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IT MONITORING ARCHITECTURE
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ExDeMon: Extract Define Monitor
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@ https://github.com/dlanza1/ExDeMon
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ExDeMon: Extract Define Monitor
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IMPROVING ExDeMon ANALYSIS
MACHINE lH\IININﬂ

.‘(,(

MACHINE lEARN]NG EVERYWHERE!

medenerator.net
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HIERARCHICAL
TEMPORAL MEMORY

“Is a foundational technology for the future of
machine intelligence based upon the biology
of the neocortex.”
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HTM PREDICTIONS
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MY WORK

._é':lé Comparison and Investigation
1=  of anomaly detection

techniques (HTM chosen).

=¥, Building two prototypes in Python
and Java

=0, Integrating ExDeMon Analysis
"1og =" with HTM
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MY WORK
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Investigated how HTM
algorithm works

Build some prototype in Python
and Java

Implemented a first version in
ExDeMon

FUTURE

=%, Improve ExDeMon
bg= implementation

&l Multi-metrics anomalies
U= correlations

=y, Using HTM in other
T scenarios
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THANK YOU

Don’t worry, Roberto is safe!
fabiolipreri@me.com
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iy< openlab Modify the text in the footer box and then click 'Apply to all'.
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