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PROBLEM

Even though there has been a lot of innovation in the world of
Artificial Intelligence, most of the current research efforts are
focused on developing better algorithms and architectures
while not much effort into understanding the engineering
challenges of bringing Al systems to edge devices. This project
IS aimed at understanding the theoretical and practical
challenges of building Al solutions, best practices and rationale
for developing, securing and deploying Al into edge devices.
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Federated Learning

This ML architecture model is a hybrid between fully centralized cloud
computing and fully local edge training.
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2.4 Running the Model: Cloud vs Local

A common approach to ML at the edge is to process anc
has allowed for devices that are other
device has int
must factor in the latency loss involved with relying on a clonc
device connected, and the risks of having potentially private data transferrc
capacity can often be overloaded and speed can vary from locat

of granting access to models for every device. Distance inherently impacts the latency
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the Edge2Train framework.
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GitHub was used to create and
store all documents relating to the
research paper.

2.5 Federated Learning

Federated learning can

Federated learning alleviates some of the aforementioned issues that

uniquely train and personalize data across loc
It is then possible for said devices to push the
This decentralized method of data capturing and training allow for
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(A) Deep Neural Network (DNN)

DNNs involves the usage of the matrix
multiplications with convolutional filter

i operations, which is common in DNNSs that
are designed for image and video analysis
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SUMMARY

be considered a hybrid between fully centralized cloud computing and fully local edge training.

source in order to

In summary, we covered In this research paper
the challenges of bringing machine learning to
edge devices. We covered the different areas

solely the cloud.
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o How to secure the Al/ ML applications once dep

eployment of Al/ ML applications to edge devices.
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Learning how to use LaTex in VSCode to write all research.

Uploading all research to GitHub.

OBJECT DESIGN

Input Space Feature Space

(B) Support Vector Machine (SVM)

SVM is a supervised learning algorithm that
can be used
regression problem

for both classification and

Verification

The verification process starts by having our
CAP 1 students research and review academic
articles relating to our areas of research, then
providing the resources to our CAP 2 students
where they will rereview articles and take out
Important information that will help further our
research.
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