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Liquid state machine
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v(t) — the neuron membrane potential
V(O) = ( vin, — the spiking threshold

v+ D =vO)+ W, -u(@®)+W-s(t)—v,,  Vektheleaxvaue

u(t) — the external input spikes
lf\/i(t) > Vi Vl-(t) = Vo5 Si(t) — 1, s(t) — the internal spikes
(a) (b) Win — the input weights matrix
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Spike encoding
Step-Forward algorithm: Rate encoding algorithm:
iInput: signal input: signal 0.4 1
threshold = 0.1 threshold = 1.0
out = zeros(len(signal), 2) out = zeros(len(signal), 1) Mjm \ﬂ
base = signaIQ) ootential = 0 5 %m0 35 10 e
fort - 2:.Ien(3|gnal) for t = 1:len(signal) *
if signal(t) > base + threshold . .
out(t, 1) = 1 -potentlall += signal(t)
hase — base + threshold if potential > threshold
elseif signal(t) < base - threshold out(t, 1) =1 ||| ||||| |
out(t, 2) = 1 potential = 0
base = base - threshold end if ‘ |
end i e Rl
end for output: out
output: out
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Petro, B., Kasabov, N., Kiss, R.M.: Selection and Optimization of Temporal Spike Encoding Methods for Spiking Neural Networks. IEEE Transactions on Neural Networks
and Learning Systems 31(2), 358-370 (Feb 2020). https://doi.org/10.1109/TNNLS.2019.2906158
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Regression layer
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Variable Bits Values Parameter Description Value
Spike : (0,1} E/| Excitatory/inhibitory neurons ratio 80%/20%
: Neuron potential reset value
Weight 9 [-256, 259] Vres 0
Potential 16 [-32768, 32767] Vth Neuron potential reset value 128
C Excitatory to excitatory connections 5
E->E per neuron
Excitatory to inhibitory connections
Ce->i 2
PEer neuron
Inhibitory to excitatory connections
CI->E 1
pPer neuron
C Inhibitory to inhibitory connections 1
I->1 per neuron

https://motivnt.ru/neurochip-altai/
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Paper Approach Average accuracy| | Hyper-parameter Description Value
: Quantized LSM o Reservoir size
This paper with LIF neurons 98.56% N (neurons count) 4000
Gang;l;l etal LSTM 97.3% Vieak Leakage value 8
S. L. Oh et al. 0 Neurons percentage
2] CNN+LSTM 98.10% in ber input channe 30 %
Pha%ft al- CNN 98.56%
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