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-What Is a good neuron model?
-How can we estimate parameters of models?
-What Is a neuron model good for?



1.Whatis a good neuron model?

Ao A &\ 1

model
optimization

\.\\ C ) _ /’ *\\_

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




1. Review: Nonlinear Integrate-and-fire
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1. Review: Nonlinear Integrate-and-fire

(1) T((jj—ijz f(u)+RI(t)

\ (2) It u=40, then resetto u=u,

What is a good choice of f ?

(1) Extract f from more complex models

(1) Extract f from data



1. Review: 2-dim neuron models

(i) Extract f from more complex models T(;_l:: f(U)+RI(H)

A. detect spike and reset
_—resting state

w

Separation of time scales:
Arrows are nearly horizontal

—60 —40 —20

i [mV] | Spike initiation, from rest
Td_E::F(U,W)“LR'(t) W e
. dw G(u, w) B. ASSume W=Wrest

Y odt



1. Review: Nonlinear Integrate-and-fire

(i) Extract f from more complex models T?:I_ltj_ £ (U)+RI(0)

A B
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=5 g e
N reset N
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See week 4: u_

T—=F@u,w_.)+RI() -
2dim version of dt res\ tS_eparatllon of
Hodgkin-Huxle dw ime scales

J y T =G (U, w) W~ W,
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1. Review: Nonlinear integrate-and-fire
(i1) Extract f from data Badel et al. (2008)

du

dt

— 9

—(U urest) + A exp( )
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Exp. Integrate-and-Fire,
Fourcaud et al. 2003
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1. Review: Nonlinear Integrate-and-fire

du

(1) 7 = FW+RI®)

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

Best choice of f : linear + exponential
du u—4
— A
- (o est ) +AEXP( A )
BUT: Limitations — need to add

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

=—(u—u



1. Review: Nonlinear Integrate-and-fire

du
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(2 If u=46_. then resetto u=u

Best choice of f : linear + exponential
du u—4
— A
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-Adaptation on slower time scales
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-Increased threshold % after each spike
-Noise
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Gonclusion-1 Whatis a good neuron model

A) Predict spike times

B) Predict subthreshold voltage

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

D) Systematic procedure to ‘optimize’ parameters

E) Flexible enough to account for a variety of phenomena
F) Account for adaption and firing patters

How can we find good, but easy-to-interpret neuron models
A) Derived from detailed Hodgkin-Huxley
B) Construct simple phenomenological model



Gonclusion-1 Whatis a good neuron model

How can we find good, but easy-to-interpret neuron models
A) Derived from detailed Hodgkin-Huxley

Step 1: reduce to 2 dimensions

Step 2: Separation of time scales.

Step 3: focus on spike Initiation zone.

Step 4: During spike Initiation keep w constant.

Steps 1to 4 yield an Exponential I1&F model.

Step 5 (next): make w flexible again by giving It a dynamics.
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2 Adaptation
Step current Input — neurons show adaptation

adapting burst - adapting
\
= |
I (t) Eﬂ |,|,,wb|wuuLf._..evLumf.1 F"’WLHJJM”M[M/LVW
- - - . Data:
_ '[ | Markram et al.
— S J/MHJ____LR_ ) ,u-fslfﬁ.f’/ﬂ"fﬂi_ (2004)

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




2 Rdaptation

What Is adaptation?
'Firing that slows down in response to step input’
(= previous slide)

ldea:
Add one (or several) variables to exponential IF

model, so as to account for adaptation
(= next slide)



2 Adaptive Exponential I&F
Add adaptation variables:

du

dw
dt

Ty

SPIKE AND
RESET

— —(U urest) +A exp(u

Cdt /A

%)

RY W,

=3, (U—Ugy) —W, "'kasz St—t")

\

after each spike Wy

jumps by an amount b,

If u=46

reset

then resetto u=u_

Blackboard !

Exponential I&F
+ 1 adaptation var.
= AdEX

AdEX model,
Brette&Gerstner (2005):
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Firing patterns: ° |
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Firing patterns:

Response to
Step currents,
AdEX Model,
Naud&Gerstner

(f)

Image:

Neuronal Dynamics,
Gerstner et al.
Cambridge (2002)
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GConclusion - 2 Firing patterns

There are many different firing patterns.
Experimentalists have classified them in 9 different groups.

Non-adapting (=tonic), adapting, bursty;
Combined with or without initial burst or delay.

The AdEx model can also account for 9 different types of
patterns — changing just 3 parameters!

We will consider parameters a, b, and ur

But before we start we need to construct the nullclines.



Week 12 - Firing Patterns

“P-L 1 What is a good neuron model?
— i
- Models and data
- - - 2 AdEX model
Blological Modeling

3 Spike Response Model (SRM)

- Integral formulation
4 Generalized Linear Model

Week 1 — Optimizing Neuron Models - Adding noise to the SRM
For Coding and Decoding 5 Parameter Estimation

- Quadratic and convex optimization
Wulfram Gerstner 6. Modeling in vitro data

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



2 Adaptive Exponential I&F

AdEX model: exponential I&F plus adaptation variable

. Lau_ A Rw+RI h
dt —(U urest) T exp( A ) — RW+ (t)
T, dc\;V =a (U—-u_,)—w+Db Twzf S(t—t")
N Y,

Two variables 2Phase plane analysis!

Can we understand the different firing patterns?



du
—=—(U—-Uu_.)+Aex Rw+ RI (1
o = (U Uy) p(— A %) (t)
dw
T =a (U—Uu_ ., )—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 [] linear + quadratic
[1 linear + quadratic [ ] linear w. slope 1/R+ exponential

| ] inear + exponential _
2 minutes

Restart at 9:45



after each spike
2. AdEx model u is reset to ur

du =—(Uu—-u_.) +Aexp( )— Rw+ RI (1)

dt A

dw
T g = @ (u —urest)—w/b r, ), ot—t")
after each spike
W Jumps by an amount b

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



2. AdEX model — phase plane analysis

Next slides: phase plane analysis

- 3 different examples of firing patterns
- 3 different choices of parameters a and b



2. AdEX model — phase plane analysis: large b

u-nullcline

du u—9
T—=—(Uu—-u_,)+Aexp( ) +w+ RI(t)
dt A
dw
. —a [U—bp)—W+bz,> St—t")
dt _
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B
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0 100 200 300 I
t ImV]

. 7/
U IS reset to Ur




2. AdEX model - phase plane analysis: small b

du
= —(U—u + A ex + W+ RI(t
T ( rest ) p(= A ) (t)
. d&"t’ =Mw+brwzf5(t—tf)
adaptation 5

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

w[pA]

70 60 50
J uw [MmV]
U IS reset 1o ur



Quiz: AdEx model — phase plane analysis

(2 >> T d Q
T dltj =—(u—urest)+Aexp(u; ) +w+ RI (1)

T d(;’: —a (U—U,,)+bz, > ot—t")
What firing pattern do you expect? u-nullcline
(i) Adapting ol \\/
(11) Bursting ol - * |
(iii) Initial burst ol - |
(iv)Non-adapting e — — — —|+b

—10 ' |
— 70 —60 —O
o [mV%

U IS reset to Ur



2. AdEX model - phase plane analysis: a>0

du
= —(U—U + AeX + W+ RI(t
T (U—U) p(= A ) (t)
dw
Ty~ = 8 (U—U)—W+bz, > St—t")
| u-nullcline

= \/
20
10 |
Oe—"__ __ L - _] f D

10 i |
— 70 — 60 —5&
.u [m‘v’%

U IS reset to Ur



2 AdEXx model and firing patterns

} o after each splke u IS reset to ur
9

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

T, d(;’: =a (uUu—u_,.)—w+Db Twzf St—th)

after each spike
W jumps by an amount b

parameter a — slope of w nullcline

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



(1) rd—u_f(u)+RI(t)

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

Best choice of f : linear + exponential

du — —(U urest) + A exp( 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




2. AdEX with dynamic threshold

Add dynamic threshold:

Td_u:_(u_u )+Aexp( ) RZ w, + RI(t)

dt rest

Threshold increases after each spike
9=60,+) 6 (t—-t")

\_

C Model

40 mV

A



2. Generalized Integrate-and-fire

We started with a one-dimensional nonlinear 1&F model

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

If u=46

reset

then resetto u=u_

we added

/ -Adaptation variables
/ -Possibility for firing patterns
/ -Dynamic threshold &

-Noise ‘ |
Use ‘escape noise’

(see earlier lecture)
- Section 9.4



Week 12 - Firing Patterns

CP=L 1 What is a good neuron model?
- Models and data
- - - 2 AdEX model
Biological Modeling

- Firing patterns and adaptation
3 Spike Response Model (SRM)
- Integral formulation

4 Generalized Linear Model
Week 1 — Optimizing Neuron Models - Adding noise to the SRM

For Coding and Decoding 5 Parameter Estimation
- Quadratic and convex optimization

Wulfram Gerstner 6. Modeling in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?



3. Review: Exponential Integrate-and-Fire

du u—9

TE =—(u _urest) + Aexp( @ )+ RI(t)
What Is the size of the parameter A ? Badel et al (2008)
- experiments? o
E .| |
a“‘E {}%;_
. _i?. [m\_/fi} |

What Is the role of the parameter A ?
- make A smaller and smaller



3. Exponential versus Leaky Integrate-and-Fire

dt

=—(u—-u_.)+RI(t)

L Reset if u= &

72—? =—(U—-u_.)+ Aexp(uég) + RI(t)

150 |- I I I
= 100 - : || | / | || |
= . I
— 50 \\#‘L’/ ||
= _ il /| /

. . . el
—&0 —70 —60 TV —50 — 40
I/n the limit A — 0 the exponential I&F simplifies to N
du

Leaky Integrate-and-Fire

J




3. Adaptive leaky integrate-and-fire

Defined by 1) voltage equation, adaptation variables

(;u =—(u—-u,,)— RZ w, + RI (1)
dw
2" dtk :ak(u_urest)_wk"'bkszf S(t—t')

—

If u=9(t) then resetto u=u_

2) splke and _ and
reset W, jumps by an amount b,

S~

3) Dynamic threshold 9(t)



Exercise 1: from adaptive IF to SRM

(ilu =—(Uu—-u_,)—Raw+RI(t), o={0,1}
¢ If u=%then resettou=u,
r ™ wibr, Y. St-t") Start at 10:15
at Next lecture at 10:25

Integrate the above system of two differential equations so as
to rewrite the equations as

potential u(t I n(s)S(t—s)ds + j JI(t—s)ds+u,.
Hint: voltage reset eguivalent to short current pulse

A —what isﬂgl? (i) X(S):Bexp(_i) (ii) x(s):Eexp( S)
B —what |s]|77 ‘ Z o o

(|||) X(s)=Clexp( T) exp(-—)] (iv) Combi of
o (1) + (1)






J. Adaptive leaky I&F and SRM

TS —(U—Ug) =R W, +RI(t)

Adaptive

dw, leaky |&F

dtk =3, (U—U,,)—W +b7 > St-t')

Ty

Linear equation = can be integrated!

f o0
()=, 7 (t-t )+£ds'{(s)l(t_s) Spike Response Model (SRM)
Representation of potential
(t)=6,+)  O(t-t) and threshold by linear filters
of arbitrary shape

Firing condition: u(t) =9 Gerstner et al. (1996)



- 3.Spike Response Model (SR

- Voltage equation In Iintegrated form, includes linear filters

- Linear filters shape neuronal behavior (e.qg., bursting)

- Linear filters can result from linear differential equations

- Alternatively linear filters can be directly fitted to experiments
- Simple ‘flow diagram’ (next slide)



~ 3.Spike Response Model (S0

\ Gerstner et al.,

8 1993, 1996
W ()
Input ) U, 9
t) =) K(S) -------- 9
M o Spike emission
Arbitrary ()
Linear filt

|\
poten;\

u(t)=>n(t-t)+| x(s)1(t—s)ds+u
threshold  $(t)=6, +

0 rest




40
SRM with appropriate 77 =
leads to bursting =
-60 .;'I""”"“\_f’" W=~~~
0.0 f [ms] 500.0
Sor—m™@MmMm
i |||
E4ﬂ— n
=t |
0 III'L..-"F -
0.0 10.0 20.0 30.0

| t [IIlSi
ut) =y 7 t-t") + jdszc(s)l(t S)+U,__

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



J. Snike Response Model (SRM)
/ : ~0,(5) \\ Gerstner et al.,

1993, 1996

Input ) h v )

I ) [:> ',“\\K (S) :I> T S(t)
; oy - E— —
N = T S e ]

/L/ I
\_ AE) “

potential u(t)= Z p(t—t)+[ x(s)1(t—s)ds+U,,
threshold (1) = 6, +Z o,(t—1)
firing if u(t) = S(t)




- 3.Summary Spike Response Model (SRM)

- Membrane potential in integral form — A
- Three arbitrary linear filters [ }j
- Threshold condition for firing A S ]:> @@“‘/i i }
otential )
u(t) Z n(t=t) +] x(s)1(t—s)ds+u,, e
Linear filters for
threshold _input: «
4() =6, +Z_6_’1St_—_t_)_ - refractoriness 1
firing if - threshold 6

u(t) = (t)



Week 12 - Generalized Linear Model

i ?,
=P=l \ 1 What is a good neuron model’

- Models and data
J 2 AdEx model

- Firing patterns and adaptation

Blological Modeling
of Neural Networks: J3 Spike Response Model (SRM)
- Integral formulation

Week 12 - Optimizing Neuron Models [4 Generalized Linear Model
: : - Adding noise to the SRM
For Coding and Decoding 5 Parameter Estimation
- Quadratic and convex optimization

Wulfram Gerstner 6. Modeling in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?




4. Spike Response Model (SRM) ~ ®¢®0ere &

= Generalized Linear Model GLM Truccolo et al., 2005
Pillow et al. 2008

- take a (deterministic) spike response model
- add escape nose
- Generalized Linear Model (GLM)



4. Spike Response Model (SRM)

Gerstner et al.,
1992,2000

Generalized Linear Model GLM  Truccolo et al., 2005

- f\‘@*(s) i @w Pillow et al. 2008
(1) | x(s) N o f(u-9 / S(1) \
AN g s Y
L ?L//\ £.7(8) = /
votential  u(t)=[7(s)St-s)ds +|  x(s)1({t—s)ds+U,,

threshold 9(t) =6,
firing intensity p(t) =

t(u(t) - 9())




4. Review: EScape noise

escape process

""" ST
0

escape rate

p(t) = T () -9

escape rate  p(t) = p, exp(

u(t) —9

)

Example: leaky integrate-and-fire model

T

C
-—t u=—-(u-u

rest

- if spike att” =u(t'+0)=u,

)+ RI (1)

~




Exerc. 2.1: Non-leaky IF with escape rates

du R 1 du
— =—1({)==1() —=—(Uu—-u_,)+RI()
dt 7 C " "nonleaky "t |
resettou =0 resettou.., =u. =0
Integrate for constant input (repetitive firing) 12 minutes,
Calculate Next lecture
_ pOtentia| U(t—f) at 10:51
_hazard p(t—f)=p-[ut-f)-49,

- survivor function S(t-t)

- interval distrib.  P,(t—f)







4. Review: EScape noise

escape process Survivor function
N S, (tt) = t
ST 8 G 51 t) )
i) |
ot S, ({f) = exp(- j p(t)dt')
escape rate - ~ —
pt) = fu(t)—9(1)) Interval distribution
| P = (1) -exp (- j p(t)dt’)
escape - V _
Good choice rate Survivor function
u(t) —3(t
p(t) = £ ()~ (1) = o, expl- DY),

9 u AU



~ Alikelinood of spiketrain

/
i h
= |
-linear filters
\ -escape rate

- likelihood of observed
spike train




4.likelihood of a spike train in GLMs

I B f N
S(t) - Zf:é(t — ) - Blackboard
o t t° t T,
tt t%, .. t"

Measured spike train with spike times

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

L(tY,...,.tN) = exp(— j o(t)dt)o(t) -exp(— j o(t)dth...






4. 1og-Likelihood of a spike train

-

S(t)=) o(t—t")
|

0

tl

t2

: l
t r

L(t',....t") =exp(-] p(t )dt )p(t") -exp(~| p(t)dt)p(t)...-exp(- | p(t)dt)

L(th,...,.t") =exp(—jp(t Ydt)[ [ o)

log L(t%,...,t") = —_T[p(t Ydt'+) logp(t')



4. Summary: SRM with escape noise = GLM

4 [ ﬁ -linear filters
o -escape rate

— A . -
,/W\ﬁ( }:> = all —>likelihood of observed
T\L/ sSpike train
\_ ;/\/} % we now use this framework

for parameter optimization
of neuron model

1) A GLM Is a Spike Response Model with escape noise. The advantage of the
escape noise as a noise model is that we have an explicit mathematical
formula for the likelihood of a spike train, given a model.

2) Knowing the input current and past spike times, the model makes a
prediction for the difference between voltage and threshold at each moment In
time, which gives the intensity p(t) and the likelihood of a spike train



Week 12 - Parameter estimation

i ?,
=P=l \ 1 What is a good neuron model’

- Models and data
J 2 AdEx model

- Firing patterns and adaptation

J 3 Spike Response Model (SRM)

- Integral formulation

Week 12 - Optimizing Neuron Models+|4 Generalized Linear Model
- Adding noise to the SRM

For Coding and Decoding

5 Parameter Estimation
- Quadratic and convex optimization

Wulfram Gerstner 5. Mode ing in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?



Spike Response I\/Iodel/(SRM) /\é’{(_s) ﬁw
Generalized Lin. Model (GLM) . j p N
I e = ST
1 S~ —y /
(1) t
subthreshold ) n(s)S(t s)ds +[ x(s)1(t—s)ds+u,,
potential T
Known splke train Known Input

Linear filters/linear in parameters



S(t s)ds

rest

/

pyramldal _

Subthreshold u(t)=]  x(s)1(t—s)ds
potential : |
/ known input
A B
1.0 | | | | | 2+
057 inhibitory - {?} I
g 04 interneuron] <= _;|
S 03 1 E oV
é .2 rE(t) = .45~ /18 — = =35
- 4l
0.1 |- yramidal - 51
00070 20 30 40 _;.ln:} 60 0
Time [ms] Mensi et al.,

:.{] 1[}[} 150 200 250 300 350
2012 Time [ms]

known spike trall



9. Summary: voitage modeling

Subthreshold u(t)=foo () 1(t—s)ds+u,_ +j77(s)8(t—s)ds
potential ’ |

- MODEL: Subthreshold potential between spikes depends
on (known) external input and (known) past spikes
- EXPERIMENT: Subthreshold potential is measurable

- Modity filters k and n so as to minimize the mean-squared
error between model voltage and experimental voltage

-> ‘optimal filter’ ¥ I1s found to be exponential

-> ‘optimal filter 1 Is found to be non-trivial



Week 12 - Parameter estimation

i ?,
=P=l \ 1 What is a good neuron model’

- Models and data
J 2 AdEx model

- Firing patterns and adaptation

J 3 Spike Response Model (SRM)

- Integral formulation

Week 12 - Optimizing Neuron Models+|4 Generalized Linear Model

: : - Adding noise to the SRM
For Coding and Decoding 5 Parameter Estimation

- Quadratic and convex optimization

Wulfram Gerstner 6. Modeling in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?




. Fitting models to data: so far ‘subthreshol

A Experimental data set

(1
S

?;I 250 ms
o

yty I | N S I |

C Model

o ] 20 ms Dyn

= 'S ' thre old _zsoms
*lm B = ail B s -

Adaptation current



J. Fit Threshold parameters: Predict spike times

ldea:
- use subthreshold voltage to extract filters k and n
-> previous section

Use spike times of experimental neuron
to extract threshold filters 0

- To do so, maximize likelihood that observed spikes could
have been generated by the model
-2 NoOwW



9. Threshold: Predicting spike times
Joiivet&Gerstner, 2005

/ g (s) ‘% Paninski et al., 2004
\\1\~~—

Pillow et al. 2008
™

|
R UL PST  ©

sotential  u(t)=| U(S)S(t s)ds +I )I(t—s)ds +U,

firing intensity p(t) = f(U(t) 9(t))



9. Generalized Linear Model (GLM)

log L(t,...,t") = —jp(t \dt '+Z|ogp(tf) =—F

potential  ult f 77(s)S(t—s)ds +I ) I (t—s)ds +U,




9 GLM: Log-Likelihood induces a concave error function

hotential  u(t)=[7(s)St-s)ds +[ " x(s)1(t—s)ds+u,,

firing intensity o(t) = f(U(t) (1))

log L(t,...,t") = —ij(t Ydt'+> logo(t’)

Paninski, 2004



J. (Juadratic and convex/concave optimization

Voltage/subthreshold E

- linear Iin parameters
- quadratic error function /

Spike times
- nonlinear, but GLM, Kopt

- negative loglikinood of spikes _ —
- convex error function Negative Log-likelihood of

spike times IS
convex as a function of

threshold parameters
- Parameters are easy to
extract




Quiz NOW :

What are the units of 7(S) 2 (i) Voltage?
“0(s) () Resistance?
- 60 ey (iii) Resistance/s

N
/

: h — [ (Iv)Cdment?
/\)([),\/\Eﬁ @/:B :ﬂ é( ) > [ | gﬁrﬁ
potential  ult f U(S)S(t s)ds +I ) I (t—s)ds +U,

threshold &(t) = 6, + j 0, (s)S (t —s)ds

firing intensity o(t) = f(U(t) F(t))

_/




Oz NOW:

/

What are the units of 7(S) ? (i) Voltage?
. 3 (1) Resistance?
/ ‘QL(.S_)_ @ (1) Resistance/s

, h e 0
MJONE N = - g ‘W
/T

4 S )
.y BUONE J
pOtentiaICiu(t): (U~ Urest) ;J'n(s)S(t—s)ds +1(t—s)

dt R

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




Week 12 - Modeling in vitro data

i ?,
=P=l \ 1 What is a good neuron model’

- Models and data
J 2 AdEx model

- Firing patterns and adaptation

J 3 Spike Response Model (SRM)

- Integral formulation

Week 12 - Optimizing Neuron Models+|4 Generalized Linear Model

: : - Adding noise to the SRM
ror Coding and Decoding 5 Parameter Estimation

| [ | | |
- Quadratic and convex optimizatior

Wulfram Gerstner 6. Modeling in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?




comparison

mathematical
neuron model

i
| M —-UJM‘ |
Ll“hf_ 'L 7,
s

N

/

model-data

—

AN
]

model
optimization

Predict
-Subthreshold voltage
-Spike times



6. Review: GLM/SRM with escape noise

- - Jolivet&Gerstner, 2005
/ ~6(s) =1\ Paninskietal., 2004
B Pillow et al. 2008
D
It S(t)
IVAVNA | )
ootential ~ u(t)=| U(S)S(t s)ds +I ) I(t—s)ds +Uu,

firing intensity p(t) = f(U(t) 9(t))



6. Result: GLM/SRM predict subthreshold voltage and (jittered) spike times

l]l‘l i “ﬂ

heuron-_ Image:Mensi et al.

i
y
3

Neuron

{
o {

20.



6. Conclusion: GLM/SRM predict neuronal hehavior

1) Subthreshold voltage
-> prediction very close to measurements on
NEW DATA, not used for parameter optimization

2) Spike times
- remaining Jitter in model very close to jitter In
experimental data



6. GLM/SRM predict spike times: Moving threshold is important

Role of moving threshold
No moving threshold

A B With moving threshold/
141 — — 1.0 l \\ l /
12 * - 0] K _
— 10 -
E S E\ . 0.6 - -
— 6k \ 01(t) = 12e~t/37 4 2—t/500 qy =
— .U_l | —
< \ ]
2 ~— - 092 L _
d1(t) = O0omVv - s
0 | | | | | | | 0.0
0 50 100 150 200 250 300 350 Inh. —XC.

Time [ms]

Mensi et al., 2012



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

expone

(1)

% 40 =]
: ()\u - J””
K(S) S
An(s)
\_ gﬂx/éf

‘soft-threshold
adaptive IF model’

(0 “

_

potential CEU(t)= |n(s)st—s)ds +I(t)

threshold

dt

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

adaptation
current




Time scale of fllters’P

4 N
11!8) - Power law .6,(s)
A B ==
0.5 20
< —
. —
0.4
= E.15
L
- =
ks Eﬂﬂ
L
83 92 o0
= = 107°
2 01 S 5 107 107° T o10°
= =

0O o 10 15
Time [s]

20

A single spike has a measurable effect

more than 10 seconds later!

S 10 15
Time [s]

Pozzorini et al. 2013

20



T g N
IS able to

A\ M

i v
r - - 0 b .
J o . 2 |
. - ﬁ p-
Ji '.

_ ~1 W |
|' (T) \ AR DN B 4 mc}frjel‘ _ . . .
| NN | mathematicar | | oPymizatip -Predict spike times (plus jitter)
\ // niur-:-n m-.::-:illel -
S (T R | -Predict subthreshold voltage
r—y NS “ -Easy to interpret (not a ‘black box’)
i e I'

-optimize parameters systematically
-account forfiring patterns and adaptation

BUT so far limited to in vitro



Week 12 - Helping Humans

=141 \J 1 What is a good neuron model?
= i
- Models and data

J 2 AdEx model

- FIring patterns and adaptation

|3 Spike Response Model (SRM)

- Integral formulation

Week 12 — Optimizing Neuron Models |4 Generalized Linear Model

: : - Adding noise to the SRM
For Coding and Decoding \ 5 Parameter Estimation

- Quadratic and convex optimization

Wulfram Gerstner \l 6 Modeling in vitro data
EPFL, Lausanne, Switzerland - how long lasts the effect of a spike?

[ Helping Humans: in vivo data




1. Model of ENCODING

S e ke : Vlsual
cortex

edict spike times, given stimulus

Nwd U | LOY UIVINE L JIUU V U oNY

C) Easy to interpret (not a ‘black box’) ‘Encoding
D) Flexible enough-to account for a vari enomena
E) Systematic procedure to ‘optimize’ parameters




1. Model of DECODING

Predict stimulus!

visual
cortex

Model of ‘Decoding’:

predict stimulus, given spike times




1.ENGODING and Decoding

Model of ‘Encoding

eneralized Linear Model (GLM)
- flexible model
- systematic optimization

of parameters

Model of ‘Decoding

The same GLM works!
- flexible model
- systematic optimization
of parameters




1.Helping Humans
Application: Neuroprosthetics

[l Manv aroups
0 frontal motor \ y g_ P
cortex | . | world wide
work on this

problem!

Model of

o ‘Decoding’
Predict intended arm moveme

given Spike Times



1. Basic neuroprosthetics
Application: Neuroprosthetics ~ Fl9ure

Neuronal Dynamics,

Decode the iIntended arm movement Cambridge Univ. Press;
. See Truccolo et al. 2005
Hand velocity

R Z 10}
S(t -
(5(1)) I—LL‘ ‘Decoding’ & 0
.
—
L -10
» 10|
=
o AR
Intended Movement -
L
’I) - 1 O I L
- : 2
0 Time [s] O

Fig. 11.12: Decoding had velocity from spiking activity in area MI of cortex. The real
hand velocity (thin black line) is compared to the decoded velocity (thick black line) for
the z— (top) and the y—components (bottom). Modified from Truccolo et al. (2005).



1. Gonclusion: Basic neuroprosthetics

Complicated math
- Spike Response Mode|
- Nonlinear Model!
- Survivor Function
- Stochastic Processes
- Likelihood of a spike train

Is all this worth the trouble?
->vyes, because it is used in Important Applications!
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