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Spikes and Firing Rates

spikes/s

Raster plot of an MT cell.



S (orientation angle in degrees)

Orientation selectivity in V1. (Hubel and Wiesel 1968, Henry et al. 1974.)
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Spatial working memory in PFC. (Funahashi et al. 1989)
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Jennifer Anniston cell in temporal lobe. (Quian Quiroga et al. 2005)
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Consider a network of randomly connected neurons.

e \What is the input to each cell?
e \What is the output of each cell?

e They must be self-consistent at the network level.
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V. () (mV)
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The neural response function of cell §

pi(t) = X1 6(t — 15)
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The post-synaptic current

Lsyni(t) = [T L dTK(t — T) Zj-v:l w;ipi(T)
K(t) = Le /™
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Network of 20 cells and 20% sparseness.
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Network of 20 cells and 20% sparseness.
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Network of 200 cells and 20% sparseness.
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Network of 200 cells and 20% sparseness.
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Network of 2000 cells and 20% sparseness.
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Network of 2000 cells and 20% sparseness.
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Rate model with Current
7‘5% = —1 4+ wr(t)
7}% = —1r+ ¢(I)




Rate Model for Inhibitory Network

%: —r + ¢(—wr + I)



Network Simulations

e conductance based with K™ and Na™* (Wang &

Buszaki, 1996)
e all inhibitory neurons
e exponential synaptic conductances
® sparse connectivity (20%)

® noisy external drive with rate V.,
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<« phase shift

140 145 150

time (ms)

135

LO

(Q\
(S/s

@\ i

o1ds)

().

O N «H o

T () o)



EPSC {wA/cm )

(mV)

[t

v

EPSP (mV)

100 105 110 115 120
time (ms)

125



Inilcude fixed delay to account for phase shift.




Network Rate Model
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Decision making at a pitchfork
bifurcation.
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Figure 1. Random Dot Task. Palmer et al., J. Vision 2005.
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Figure 2: Behavior in monkeys for the moving dot task. From Roitman and Shadlen
2002.
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Figure 3: The speed-accuracy trade-off in humans. Palmer et al., J. Vision 2005.



How are sensory neurons encoding the stimulus?
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How are sensory neurons encoding the stimulus?
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How are sensory neurons encoding the stimulus?
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What's done with the sensory information?

Integrate the Difference
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What's done with the sensory information?

Hz threshold

TIME
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Figure 4: Response of MT cells to randomly moving dots. Britten et al. 1993.
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Figure 5. Trial-averaged activity in LIP for the Reaction-time task. Roitman and
Shadlen 2002.
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Figure 6: Biophysically motivated 2-choice decision making network. X.-J. Wang,
Neuron 2002. Wong and X.-J. Wang, J. of Neurosci. 2006.



A simple rate model description.

71

—ry + (I)(S’I“l — crg + 1/1>
ro = —7“2—|—(I)(

Sro9 — Cri + 1/2>

First consider symmetric case, V1 = /9 = V.

e Bifurcation for ¢c® (Vey) = 1 — s® (ver).
e Eigenvalues: A\, = 0, \; = —2(1 — s® (1))

e Eigenvectors: . = (1,—1),rs = (1, 1).



B = X
(@]
> - o
I -
<= i
- . LN
O .
e’}
(q0] =
&) .
| -
2
= ™I,
m L
....... PR - -----v o
~ s X
& o
. ®
&
*
r2

Figure 7: The bifurcation diagram for 2-choice decision-making networks.



“!|I|I|I
|

0.04




007 | | | | | I | |

oo ¢"" WA 'w‘ AT g R DO \'f’\rN':’

[

| | | | | |
100 200 tim 800 400 500

O T A T AN MR MR TR NN R
0 0.01 0.02 0.03 0.040.05 0.06 0.07

'




0.08 —
o 0.065 VA e
= 0.02 —

OM 1 | 1 | 1 | 1 i

100 200 tim 800 400 500




0.1

-, 0-08
~"0.06
_— 0.04
0.02




100 200 tim 800 400 500

0.02 0.04 0.06 0.08 0.1 0.12

g



0.15— _




How to derive the reduced model. An example.

sri — crg + V1> + 0&1 (1)

7:'1 o —’]"1 —|—®(
Fo = —T9 + (I)(s’rQ —cry + V2> + 0-52(75)

Now expand the equations about the bifurcation point with v = v.,- + U,
KN = Ter + 71,72 = T + To. Treat I as a state variable.

0
. / ]_ /7
r = —r+® (st —cra+ )+ §<I> (871 — cFy + )% + ...

e
I

. / ]_ /7
ro = —f2+@(sf2—cf1+ﬂ)+§¢ (879 — cF1 + D)% + ...



How to derive the reduced model. An example.

= —71 + CI)(S’Fl — Ccro + Vl) + Ufl(t)
Fo = —T9 + (I)(s'rQ —Ccry] + V2) -+ 0-52(75)

Now rewrite in matrix form and separate into linear and nonlinear parts.
I = Lr+ N(r)

Diagonalize the linear operator and rotate the coordinates.

Diagonalize: I = QAQ'r + N (r)

Rotate: Q' = AQ 1r + QI N (1)
Redefine: X = AX + QA (r(X)).



Linear Subspaces




How to derive the reduced model. An example.

= —rq _|_(I)(37°1 — Cro + Vl) ‘|‘J€1(t)
7;'2 — —’]"2 —I—(I)(

sro — Cry + 1/2> + 0&5(1)

0 1/2c®
0 Nopie 0
—2c9’ —1/2c®’
_ T1—T9
2
1472 iz
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0
1/2
1/2

0
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How to derive the reduced model. An example.

—T1 —|—(I) —|—0'£1(t)

( )
Fo = o & cI)<sr2 —cr1 + V2> + 0&a(t)

Sr1 — Ccra + 11

71

X = AX + Q7' N (r(X)).

Express the ‘fast’ variables as a function of the ‘critical’ variables,
Y = h(n, X), where h is the center manifold. This is called Center Manifold Reduction
(Crawford, 1993).

Plug in h for Y, expand, and find equation for X . Some algebra later...

X = CI)N(S + ¢) (1 + 32—6(;) (v —ver) X + ((‘I) )% (s+¢)?(s®=c?) 4 (s+c)63<1> )X3.

4ed’



Nonlinear Manifold
Y = h(X,n)




How to derive the reduced model. An example.

ro = —r9 + P —i—OfQ(t)

r = —r1 + Cb(sm —Cra2 + Vl) + 061 (t)
(37“2 —cr1 + V2)

Weakly non-symmetric inputs and noise can be accounted for with a simple linear

transformation. This yields a nonlinear diffusion equation

X =1 —v2) + p(v — ver) X +7X° +V/208(t).



Diffusion along an energy landscape.
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Sample dynamics.
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The amplitude equation actually fits behavioral data.
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Figure 8: Data from Roitman and Shadlen 2002.



The amplitude equation actually fits behavioral data
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Figure 9: Data from Roitman and Shadlen 2002.



The amplitude equation actually fits behavioral data.
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Figure 10: Data from Palmer et al., 2005.




The amplitude equation actually fits behavioral data.
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Figure 11: Data from Palmer et al., 2005.



Spiking network.

|. Network of Integrate-and-fire neurons: Use multi-scaling following Brunel and
Hakim 19909.

™Vai = —(Vai—FE) +1ani—Tari+ Laceti,
TVBJ. = —(Vpi—E.)+Ipp:—Ipr:+ IBest.i,
Vi = —(Vii—E)+Itai+ Ipi+ Itest,
Ixx; =

Z TNXN 6t =t 5 — 0p.4s)-
k

e Difussion approximation — coupled Fokker-Planck equations.
e Stability of stationary distributions.

e \Weakly-nonlinear dynamics of “decision” mode.

(1)
(2)
(3)
(4)
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Trial-averaged Activity

10—————————— 10

’“l P I =
0 200 400 600 800 3
time from stim. onset (ms)  time from “saccade’ (ms) Vg (Hz)

| | | | | |
00 -600 -400 200 o0 O 5 10 15



Summary

e spiking networks and reduced models go hand in hand

e push simple models as far as possible



