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[mmmmn  Defined Network ——L Defined Network -i Defined/Driven
Network

W Basic approach W Basic approach
> South bound: using » Machine learning: network
Netconf/YANG, or OpenFlow traffic patterns and
to configure the network application patterns
forwarding table » Finding a model to match the
> North bound: abstract learnt patterns/experiences
description for the application > Re-define and drive the
requirements, thus deriving network by machine learning
the forwarding table algorithms and technologies.
, Network throughput totally m Characteristics m Characteristics
decided by human plan. It is > Semi-autonomic > Full-autonomic
rigid afterwards » Cost reduced > Minimum cost
> Network throughput > Maximum throughput
increased

m Basic approach
> Step 1: network planning
> Step 2: CLI configuration
» Step 3: network optimization,
diagnostic, debug
® Characteristics
> Fully depend on human’s
experience and knowledge
» High cost

(3% 2] A5 A ] UIE$ A(Intelligence defined/driven network)
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Intelligent
Action Network
Monitoring &
Controlling
System
Training Path Classification
raining Pat i based /Prediction

Monitoring Feature Training
g Packet Stream >l or >l Extraction ] Classifier
Deep Packet & Labeling
Inspection
Feature
Extraction
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(closed loop system)
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