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Kodowanie w uktadzie nerwowym

Czestosc¢ generaciji i statystyka
potencjatow czynnosciowych



Funkcja odpowiedzi neuronu

Zatdbzmy, ze w czasie 0 do T neuron generuje iglice
(spikes) w czasach 0 <t <...<t <T Mozemy

zakodowac te informacje w postaci:

p(t) = iﬁ“— t) funkcja odpowiedzi neuronu
pay neural response function

Kazdg srednig po czasach iglic mozemy zapisac jako
catke z funkcjg odpowiedzi neuronu:

n T
Y hit— 1) :f drh(t)p(t— 1)
=1 \

Dostajemy to korzystajgc z definicji funkcji delta

fdr@(r— t)hit) = hi(f)



Firing rate — czestosC generacji iglic

T . y . ’
r= "T’r - % f ¢ p(r) Spike-count rate — czestosc zliczen
0

t+ At
r(t) = 1" dt(p(7)) r(t) —time dependent firing rate
At
* - czestoscC generacji iglic

pod catkg srednig funkcje odpowiedzi

fﬂ'r hit) (p(t—1)) = fﬂ’r ht)r(t—7) heuronu <p>(t) mozemy na ogot
zastgpic€ czestoscig r(t)
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Krzywe strojenia

» Jezeli Srednia czestosc generacji iglic <r>
zalezy od jednego parametru bodzca s, to

funkcje
(r)=f(s)

nazywamy krzywa strojenia odpowiedzi
neuronu (neural response tuning curve)
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Figure 1.5: A) Recordings from a neuron in the primary visual cortex of a monkey.
A bar of light was moved across the receptive field of the cell at different angles.
The diagrams to the left of each trace show the receptive field as a dashed square
and the light source as a black bar. The bidirectional motion of the light bar is
indicated by the arrows. The angle of the bar indicates the orientation of the light
bar for the corresponding trace. B) Average firing rate of a cat V1 neuron plotted as
a function of the orientation angle of the light bar stimulus. The curve is a fit using
the function 1.14 with parameters ry., = 52.14 Hz, s,,., = 0°, and o, = 14.73°. (A
from Hubel and Wiesel, 1968; adapted from Wandell, 1995. B data points from
Henry et al., 1974).)



Krzywe strojenia

* Krzywe strojenia mozna uzywacC do badania
selektywnosci neuronow w uktadzie
wzrokowym I innych uktadach zmystowych.

 Mozna je tez uzywac do badania uktadow
motorycznych. Uzywamy wtedy parametrow
ruchu, a nie bodzca
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s (movement direction in degrees)
1(s) = ro + (fmax — I'o) COS(S — Smax)

Czestos¢ musi by¢ nieujemna, jezeli wigc minimalna czestosc 2r -r <0,
to musimy obcig¢ ujemne wartosci powyzszej funkcji:

f{S) — [-""EI + (Fmax — o) COS(S — Smm{)]—k

Figure 1.6: A) Recordings from the primary motor cortex of a monkey performing
an arm reaching task. The hand of the monkey started from a central resting loca-
tion and reaching movements were made in the directions indicated by the arrows.
The rasters for each direction show action potentials fired on five trials. B) Aver-
age firing rate plotted as a function of the direction in which the monkey moved
its arm. The curve is a fit using the function 1.15 with parameters ry,,, = 54.69
Hz, ry = 32.34 Hz, and s,,,,, = 161.25°. (A adapted from Georgopoulos et al., 1982
which is also the source of the data points in B.)



Zmiennosc czestoscl zliczen
Spike count variability

« Czestosc zliczen kolejnych odpowiedzi na ten
sam bodziec na ogot zmienia sie losowo.
Krzywa strojenia tego nie oddaje.

« Srednie odchylenie standardowe f(s) moze byé
niezalezne od s, mowimy wtedy o szumie
addytywnym.

» Jezeli srednie odchylenie standardowe jest
proporcjonalne do f(s) to mowimy o szumie
multiplikatywnym.



Spike-triggered stimulus

* Krzywe strojenia charakteryzujg srednig
odpowiedz neuronu na bodziec. Teraz pytamy
jaki byt Srednio bodziec, ktéry wywotat dang
odpowiedz.

» Jezeli wybrang odpowiedzig jest jedna iglica, to
otrzymang wielkosSc¢ bedziemy nazywall
“sSrednim bodzcem wyzwolonym iglicq” -
Spike-triggered average stimulus



Bodzce

 Neurony muszg kodowac bodzce zmieniajgce
sie w ogromnym zakresie dynamicznym. Na
przyktad fotoreceptory w siatkbwce mogg
odpowiadac na pojedyncze fotony albo dziatac
w petnym oswietleniu bombardowane milionami
fotonow na sekunde.

» Zeby poradzi¢ sobie z tak duzym zakresem
parametrow bodzca neurony na ogot najlepie;
odpowiadajg na szybkie zmiany wtasnosci
bodzca a sg stosunkowo nieczute na jego staty
poziom.



Prawa Webera | Fechnera

* Weber mierzyt jaka musi byC roznica As miedzy
dwoma natezeniami bodzca, zeby mozna je
byto rozrozni€ z catg pewnoscig. Odkryt, ze jest
ona proporcjonalna do natezenia bodzca s.

As 1

T = CONSt= 6 d S postraegany Prawo Webera

* Fechner zasugerowat, ze postrzegane roznice
ustalajg skale postrzeganych natezen bodzca.

— Prawo
Fechnera

S 2, postrzegany -3 1, postrzegany

_Cf‘”ﬁ_c Ins,—C Ins,




Wtasnosci bodzcow

« Uktady zmystowe adaptujg sie do Sredniego
poziomu bodzca korzystajgc z wielu roznych
mechanizmow fizjologicznych. Bedziemy to
uwzgledniac zaktadajac, ze bodziec oscyluje
wokot pewnego Sredniego poziomu, ktory
czesto przyjmiemy za 0.

1 ol
Tfo dts(t)=0

 Czasami bedziemy przyjmowac, ze poza
czasem obserwacji [0, T] bodziec sie powtarza

s(T+7)=s(7)



Srednia wyzwolona iglicg
Spike-triggered average

«Zeby policzy¢ $redni bodziec wyzwolony iglicg
C(1) bierzemy dla kazdej iglicy w czasie t z kazdej
odpowiedzi wartos¢ bodzca w czasie
wczesniejszym o 1, to jest s(t-1), a nastepnie
usredniamy te wartosci po wszystkich iglicach |
wszystkich bodzcach

C(r) = <%25(t;— r)> R~ %(Zs(t;— r)>



Przyktad 1

C(r) = %Zs(t,- — 1)
=1

1 I
RS — ZS(t,-— T)

(H) i=1

spike-triggered average

srednia wyzwolona iglicg

4

Figure 1.8 Schematic of the procedure for computing the spike-triggered average
stimulus. Each gray rectangle contains the stimulus prior to one of the spikes
shown along the time axis. These are averaged to produce the waveform shown
at the lower right, which is the average stimulus before a spike. The stimulus in

this example is a piecewise constant function of time. (Adapted from Rieke et al.,
1997.)



Sredni bodziec wyzwolony iglicg

* Chociaz zakres 1w definicji C(1) jest formalnie
nieskonczony, w praktyce na odpowiedz
wptywa tylko kilkaset milisekund bodzca przed
iglicg (=czas korelacji bodzca z odpowiedzig).

- 100

* Jezeli bodziec jest el
nieskorelowany z sobg s wT [
w czaslie to oczekujemy Tims) 4 Lo 2

réowniez C(1)=0 dla 1<0. VL

- =300




Sredni bodziec wyzwolony iglicg

Korzystajgc z rownosci wprowadzonych na
poprzednim wyktadzie

i: h(t — tj) = f
i=1

dth(t)p(t — 1)

oraz

fdrh(r) (p(t—1)) = fdr h(t)r(t — 1)

mamy

C(r) = <%Zs(t5— 1:)> R (31—)(25(&— 1:)>

T T
C(r) = {1?)‘[0 dt (p(t))s(t—1) = {i—)fﬂ dtr(t)s(t — 1)



Funkcja Q _ korelacji bodzca

Z czestoscig generacji iglic
* Funkcje korelacji mierzg wzajemng Srednig
zaleznosc¢ wielkosci zmieniajgcych sie w czasie

* Funkcja korelacji bodzca z czestoscia
generacji iglic (firing rate stimulus correlation
function) [a wtasciwie funkcja kowariancji]:

T

Qu(n) = 1 [ dtr(t)s(t+7)

T
+ Z definicji ¢t = [ dtr(vst— mamy () = (/1)
0

S S
C(1) = 75Qu(-7)



Funkcja Q _ korelacji bodzca

Z czestoscig generacji iglic
+ Z definicji cn= [ dtr(Ds(t— 1) mamy () = (m/T)
1
()
* Ze wzgledu na ujemny argument w powyzszym
rownaniu (-T), sredni bodziec wyzwolony iglicg

nazywa sie rowniez funkcja korelacji
odwrotnej (reverse correlation function)

C(T) — Qrs(_r)



Sredni bodziec wyzwolony iglica
— przyktad 2
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Figure 1.9 The spike-triggered average stimulus for a neuron of the electrosensory
lateral-line lobe of the weakly electric fish Eigenmannia. The upper left trace is the
potential used to generate the electric field to which this neuron is sensitive. The
evoked spike train is plotted below the stimulus potential. The plot on the right is
the spike-triggered average stimulus. (Adapted from Gabbiani et al., 1996.)



Sredni bodziec wyzwolony iglica;
dodatkowe uwagi

 Poniewaz C(t) jest srednig P
wartoscig bodzca w czasiet T A
przed iglicg, zwykle zaznacza Tims e 2
sie to kierujgc 0$ czasu b [ oo
na wykresie w lewo. "L oo

« Srednia wyzwolona iglicg zalezy od bodzcéw
uzytych w doswiadczeniu. Na ogot uzywa sie
roznych rodzajow szumu dopasowanych do
typu komorek. Jest to zwykle biaty szum, ktory
zawiera wszystkie czestosci z jednakowymi
wagami. Uzywa sie tez bodzcow naturalnych.



Sredni bodziec wyzwolony

kKilkoma iPIicami
 Bodzce mozemy wyzwalac nie tylko jedng iglicg
ale tez bardziej ztozonymi ciggami iglic. Daje
nam to dodatkowe informacje dotyczace
kodowania informacji w tych strukturach.

A B

velocity
(degs/s)
o 3
velocity
(degs/s)
0N
o o

10_ms

O
N
o1
3

velocity
(degs/s)
(0]
() (@)
=

f

 Na przyktad, na tymmsrysunku widzimy, ze dwie
iglice odlegte od siebie 0 5 ms niosg wiecej
informaciji, niz kazda z iglic z osobna.



Sredni bodziec wyzwolony
kKilkoma iglicami
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Figure 1.10 Single- and multiple-spike-triggered average stimuli for a blowfly H1
neuron responding to a moving visual image. (A) The average stimulus velocity
triggered on a single spike. (B) The average stimulus velocity before two spikes
with a separation of 10 == 1 ms. (C) The average stimulus before two spikes with

a separation of 5 = 1 ms. (Data from de Ruyter van Steveninck and Bialek, 1988;
figure adapted from Rieke et al., 1997.)



Bodzce szumowe — biaty szum

» Biaty szum to sygnat s(t), ktérego wartosci w
dwoch roznych czasach sg nieskorelowane

s(t")s(¢'"))=0 dla t'#t'’

» Jezeli taki sygnat jest stacjonarny to jego
funkcja autokorelacji Q__ jest rowniez O

f dts(t)s(t+7)=0"6(1)

» Stata o  mierzy wielkoS¢ zmiennosci szumu.



Biaty szum: przyktady
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biaty szum gdzie s(t) jest losowany

biaty szum gaussowski z rozktadu rownomiernego na [0,1]



Biaty szum: przyktady
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biaty szum gdzie s(t) jest losowany

biaty szum gaussowski z rozktadu rownomiernego na [0,1]



Widmo mocy sygnatu

» Transformata Fouriera 3(w, Jokresowego
sygnatu s (¢) zdefiniowana jest jako (w,=2mn/T)

S(w,) = [ des(z)expli, )

« Widmo mocy sygnatu s (¢) zdefiniowane jest
jako kwadrat modutu 5 (w)

~/

0, (w):=[3(w)[

* WWidmo mocy sygnatu rowne jest transformacie
Fouriera jego funkcji autokorelaciji

T/2

O.lw)=5[,,d0. (2 explicor)



Widmo moc szumu
. Ponlewaz 1m n%qa authoreIaCJgo?a’fego szumu jest
funkcjg delta

2

f dt s(t)s(t+7) = 0.5(7)
zatem Jego WI MO mocy Jest state

st<w>=%f Cadt 0,(7) explicr)

T2

=— dt 6(t)expiwt)

-T2

=0 /T
« W praktyce nie da sie wygenerowac¢ szumu biatego

we wszystkich czestosciach. Zwykle powyzej
pewnej czestosci widmo mocy gasnie do O



Powerfrequency (dB/rad/sample)

Widmo mocy biatego szumui:
przyktady

Power Spectral Density Estimate via Periodogram

Fower Spectral Density Estimate via Periodogram
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Szumu gaussowskiego
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widmo mocy biatego szumu gdzie
s(t) jest losowany z rozktadu
rownomiernego na [0,1]
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Widmo mocy biatego szumui:
przyktady
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Przyblizanie biatego szumu

» Zeby wygenerowacé przyblizenie biatego szumu

dla kazdego czasu t=m A t losujemy kolejne

wartosci s(tg z dowolnego rozktadu o sredniej O i

wariancji ¢ /AT
* Tak otrzymany sygnat spetnia warunek

1 M GCIAT jezeli p=0
ﬁzmzlsmsm+p:<as SR P

;

0 jezeli p#0
* Rozktad wartosci sygnatu P(s) moze by¢ binar
({0,1}), gaussowski, staty na przedziale,

skonczony, itd.

» Jezeli rozktad P(s) jest gaussowski, szum
nazywamy biatym szumem gaussowskim

ny



Procesy punktowe — jezyk opisu
clggow potencjatow czynnosciowych

* Peten opis odpowiedzi komorki na bodziec
wymagatby podania prawdopodobienstwa
wystgpienia dowolnej kombinaciji iglic:

P_[n] — prawd. wystgpienia n iglic w czasie T
1=P[0]+P[1]+..+P[n]+ ..

i)PT[n]:l

n:



Tu troche rachunkow...

e Z moich notatek...



Przyktad 5.3.A

W jednorodnym procesie Poissona o
natezeniu v funkcja przetrwania wynosi

S,(s)=e "’

Rozktad przedziatow miedzy iglicami jest
wyktadniczy

P,(s)=ve "’

.

Pa(s)

S,(S)

Po(S) [kHz]

0.

0.0

1.0

0.0

04t

02}

0.0

EID
5 [Ms]

EID
s [ms]



Przyktad 5.3.B

Jezeli dotozymy czas refrakcji do procesu
Poissona

0 for 5 < Aabs
Pa(s) =

r for 5 = Aabs

to rozktad przedziatow miedzy iglicami
bedzie miat postac

s

L
= [

)= U for
ols) = e [—r' (s — AsE "l] for

A
/

-~

BoD
B B

vs)

Pa(s)

Sq(8)

Po(s) [kHz]

02 ¢t

01t

0.0

1.0

0.0

04t

0.0

40

5 [ms]
20 40

5 [ms]
20 40

s [ms]



Przyktad 5.2.B

W pewnych eksperymentach stwierdzono, ze
funkcja ryzyka po absolutnym czasie refrakc;ji
nasyca sie

0 for s < Aabs
Pa (s)=

. —1{g_ nabs
vl — et e=am for s = Adbs

Taka funkcje ryzyka mozna wyprowadzic¢ dla
pewnych prostych modeli neuronu. Funkcja
przetrwania dla tego modelu wynosi

1 fior A
So(s) =

; bs PN
E,—rﬂ.si—_"'n."L T-'Er"PIEI'.—':'t',-}'- f'JI 5 = ﬁ.'_‘l.tﬁ

Rozktad przedziatow miedzy iglicami wynosi

Po(s) = pg(s) Sp(s)

Pu(s)

Sq(8)

Pols) [kHZ]

01

0.0

1.0

0.0

=
T

=
o

0.0

20 4C
s [ms]

20 4C
s [ms]

20 4C



Przyktad 5.2.A

Jezeli w doswiadczeniu znalezlismy taki
rozktad interwatow miedzy iglicowych

0 for 5 < 5k

.

Pq(s)

01 ¢

0.0

Py(s) = - v _8D¢.  aabey?
0 { g {t—t—.&f‘hﬁje 7 e A7) for s = A

ze statg a >0, to natezenie procesu (funkcja
ryzyka — hazard function) wynosi

_ 0 for s < Aats
Pe0Z Y ag(s—A%E)  for 5> Ak

Czyli w przedziale A®™ po kazdej iglicy
natezenie (ryzyko) znika. Mozemy
interpretowa¢ A®™ jako absolutny czas
refrakcji neuronu. Dla s> A== ryzyko ro$nie
liniowo, tj. im dtuzej neuron czeka tym wieksze
jest prawdopodobienstwo wytadowania

Sq(s)

pS) [kHZ]

0.0

04t

0.0

0

20
5 [Ms]

40

EID
s [ms]
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Figure 5.3: Interval distribution Py(s) (top), survivor function Sy(s) (middle), and igure 5.2: A. Interval distribution Py(s) (top), survivor function Sy(s) (middle) for

hazard function (bottom) for a Poisson neuron (A) and a Poisson neuron with . hazard function (bottom) defined by g;(s)=ag (s - ﬂ.ﬂtﬁ) B (s - Asts ) with a

absolute refractoriness ( Asks Sms) (B). b
=0.01 ms2and &A™ =2ms. B. Similar plots as in A but for a hazard function

defined by pg(s)= 17{1 - exp[- A (s- A S (s - A™) with 1 = 0.1kHz,

A =0.2kHz, and A" =2ms.



Figure 1.11 (A) The probability that a homogeneous Poisson process generates n
spikes in a time period of duration T plotted for n =0, 1, 2, and 5. The probability
is plotted as function of the rate times the duration of the interval, rT, to make the
plot applicable for any rate. (B) The probability of finding n spikes during a time
period for which rT = 10 (dots) compared with a Gaussian distribution with mean
and variance equal to 10 (line).



Funkcja autokorelacii



Funkcja autokorelacj

The spike-train autocorrelation function is constructed from data in the
form of a histogram by dividing time into bins. The value of the histogram
for a bin labeled with a positive or negative integer m is computed by
determining the number of the times that any two spikes in the train are
separated by a time interval lying between (i — 1/2) At and (m + 1/2) At
with At the bin size. This includes all pairings, even between a spike and
itself. We call this number N,,. If the intervals between the n? spike pairs
in the train were uniformly distributed over the range from 0 to T, there
would be n?At/T intervals in each bin. This uniform term is removed
from the autocorrelation histogram by subtracting n?At/ T from N,, for all
m. The spike-train autocorrelation histogram is then defined by dividing
the resulting numbers by T, so the value of the histogram in binm is H,, =
Np/T — :LE&H T?. For small bin sizes, the m = 0 term in the histogram
counts the average number of spikes, that is N, = (1) and in the limit
At — 0, Hy = (i) /T is the average firing rate (r). Because other bins have
H, of order At, the large m = 0 term is often removed from histogram
plots. The spike-train autocorrelation function is defined as H,, /At in the
limit At — 0, and it has the units of a firing rate squared. In this limit, the
i = 0 bin becomes a § function, Hy/ At — (r)d(1).
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Figure 1.12 Autocorrelation and cross-correlation histograms for neurons in the
primary visual cortex of a cat. (A) Autocorrelation histograms for neurons
recorded in the right (upper) and left (lower) hemispheres show a periodic pat-
tern indicating oscillations at about 40 Hz. The lower diagram indicates stronger
oscillations in the left hemisphere. (B) The cross-correlation histogram for these
two neurons shows that their oscillations are synchronized with little time delay.

(Adapted from Engel et al., 1991.)



Modelowanie procesow punktowych



7.1. Thinning algorithm 1. Given a regular point process N(t) on (0,7] with a bounded intensity
function A(r). That 1s, for all r£(0,7] there exists A such that A(r)<A. To simulate a random
sample from N(r) use the following two stage algorithm:

A. Draw a Poisson Sample

1. Draw u, from u(0,1)

2. Compute w, = —@

3. Compute t, =t._;+w

4, If t,>T stopelse i=i+1 gotol (7.1)
5. NM)=i

B. Thinning Algorithm

Set i=1and j=1

Draw v, from U(0,1)

Compute A(r;)/4

If Ar;)fA<v, accept ¢, =1, j=j+1

b

If i=N(T) stopelse i=i+1; goto 1.

The ¢;’s are a random sample from N(T).



7.3. Simulating a univariate point process by time-rescaling. As a second application of the time-
rescaling theorem we describe how the theorem may be used to simulate a general point
process.[18] The time-rescaling theorem provides a standard approach for simulating an
imhomogeneous Poisson process from a simple Poisson process. The general form of the time-
rescaling theorem suggests that any point process may be simulated from a Poisson process with
unit rate by rescaling time with respect to the conditional intensity (rate) function of the process.

Given an interval (0,7] the simulation algorithm proceeds as follows:
1. Set w,=0; Set k=1.

2. Draw 7, an exponential random variable with mean 1.

3. Find u, as the solution to r, zrﬁ Al | g, 14y .ou,_ )du (7.6)

g

4. If u, >T then stop.

5. k=k+1
6. Goto 2.

By using Eq. 7.6 a discrete version of the time-rescaling algorithm can be constructed as follows.
Choose J large, and divide the interval (0,7] info J bins each of width A=7/7 . For k=1,...,J

draw a Bernoulli random variable u, with probability A(kA|u;,...u; )A and assign a spike to bin

k if u, =1, and no spike if u, =0.
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Figure 1.13 Model of an orientation-selective neuron. The orientation angle (top
panel) was increased from an initial value of -40° by 20° every 100 ms. The firing
rate (middle panel) was used to generate spikes (bottom panel) using a Poisson
spike generator. The bottom panel shows spike sequences generated on five dif-
ferent trials.
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Fiouke 12. Reconstructions of the stimulus waveform (heavy lines) together with the actual
waveform (thin lines) for a 2 s time window. The reconstructions are made on the basis of
combined neural responses, symbolized by the small vertical bars at the bottom of (a),
during two opposite phases of the stimulus. In the reconstruction we assume that (a) single
spikes, (h) spike pairs or (¢) spike triplets are generated independently, as described in the
text.
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Figure 1.18 Position versus phase for a hippocampal place cell. Each dot in the
upper figure shows the phase of the theta rhythm plotted against the position of
the animal at the time when a spike was fired. The linear relation shows that infor-
mation about position is contained in the relative phase of firing. The lower plot is

a conventional place field tuning curve of spike count versus position. (Adapted
from O’Keefe and Recce, 1993.)
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Figure 1.19 Time-dependent firing ratés )f(:)r different stimulus parameters. The
rasters show multiple trials during which an MT neuron responded to the same
moving, random-dot stimulus. Firing rates, shown above the raster plots, were
constructed from the multiple trials by counting spikes within discrete time bins
and averaging over trials. The three different results are from the same neuron but
using different stimuli. The stimuli were always patterns of moving random dots,
but the coherence of the motion was varied (see chapter 3 for more information

about this stimulus). (Adapted from Bair and Koch, 1996.)
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Figure 1.14 Variability of MT neurons in alert macaque monkeys responding to
moving visual images. (A) Variance of the spike counts for a 256 ms counting
period plotted against the mean spike count. The straight line is the prediction of
the Poisson model. Data are from 94 cells recorded under a variety of stimulus
conditions. (B) The multiplier A in the relationship between spike-count variance
and mean as a function of the duration of the counting interval. (C) The exponent

B in this relation as a function of the duration of the counting interval. (Adapted
from O’Keefe et al., 1997.)
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Figure 1.15 (A) Interspike interval distribution from an MT neuron responding to
a moving, random-dot image. The probability of interspike intervals falling into
the different bins, expressed as a percentage, is plotted against interspike interval.
(B) Interspike interval histogram generated from a Poisson model with a stochastic
refractory period. (Adapted from Bair et al., 1994.)
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Figure 1.16 Coefficients of variation for a large number of V1 and MT neurons
plotted as a function of mean interspike interval. The solid curve is the result of a
Poisson model with a refractory period. (Adapted from Softky and Koch, 1992.)
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Figure 1.17 Intracellular recordings from cat V1 neurons. The left panel is the re-
sponse of a neuron in an in vitro slice preparation to constant current injection.
The center and right panels show recordings from neurons in vivo responding to
either injected current (center) or a moving visual image (right). (Adapted from

Holt et al., 1996.)
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Figure 2.1 Prediction of the firing rate for an H1 neuron responding to a moving vi-
sual image. (A) The velocity of the image used to stimulate the neuron. (B) Two of
the 100 spike sequences used in this experiment. (C) Comparison of the measured
and computed firing rates. The dashed line is the firing rate extracted directly
from the spike trains. The solid line is an estimate of the firing rate constructed by
linearly filtering the stimulus with an optimal kernel. (Adapted from Rieke et al.,
1997.)
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F(L) = G[L — Lo+, (2.9)
Fmax
P(L) — ) (2.10)
1+ exp(g1(Li2 — L))
F(L) = rmax[tanh (g2(L — Lo)) ]+, (2.11)

Figure 2.2 (A) A graphical procedure for determining static nonlinearities. Linear
estimates L and actual firing rates r are plotted (solid points) and fitted by the func-
tion F(L) (solid line). (B) Different static nonlinearities used in estimating neural

responses. L is dimensionless, and equations 2.9, 2.10, and 2.11 have been used
with G=25Hz, Lo =1Ly =3, rmax = 100 Hz, g1 =2, and g» = 1/2.



