Purdue Research Foundation -Team 34

Simulation and Iraining of
Neuromorpnic Haraware

Academic Mentor: Milton Aguirre Team Members: Dev Joshi, Koki Inaba, Rohit Ramaswamy, Siddhant Lamichhane

PURDUE

UNIVERSITY.

Polytechnic Institute

Our simulation team included Dev Joshi, Koki Inaba, Rohit
Ramaswamy, and Siddhant Lamichhane. Professor

Fully simulate and train a hardware based Spiking Neural Network (SNN) using Python anad Milton Aguirre mentored us on presenting our findings.

optimize the synaptic weights on the neural network to be able to fine tune the performance of Dur client, Masoome and Dr. Nawrocki, guided our

, , _ technical objectives and provided feedback, while Y1, a
the SNN on a line-following EV car. former graduate student familiar with the simulation,

regularly reviewed our progress and offered detalled
suggestions.

GONGEPTS AND EXPERIMENTATION  TESTINGRESULTS

The SNN utilizes a framework of synapses and somas. Each synapse has Synaptic Weights vs. Epoch
a voltage weignt supplied to it wnich determines the current output of each ‘. V'“"
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synapse and the spiking rate. 21 TH . ptosssssoseiossoresse

We bullt the simulation using BrianZ, a Python library specialized for 3 m: ! I"‘A_'l'r ovovel .h o agenrrey:
SNNs. BrianZ allows for easy implementation and deployment of the SNN. m : .»‘/ i
SrianZ provides us with functions that allow us to use the equations used to . B s
find the current out of each synapse or the voltage out of each soma. 2 - P Symanse
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After the network sufficiently learns the input pattern and adjusts the 0] a . it ” : .
welghts accordingly, the weights will stabilize at the optimal voltage. [hese il

are the new welights that will be implemented onto the system.
CUSTOMER PROBLEM CONGLUSION AND

AND BACKGROUND REOUIREMENTS AND FINAL DESIGN RECOMMENDATIONS

As part of a larger collaborative effort to design We successtully developed a framework for an
and control a line-following electric vehicle (EV), our SNN model which simulates the benhaviors of
team—Team 34—was responsible for simulating and neuromorphic hardware and a 3D testing

Training error per epoch

training a Spiking Neural Network (SNN) to optimize
synaptic voltage weights for decision-making.

environment for the line-tfollowing car and the
track it follows.
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27.5 - In the future we want to adapt our SNN model to
operate directly on biological hardware on the EV
car and expand the model as necessary to
iINncrease complexity and computation.

Central to our approach was a deep understanding
of Spiking Neural Networks (SNNs), which differ from
traditional artificial neural networks by using discrete
voltage spikes to encode and transmit information.
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20.0 - To obtain more extensive and detailed datasets,
we recommend constant communication between
both teams to request and recelve data as quickly

The spikes are characterized by their timing and
frequency. Ihey more closely mimic biological neural
activity and offer advantages in energy efficiency and
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event-driven computation. e as possible
Our simulation enabled us to train and test various 3] AS for the model, incorporating real—v\/orldl
synaptic configurations and observe how changes in 0 10 20 - 30 40 50 eﬁperlmemtiltﬂata vv(cj)u|ldA%r2jht§nce| |the practica
spike behavior influenced the EV's ability to interpret . " e eyance © | e, MOUEL. | | 'On,a y, wemnay
3D Environment of the car and track modify our training algorithm to introduce novel

sensor data and follow the track accurately. . . . L
/ improvements and compare it against existing

methods to highlight its advancements.
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