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- Matching a given dynamics - Introducing a reservoir computing layer in order
| | to match any dynamics (T >> O(ND))
We can deduce a Linear Programming problem from (1) and L
solve it by any LP solver, in this case we are using the Dl 0 & Ly 7 = A = {0, T4
- - Simplex method (provided by the glpk library). In
PrObIe m p05|t|0n comparison, adjusting weights and delays separately is a NP- Nk — % _N
Given a spiking neural network, to which extends observing the spike raster problem. R b R
allows to infer the network parameters (delayed Weights) ? Zilk] =0 — Vilk] <land Z;[k] = 1 — V;[k] > 1,
R R R SR IR B — N eir = (2Z;|k] — 1)(V;lk] — 1) > 0 Algorithm:
o A | | e AR 1. attempts to perform an exact raster matching solving the LP problem
B N | I | e with N 4+ Nh neurons starting with Nh = 0;
R I N N I , ,
) RN R o RN 1 .. WH.l.aXW/ Z ik sz > 2. if it fails, Nh is incremented, randomly choose a firing pattern Z;[k] for
3 N T B T T R (N O R O R N B O I R R R B R N vt d this new unit;
NEENEN | N RN N N N N ,
1 | UL Do N | | | 3. repeat the step 1 until convergence.
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° : I : - Matching input/output dynamics.
ST
D N+Nh D ik N; D ik ik " = D N =N
: Vilkl = > > Wija) v Zilk—7—dl+ Wia ) 7V Zilk =7 —dl+ ) v Li[k—]
Problem formulation N R e % S number of sampl
N o PN - y — number of samples
Nh output+hidden tnput N — number of neurons in the ouput layer
We consider a discrete time model of spiking neurons Ajw, + Bw! e > 0 Nt = mumber of neurons in the input layer
deduced from the LIF model. (Cessac, 2008) | NPUT
N D NI Ai = (2Z,[K] = 1) X757 Zylk - 7 = d] € RS (T-D)x(VENkyD
Vilkl] = 1 — Z;|k|) Vi |k — 1| + Wiialilk — d| + B; = (2Z;[k] — 1) > 7* v Z][k — 7 — d] € RS*(T=D)xNixD
B = 0= ZEDVE =1+ 305 Wizl —d : B = (Al - 1SSy 2k s
recurrent
N D
+ a2k — d] +1; K] (1) : FI ' : '
Z; Z Z Results Exact raster reproduction on artificial and biological data with the
ot estimated weights.
Zilkl=(V<6 ? 0:1) N ) [ e e
Where: N A 5
d € {1...D} — delays I, — external current P . .
/ . . . 50 40 1 20
Wiia, Wi g € R — synaptic weights V' — membrane potential } ) .
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» . 1. Biological Data 2. Artificial Data 3. IN/JOUT Matching
In Itlal Cond |t|0nS Spiking activity in monkey cortex during movement preparation. Spike-trains generated with a given statistical parameters and maximal Matching an input-output dynamics (parameters: T = 100, D = 3, Ni =
(Courtesy of Alexa Riehle et al. 2000) entropy (Gibbs distribution with N =4, T =200, R =5, L = 9). 20, N =1 and Nh = 12).
V;[0] =0 Z;\kl,k €{1..D} g 162 NN ED EN fg.3: EINh WD EN N C++ libraries Iin enas.gforge.inria.fr
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