


A cognitive modcling historg

Cybernetics (40s) Goals. Neurophysiologists
(McCulloch & Rosenblueth), mathematicians
(Weiner) and engineers (Forrester). Too
behaviourist, classical control.

o GOFAI (60s-) Representation and computation.
Turing machines, von Neumann architecture, etc.
Largely ignores time

o Contemporary (90s-) Time is essential, obvious
to neurophysiologists. Idea: reintroduce modern
control theory



Standard control sgstem

x(t) = Ax(t)+ Bu(t)
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Neural control theorg

e The synaptic dynamics dominate the overall
population dynamics.

e We need to use the intrinsic synaptic dynamics to
characterize ‘neural’” control theory
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o Laplace transform is:




Neural control theorg

Put this into the control diagram (leaving out the
C and D matrices)

u() . | h(t) x(0)




Neural control theorg

e 50,
(77 tsxls) = 7 [Axls =B
sxls) = 7 A U=(s) 7 Buls

e Recall also,

sx(s) = Ax(s)+ Bu(s)

o Equating the two and solving gives the

‘translation’ :
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Generic neural subsgstcm

e GNS: a theoretical subsystem that can be
mapped to any spiking neural population
involved in some dynamic transformation

Let’s introduce some general notation by looking
at different levels of description

o Then we'll write the equations for each principle
of the NEF



Basic-level description
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Highenlevel description




Generic neural subsgstem
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Principle [ chresentation

o Encoding
D8t —tin) = Gi | (Bix(t)) + b
X(t) = 3 ai(x(t) i
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Principle 2. Transtormation

e Same encoding with a different decoding

Fex(®) = 3 aix(t)e!

o (where g; is defined as in principle 1)



Principle 3. Dgnamics

o Allowing x(t) to be the neural repn (and hence
state variable) and u(t) to be the input, we have
the following

~

3760t — tin) = Gi [ (&, (h(t) 5 [AX(0) + Bu(®)]))_+Jbie?

n

o In fact this could be written more generally by
having the control system be any f(A,B,x,u,t)

o Principle 2 then tells us how to compute f



Neuralintcgrator




Neuralintcgrator

e NPH & VN turn velocity signals into eye
position commands

o Ditficult problem to solve, but simple to
formulate:

x = Ax + Bu



Neuralintcgrator

So, in ‘neural control” we have (assuming input
and recurrent time constants are equal)

A =]
B+

w0— (@)




Neuralintcgrator

e Substitute this into the encoding equation:

e [CVJ' <$(t)<5j> 5 bems}




Ncuralintcgrator

If we expect any error in x(t), we won’t be able to
build a perfect integrator... and we expect error

We can think of error as being captured by some
gain, k, in the circuit (which is a function of x)

o This gain effectively acts to modify A, and any
deviation of A from O (or 1 in the neural case)
moves the circuit over time, even with no input



Ftfective time constant

; i
e SO, A acts like a rate constant: 4 = ——
z
eff
e Or, in neural terms:
7 A
eff /2
=
=

e 50, an increase in synaptic time constant will
lengthen the effective time constant



Integrator and 5ynaptic 11

X(t)




Reprcsentation error

Since we can set A’, and setting it to 1 gives an
infinite time constant, the only remaining source
of error is representational

e So, looking at the deviation from identity (as
we’ve graphed many times) gives insight into
the dynamics of the system

You can see stable points and drift speed directly
from this graph
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Dgnamics and error
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Fixed Points N integrator
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Tunable Filter

o We can take this a step further and tune A’
directly with a neural ensemble  A'(t) =) bi(t)¢*
[

)_'_Jjbias]
Using an intermediation population gives

bias
) oo

Using a 2D population is most efficient

Direct substitution gives

aj(t) = Gj

Q; (h(t) * @

N bi(t) i Z a;(t)¢; + B'u(t)

a;j(t) = Gj

Q; (h(t) * d;j [Z cm (B)PP + B'u(t)

m
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Humans and goldﬁsh
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Working memory

e Just another integrator...

e Defined over the co-efficients in the high-
dimensional vector space representing functions

This model was one of the first successful ones of

parametric working memory (observed e.g., in
LIP)
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(0))

o
T

%)
T

Pikes/100ms

N

L

Bump Splke Rasters

eI TITIV A, %

Neural Activity Bump e

1800

>
3
S

S
=]
S,

]
=1
=1

1000 J'“':‘

;,s\goa;v.ss,un

uron Number

A

'.\' 1334 l%’l’“ L} 'c'lm L i .’Vo'-\’f L )ﬂ.\'f 2514 \'o’l-\“ L} ?'I.‘.'t L Rl

400 600 800 1000 1200 1400 1600 1800 200C 0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1

0 200
Neuron Number Time (s)
e Bum S |ke Rasters
Neural Activity Bump p RS
@
1400 ‘ Ty e My #
- g0 = e Q’i‘l ’fl*‘
E |
o
D
1 (0]
X
a- 50 Z WA“‘X‘“MAWAMMMA‘A‘MMMA ~
1 W w"w 3‘..';.? ..; 1Oy Dy g‘r oo
wivxwv«wvwvﬁwiquvmvv‘v
D0 2‘00 460 6(‘)0 8(‘]0 1(';00 12‘00 14‘00 16‘00 18‘00 20‘0( 00 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Neuron Number Time (s)



Predictions

e For narrow stimuli central cells (+) have
decreased firing rate but peripheral cells (o) have
increased firing rate.




Predictions

e For multiple stimuli whose centers are too close
together, there are two kinds of error, forgetting
and blending.

\_

Forgetting Blending




