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Welcome to the class, computational neuroscience new opening
dynamics of cognition. Last week, we have looked at the Hopfield
model. This week, I will start from the Hopfield model and add several
generalizations, which would allow us to go towards biology. These
generalizations can be all classified as tractor models. And of course, I
will explain what this means. So last week, I used to Hopfield model as
an example of a model, where's the interaction between the different
neurons that perform a complicated computation, such as finding the
closest prototype, and they wanted to convince you that you can find the
closest prototype without a central processing unit. Now, if you think
about Hopfield model it has nice aspects, but it looks like a very special
case, you have neurons that are either pointing upward or downward
plus or minus, we have symmetric interactions, we have looked at
random patterns. So they are many directions in which we can
generalize. And the overall aim is to go towards biology.
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Last week, we looked at a Hopfield model as an example of a happy and
assembly, you store different patterns, for example, we can store the
apple in a set of neurons that are active together later, you may want to
store a banana, and you know a different set of active neurons. And of
course, we don't work with images, we work with random prototypes.
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And we said that the probability of a black pixel is O point five for each
of the patterns. So we have several of these random patterns, several
prototypes that we store in the network, these prototypes are once fixed
at the beginning. And that means we chose a certain rule for picking the
weights. And implicitly the patterns are encoded in these weights.
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So we have different patterns. For example, pattern one, we have black
pixels, we have a couple of white pixels 50%, black 50%, white, we
have a second pattern, we have a third pattern. And we can compare the
momentary state of the neuron, which is black pointing upwards, or
white pointing downwards with one of the patterns, for example, pattern
one, and then this comparison gives rise to the overlap. But we can also
compare one pattern with another pattern. And this is just like the
overlap measure is the correlation between one pattern and another.
Now, in the special case that you have orthogonal patterns, these
correlations are always zero. So if you compare that as many pixels that
are the same on both sides, is they are pixels that are different on both
sides that would then be an orthogonal pattern. So to make it really
orthogonal, in this case, I have patterns here that have as many black
pixels as white pixels and as many same pixels across the two patterns
as non-same different pixels across the two patterns.
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So this is an example of an orthogonal pattern for eight neurons. So
what have you seen last week, we have these interactions, then we have
the total input, I take these interactions and multiply with the current
state. And these total input is passed through assign function. And this
gives the output of this neuron i at the next time step. And then we did a
little calculation to show that something over all these different inputs is
in fact related to the overlaps.
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Let me just redo this calculation. So the weights are given by the
patterns, I sum over all patterns Pi mew Pj mew, and they will always
use a normalization constant one over N. So the whole thing is that
definition of the weights, and then I copy the sum over J I copy the Sj of
T I put in the brackets, and this is the sign function. And now let's look
at this. I have here a sum over j Pj Sj. But this is just the overlap, if I
include the one over N, so all the red stuff keeps the overlap with
pattern mew at time T. And then I copied the rest sign function, what
remains is the sum over the patterns Pi mew M mew of T. So the sum of
all these different neurons j is equivalent to looking at the overlap I have
the overlap on the right-hand side. And on the left-hand side, I've to a
state of the newer that the next time step, but the overlap itself in the
next times that will be a sum of all these different neurons. So I can
hope that this gives rise to a mapping from this overlap at time step key
to the overlap at the next time step.
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And this is the central idea that we are going to exploit in the following.
So the overlap in the next time step is again the sum of all the neurons
in the next time step. And for example, here overlap with pattern three is
Pj three Sj and T plus one. And suppose we start here at time t, then the
overlap with pattern three, the next time steak might increase and might
increase further and the approach a fixed point. So, the dynamics of the
network as a whole is attracted towards a fixed point and this attraction
towards a fixed point is characteristic for an attractive model. Of course,
we want that the fixed point seats at the relevant stage. So the fixed
point here sits at the state with a very large overlap equal to one for
orthogonal patterns and deterministic neurons are very close to one in
other cases.
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So let me summarize attract the networks. That just means that the
dynamics of the network as a whole move towards a fixed point and this
fixed point is relevant. This fixed point represents the recall of one of
the patterns for orthogonal patterns in the Hopfield model we found last
week that this fixed point sits at an overlap of one which means perfect
[inaudible] will have the pattern, of course, if I load many many patterns
into the same network, I have this additional noise term cause by their
random walk. So that the overlap may not be exactly one, but in any
case, it moves towards a fixed point. So this concept of attracting
adverts is much more general than the concept of the specific instance
Hopfield model that we saw last week. And it's in this context, that
people look at different generalizations of the Hopfield model in the
following lectures. But before we go on, let's look at the following
quizz.
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