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NESIM-RT is a specialized tool designed for simulating neuromorphic systems. In this new release we extend
its capabilities to include state-of-the art models like the AdexLIF and Izhikevich, and to incorporate dynamic
synaptic mechanisms such as Spike-Timing Dependent Plasticity (STDP). With these new features, researchers
can now observe in real-time how different parameters influence these models and learning rules, thereby
gaining deeper insights into neuronal function and network dynamics.

Code metadata

Current code version

Permanent link to code/repository used for this code version
Code Ocean compute capsule

Legal Code License

Code versioning system used

Software code languages, tools, and services used

Compilation requirements, operating environments & dependencies
If available Link to developer documentation/manual

Support email for questions

v2.0
https://github.com/ElsevierSoftwareX/SOFTX-D-24-00143

GPL-3.0

git

C++, Qt.

QtCreator, Qt5.15, Linux-based OS
https://github.com/ferper/nesimRT/tree/main/docs
fernando.quintana@uca.es

1. Introduction

NESIM-RT [1] is characterized by its ability to implement real-
time and distributed computing for neural simulations based on the
Current-Based Leaky Integrate-and-Fire (CUBA-LIF) model with both
excitatory and inhibitory synapses. It was conceived in a distributed
way, each neuron represented as an independent node, to be executed
in different computers. The communication between neurons in the
network was developed through a novel implementation of the MDHCP
protocol to support online changes and allow distributed simulation of
the network. In this new release AdexLIF and Izhikevich neural mod-
els have been implemented. This allows to create new neuromorphic
configurations, giving the possibility to create more complex networks
with different behaviors. At the same time, we provide learning mech-
anisms through local learning rules, that consist of a Hebbian learning
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mechanism such as STDP, requiring only local values to the synapses
to be updated.

2. Methodology
2.1. Neuron models

AdexLIF model. The variety of firing patterns that neurons could ex-
hibit in the brain, cannot be represented using a single equation LIF
neuron [3]. AdexLIF neurons consists of a coupling differential equation
of the membrane potential and an adaptation current [3]. Eq. (1)
represents those linear differential equations, where V represents the
membrane potential and w the adaptation current that evolves with a
time constant r,, and dependant of the actual membrane value. The
membrane voltage nonlinearity consists of a leaky term —(V — V,) in
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Fig. 1. Neural behavior using Izhikevich neurons with different parameter values for regular spiking, bursting, fast spiking and thalamo cortical neurons.

Source: Adapted from [2].

Visual Data Synapsys Data - Aot |
sampler o @,m id_ Source Type Value Unit R
Timespan 4 2 l_m B \v; : 5
beTme 5 | @ -
k= - B B A
Ay
Ymin 250 o \/  Range - 2
Neuron Data) S )
& EELUT
we G
Amount 1 53.9212 Qat
v | ooven —
tec | somens
o
moec w0 30512 o |
e | % o |
| v |0 o |
| oaw o |
Resir_Jlazerr ]
3 o 22012
wh | soms
w | oo |
a oo
s |zt
ossez
b s
255185

50:50.212 50:50.712 so:sion so:s1.712

s0:s2.212 50:52.712 s0:53.212 s0:53.712

Fig. 2. AdexLIF neuron GUI On the left we can modify all the values of the neuron. At the top we have all the synaptic connections, which we can see their current value and

modify them. In the center we have a real time graph of the neuron values.
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Izhikevich model. Similar to the AdexLIF, this neuron model has also
an adaptation current that increases with the neuron output spike [3].
However, the membrane potential uses a quadratic function as a non
linearity instead of an exponential function (Eq. (2)).

V=004V2+5V +140 —w+1

) (2)
w = a(bV — w)

Where V represents the membrane potential and w the recovery vari-
able, which can be interleaved as the activation of the K+ ionic current
and the inactivation of the Na+ ionic current [2]. In both models, each
time the neuron emits a spike, the membrane potential is reset to a
certain value and the adapting current is increased by a fixed amount
b (Eq. (3)).

<V
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w—w+b

|4
if v > 30 mV, then {

Both neural models could provide a wide variety of neural behavior
e.g. tonic spiking, chattering or frequency adaptation (Fig. 1).

2.2. Synaptic plasticity

With neuromorphic systems and brain-inspired computing, a new
computing paradigm emerges where memory and computation are co-
localized [4-6], imposing local constraints when applying online and
biologically plausible learning. Local learning rules for synaptic plastic-
ity require mainly two Hebbian factors for learning: (1) a presynaptic
trace, (2) a postsynaptic value. So the information needed to update
the synapse values is local to the synapse at a given instant of time.
Additionally it may also depend on an external factor that may be
determined as a concentration of neuromodulators that affect synaptic
plasticity [7]. Given the inherent nature of these learning rules, their
implementation in hardware, such as that for R-STDP [8], is straight-
forward. This is due to their reliance on locally available synaptic
information, including presynaptic and postsynaptic traces, as well as
an external signal that weight modifications based on neuromodulator
concentration [7].

On NESIM-RT, each synapse is represented as an independent object
that receives an event asynchronously from a specific presynaptic neu-
ron. Each time a synapse receives an input spike from the ip node (the
neuron) is registered. It will increase the input current (excitatory or
inhibitory) of the postsynaptic neuron by a determinate weight value.
In this release, a new type of synapse has been created (see Fig. 2),
that incorporates synaptic plasticity, enabling learning through local
learning rules like STDP.

3. Conclusions

NESIM-RT 2.0 can be used to create different network architectures
that can include different interacting neural models as well as synaptic
plasticity mechanisms to apply learning to the network. The graphical
interface allows to visualize in a direct way and in real time each of
the values of the neurons as well as the interactions between them,
helping not only to understand the functioning of the network, but also
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to adjust and optimize it. In addition, the network can be exported to
other platforms such as neuromorphic hardware like SpiNNNaker or
other simulators like Brian2.
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