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» Abstracting multiscale/multiphysics biochemistry
» Learning problem for diff. egs.
» Physics + ML
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> How correlated is activity
between ion channels on
different synapses?
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» On what timescales do small
conductance channels
become relevant?

N
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> How is the cytoskeleton
regulated (spine
morphodynamics)?

N
<

Learning
Dynamic
Boltzmann
Distributions for
Multiscale
Modeling

Oliver K. Ernst
Neural
biochemistry

Dynamic
Boltzmann dists

Spatial dynamic
Boltzmann dists

Lattice systems

Future



» (Up) How does local
synaptic biochemistry
regulate whole
neuron/network level
activity?

10cm

Levels of Investigation
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100 ym

calcium interact with
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» How does spiking activity
affect synaptic biochemistry
(e.g. electrodiffusion)?

mV
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reaction-diffusion systems
with MD models of ion
channel activity?




How correlated is activity
between ion channels on
different synapses?

On what timescales do small
conductance channels become
relevant?

How is the cytoskeleton
regulated (spine
morphodynamics)?

(Up) How does local synaptic
biochemistry regulate whole
neuron/network level activity?

(Down) How does calcium
interact with the PSD?

How does spiking activity affect
synaptic biochemistry (e.g.
electrodiffusion)?

Can we integrate
reaction-diffusion systems with
MD models of ion channel
activity?
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1. Motivate yet another learning algorithm (YALA?)
2. Lattice systems

3. Future work
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Boltzmann Learning

» Simplest form: Learn a
stationary dist.

System is dynamic

ML timeseries

» Learn a conditional dist.

» Recurrent networks

Sutskever (2009) NIPS
» Hidden Markov models
> ..

~ Discrete time
Discrete space
Blackbox

Machinery available

1. Chemical master eqn.

2. Field theory
(Doi-Peliti)
Physics-informed ML?
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Well-mixed case

true state =|n, t)
reduced state = ‘{yk}le, t>

k-particle interaction

funcs. vi(t)

Dynamic Boltzmann distributions
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Well-mixed case Learning

Dynamic
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o ve(t) = A({v(t)}) (2)
Dynamic .
» Choose F to minimize: poltzmann dits
oo
5= [ dt Deelolp) 3)
0
> Learning rule: Solve:
0— oS _
§F({r})

Lo (), (D)) 565

PDE-constrained optimization
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Algorithm 1 PDE-constrained optimization S
iver K. Ernst

1. Fr=0

2: while not converged do _
3 > Generate trajectory in reduced space {v}: Baitomann dists
4: Solve the PDE constraint dvy/dt = Fi({v}).

5: Solve for variational terms dvy/(t)/dFc({v}).

6: for all times t do

7 > Awake phase:

8: <(£,)>p(t) by stoch. sim.

9: > Asleep phase:

10: <( )> 5(1) by sampling.

11: > Update Fy to decrease objective function:

12: Fr — Fix — MNAF,.




Well-mixed case: Exponential Decay Example
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d [ Sve(t)\ = OF({r(t)}) ou(t) Oiver K. Enmt
dt’(cSFk[{V}]> _; u(t)  oFR({v})  (4)

+ 5k’,k5({V} - {V(t/)}) Dynamic

Boltzmann dists

[N)

=3

o Qo
o

ANN learning rule deriv:

4§
dt 83’:' i=1 3_’}’;‘ ayi

Dreyfus, Stuart. The numerical solution of

I
=

SV(t)/6F(r=2.0)

o Qo
SR

g
3

variational problems. Journal of
Mathematical Analysis and Applications

5.1 (1962): 30-45.

o O




Spatial systems

true state =|n, o, x, t)

reduced state = ‘{Vk},’le, t>

k-particle interaction

funcs. yk(a<,->£, X(iyms t)

Spatial dynamic Boltzmann distributions

p(n, o, x,t) =

Z[{ H

ZZVk

k=1 (

7 t)
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Spatial systems

Dynamical model
d
Euk(amz, X<,'>Z, t) = fk[{y(aw X, t)}]

F is a functional — PDEs

» Learning rule: ... need to parameterize F!
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Proposition

Fix: reaction network, {v}K_,
Then: linearity of CME in reaction operators p =, wp

extends to the functionals F) = Z,f,ﬁ’)
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Proposition

Fix: reaction network, {v}K_,
Then: linearity of CME in reaction operators p =, wp

extends to

the functionals F) = Z,]:;Er)

Diffusion from point source

p(x,t) =

(xi—x0)?
exp|—Y.i; Dt exp[— D vi(xi, t)]

@4xDt)"? z
Flua(y, )] = DOZva(y, t) — D (Byaly, t))?

(7)
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Proposition

Fix: reaction network, {l/k}le

Then: linearity of CME in reaction operators p =, wp

extends to the functionals F) = Z,f,sr)

Diffusion from point source

(xi—x0)?
exp|—Y.i; Dt exp[— D vi(xi, t)]

p(x,t) =
(. 1) (47Dt)"/? Z

Fl(y, t)] = DOji(y, t) — D (9yn(y, 1))

Unimolecular rxns

p(n,x) = p(n)p(x) = p(n)p(x1) - .. p(xn)
multiply Boltz. — additive energy terms

K
n
Z Vdiff(Xh t) + Z (k) Vk,unimolecular(t)
i k=1

(7)

(8)
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» Parameterized dynamical model: Modeling
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9 (B.y. 1) = FO({(B.y. )})

dt
2
+Z< {V /87% ZZ( mV)\ l)k7y<i>’:\7t))
(, k m=1 (9) - .
Spatial dynamic
Boltzmann dists
+ FCY{u(B.y. t })ZZ@ (Bt Yok t))
(i m=1

» Learning rule: Solve:

_ _OSHYHAMY

SFO({v(B.¥)})
su(B,y', t')

ZZ/dY /df (B ) — e (B Y t ,))m

k'=1 B’
(10)
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K
p(n, o, x,t) = Z[{ }] Z; > vk(eiyn, X(iyn, t)

x3

d Spatial dynamic

ayk(a<i>z, X<">Z’ t) e fk[{y(a’ X, t)}] Boltzmann dists

Hierarchy for learning problems

» F is a functional

» functional /¥ —  ordinary functions F
» Variational problem §S/6F =0

» functions F —  parameters 0
» Minimization problem 95/00 =0



Lattice systems
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Lattice systems BET;’SQ?E
v it
Modeling
Oliver K. Ernst
9 ~ eXp[_E(V7ha0(t))]
P(v, h|6(t)) =
M Z(6(0))
h

Dynamical model

Lattice systems

d

k(1) = Fi(6(1)) (11)

» Learning rule: Solve:

) _ a o / ~ ny 90 /(tl)_
6] —é/ dt () = () S = O
(12)




Moment closure E
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visible units hop
Oliver K. Ernst
’ WWWWWWW
h

> Example: A+ A— O

d
m <Z 1h> = — 2k, <Z ’Uz,vz+1> s attice systems

i

d
= <Zw,w+1> =2D <Z ’Uivl,+2> — 2k, <Zvi’l’z+lvi+2> (k, —2D) <Z Vi ”'“>
i i i

(12)

» Hidden layers:

1. Trained to capture relevant moments
2. Separate indistinguishable states
3. Combinatorial explosion

» Infer graph structure from CME



Moment closure

visible bias b ___J> h W
‘ visible logiegle] (:)‘
Eeaw

hidden -
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Rossler oscillator

AZh24 A+B® 2B A+C Do
P

k- kg
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Rossler oscillator
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= Sampled Lattice systems
Boltzmann dist.

= Stochastic
simulations



Rossler oscillator
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Future Learning
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» F is a functional diff. eq.

model

P> Parameterize:
functional F — ordinary

functions F
P> Parameterize:
functions F — parameters 6

Future

What do we gain?

R © poste

@ AMPAR
Groan Wy
glutamate i

B s 7 » » Introduce physics

e » Efficient learning algorithm
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» F is a functional diff. eq. Multiscale
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model
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» Parameterize:
functional F — ordinary
functions F

» Parameterize:
functions F — parameters 0

o= 4.00 Future
— R, =050
— R,=117
08 — R, =183
— R.=250
— R,=317
06 — R,=383
5 — R,=4.50
@ AvPAR d £ R, =517
8 NMDAR L
- giutamate
SNARE complex
occ
@ olu transporter
@ Nex 0.2
@ Prca
0 SERCA pump
© CBP (immobile)
CBP (mobile) o
T 2 3 4 5
Angstroms

Smith (2017) Chem. Sci., 8, 3192
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This work:
Ernst 2018 - Learning Dynamic Boltzmann Distributions as
Reduced Models of Spatial Chemical Kinetics.
arXiv:1803.01063.
Prior work (GCCD):

Johnson 2015 - Model reduction for stochastic CaMKII reaction kinetics in Future

synapses by graph-constrained correlation dynamics. Phys. Biol.

A roadmap:
Mjolsness 2018 - Prospects for Declarative Mathematical Modeling of Complex
Biological Systems. arXiv:1804.11044.

Thanks!
Tom, Terry, Eric Mjolsness (UCI)
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