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Towards Biologically-expressive SNNs

Allen: Human MTG (exc)

 Time-constant heterogenity
—>
[Perez-Nieves et al., 2021]
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[Baronig et al., 2025]




@ané® o | “CSIC MOTIVATION
Richness of Biological Dynamics

Tonic Spiking Phasic Spiking Mixed Mode
Un() Un(1) Un(t)
—
1in(2) | Iin(1) | Lin(2) |
Tonic Bursting Phasic Bursting Rebound Burst

Un(® WWW Un(® M’V\f—v Un(®)

I | Lin(0) Lin(0) I

Neuroperceptive Micro/NanoSystems, ICAS — Barcelona, Spain 9/ 24




@I | o | CSIC METHODS
Building the MTC Network

(Leaky)
Integrate-&-Fire:

Neuroperceptive Micro/NanoSystems, ICAS — Barcelona, Spain 10/ 24




e o CSIC METHODS
Building the MTC Network
Tm
(Leaky) i
Integrate-&-Fire: !
: T
_________________ t s, Smooth gradients!
S Unm
Conductance- E
based: I}
------- s -

Passive membrane Fast excitability
[Ribar and Sepulchre, 2019]

Neuroperceptive Micro/NanoSystems, ICAS — Barcelona, Spain 11/ 24




@I | o | CSIC METHODS
Building the MTC Network

Conductance-
based:

Passive membrane Fast excitability
[Ribar and Sepulchre, 2019]

Neuroperceptive Micro/NanoSystems, ICAS — Barcelona, Spain 12 /24




@rné oo | - CsIC METHODS
Building the MTC Network
ot s S Tus
Conductance- o -E-i E
based: S+:i E

Passive membrane Fast excitability Slow excitability

[Ribar and Sepulchre, 2019] .
Tx Ux(t) = _Ux(t) + Um(t)

Smooth gradients! I3 (t) = ta* tanh(U,(t) — 67)

A

T
Neuroperceptive Micro/NanoSystems, ICAS — Barcelona, Spain 13/ 24




@I | o | CSIC METHODS
Building the MTC Network
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