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Background

* As data-driven decision-making services are being infused into IoT applications
at the 5G networks, Al algorithms are being deployed as monolithic application
services for autonomous decision processes.

 How do we design, model and expose intelligent services for decision making at

the Edge of Things to address latency related problems of Al services across the
5G networks?

« Intelligent decision making at the Edge of Things introduces new Al dimension to
loT services such as real-time local processing of 10T data for quick decision
making without transporting the heavy data through the expensive 5G networks.

« The challenge here is how do we develop data-centric 10T Services in which Al
IS a first-class design element?
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Smart Edge of Things for Edge Intelligence
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Al as Microservices (AIMS) at the Edge of Things

* We proposes a hierarchically integrated infrastructure spanning the ROOF, Fog
and Cloud computing platforms, to exploit resources at the Edge of Things and
Cloud data centers, as well as microservice concepts to incorporate Al
capabilities into 10T applications.

« The microservice concept allows the decomposition or factoring of the current
monolithic Al services into smaller functions deployed as Al microservices.

« The microservices can then be deployed closer to the data sources and users
allowing seamless composition of Al services across the ROOF-Fog-Cloud layer.

- The Al features and functions are composed from the distributed microservices
AIMS integrated platform, allowing Al functionality as intelligence services to be
iImplemented and deployed close to the data sources and users.

« The composition of the microservices can be realized sequentially based on
NFV management and inter-slice resource brokering process.
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Edge-Cloud high-level integrated architecture over 5G
networks for various Al enabled lIoT applications

l Al Applications |
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The ecosystem of microservices distributed across the
ROOF-Fog-Cloud systems over 5G networks
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AIMS Use Cases
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AIMS Use Cases
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Challenges

« Defining an integrated platform architecture for Cloud, Al and 5G

— The AIMS aims to define and develop an integrated platform architecture for the incorporation of
multi-clouds systems and |oT for Al based services.

« Specifying essential components and interfaces to support data-driven Al

services

— Various components and interfaces for communication across a federation of ROOF, Fog and
Cloud platform would be specified.

» Supporting the harmonious management of computing resources

— New mechanisms and strategies for dynamic and fluid resource allocation and scheduling would
be investigated to reduce response time for task execution across the 5G integrated AIMS platform.

« Applying new mechanisms using intelligence in data lifecycle

— How to determine based on the available resources, what tasks or functions should be executed
and at what layer of the infrastructure are important technical challenges.

« Supporting trusted Al services

— How can trust management be used to provide security, dependability and reliability for AIMS and
associated data at various layers of the ROOF, Fog and Cloud integrated platform?
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