 Between 20  t  40 , a clockwise rotation activity was applied 

 The activity packet  moved in the clockwise direction linearly in this time 

 Movement stops after rotation cell firing is abolished at t = 40 

 During 50  t  70, anti-clockwise firing rate was applied in twice times and the 
activity packet moved in the anti-clockwise direction in twice times and hence the 
network can generalize to other rotation speeds 
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Updating the network after learning 
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Updating the network after learning 

 Examples of the weight functions after learning (Fig. 7.21) 

 Solid line represents symmetrical collateral weighting values 

between node 50 and other nodes 

 Clockwise  rotation weights are shown as a dashed line 

(asymmetric) 

 Resulting effective weight function  is shown as a dotted line 
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Distributed representation and population coding 

 How many components are used to represent a stimulus in the brain 

 Three classes of representation  

 Local representation 

 Only one node is active for a stimulus (called cardinal cells, pontifical 

cells, or grandmother cells) 

 Fully distributed representation 

 A stimulus is encoded by combination of the activities of  all the 

components  

 Similarities  of stimuli can be computed by counting number of similar 

values of components 

 Sparsely distributed  representation 

 Only a fraction of the components are involved in representing a certain 

stimulus  
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Sparseness 

 Sparseness is a quantitative measure about how many neurons 

are involved in the neural processing of stimuli 

 For binary nodes, sparseness is defined by the average relative 

firing rate 

 

 For continuous valued nodes, take firing rate relative to the 

variance of the firing rate 
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Probabilistic population coding 

 Encoding of a stimulus in a neurons in terms of the response 

probability of neurons: 

 

 Decoding for deducing what stimulus was presented from the neuronal 

responses:  

  

 

 Bayes’s theorem:  

 

 Maximum likelihood estimate: 
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Probabilistic population coding 

 Cramer-Rao bound: 

 

 

 Fisher information:  
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Optimal decoding with tuning curves 

 Gaussian tuning curves (Fig. 7.22):  
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Optimal decoding with tuning curves 

 Naïve Bayes assumption: 

 Individual probability densities: 

 

 

 Maximum likelihood estimator:  
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Implementations of decoding mechanisms 

 For a set of neurons with Gaussian tuning curves (8 nodes with preferred directions 
with centers for every 45 degrees), compare a system with two different width of 
the receptive fields t =10 degrees (Fig. 7.23A) and t =20 degrees (Fig. 7.23B) 

 In the second row of Fig. 7.23, the noiseless response of the neurons were plotted 
to a stimulus at 130 degrees (the vertical dashed line). Sharper tuning curves does 
not lead to more accurate decoding.  
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Implementations of decoding mechanisms 

 To decode the stimulus value for the firing pattern of the population, the firing rate 
of each neuron is multiplied by its preferred direction and the contributions are 
summed 

 

 

 For precise values of the stimulus when the nodes have different dynamic ranges, 
the firing rates can be normalized to the relative values and the sum becomes:  

 

 

 

 

 

 This is the normalized population vector and can be used as an estimate of the 
stimulus 

 The absolute error of decoding orientation stimuli is shown in the last row of  Fig. 
7.23 
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 The decoding error is very large for small orientations because this part is 
not well covered by neurons (Fig. 7.23) 

 For the areas of feature space covered reasonably, reasonable estimates are 
achieved 

 The average error is much less for the larger receptive fields than with 
smaller receptive fields 

 For noisy population decoding, we can simply apply a noisy population 
vector as input to the model (Fig. 7.24A) 

  In Fig. 7.24, a very noisy signal is shown as a solid line,  and dashed line 
is for the noiseless Gaussian signal around node 60. 

 The time evolution is shown as in Fig. 7.24B  

  The competition within the model cleans up the signal and there is already 
some advantage in decoding before the signal is removed at t=10  

  This example demonstrates that simple decoding using the maximal value 
would produce large errors with the noisy signal however the maximum 
decoding can easily be applied to the clean signals after some updates. 
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Implementations of decoding mechanisms 
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Implementations of decoding mechanisms 
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