Machine Learning
Overview

From Theory to Practice
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Artificial Intelligence (Al)
and Machine Learning (ML)




Al Taxonomy

m \ ML as a subset of Al

ML as the basis for other Al

Natural Language Processing Components
Knowledge R tati : _—
| NOWeree TepreseaTen ML: a subfield of artificial
Automated Reasoning | intelligence that gives computers
Machine Learning | the ability to learn without
Computer Vision ~ explicitly being programmed
Robotics https://mitsloan.mit.edu/ideas-made-to-

K / matter/machine-learning-explained

Russel and Norvig, 2010, Artificial Intelligence: a Modern Approach,
https://people.engrtamu.edu/guni/csce421/files/Al Russell Norvig.pdf
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https://people.engr.tamu.edu/guni/csce421/files/AI_Russell_Norvig.pdf
https://mitsloan.mit.edu/ideas-made-to-matter/machine-learning-explained
https://mitsloan.mit.edu/ideas-made-to-matter/machine-learning-explained

ML Ontology

Machine Learning

_Deep Learning )
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gl Reinforcement Learning ]
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Supervised ML
Labeled Data
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[Classification] [ Regression ]
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[ Unsupervised ML

Unlabeled Data
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Semi-Supervised ML
Both Labeled and
Unlabeled Data
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[ Clustering ] [AnomaIyDetection]
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Supervised ML Unsupervised ML

Labeled Data Unlabeled Data
|
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[ Clustering ]
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B2103 Daily VPM vs Water Usage K-Means Clustering

[ Classification ]
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v a — [ Anomaly Detection
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B1293B OneClassSVM Decision Boundary

1_3 [ Regression ] o

exp_82 fold_2: Val y_true vs. y_pred; Val_loss: 0.003

@ Training Data
Test Data
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on scaled workday data and 1.0hr agg feature
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®
Big Data

Volume: size of data
Velocity: speed of transmission, reception
Variety: different types of data, different sources

Variability: changes in dataset over time, non-
stationarity

Veracity: data accuracy / quality

https://nvipubs.nist.gov/nistpubs/SpecialPublications/NIST.SP.1500-1r2.pdf
https://ntrs.nasa.gov/api/citations/20170000676/downloads/20170000676.pdf
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Presenter
Presentation Notes
Variety refers to data from multiple repositories, domains, or types.
Variability refers to changes in dataset, whether data flow rate, format/structure, semantics, and/or quality that impact the analytics application.

https://nvlpubs.nist.gov/nistpubs/SpecialPublications/NIST.SP.1500-1r2.pdf
https://ntrs.nasa.gov/api/citations/20170000676/downloads/20170000676.pdf

Getting Started

Define clear objectives for ML

* Much easier for supervised ML W ':Eowg‘mﬁﬁp;mgse'
. . Provides understanding o ;
- Performance metrics [ dtteralinens

Engage key stakeholders 7

- Energy management

+ Operations and maintenance S couputensonce L“ST?E"‘!?T!ES,EH
* Procurement L o Al procicts Ay sstcrit:]tcuefzim?;r:riﬁznata
IT . are created. .an'aexamiﬁed. :
- Data owners o S
Assemble data science team |
- Domain / subject matter expert https://www.boozallen.com/s/in
« Computer Scientist sight/publication/field-guide-to-

- Mathematician / Scientist data-science.html

Establish team battle rhythm
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https://www.boozallen.com/s/insight/publication/field-guide-to-data-science.html
https://www.boozallen.com/s/insight/publication/field-guide-to-data-science.html
https://www.boozallen.com/s/insight/publication/field-guide-to-data-science.html

Example Project: Datacenter Power
Usage Effectiveness (PUE)

Katherine Johnson
Computational
Research Facility

Well-instrumented for
sensor collection

Goal: build an
automated framework
for PUE measurement
and prediction
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LaRC-B2103_CondenserWaterPump_2VFD_Drive_kWh

Exploratory Data
Analysis (EDA)

Descriptive statistics
Data visualization

Data Discrepancies
* NaN values (missing)

» Sensor dropout
* Meter rollover

Current vs desired state of

data
10k /
0
Nov2022  Dec 2022 Jan 2023 Feb2023  Mar 2023

Aug 2022  Sep 2022 = Oct 2022

Apr 25 Apr 28 May1  May4

LaRC-B2103_CoolingTowerFan_1VFD_Drive_kwWh
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EDA to Dashboarding

MSB-A kw MSB-B kw

Data acquisition

Data historization: historize 60
additional submeters

Data engineering: handle
a b normal itieS Magﬂ, 2022 Sep 12, 2022 Jan 8, 2023 May 6, 2023

Jul 15, 2022 Nov 10, 2022 Mar 8, 2023 Jul 4, 2023

Dashboardini




Machine Learning Approach ® ..
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= Data engineer open-source » C/’? S Q? C?_k_ @i /
ps://uplioad.wikimedia.org/wikipedia/C
Weather_data as ML model ommons/b/b5/Recurrent neural networ
another input k_unfold.svg
] Utilize recurrent neural networks exp_76 fold 4: Test y_true vs. y_pred; Test_loss: 0.001
for time series prediction
= Visualize results | ‘) (1)
= Share : M‘x ‘“ Hi“‘ 'H\ ,\
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https://upload.wikimedia.org/wikipedia/commons/b/b5/Recurrent_neural_network_unfold.svg
https://upload.wikimedia.org/wikipedia/commons/b/b5/Recurrent_neural_network_unfold.svg
https://upload.wikimedia.org/wikipedia/commons/b/b5/Recurrent_neural_network_unfold.svg

Timeline and Summary
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Successful ML requires discipline and patience
Honest evaluation of model performance
Key stakeholder engagement
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Thanks

Mark Pugh, OCIO Cloud and Computing Services
(CCS)

NASA Langley Integrated Operations Center Team
NASA LaRC Energy Efficiency Team

NASA GIS Team

NASA Interns

* Heather Anderson
« Julieanna Bacon
- Samuel Briggs
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