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Chapter 7: Cortical maps and competitive population coding



Tuning Curves
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Self-organizing maps (SOMs)

Willshaw - von der Malsburg SOM
A. 2D feature space and SOM layer

B. 1D feature space and SOM layer
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Network equations

Update rule of (recurrent) cortical network:

du(t) 1

k

. - . . o 1
Activation function: r;(t) = FIWCOTOEDE
Lateral weight matrix: wj o« rir;

— A, (e—<<i—/)*Ax)2/2a2 _ C)

Input weight matrix: W,}" o r,-r/in



Shortcut

Kohonen SOM
A. 2-d feature space and SOM layer

WTA

B. 1-d feature space and SOM layer

WTA
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som.m

1 %% Two dimensional self-organizing feature map al la Kohonen
2 clear; nn=10; lambda=0.2; sig=2; sig2=1/(2xsig”2);

3 [X,Y]=meshgrid(l:nn,1l:nn); ntrial=0;

4

5 % Initial centres of prefered features:

6 cl=0.5-.1* (2xrand (nn)-1);

7 c2=0.5-.1x(2xrand (nn)-1);

8

9 %% training session
10 while (true)

11 if (mod(ntrial,100)==0) % Plot grid of feature centres

12 clf; hold on; axis square; axis ([0 1 0 11);
13 plot(cl,c2,’k’); plot(cl’,c2’,’k’);
14 tstring=[int2str(ntrial) ’ examples’]; title(tstring);
15 waitforbuttonpress;

16 end

17 r_in=[rand; rand];

18 r=exp (- (cl-r_in(1l))."2-(c2-r_in(2))."2);

19 [rmax, x_winner]=max (max(r)); [rmax,y_winner]=max(max(r’));
20 r=exp (- ((X-x_winner) . 2+ (Y-y_winner) ."2) xsig2);
21 cl=cl+lambdaxr.* (r_in(1l)-cl);
22 c2=c2+lambdaxr.* (r_in(2)-c2);
23 ntrial=ntrial+l;

24 end



SOM simulation

A. Initial random centres  B. After 1000 training steps ~ C. Topographical defect




Another example

A. Initial states B. Continuous refinements  C. New environment D. More expereince
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Zhou and Merzenich, PNAS 2007

A. Passively stimulated rat

B. Trained rat
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Dynamic Neural Field Theory

Field dynamics:

8Ug;a t) = —U(X, t) -+ /yW(X,y)I"(y7 t)dy + /ext(x7 t)

T

r(x, t) = g(u(x, 1)),
Continuous version of equations above with discretization:

X — iAx and /dX—>AXZ



Lateral weight kernel

WE(lx — y) = Age Ao

Can be learned from Gaussian response curves of individual nodes
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Self-sustained activity packet

Activity profile at t =20t
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DNF example
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dnf.m

1 %% Dynamic Neural Field Model (1D)

2 clear; clf; hold on;

3 nn = 100; dx=2xpi/nn; sig = 2*xpi/10; C=0.5;

4

5 %% Training weight matrix

6 for loc=1:nn;

7 i=(l:nn)’; dis= min(abs(i-loc),nn-abs(i-loc));

8 pat (:,loc)=exp (- (dis*dx) . 2/ (2xsig~2));

9 end

10 w=pat+*pat’; w=w/w(l,1l); w=4*(w-C);

11 %% Update with localised input

12 tall = [1; rall = [];

13 I_ext=zeros(nn,1); I_ext(nn/2-floor(nn/10):nn/2+floor (nn/10))=1;
14 [t,u]l=0ded5 (' rnn_ode’, [0 10],zeros(l,nn), [],nn,dx,w, I_ext);

15 r=1./(l+exp(-u)); tall=[tall;t]; rall=[rall;r];

16 %% Update without input

17 I_ext=zeros(nn,1);

18 [t,u]l=0ded5 (" rnn_ode’, [10 20],u(size(u,1),:),[],nn,dx,w,I_ext);
19 r=1./(l+exp(-u)); tall=[tall;t]; rall=[rall;r];

20 %% Plotting results

21 surf (tall’,l:nn,rall’,’linestyle’, none’); view(0,90);



rnn_ode.m

1 function udot=rnn_ode (t,u, flag,nn,dx,w, I_ext)

2 % odefile for recurrent network

3 tau_inv = 1.; % inverse of membrane time constant
4 r=1./(l+exp (-u));

5 sum=w*r+*dx;

6 udot=tau_inv* (-u+sum+I_ext);

7 return

Update rule of (recurrent) cortical network:

du;(t 1 in 1n
T (;5 ) :—Ui(l‘)-i-NZj:W/jfj( MZW:kfk

Activation function: r;(t) = Hﬁ(:}ﬁ'
e



Path integration

A. Head-direction cell in subiculus B. Head-direction model
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C. Time evolution of network activity
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Population coding

Probability of neural response for a sensory input:
P(r|s) = P(r§. 15,15, ..|s)

Decoding: P(s|r) = P(s|r}, 15,15, ...)
Stimulus estimate: § = argmax;s P(s]r)

Bayes’s theorem: P(s|r) = P('Lf(),’;(s)

2
Maximum likelihood estimate: § = argmin}_; (’;"(3))
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Implementations of decoding mechanisms with DNF

A. Noisy input signal B. Population decoding
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