Week 9 - part 1 : Models and data

B (' 9.1 What is a good neuron model?
R - Models and data

i - - 9.2 AdE del
Biological Modeling * Moge

- Firing patterns and adaptation

of Neural Networks: 9.3 Spike Response Model (SRM)

- Integral formulation
9.4 Generalized Linear Model

Week 9 — Optimizing Neuron Models - Adding noise to the SRM
For Coding and Decoding 9.5 Parameter Estimation

- Quadratic and convex optimization
Wulfram Gerstner 9.6. Modeling in vitro data

EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?
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-What Is a good neuron model?
-Estimate parameters of models?



Neuronal Dynamics - 9.1 What is a good neuron model

A) Predict spike times

B) Predict subthreshold voltage

C) Easy to interpret (not a ‘black box’)

D) Flexible enough to account for a variety of phenomena
E) Systematic procedure to ‘optimize’ parameters



Neuronal Dynamics — Review: Nonlinear Integrate-and-fire

A B
du | du i
dt dt ||
/ 0 = () | / 0 =~ () I|II
See: IIl '
Week 1, - II|II -_ /{,-"II
lecture 1.5 V[T ——— — 71 O~
T/ Vo
trest U Oreset U rest U Breset
U r U /
du _ R1(t
TE B (U) N ( ) It U = Hreset
\ then resetto

What Is a good choice of f ? u=u,



Neuronal Dynamics — Review: Nonlinear Integrate-and-fire

(1 rd—u—f(u)+RI(t)

\ (2) It u=6,, then resetto u=u,

What is a good choice of f ?

(1) Extract f from more complex models

(1) Extract f from data



Neuronal Dynamics — Review: Nonlinear Integrate-and-fire

(i) Extract f from more complex models ;% _ ¢y, riy

at
A. detect spike and reset
_—resting state

w

Separation of time scales:
Arrows are nearly horizontal

—60 —40 —20

o (mV] Spike initiation, from rest
See week 3: Td_u: F(u,w)+RI(t) WS Wiest
2dim version of at
Hodgkin-Huxley = aw =G (U, w) B. ASSUMEe W=Wrest

Y odt



Neuronal Dynamics — Review: Nonlinear Integrate-and-fire
(i) Extract f from more complex models _du _ £ W)+ R1(E)

dt

A B |
ol f\\l ) | | ,.
= 5| i inear exponemtlar
5 6 - :
:% 1 L Uyrest o U_’Ieﬂ B
E 2 U/ 91‘{%:‘-5{1: -
0 H—s—¢] A
_9 | | L ) 50 L | - |
—5H0 0 50 —&0 — 70 — 60 —5H0
w [mV] d u [MmV]
See week 4: u_

: : T — F(U t) + R (t) '
2dim version of dt res\ tS_eparatllon of
Hodgkin-Huxle dw Ime sctales

J y T =G (U, w) W= W




Neuronal Dynamics — Review: Nonlinear Integrate-and-fire
(i1) Extract f from data Badel et al. (2008)

du du u—39
r—=f(u)+RI(t) r—=—(u—-u_.)+Aexp( )
) dt f () dt A
Fu)= T Exp. Integrate-and-Fire, Fourcaud et al. 2003

A B

I Pyramidal neuron I __ " Inhibitory E

2 10 1 £ wr interneuron T

£ | linear eXpO”@E Z .| linear expon@l Z%%i)et a

: 5 - i 5 | 1._

*i 0 Mﬁ _ ri = :,j’: _

0 —l?o —{lao —.lam —{40 = —l?o —130 _!50 —;m

u [mV] w [mV]



Neuronal Dynamics — Review: Nonlinear Integrate-and-fire

(1) 2'—— f(u)+RI(t)

(2 If u=46_. then resettou=u

Best choice of f : linear + exponential

du Uu—.4
—=—(U—U_.)+AeX
T ( rest ) p( A )

BUT: Limitations — need to add

-Adaptation on slower time scales
-Possibility for a diversity of firing patterns
-Increased threshold & after each spike
-Noise




Week 9 - part 2 : Adaptive Expontential Integrate-and-Fire Model

(P \l 9.1 What is a good neuron model?
- Models and data

_ _ _ 9.2 AdEx model
Blﬂlﬂglcal Mnde"ng - Firing patterns and adaptation

of Neural Networks: 9.3 Spike Response Model (SRM)

- Integral formulation
9.4 Generalized Linear Model

Week 9 — Optimizing Neuron Models - Adding noise to the SRM
For Coding and Decoding 9.5 Parameter Estimation

- Quadratic and convex optimization
Wulfram Gerstner 9.6. Modeling in vitro data

EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?



Neuronal Dynamics - 9.2 Adaptation
Step current Input — neurons show adaptation

adapting burst - adapting
\
5 |
(1) 2 (I FHiW
- - - . Data:
. 'L Markram et al.
] < PP p— Jwa-ffwﬁﬁf'”/| (2004)

'-__. Il. i o b |
i
| . ]

1-dimensional (nonlinear) integrate-and-fire model cannot do this!




Neuronal Dynamics - 9.2 Adaptive Exponential 1&F
Add adaptation variables:

/A)RZW
C=a,(U—U,)—W, "'kasz S(t—t")

\

du

r—=—(U-U_,)+ Aexp(u

dt

dw
dt

Ty

SPIKE AND
RESET

— &

after each spike Wy
jumps by an amount b,

If u=2@6

reset

then resetto u=u

Blackboard !

Exponential I&F
+ 1 adaptation var.
= AdEX

AdEXx model,
Brette&Gerstner (2005):



Firing patterns

Response to
Step currents,
Exper. Data,

Markram et al.

(2004)

(f)

]lg

low




Firing patterns:

Response to
Step currents,
AdEXx Model,

tonic
high

low

Naud&Gerstner [ '™

(f)

Image:
Neuronal Dynamics,
Gerstner et al.
Cambridge (2002)

tonic

INITIATION PATTERN
intial burst




Neuronal Dynamics - 9.2 Adaptive Exponential I&F

P = —u-u) + Ao ) R+ RI()
A AdEXx model
T, " = a (u_urest)_w+b Twzf5(t—tf)

Phase plane analysis!

Can we understand the different firing patterns?



Neuronal Dynamics - 9.2. Adaptive Exponential I&F

Td_u: f (u)— Rw+ RI(t)
dt
dw
—a(u—-u_.)—w
TW dt ( rest)

-linear + exponential
-adaptation variable

-> Various firing patterns



Neuronal Dynamics - Quiz 9.1. Nuliclines of AdEx

du u—9
rT—=—(U—-U_,)+Aex Rw+ RI(t
= U Uee) p(——) (t)
dw
T =a (U—-u.,,)—Ww
W dt ( rest)
A - What Is the qualitative B - What Is the qualitative
shape of the w-nullcline? shape of the u-nulicline?
[] constant [ ] I?near, slope 1
[] linear, slope a [] linear, slope 1/R
[1 linear, slope 1 []1 linear + quadratic
[ 1 linear + quadratic [ ] linear w. slope 1/R+ exponential

| | inear + exponential _
2 minutes

Restart at 9:38



Week 9 - part 2b : Firing Patterns

(P 9.1 What is a good neuron model?
- Models and data

9.2 AdEx model

Biological Modeling
of Neural Networks: 9.3 Spike Response Model (SRM)

- Integral formulation
9.4 Generalized Linear Model

Week 9 — Optimizing Neuron Models - Adding noise to the SRM
For Coding and Decoding 9.5 Parameter Estimation

- Quadratic and convex optimization
Wulfram Gerstner 9.6. Modeling in vitro data

EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?



after each spike

AdEX model/ u is reset to us
du u—3
— =—(u—u + Aex — Rw+ RI(t
2 dt ( rest) p( A ) ()
T aw — d (u_urest)_w+bTWZf5(t_tf)

Yodt /
after each spike
W Jumps by an amount b

parameter a — slope of w-nullcline
Can we understand the different firing patterns?



AdEXx model — phase plane analysis: large b

u-nullcline

du u—4
TE:_(u_urest)_l_AeXp( A ) +w+ RI(t)
dw
Ty —— =8 (U=t ) —W+b 7, > S(t—t")
at a=0
| | .
= 1 4 - 60 |
a0l 1 ol
— M) ] — A0 F
— 30 I o {E 30 t
—40 ) . 'l = 20!
—50 | / 1
; 10 |~
ool i?ﬁ LY e
0 100 500 300 E—r
t ImV]

. 7/
U IS reset to Ur




AdEX model — phase plane analysis: small b

du
= —(U—U + A ex 4+ W+ RI(t
e ( rest ) p(= A ) (t)
T, d(;"t’ —a (U=t ) —W+bz,> &St-t")
adaptation 5

60 |
50 |
10 |
30 |
20 |
10 |
0} —e — — %}b
10

w [pA]

70 60 — 50
4 w [MmV]
U IS reset to Ur



AdEX model — phase plane analysis: a>0

du
= —(U—u + A ex + W+ RI(t
e (U—U.) Je A ) (t)
dw
Ty~ = @ (U—U)—W+bz, > St—t")

| u-nullcline
ol \\/
10 //I

D - | } b

10 | |
— 70 —60 — D
Y [mV% \
U IS reset to U



Neuronal Dynamics — 9.2 Adex model and firing patterns

] - after each splke u IS reset to ur
U

= —(U—U + A ex Rw+ RI (t
T ( rest ) p( " ) (t)

Ty, aw =a (u—u_ . )—w+Db TWZ o(t—th)
dt / f

after each spike
W Jumps by an amount b

parameter a — slope of w nulicline

Firing patterns arise from different parameters!
See Naud et al. (2008), see also Izikhevich (2003)



Neuronal Dynamics — Review: Nonlinear Integrate-and-fire

(1) Y W)+ RI(D)

dt
/ (2) It u=0,, then resetto u=u,

Best choice of f : linear + exponential

du — —(U urest) T Aexp( 19)

"t A
BUT: Limitations — need to add

/ -Adaptation on slower time scales

/ -Possibility for a diversity of firing patterns
-Increased threshold & after each spike
-Noise




Neuronal Dynamics - 9.2 AdEx with dynamic threshold

Add dynamic threshold:

(;ltj = —(U— urest)+Aexp( ) RY> . w,+RI(t)

Threshold increases after each spike
G=0,+) O (t—-t")

C Model

40 mV

250 ms

A



Neuronal Dynamics - 9.2 Generalized Integrate-and-fire

du
TE: f(u)+RI1(1)

If u=46

reset

then resetto u=u_

add

/ -Adaptation variables
/ -Possibility for firing patterns

/ -Dynamic threshold 9
-Noise



Neuronal Dynamics - 0uiz 9.2. Nuliclines for constant input

du u—.9
— =—(U—U,,) +AeX +w+ RI(t
T (U—Up) P(—) (t)
--.Only during reset
MW =4 )—w+b fwff\y St —tg)
at a=0
u-nulicline

What happens If input

switches from |1=0 to [>07?

[ ] u-nullcline moves horizontally
[ ] u-nulicline moves vertically

[ ] w-nullcine moves horizontally —

| ] w-nullcline moves vertically

u-nullcline

.y

/




Week 9 — part 3: Spike Response Model (SRM)

EEEEEE (PF\ \l 9.1 What is a good neuron model?
- Models and data

- - - 9.2 AdEx model
Biological Modeling \

- Firing patterns and adaptation
of Neural Networks: 9.3 Spike Response Model (SRM)
- Integral formulation

9.4 Generalized Linear Model

Week 9 — Optimizing Neuron Models - Adding noise to the SRM
For Coding and Decoding 9.5 Parameter Estimation

- Quadratic and convex optimization
Wuliram Gerstner 9.6. Modeling in vitro data

EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?



Exponential versus Leaky Integrate-and-Fire
du u—4

e —(U—u,,)+Aexp( @ )+ RI(t) Badel et al (2008)
I | — ol l l l l ll
150 - ] I - E 10} |
g 100 1 : .' / / : ||| - SE , }}
E 50 |- B | ."I - E ol j _
g 0 _ _ *L_'r_g}f’ S e e e
_5[1.‘-1[] 0 " 60 _.:3{] _I;m = —lTo —L‘.D —.l'%{} —lm
o ImV1 u [MmV]
du
r—t =—(u—-u_.)+RI(t)

Leaky Integrate-and-Fire
Reset if u=



Neuronal Dynamics - 9.3 Adaptive leaky integrate-and-fire

T(;_ltj — —(U _urest) - Rzkwk +RI (t)
dw
Ty dtk :ak(u_urest)_wk_l_bkszf 5(t_tf)

—

after each spike
SPIKEAND _ w, jumps by an amount b,

RESET If u=39(t) then resetto u=u_
} \

Dynamic threshold




Neuronal Dynamics — 9.3 Adaptive leaky I&F and SRM

du

r—=—(U—Ug)—RD> W +RI(t)

dt Adaptive

leaky |&F

dw

C=a (U—Ugy) —W, "'kasz S(t—t")

Ty

dt

Linear equation = can be integrated!

u(t):zfn (t—tf)+TdsK(s)l(t—s)
0 Spike Response Model (SRM)
9)=6,+3 6(t-t") Gerstner et al. (1996)



\ Gerstner et al.,

I 1993, 1996
i ‘_ S8
Input ) U " g
) oA o= k() T o -V
M L= Spike emission
Arbitrary Ut
Linear it A=
poten;\
u(t)=> 7 (t-t J+[ x(s)I(t—s)ds+Uuy,

threshold ~ 9(t) = 6’0t+26’1(t ~t)



Neuronal Dynamics - 9.3 Bursting in the SRM

40
SRM with appropriate 77 = |
leads to bursting = |
_-5-['] .}I o 'h\—#"/ l"l i |.-’ﬂ‘w rrl"f f"r_h _Jn"f { / ﬂh_fa'l l f'm"‘f-'J / -'h“_'j f'l V I-'h"_ In“'l h'_ﬁar V -fh‘“_"f V / v
SO ——MmMm
i |||
z400 |
=
0 D ——
0.0 10.0 20.0 30.0

| t [ms]
ut) =y nt-t") + jds/c(s)l(t S)+U,,,

u(t) = j ds7(s) S(t—s) + j ds x(s)1(t—s) +U,,,



Quiz 9.3: from adaptive IF to SRM

M wou,)-weRI()
' dt If u=9then resettou=u,
T, b = —wW+Db Twzf St—th)

at Next lecture
Integrate the above system of two differential at 9'57
equations so as to rewrite the equations as
potential  ult I 7(s)S(t—s)ds + I )1 (t—s)ds+u,

. R S R S

A —what IS 77( )7 (|) ( ):—eXp(—;) (||) X( ):—exp( )
B —what is £(s)? X

(iii) X(s)=Clexp(~—) —exp( >3] (iv) Combi of
F (i) + (iii)




. : Gerstner et al.,

. ] 4(8) j\ 1993, 1996

Input / T ! —
Jay NS (S) :'> ST t
! N -+ N )
AN S - 1T
/L//\ n(s) | e
o =
potential u(t) = Z p(t-t)+[ x(s)1E-s)ds +u,,

threshold #(t) = 2 +Z o,(t—t)
firing if u(t) = ()



D |
potential WIS T 3= = }
() Z 77 t t +I (’[ s)ds+u._ K T\Li/\\/} .
threshold Linear filters for
9(t) =6, +Z o,(t—t") - Input
"""" - threshold

- refractoriness



Week 9 — part 4: Generalized Linear Model (GLM)

EEEEEE (L \l 9.1 What is a good neuron model?
h - Models and data

_ _ _ \J 9.2 AdEx model
Blﬂlﬂglcal Mode"ng - Firing patterns and adaptation

of Neural Networks: J9.3 Spike Response Model (SRM)

9.4 Generalized Linear Model

Week 9 — Optimizing Neuron Models - Adding noise to the SRM
For Coding and Decoding 9.5 Parameter Estimation

- Quadratic and convex optimization
Wuliram Gerstner 9.6. Modeling in vitro data

EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?




Spike Response Model (SRM)
Generalized Linear Model GLM

Gerstner et al.,

1992.2000
Truccolo et al., 2005

- f\‘@*(s) \ @w Pillow et al. 2008
ﬁ/l\(t/)\/\ﬁ K(S)g :5;/ 0-0], | Sft) |
i \Z —/
. TL//\ £.1(8) = /
votential  u(t)=[n(s)st-s)ds +| & (s)1(t—s)ds+u,

firing intensity p(t) =

f(() 9())




Neuronal Dynamics —review from week 8: Escape noise

escape process

""" ST
)

escaperate  p(t) == exp(

u(t) —9

{ l

escape rate

p(t) = 1(u(t) -9

A

A

)

Example: leaky integrate-and-fire model

T

o d
-—tu =—(U—u

rest

- if spike att” = u(t'+5)=u,

)+ RI(t)

~




Exerc. 1. leaky and non-leaky IF with escape rates

du
Yt . (t) c (t)
resettou ., =u =0 resetto u =0

Integrate for constant input (repetitive firing)  Next lecture

Calculate ) at 10:40
- potential u(t—t)
- hazard p(t-t)=p-[ut-t)-J,

- survivor function S(t-t)

- interval distrib.  P,(t-t)




Neuronal Dynamics —review from week 8: Escape noise

escape process Survivor function
N 45 () =—p(t)S, (t|t
T 51 D) =-p®)S, ()
o |
o~ S, ({f) = exp(- j p(t)dt')
escape rate - ~ —~
pt) = fu()—3(t)) Interval distribution
| LD = p(t)-exp(- j p(t )dt)
escape L
Good choice rate Survivor function
u(t) —4(t
p(t) = F U - 9(1)) = p, expl o2,

5, u AU



Neuronal Dynamics — 9.4 Likelihood of a spike train in GLMs

/ - f \
S(t) = 25('[ —1) > Blackboard
o t t’ b
tt t%, .. N

Measured spike train with spike times

Likelihood L that this spike train
could have been generated by model?

L(tY,...,.tN) = exp(— j otNdt)o(t) - exp(— j o(tdth...



Neuronal Dynamics - 9.4 Likelihood of a spike train

g S(t)=> 5(t-t") A
] |

t? t2 t° T

\0 Y,

L(t'....t") =exp(=[ p(t)dt )o(t") -exp(=| p(t)dt )o(t*)...-exp(~ | p(t)dt)

L(t,...,tY) =exp(—jp(t Ydt)[ ] o(t")

log L(t},...,.t") = —jp(t Ydt'+> logp(t’)



Neuronal Dynamics — 9.4 SRM with escape noise = GLM

AN
"’\[ I~
I N\
1
N

-linear filters
-€SCape rate
—likelihood of observed
spike train
-2 parameter optimization
of neuron model




Week 9 - part 5: Parameter Estimation

M r \ 9.1 What is a good neuron model?
EEEEEEEEEEEEEEEEE - Models and data
\l 9.2 AdEx model

- Firing patterns and adaptation

J 9.3 Spike Response Model (SRM)

- Integral formulation

\J 9.4 Generallzed Llnear Model

- Quadratic and convex optimization
Wultram Gerstner 9.6. Modeling in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?

Week 9 — Optimizing Neuron Models
For Coding and Decoding




Neuronal Dynamics - 9.5 Parameter estimation: voltage

Spike Response I\/Iodel/(SRM)
Generalized Lin. Model (GLM)

/\/\/\/\ IR /I,’/\‘J\(:\(f) ST :
) ’ -
L//\ n(s) | €=
\_ ' /

N \\_,///// /

Subthreshold t)=|n(s) S(t s)ds +j )I(t—s)ds+u
potential T

Known splke train kKnown Input
Linear filters/linear in parameters

rest




Neuronal Dynamics - 9.5 Parameter estimation: voltage
Linear In parameters = linear fit = quadratic problem
u(t) = j )1(t—s)ds +u

rest

(t,) Z@ S comparlson model data

T }CK
e, ) | I |
0. "'-.. | Ill" .l \
-.______- - l"-,. -"\!V"ky\‘\‘ﬂ 'Wl"'w
=8 T | |
model
optimization
i I I Y YY v
kg\m'**"""‘"‘“m‘ W




Neuronal Dynamics - 9.5 Parameter estimation: voltage

Linear In parameters = linear fit
u(t) = j )1(t—s)ds +u...

u(tn) — @I n—k T urest
|

I’ }LK
I | | | | | | | | | |
e L1
11 " . l.l."..
W Y
: I

K
E = Z [udata (tn) _Zkk In—k _urest]z
- k=1



Neuronal Dynamics — 9.5 Parameter estimation: voltage
Linear In parameters = linear fit = quadratic optimization

Model  u(t) = j
|

1 data (t)

(t s)ds + U
u(tn) D Zkk In—k _I_urest
Kk

rest

Data Thi (t)

K
E = Z [udata (tn) _Zkk In—k _urest]2
- k=1



Neuronal Dynamics - 9.5 Extracted parameters: voltage

Subthreshold u(t)=j® (s)1(t—s)ds+u,_ +I;7(s)8(tT—s)ds
T

. 0
potential | |
kﬂOWﬂ input knOwn Splke trall
A B
V.U | | | | | | o [ | | | | | ]
- l"r rr(t) = Ge —t/O. ag B B B 1 (t) = 2e “9 —.6eT /3T 1 4 _“EE_
057 ™ Inhibitory L —
D 0.4 \ _ B 0 T
£ N interneuron| = |, - ]
S 030 4 & _9 x np(t) = .6(e” 1% —eTH/15)
é 0ol \\re(t)=.45¢"*/18 _ = 3 / -
= | !
: —4n : -
0.1 - \ pyramidal - _5 |/ pyramidal _
0 0 | T e B s _6 L | | | | | |
0 10 20 30 40 50 60 O 50 100 150 200 250 300 350

Time [ms] Mensi et al., 2012 Time [ms]



Exercise 3 NOW: optimize 1 free parameter

Model Data
u = RI udata(tn)

n n

Optimize parameter R, so as to have a minimal error
E=)> [u®™(t,)—RIT

U data (t)




Neuronal Dynamics — What is a good neuron model?

—»

E ww !
Y N % 5 ]
% % b} A ™
i\ 4 . . '\ “‘
L3 4 b
"'\-... Iilh =,
el i
Y ]

A) Predict spike times

B) Predict subthreshold voltage

C) Easy to interpret (not a ‘black box’)
D) Flexible

E) Systematic: ‘optimize’ parameters




Week 9 - part 5b: Quadratic and Convex Optimization

il \ 9.1 What is a good neuron model?
- Models and data

_ _ _ \J 9.2 AdEx model
Blﬂlﬂglcal Mﬂde"ng - Firing patterns and adaptation

of Neural Networks: J 9.3 Spike Response Model (SRM)

- Integral formulation

\ 9.4 Generalized Linear Model

Week 9 — Optimizing Neuron Models - Adding noise to the SRM
For Coding and Decoding 9.5 Parameter Estimation
Wulfram Gerstner 9.6. Modeling in vitro data

EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?



Fitting models to data: so far ‘subthreshold’

A Experimental data set

()
S

EI 250 ms
o

yty 1| I 1| l |

C Model

o ] 20 ms Dyn

S s Y thre old _2soms
*|M L1 sl -

Adaptation current



Neuronal Dynamics — 9.5 Threshold: Predicting spike times

Joiivet&Gerstner, 2005

/ . 0.(s) \a Paninski et al., 2004
\\1~-__

- - Pillow et al. 2008
O (o oxe N L Len SO
= K)o D=y e
PN =S gt 1 T
potential  ult f 7(s)S(t—s)ds + j ) I(t—s)ds +U

firing intensity P(t) = f(U(t) 19(t))



Neuronal Ilvnamips - 9.5 Generalized Linear Model (GLM)
log L(t!,...,t") = —jp(t Ydt '+Z logp(t') =-E

potential  ult f 7(s)S(t—s)ds + j ) I(t—s)ds +U,

opt



Neuronal Dynamics - 9.5 GLM: concave error function

potential  u(t j n(s)S(t-s)ds +[  x(s)1(t—s)ds+uy,

firing intensity p(t) = f(u(t) (1))

log L(t,...,t") = —}p(t Ndt '+Z logo(t')

Paninski, 2004



Neuronal Dynamics — 9.5 quadratic and convex/concave optimization

Voltage/subthreshold

- linear In parameters
-> quadratic error function

Spike times

- honlinear, but GLM
—> convex error function



Quiz 3 NOW :

What are the units of 77(S) 2 (i) Voltage?
L a(s) () Resistance?
/ \*1~(--)- @ (1) Resistance/s’

/

. - h - Tl (iv) Cgr@nt?\

/\)Q:/),\/\Eﬁ\ @:B :ﬂ : 5 |

4 I
1 12(S) 4
\ e B

hotential  u(t)=[7(s)S-s)ds +|  x(s)1(t—s)ds+U,,

_/

firing intensity o(t) = T (u(t) —&(t))



Quiz NOW:

What are the units of &(S) ? (i) Voltage?
. 3 (1) Resistance?
/ \‘?L(.S.)_ @ (1) Resistance/s’

N
/

, h el 0
JONE DN = o g o
/T

potential  ult f?? )S(t —s)ds +I ) I(t—s)ds +Uu,

firing intensit p(t) = f(U(t) F(t))



Week 9 - part 6: Modeling in vitro data

il \ 9.1 What is a good neuron model?
; - Models and data

_ _ _ \J 9.2 AdEx model
Blﬂlﬂglcal Mﬂdﬂ"ng - Firing patterns and adaptation

of Neural Networks: J 9.3 Spike Response Model (SRM)

- Integral formulation

\ 9.4 Generalized Linear Model
Week 9 — Optimizing Neuron Models - Adding noise to the SRM

For Coding and Decoding \l 9.5 Parameter Estimation
- Quadratic and convex optimization
Wulfram Gerstner

9.6. Modeling in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?

9.7. Helping Humans



Neuronal Dynamics — 9.6 Models and Data

comparison model-data
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Neuronal Dynamics - 9.6 GLM/SRM with escape noise

Jolivet&Gerstner, 2005
Paninski et al., 2004

Pillow et al. 2008
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Neuronal Dynamics — 9.6 cLm/SRM predict subthreshold voltage
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Neuronal Dynamics — 9.6 cLM/SRM predict spike times

Role of moving threshold =~ No moving threshola

A B With moving th\resholql/
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Mensi et al., 2012



Change In model formulation:
What are the units of .... ?

expone

(1)

A =] NG,

| C—u
potential g

threshold

firing Intensit

‘soft-threshold

adaptive IF model’
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Neuronal Dynamics — 9.6 How long does the effect of a spike last2
Time scale/of filterg?

4 I
A 7(S) - Power law .6,(s)
A S B ERREE
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A single spike has a measurable effect Pozzorini et al. 2013

more than 10 seconds later!



Neuronal Dynamics — 9.6 Models and Data

-Predict spike times

-Predict subthreshold voltage
-Easy to interpret (not a ‘black box’)
-Variety of phenomena
-Systematic: ‘optimize’ parameters

BUT so far limited to in vitro
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Reading: W. Gerstner, W.M. Kistler, R. Naud and L. Paninski,
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