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|O function  O={(l)

f. cable equation — compartmental model

nonlinear dynamics

Output?
rate, individual spikes, bursts, spike patterns?
stochastic formulation gives metric

Input?

Noise?



A stochastic neurone

dVy(t)
dt

/ I channels = chgc(t)(EC o V(t))
Isynaptic — Z w’rui (t) (ES o V(t))

Iintercompartmental — f Jz,y(vy (t) — Vﬂ: (t))

| channels )

O:B = Ieh + Line + Isyn a8 O-EBdNiB,t

| synapses | intercompartmental 4
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Outline

Assume known kinetics and noiseless observations

Relax

noisy observations

model-based smoothing
parameter inference

unknown kinetics



Known Kinetics

dV,(t
Cy dt( ) = Ieh + Lint + Isyn a5 O'mdNﬂs,t
Ichannels — QTcgc(t)(EC _ V(t))
dx
L = (- 2aV() - 2BV D)

vy +dt [(1 = 2)o(Vi) — 20 5(V2)]

synaptlc — Z Wru E V( ))

Imtercompartmental = f a:,y(Vy (t) _ Vs: (t))
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A big cell = 1000 compartments
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Synaptic input
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Outline

Assume known kinetics and noiseless observations

Relax

noisy observations

model-based smoothing (E)
parameter inference (M)

unknown kinetics



Hidden dynamical system
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Hidden dynamical system
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Hidden dynamical system

@ " ey

‘ Mt|Vt — N(V;,UO I
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Hidden dynamical system

@ " ey

‘ (M|Vy) = N(W,00) I (VIT‘MI i:)

Quentin Huys Gatsby Unit, UCL Inference in stochastic neurones




Model-based smoothing — know densities

Data

If true densities (and
kinetics) are known,
can do model-based
smoothing.

Particles

Know lots, get lots.

True/Mean
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Temporal subsampling
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Voltage from [Ca]
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[Ca] from voltage

Calcium
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EM for channel densities

E step: infer some expected statistics given channel densities

il

. : wf_,_lp(Vtﬂ_l |Vt%)
article smoother;, w; = wy; ) -
P t 2 VAV

M step: update densities given expected sufficient statistics

<Jct<]c’t> <Jct‘/t> <Jctm+1>
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EM: Unknown densities

Conductances

Voltage

Current
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Discussion

Assume known kinetics and noiseless observations

Channel density distributions in large compartmental models
Synaptic input time and strength

Noisy observations

EM with particle smoothing
model-based smoothing (E)
parameter inference (M)

BUT: still assume known kinetics



Spatial subsampling
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E step: Particle smoothing

<Vir> = /dVI:Tp(VI:T|M1:t)V1:T
Vi | M
B / rdtin) f) ( ql(%;T)l t),VI:T
Vir ~ q(Vir) ~ ZWT""*’ (importance sampling)

p(‘/t |Vlzt—la Ml:t)
X P(W|W—1)P(Vt—1|vlzt—27Ml:t—z)

use exact distribution  2(Vz)

filter WeightS w:‘% — wz—lp(Mt‘V-tZ) ’(Z’; — w;kz (Zj w::g)
smoothing weights w; = W’ Z 1P (Vi V)

S (Vi V)



Synaptlc input

Synaptic conductances

Channel conductances
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