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high-throughput data in biology

= o a-""‘-;‘ 7 P 8 T
LN B B
Sl 5 [ 55 [ RANE Y

-

neuron 1

neuron 2 11 1 |
neuron 3 | [ |

.
neuron N L1 1

time

Tuesday, February 12, 13




Goal

Tuesday, February 12, 13




Goal

® make lower dimensional statistical descriptions of these data

Tuesday, February 12, 13



Goal

® make lower dimensional statistical descriptions of these data

® network reconstruction

Tuesday, February 12, 13



Goal

® make lower dimensional statistical descriptions of these data

® network reconstruction

® generate synthetic data

Tuesday, February 12, 13



Goal

® make lower dimensional statistical descriptions of these data

® network reconstruction

® generate synthetic data

Outline

Tuesday, February 12, 13



Goal

® make lower dimensional statistical descriptions of these data

® network reconstruction

® generate synthetic data

Outline

® a simple model for this: equilibrium inverse Ising problem.

Tuesday, February 12, 13



Goal

® make lower dimensional statistical descriptions of these data

® network reconstruction

® generate synthetic data

Outline

® a simple model for this: equilibrium inverse Ising problem.

® adding dynamics: kinetic Ising model.

Tuesday, February 12, 13



Goal

® make lower dimensional statistical descriptions of these data

® network reconstruction

® generate synthetic data

Outline

® a simple model for this: equilibrium inverse Ising problem.

® adding dynamics: kinetic Ising model.

® problem of hidden nodes
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equilibrium inverse Ising problem
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equilibrium inverse Ising problem

find h; andJ;; of

1

1<j
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Maximum-Likelihood approach

® the probability that the data is generated

by the model at a given set of parameters
(the likelihood)

® maximize the likelihood over the parameters.

® typically done iteratively
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suppose we are given a set of L spin configuration

st = (S%w 75}\7)
s? = (S% 73?\7)
sl = (5%7 73%)

1 OlogPr[st,---

xp | Sihist + Lic Jusls)
Z(h,J)

Pefst, - s = ]
[

— <Si>current h and J

L Oh;

1 OlogPr[s?t,- -

<Si3j>current h and J

L (‘Nm

L
, 1 dlog Z
5 ] = E SiSé — 08 - <Si3j>data -
l
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e how to find h;, J; for large N?

5hz — 77[<5z'>data — <Si>current h and J]

5Jij — 77[<5i5j>data — <Si5j>current h and J}
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e how to find h;, J; for large N?
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e how to find h;, J; for large N?
Exact method: Boltzmann learning
0hi =n[(8i)data — (Si)current h and J]
0Ji; = n[(siS;j)data — (8iSj)current h and J]

Ackley, Hinton, Sejnowski 85

requires long Monte Carlo runs to compute model statistics

fast and reliable approximate methods exist
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approximate learning
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the forward problem can be solved
using a number of ways

® mean-field approximations
® Bethe approximation

® iterative algorithms like Belief propagation

they give you mean magnetization as a function of
J and h.

® combining these with susceptibility-response
relation gives ways to solve the inverse
problem
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® naive mean-field

hi = tanh_l m; — Z Jijmj

; U om;  1—m

o TAP
h; = tanh ™t m; — ZJZJmJerZZ.ﬂl— )

J J

Cfl = _Jij — 2Jl2jmzmj

L)

Kappen & Rodriguez 98, Tanaka 98

Bethe approximation: Welling and Teh 2000, Ricci-Tersenghi 2012

Belief propagation: Mezard and Mora 2006
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® independent-pairs

® independent-pairs+ minimal spanning tree

® high absolute magnetization expansion  Roudietal 09

1 C. .
s — — Ji; = =log |1 o
mZ’ mj 1 J 4 8 + (1 + mz)(l -+ mj)

B Sessak-Monasson

nMF nMF,Pair Pair
Jij = Jz’j - Jz’j + Jij
Sessak & Monasson 09
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kinetic Ising model

synchronous discrete time

explsi(t + Dha(t) + 3, Jigsit + 1)s; (1)

Pr({s(t + D}{s(t)}) = ] 2 coshla() + 5, Ji75, (0]

)

asynchronous update

randomly pick a spin at a time

explisi(t + 3t)hi(t) + X2, Jugsi(t + 6t)s; (1)
2 cosh[h, (1 )+Z Jijs;(t)]

Pr(s;(t + 0t)|{s(t)}) =
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exact learning for synchronous update
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suppose we have observed R repeats each of length L
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suppose we have observed R repeats each of length L

log likelihood of this data is

Lh,J)=>" [ hisi(t+1)+ Y Jijsi(t +1)s;(t)— log 2 cosh(h;(t) + Z Jijs5(t))].

t,7,1
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suppose we have observed R repeats each of length L

log likelihood of this data is

Lh,J)=>" [ hisi(t+1)+ Y Jijsi(t +1)s;(t)— log 2 cosh(h;(t) + Z Jijs5(t))].

t,7,1

exact learning by maximizing the likelihood by gradient decent

odig =1y aajfj

oh; = N gé
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0hi(t) = np{(si(t + 1)), — (tanh[h,(t) + Z Jiksk(t

0Jij = ns{(si(t + 1)s;(t)) — (tanh[hs(t) + Z Tt
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0hi(t) = np{(si(t + 1)), — (tanh[h,(t) + Z Jiksk(t

(5J7;j — 77J{<Si(t —+ 1)3j (t)> <tanh —|— Z Jzksk )>}

like (batch version) delta-rule for N independent perceptrons

Much faster than Boltzmann learning for the symmetric case
because it doesn’t need long Monte Carlo runs to evaluate
the second term
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0hi(t) = np{(si(t + 1)), — (tanh[h,(t) + Z Jiksk(t

(5J7;j — 77J{<Sz'(t —+ 1)3j (t)> <tanh —|— Z Jzksk )>}

like (batch version) delta-rule for N independent perceptrons

Much faster than Boltzmann learning for the symmetric case
because it doesn’t need long Monte Carlo runs to evaluate

the second term

Exact algorithm: mean square error ~ 1/L

1-m;

l

Weak- coupling limit: <(Jicjalculated _Jitjrue)2> _ ( 1 2)L
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forward mean-field theory
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equilibrium case

Helmholtz free energy

_BF — log Tr exp |:Z hiSi + Z JijSiSj:|

©J
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equilibrium case

Helmholtz free energy

_BF — log Tr exp |:Z hiSi + Z JijSiSj:|

©J
Legendre transform -> Gibbs free energy

—BT (o) = log Trexp [Z hi(a)(s; —m;) + ozz JijSiSj] m; = <Sz>

]
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equilibrium case

Helmholtz free energy

_BF — log Tr exp |:Z hiSi + Z JijSiSj:|

©J
Legendre transform -> Gibbs free energy

—BT (o) = log Trexp [Z hi(a)(s; —m;) + ozz JijSiSj] m; = <Sz>

]

or'

1 6°T
— AT — ’

2 a7 la=0®
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equilibrium case

Helmholtz free energy

_BF — log Tr exp |:Z hiSi + Z JijSiSj:|

©J

Legendre transform -> Gibbs free energy

]

—BT (o) = log Trexp [Z hi(a)(s; —m;) + ozz JijSiSj] m; = <Sz>

or 1 92T
= —BLO) + 5| 0co® 5 773 e’
o)
B g = hi) TAP
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Deriving dynamical naive MF and TAP equations
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Deriving dynamical naive MF and TAP equations

210, h] = <exp > wi<t>sz-<t>}> 00 =, 55
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Deriving dynamical naive MF and TAP equations

auxiliary field

/ |
2}, h] = <exp [sz—<t>sz~<t>]> O =% B0
1,t \

average over stochastic path
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Deriving dynamical naive MF and TAP equations

auxiliary field

/ ' 0
2}, h] = <exp [;wz—<t>si<t>]> (0 = iy 5%

average over stochastic path

Zl.h = | D8 <exp S wi)sit)] ) TT0(6:(0) = halt) = 3 Jygs; (1))

it it

— /DO@ <exp [z Zéz(t){ez(t) — hi(t) — Z Jij5j<t>} + Zt¢z<t)5z(t)}>

it
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Deriving dynamical naive MF and TAP equations

auxiliary field

/ ' 0
2}, h] = <exp [;wz—<t>si<t>]> (0 = iy 5%

average over stochastic path

Zl.h = | D8 <exp S wi)sit)] ) TT0(6:(0) = halt) = 3 Jygs; (1))

_ /Deé <exp [z ST 0:(8){0:(t) — hi(t) — Z Jijsi(t)} + Zt ¢i<t)3i(t)}>

it

[, m] = log Z[i [, m], him, m|] — Z Wil m)(t)m;(t) + ¢ Z hilriv, m] (¢)rmi(t),

.t
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Deriving dynamical naive MF and TAP equations

auxiliary field

average over stochastic path

Zl.h = | D8 <exp S wi)sit)] ) TT0(6:(0) = halt) = 3 Jygs; (1))

it

— /DO@ <exp [z Zéz(t){ez(t) — h;(t) — Z Jijs;i(t)} + Zt¢z<t>5z(t)}>

it

[, m] = log Z[i [, m], him, m|] — Z Wil m)(t)m;(t) + ¢ Z hilrn, m] (¢)ri(t),

.t

rescale j,, —> aJ;;, expand I" arounda = 0 and then set o = 1

79
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synchronous update

first order in @

m;(t + 1) = tanh

second ordera

m;(t + 1) = tanh

asynchronous update

dm;(t

m;(t) + n;t( ) = tanh
dm; (t

m;(t) + WZZt( ) = tanh

h@+2%%®]

hi(t) + D Jigmy(t)
J

hi(t) + Z Jijmj(t)]

—my(t+ 1) ZJ21— )]

almZ

)Zﬂl— >]

Roudi and Hertz 201 I, JStat
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forward mean-field theory

MF
m;(t) = tanh [hy(t — 1) + Y Jym;(t — 1)]
J
TAP
m;(t) = tanh [h;(t — 1) —I—Zmejt—l ZJQ (1—m;(t—1)%)]

J

exact MF for fully asymmetric couplings

dx
\ 2T

= Z J2 (1 —m(t))

mi(t) = o—a?/2 [hi(t 1)+ Y Timy(t— 1) /B - 1)]
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0Jij = ns{(si(t +1)s;(t)) -

(tanhl|h;(t

—|— ZJZ[{,S]~€

Roudi and Hertz 201 |, PRL
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(5J7;j — 77J{<S7;(t -+ 1)Sj(t)> (tanhl|h;(t —I—ZJzksk
after the learning is converged ¢.J;; =()

(s;(t + 1)s;(t)) = (tanh[h +ZJzksk

Roudi and Hertz 201 |, PRL
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(5J7;j — 77J{<S7;(t -+ 1)Sj(t)> (tanhl|h;(t —I—ZJzksk
after the learning is converged ¢.J;; =()

<Sz(t + 1)Sj (t>> tanh —1— Z Jzksk Si =m; + 6‘51
m; = (i)

Roudi and Hertz 201 |, PRL
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(&]@j — 77J{<Sz'(t -+ 1)Sj(t)> (tanhl|h;(t —I—ZJzksk
after the learning is converged ¢.J;; =()

<Sz(t + 1)8j (t>> tanh —1— Z Jzksk Si =m; + 6‘51
m; = (i)

expanding Ist order in ds and assuming ~ m; = tanh(h;+) . JNMEmy)

Roudi and Hertz 201 |, PRL
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(&]@j — 77J{<Sz'(t -+ 1)Sj(t)> (tanhl|h;(t —I—ZJzksk
after the learning is converged ¢.J;; =()

<Sz(t + 1)8j (t>> tanh —1— Z Jzksk Si =m; + 6‘51
m; = (i)

expanding Ist order in ds and assuming ~ m; = tanh(h;+) . JNMEmy)

(Fsi(t+1)ds; (1)) = (L—mZ) > T (951 (1)3s,(t)).

k

Roudi and Hertz 201 |, PRL
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(5J7;j = 77J{<87;(t + 1)Sj (t)> (tanh[h;(t) + Z‘]stk

after the learning is converged ¢.J;; =()

<Sz(t + 1)8j <t>> tanh —|— Z Jzksk Si =m; + 6‘51

expanding Ist order in 8s and assuming ~ m; = tanh(h;+) ., J;j " my)
(0s;(t+1)ds;(t) ZJMF (055 (1)0s;(t)).
JME — A-1DpC—!

Cij = (0si(t)0s;(t))  Dij = (0si(t + 1)ds;(t))

Roudi and Hertz 201 |, PRL
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MF and TAP tested on data generated from a kinetic Ising model:

a) b

0.2 5 0.2 ,

0.1 a 0.1 o
=0 ~ £ 0

-0 1 * B *i; ¢ _0 1 **;‘ﬁf

02 " 0.2

02 01 0 01 02 jtue 02 -01 0 01 02 jtue
ij 1)
L =104 L=10°

L time steps, generated by a model with random couplings:

2

<Jl.j> =0 <J§> = ‘% (asymmetric Sherrington-Kirkpatrick model)
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sinusoidal field applied to all spins

0.1} 0.1}

£0.05 0.05
c -
2 5
s - s
-/

~0.05t -0.05

0.1} 0.1

-0 -0.05 0 005 0.1 jtrue 01 005 0 005 01 JHue
ij J

stationary MF inference

nonstationary MF inference : :
Y applied to nonstationary data

applied to nonstationary data
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after we inferred the couplings, we can infer the
fields

m;(t + 1) = tanh|h +ZJMF

C) ost
100 / 150 200 250 3oot|me
\
real field  Non-stat. MF Stat. MF
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asynchronous update

randomly pick a spin at a time

expls;(t + ot)h ()—l—z Jijsi(t + 0t)s;(t)]

Pr(si(t + dt)|{s(t)}) = 2 cosh[hi(t) + > Jijs;(t)]

exact ML learning is has some interesting depends
on whether you know the update times or not.

We can also marginalize the update times.

SEE Zeng, Alava, Aurell, Hertz, Roudi arXiv:1209.2401

MF learning can also dONe zeng aava, Aurell, Manmoudi PRE 2011
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example application
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® genuine correlations between
neurons may come from

® internal connections between the
recorded neurons

® external common input
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® genuine correlations between
neurons may come from

® internal connections between the

recorded neurons

® external common input
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why do we care about these different explanations!?
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why do we care about these different explanations!?

they lead to entirely different predictions about how
the network responds to manipulations
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why do we care about these different explanations!?

they lead to entirely different predictions about how
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salamander retinal data

results based on Tyrcha, Roudi, Marsili and Hertz,
Jstat 2013 in press

Electrode array in salamander retina (N = 40)
(courtesy of Michael Berry, Princeton Univ)

recording time: 3180 sec

Retina was shown a 26.5-s “movie clip” 120 times

(each movie =2650 10-ms time bins)
(also tried 16% ms, 20 ms time bins)
size of data matrix for 10-ms bins: 40 x 318000
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independent neuron model with constant input

= = euron1 (1-t-11i1i1-1-1101
= =3 neuron2 -TTI-E-T1LTRUT
—— = neuron3 TFUTITARTRE-TE A
———— =™ neuronN -ETRETRE1ET T
. ST

t bt time

constant external input
probability that neuron
I spikes at time {+7
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-0.04

-0.06 4

-0.08 4

-0.121 b

log likelihood

-0.141 b

-0.16 4

= = = cnstinp, indp

_0.1 8 L L L L L
3 3.5 4 4.5 5 5.5 6 6.5 7
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equilibrium Ising model

= =3 Leuroni 515-15-15&1515-15-1515-15
= =3 neuron2 -TTI-E-T1LTRUT
—— = neuron3 TFUTITARTRE-TE A
—_— ™ neuronN -T1-11-ETRIET
. ST

t bt time

constant external input
probability that neuron

I spikes at time ¢ . g
total input from spiking

neurons at time t
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-0.04

-0.06 .

-0.08 .

-0.12 .

log likelihood

-0.14 1

-0.16 ; i
=== cnst. inp, wt J

= = = cnstinp, indp

_0.1 8 Il Il Il Il Il
3 3.5 4 4.5 5.5 6 6.5 7
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Kinetic Ising model constant input

= = euron1 (1-t-11i1i1-1-1101
= =3 neuron2 -TTI-E-T1LTRUT
—— = neuron3 TFUTITARTRE-TE A
—_— ™ neuronN -T1-11-ETRIET
. ST

t bt time

constant external input
probability that neuron

I spikes at time {+7 . g
total input from spiking

neurons at time t
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-0.04
-0.06 ,
-0.08 ,
U —== ——
8 I ]
2 SO
-1 1l
=
o —0.12} |
o
-0.14| |
-016F v cnst. inp, wtJ |
—=—=— cnst. inp, wtJ
= = = cnstinp, indp
-0.18 ‘ ‘ ! : ‘ ! ‘
3 3.5 4 45 5 5.5 6 6.5 7
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independent neuron model with time varying input

=3 neuron2 -T1IT-T1TEETRN

JV —— neuron3 THETITET RIS TA

/V ——newonN it
ot time

time varying external input
probability that neuron
I spikes at time {+7

Tuesday, February 12, 13



-0.04
006 o TTmTmmEmmEmm |
-0.08 ,
v —== ——
8 B ]
2 SO
-7 1
=
o —0.12} |
S
-0.14| |
..... time vr, ind
-016F cnst. inp, wtJ |
—=—=—cnst. inp, wtJ
= = = cnstinp, indp
-0.18 ‘ : ‘ : : ] L
3 3.5 4 4.5 5.5 6 6.5 7
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independent neuron model with time varying input

,\A — neuron 1 1i-T-1011101H1-101 1)
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what about correcting for number of parameters?
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what about correcting for number of parameters?
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another way of seeing the insignificant of couplings
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® equilibrium Ising model and approximations for
solving its inverse problem.

® kinetic Ising model and MF approximations for its inverse
problem.

® can help us understand global activity in biological data.

Bethe approximation for dynamics.

hidden spins (Dunn and Roudi 2013, Tyrcha and Hertz 2013)
going beyond one step memory

continuous variables
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