Inferring parameters of random networks from continuous-time trajectories
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» random network of N nonlinearly interacting neurons:

Statistical Field Theory

= developed in spin glass theory [7], strongly based on functional
integrals (path integrals) which are rarely treated rigorously

= considerable recent interest [8, 9, 10, 11, 12], comprehensive
introduction in the new book by Helias & Dahmen [13]
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Parameter Inference

= internal dynamics: overdamped motion in potential U(x)

= random network topology: independent J;; distributed accord-
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Maximum likelihood parameter estimation for different potentials U(x) and different strength of the external noise (A).

= in figure: U(z) = 2% — slog(cosh(x)) with

s = 0 unless specified and ¢(x) = tanh(z)

#(t) = =VU(x(t)) +n(t)
obtained in [1] and extended to D # 0 in [10]

Activity of three randomly chosen units (B), parameter estimation via non-negative linear regression (C), and the power
spectra corresponding to the inferred parameters (D).

Rate Function of Empirical Measure

= we obtain the rate function of the empirical measure
1N :
ple] =5 20 0lwy — x;

H(ILL) — /DCB /L[CIZ] 10g 5 5 M[l'] - where = for U({]j) — %QIZZ, the most probable Measure corresponds to a Prediction: unit O Prediction: unit 1 Prediction: unit 2
< [CE T VU(CE) - 77]>77 Gaussian Process with self-consistent statistics /\ = have shown for a hlghly nontrivial system that the path integral
C,(t, ts) = 2D3(t — to) + 92/D$M[$]¢(CE(7§1)¢(CE(7§2)),  ~ GP(0,C,) 2 \I/V \\/ S V/V\ S \ approach leads to mathematically sound results
| o | R | ! \/ Al = intensify / facilitate further dialogue between physics and math-
= for a Gaussian Process, missing datapoints £ = x(t) and their N ematics communities
Wthh genera“zes the rigorOUS reSUIt Of ArOUS & GUiOnnet [3] Varlablllty o; can be predicted USing [4] 1(I)o 1_l|30 2(|)o 25|30 160 15|30 z(l)o 23|30 1(I)o 1_l|30 2(I)o 23|30
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numerical effort is small because K is small.

where K;: = C,(t;,t;), ki = C(t;,1), and & = C,(t,1) Networks [14] further

= justify Gaussian Process prediction with replica calculation
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