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- spiking neurons
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4. Attractor memory in realistic networks

‘attractor model’:
memory retrieval = flow to fixed point

Notes

Welcome back to the class computational neuroscience, neuronal
dynamics of cognition. The attractive model is a very abstract concept;
memory recall is represented as a flow to the fixed point.

Summary
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4. attractor memory in realistic networks

Memory in realistic networks
-Mean activity of patterns?
-Asymmetric connections?

-Better neuron model?

-Separation of excitation/inhibition?
-Low probability of connections?
-Neural data?

Notes
But as it stands, it's not yet very biological. For example, 50% of the

pixels on each pattern that's not realistic can we changed the model such
that we would have a lower mean activity of the patterns can be
generalized the model set it such that it would work for asymmetric
connections, or for better neuron model, or can be separate excited or
inhibitory neurons can be very low probability of connections. And in
the end, how does this relate to neural data.
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4. attractor memory with ‘low’ activity patterns

1 2

n=1 - -

n=2 -

p=3 B

Random patterns +/-1 with low activity (prob{black}=a<0.5) -
e.g., 10 percent of neurons should be active in each pattern

w, = (& =D& ~a)

P e 10,1} * Some constant
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_(so far: b=a=0.5)

b=0 or b=a Mean activity of pattern

So, so far, we had the standard scenario of the Hopfield model. Where
in each pattern, 1 line is a pattern 50% of the pixels are black 50% are
white, such that if a memory panel is recalled, 50% of the neurons are
active, So it's convenient to change to our normalization, where each
pattern has pixels, zero and 1. So if I'm in pattern mew equal three, for
example, then the first neuron has a white pixel zero, the second that's
the white pixels zero, the fourth has a black pixel 1. So now it's work
with weight matrix connection weights, where we have Ci mew minus P
some constant Cj mew minus, minus A. A should be the main activity of
the patterns. So if we say 10% of the pixels are black, in the target
pattern, then A is 0.1. To get back to the standard Hopfield model let's
assume we have a mean activity of 0.5.

Notes

Summary
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4. attractor memory with ‘low’ activity patterns

Random patterns +/-1 with low activity -

e.g.10 percent of neurons should be active in each pattern
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b=0 or b=1

And also a constant B equal to 0.5, in which case, I connect to white
pixel by a plus 1, and makes black white gives a rate of minus 1 with
some constant and the sum of all the patterns mew. So this is the
proposition for wait from neuron j to neuron i Ci mew minus P Cj mew
minus A, where, where A is the main activity for the moment we keep B
an arbitrary parameter. You could, for example, take the equal A or B
equals zero or B equal 1, we have worked with overlaps. So the new
condition for the overlap, the new definition is a sum of all neurons j
equal 1 to N I take the state of the neuron j, and then multiply with Cj
mew minus A. So I subtract. This means activity A. Now let's work for
the moment with deterministic dynamics. So we say the state of New
and I in the next time step plus 1 I s the sign off the total input. And
what's the total input to neuron I, it's WIJ SJ of t, there's the sum of all
neuron J. Now I use my rate matrix, I copy it from above. So I have C
mew minus A constant B CJ mew minus A. And then I multiply with SJ
of T, I sum over mew that comes from the weight matrix. And I sum
over all neurons, J equals 1 to N. And then take the sign of everything.

Notes

Summary
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4. attractor memory with ‘low’ activity patterns

Random patterns +/-1 with low activity -
e.g.10 percent of neurons should be active in each pattern
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Notes
And let's not forget the constant c. So I put it in front here. Now we see

something interesting of the sum of all neurons J SJ CJ mew minus A,
this is exactly this term, this term, some of all. So this case just M mew
of T. This is the overlap with pattern mew, I still have to some overall
mew I have here affected CI mew minus PM has this constancy I would
have to have 1 oversee here in front. But since I'm looking at assign
function, the constant doesn't really play a role. So what we see is that
the State of neuron I in the next time step is given by the overlap. Since
this is true for every neuron I, the overlapping the next time step, which
you also some of all needs I depend on the overlap at time t.
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4. attractor memory with ‘low’ activity patterns

To summarize, even for a low activity pattern, the equation for overlaps
is similar to the case that we had before and that means that attract the
dynamics are possible. The overlap with the pattern you in the next step
is just some function of the overlapping earlier time steps. And this will
be true if patterns are orthogonal, or nearly orthogonal, as they would be
the case for low activity random patterns. Now, you see here that there
is no need for symmetric weights. I have a constant be in there, which I
can choose freely. It will change a little bit the way that update
equations work. But I don't need symmetric weights. And this means I
can redo the capacity calculations that we did last week. You remember
the random walk arguments. So we can repeat these calculations also for
the case of low activity patterns. This means a first generalization that
has been d1, be converted with low activity patterns.

- attractor dynamics possible:

m” (t +1) = F[m" (¢)]

- no need for symmetric weights

- capacity calculations possible

Notes

Summary
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