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Monte Carlo EM for aCSC Resuts

e [earn prototypical signals
e Shape of signal is critical in clinical settings (Cole, 2017)

e Convolutional Sparse Coding (CSC) mathematically moti-
vated. But ... neural signals are noisy
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Problem formulation

Learn atoms d = {d"},, activations z = {z*},, ; from signal z,,

(d*, 2") = argminz (||xn — de x 2|5+ )\Zzﬁ) (1)
d,z - 7 7

s.t. 28>0 and [|d°]]5 <1
Data likelihood:
‘Vanilla’ CSC: x,, 4|2, d ~ N (D, d" x 25 1)

aCSC: 2 4|z,d ~ S(a, B =0,0 = 1/v/2,3, d* * 2F)

Alpha-stable distribution

S(a, 8,0, 1) is characterized by 4 parameters
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Characteristic exponent o € (0, 2]
Skewness § € [—1, 1]

Location p € (—oo, +00)

Scale o € (0, 00)

Special case: S(a =2,8=0,0,u) = N(u,20%)
Conditionally Gaussian' (8 =0)

Tn.t|2, dNN(de . ;¢nt) Weighted

least squares!

and ¢,, ; comes from a positive stable distribution
But ¢,, ; is unknown! = use EM algorithm

Speed benchmarks (o = 2)
e Quasi-Newton solvers beats state-of-art ADMM solvers in
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Simulations
. e 10% trials corrupted
since ¢ is not known analytically but can be sampled from. . b . .
e | o o(CSC is more robust to artifacts on simulated data

M-Step: (d(z_l_ ), Z(H_ )) — arg madez B(Z) (d, Z) Brockmeier et al. MoTIF | - Csc | aCSC

Alternate minimization:

d step: Strided matrix z step: Toeplitz matrix N
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D* . Learning epiliptiform spikes from data (o = 0)
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e Atoms recovered resemble spikes in the time series

400
0
% —200}
Algorithm 1: a-stable CSC —288-
Requlrg: Regularization: A € R+ 80895 100 105 110 115 120 00 01 07 03
1: for:=1to I do Time (s) Time (s)
g éof;stip 1 t{> 7 do Discovering nested oscillations (v = 1.2)
A- Draw ¢( 07) via MCMC o Da’Fa from rodent str}atum , | |
5 end for e Estimated atoms on “Vanilla” CSC is atfected by artifacts
6:  w® ~ (1/J) S pUD) o Atoms containing 80 Hz oscillations nested within 2 Hz
7: /* M—step */ - oscillations found with aCSC
8:  form =1to M do R iy 122 0.005
9: z(f) = L-BFGS-B with Toeplitz matrix . \/A“\\ BAWAL 2125 0004
10: d'Y = Block CD + L-BFGS-B with strided matrix A ya ,/ \ \/’ / \\ / 2 100 0.003
11: end for \\*\{ fMJ / V‘Vy\/\/ R /7‘ % 7> 0.002
12: end for \,\//\\\// L// Y 2(5) 0.001
:h3: return w(I)’ d(I)’ Z(I) 0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6 : 7.5 10.0 0-000

Time (s) Time (s) Low frequency

Acknowledgement

French National Research Agency grants ANR-14-NEUC-0002-01 and ANR-16-
CE23-0014, and the ERC Starting Grant SLAB ERC-Y5tG-676943

References
e Cole, S. R. and Voytek, B. (2017). Brain Oscillations and the Importance of Waveform Shape. Trends Cogn. Sci.

e Source code available at http://alphacsc.github.io




