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Current Trends in Data

Actual and forecast amount of data created worldwide 2010-2035 (in zettabytes)

25 GB/hour

1 zettabyte is equal to
1 billion terabytes.
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2010 2015 2018 2020 2025 2030 2035

51,200 GB/hr
@ @ @ Source: Simafore, Fortune, RTInsights, Cisco

@statistaCharts Source: Statista Digital Economy Compass 2019 Stat|8ta 5




Current Trends in Data

25 GB/hour

LEFT REARWARD VEHICLE CAMERA

MEDIUM RANGE VEHICLE CAMERA

51,200 GB/hr

MOTION FLOW LANE LINES LANE LINES ROAD FLOW IN-PATH OBJECTS ROAD LIGHTS OBJECTS ROAD SIGNS RIGHT REARWARD VEHICLE CAMERA Source: Simafore, Fortune, RTInsights, Cisco
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Current Trends in Computing

« +22% projected growth in programming jobs over next decade
*Development, QA, Analysis, Testing

0 20 40

Fortran 57.361

COBOL 13.323
ALGOL 10.256
Assembly)g ~ 5.331
BASIC 2.059
APL 1.513
Lisp.» 1.466

c 0 Source: Data is
1 9 65 z Beautiful Most Popular
Pascal 0 Programming

Languages 1965 - 2022
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Al to Enhance HI (Human Intelligence)

Student-Teacher —

Ratio 1:30to 1:1 T

MASTERY LEARNING

CONVENTIONAL
1-30%

Salman Khan, TED Talk 2023 Summative Achievement Scores



NEW

4 GPT-35 + GPT-4 @&
Brainstorm incentives Plan a trip
for a customer loyalty program in a small book... to explore the Madagascar wildlife on a budget
Make a content strategy Come up with concepts
for a newsletter featuring free local weekend e... for a retro-style arcade game
Send a message =

Free Research Preview. ChatGPT may produce inaccurate information about people, places, or facts. ChatGPT August 3 Version
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Generative Al for Prediction and Optimization

Learn Apply

EVALUATING ANALYZING qf“ _ OPTIMISATION
CRITICALLY EXAMINE INFO e NG AeAL What's the best that can happen?
& MAKE JUDGEMENTS EXPLORE RELATIONSHIPS . .
€3 judge, crifique, test /== categorize, examine, Business Q ... PREDICTIVE MODELLING
A\ defend, criticize <|- organize, g . What will happen next?
“1¥ compare/contrast Al‘lalyilcs

o FORECASTING
What if these trends continue?

APPLYING
USE INFO IN A NEW (BUT SIMILAR) FORM
use, diagram, make a chart,

draw, apply, solve, calculate

(s ) STATISTICAL ANALYSIS
Why is this happening?

of mms

Value

What actions are needed?
oA " QUERY DRILLDOWN (OLAP)
- Where exactly is the problem? .
© g | AL-HOCREPORTS Business
K7} How many, how often, where? Intelligence

o4 STANDARD REPORTS
What happened?

Synthesis
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Data-Driven B Python Basics

Engineering 520

Data-Driven B Python NumPy
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UAa € NumPy ://apmonitor.com/dde

Data-Driven & Python NumPy
Engmee ri_n__g B ZusaLL + IMPORT

12 1D, 2D, 3D Arrays
= EXPORT + IMPORT SCAN ME
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7 Tuple
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s
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https://apmonitor.com/dde

Examples

"Explain quantum computing in
simple terms" =

"Got any creative ideas for a 10
year old's birthday?" -

"How do | make an HTTP
request in Javascript?" -

ChatGPT

4

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-
up corrections

Trained to decline inappropriate
requests

X

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021

15

ChatGPT Feb 13 Version. Free Research Preview. Our goal is to make Al systems more natural and safe to interact with. Your feedback will help us improve.




Prompt Learning

« Help me find the error in my code without showing the answer.
 Explain each line of this Python code to a Matlab user.

« Generate a similar example.

« How can | make this more Pythonic?

« Test my knowledge of _Numpy linspace with a quiz.

« Summarize what we’ve discussed so far.
« Translate this Python code to Matlab.

* I’'m interested in . Why is this important to know?

« Generate a lesson plan on _Numpy .




Data Import
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Data-Driven Mﬁ@u’@@m

ez 10

: . BeautifulSoup‘;ﬁ

pg@rlven Engmeermg ' @ % [  Engine
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TMAGES]
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" Text Data Analysis

extiData
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SCAN ME
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https://apmonitor.com/dde

Data-Driven
Engineering
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PlensorFlow Foundav'ﬂ'.‘l'OnS‘
u Python ~ [ABplications

Machine Learning
for Engineers Q\

https.//apmonitor.com/pds




Machine Learning Applications

* Automatic
' Language
Translation

LEFT REARWARD VEHICLE CAMERA

Applications
Online
. of . Fraud
Machine learning OEEE T

MEDIUM RANGE VEHICLE CAMERA

Virtual

Product Personal
recommend Assistant
-ations ,

MOTION FLOW LANE LINES LANE LINES ROAD FLOW IN-PATH OBJECTS ROAD LIGHTS OBJECTS ROAD SIGNS RIGHT REARWARD VEHICLE CAMERA

https://www.javatpoint.com/applications-of-machine-learning
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Machine Learning Roadmap

Machine Learning for Engineers
https://apmonitor.com/pds

Business Objective

Identify Features (Inputs), Label (Output)

Correlations
Distributions

Combine Consolidated
Data Sets Data

Insufficient Data Pair Plots

Simulator Available

Statistics

Physics-Based Simulate Feature Engineering Data
Digital Twin Data Increase Data Diversity Assessment

Outlier Detection
and Filters

Scaled Data Standard Scaler Cleansed
Minmax Scaler Data

Split Data
Machine Performance
Learning Evaluation No Yes
Hyper-Parameter
Optimization

Partial

Validat
sl Unsupervised Semi-supervised Supervised

Learning Learning Learning

Classification
Performance Clusterin Regression
Assessment 5 2




Data-Driven Modeling Languages

Monthly Downloads
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== SCikit-learn
tensorflow
pytorch

——

®

nb=GaussianNB()
lr=LogisticRegression()
sgd=SGDClassifier()
knn=KNeighborsClassifier()
dt=DecisionTreeClassifier()
rfm=RandomForestClassifier()
sv=SVC()
nn=MLPClassifier(max_iter=2008)

clsfrs = [[nb, '"Naive Bayes']

[sv, 'Suppor
[1r, 'Logis
[sgd, 'Stoch
[rfm, 'Rando

1

for clf, name in clsfrs:
clf.fit(X_train,y_train)

nb = fitcnb(X_train, y_train);

1r = fitglm(X_train, y_train,

sgd = fitcsvm(X_train, y_train);
knn = fitcknn(X_train, y_train);

dt = fitctree(X_train, y_train);
rfm = fitcensemble(X_train, y_train,
sv = fitcsvm(X_train, y_train,

nn = fitcnet(X_train, y_train,

clsfrs = {{nb, 3,
{dt, 3,
{knn,
{sv,
{1z,
{sgd,
{xfm,

{nn,

i= (clsfrs)
clf = clsfrs{i}{1};

name = clsfrs{i}{’};

clf = fit(clf, X_train, y_train);

2018

2019

2020
Year

2021




Navigate Machine Learning /S
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AdaBoost

classification - scikit-learn
o algorithm cheat-sheet

regression

uuuuuu

dimensionality
reduction

e 4




Intreduction
Moecdaling
Unconstrained

Emgim@@crﬁmg @

Discrete
Genetle
Constrained

vy 2 exhaust velocity
My < initial or wet mass
m, => final or dry mass

“— Mg
0 Ap =2 total change In veloclty or final velocity

Optimization
Methods for
Engineering Design

Pa*inson | Balling | Hedengren

Brighaf Yo?u niversity
Second Edition
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/ Array Modification.

ChatGPT

0 % A

Examples Capabilities Limitations
"Explain quantum computing in Remembers what user said May occasionally generate
simple terms" - earlier in the conversation incorrect information
"Got any creative ideas for a 10 Allows user to provide follow- May occasionally produce
year old's birthday?" - up corrections harmful instructions or biased
content
"How do | make an HTTP Trained to decline inappropriate
. request in Javascript?" - requests Limited knowledge of world and
“onversations
events after 2021

de to Plus NEW
1ode
os & FAQ | <

A

It ChatGPT Feb 13 Version. Free Research Preview. Our goal is to make Al systems more natural and safe to interact with. Your feedback will help us improve.




'w chat

Optimal column weight

timize tubular colu  Z 1

mpy Array Modification.

Wall thickness (m)

2ar conversations

0.00
grade to Plus NEW 0.00 025 050 0.75 1.00 125 1.50

Diameter (m)

Regenerate response

rk mode

dates & FAQ Create a co|

g out ChatGPT Feb 13 Version. Free Research Preview. Our goal is to make Al systems r TextEdit 1d safe to interact with. Your feedback will help us improve.




Column Design

N —— Stress constraint

—»— Buckling constraint
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ChatGPT Feb 13 Version. Free Research Preview. Our goal is to make Al systems more natural and safe to interact with. Your feedback will help us improve.




« Python and
s \ MATLAB

Process Dynamics
and Control. @&

Theory
Simulation
Project

- —
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H
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https.//apmonitor.com/pdc



Process Dynamics and Control
https://apmonitor.com/pdc

Process Dynamics and Control

Select Actuator (OP), Measurement (PV)

Doublet, PRBS,
Historical Data

No

]
Step Test

Physics-based Simulate : . .
Model Data Graphical Fit Regression
Lower
1% Order 2" Order Order

Linearize | Linear

Second Order Plus Dead-Time Time Series Physics-based
Kor @ G0, State Space Empirical

Temperature Control Lab
https://apmonitor.com/heat-htm

- = =

i1l Sdbbbd

Model Predictive Control
Measured Course: https://apmonitor.com/do
Disturbance

Feedforward Kg=-Kq4/K;
or Cascade Control |

Adjust Kc; T, Tp

Integrating
System Tuning Correlations Control Unacceptable

Ko, Tp, 0p 2 Ko, T, T Performance

IMC, ITAE, etc. Acceptable

Stability Analysis

PID Control K. Limits Monitor PID

Performance
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Temperature Control Lab BYu’é;SM
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ARDUINO
Controller

Actuator
Heaters

o

Sensors
T (°C)

apmonitor.com/heat.htm
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Benchmark: Temperature Control Hardware aAr

BYU PRISM
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Data Availability R

BYU PRISM

25 GB/hour

/

- ¢
\ \
i

150,000 points/sec

51,200 GB/hr

Source: Simafore, Fortune, RTInsights, Cisco




pplication: Fllght Optlmlzatlon_
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Select Variable Select Variable Select Variable
Altitude (m) X v Total Energy (kWh) X - Battery Energy (kWh) X v
©2D ® Hide Wind ® Hide Sun
3D © Show Wind © Show Sun https://github.com/BYU-PRISM/hale-trajectory
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http://prismweb.groups.et.byu.net/360/

Application: Biomechanics

_ady RBlESECHANIG
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Engmeermg




MileSplit50: Jane Hedengren Moves To The No. 1 MileSp!it50
Spot

XC RANKINGS

INDIVIDUAL - GIRLS A SEE MORE =

1 Jane Hedengren FProvo, UT

MileEp!it50

2 Elizabeth Leachman Boerme, TX

JANE HEDENGREN

Timpwiew (UT)

3 Ellie Shea , VA

4 Sadie Engelhardt Ventura, CA

2023 RANK
5 Isabel Allori Fort Collins, CO

f suare ' TweET

LIVE EVENT COVERAGE

2023 Dave Sanders Invitational
7 2023-09-22

2023 Live in Lou XC Classic
g 2023-09-29

2023 FSU Pre-State Invitational
B 2023-09-29

Behind The Cost Of Twenty Years Ago, Jason Vigilante On The Line: MileSplit50: Jane 2023 McQuaid Invitational
Track Recruiting, As Track Recruiting Tabbed As Woodbridge, Addison  Hedengren Moves To L0 2023-09-30

AnAA F1I N

40



Application: Drilling Automation




Physics-Informed, Data-Driven Modeling

e Market ¢ Economics
¢ Demand * Reliability
e Supply e Efficiency
'-\/ . 5 .‘ . 4
\A s Y ‘
%4 N o
S

* Nuclear + * RAVEN
* Solar, H2, * GEKKO
CHP, Mfg. * OPTIONS

/ DYNAMIC OPTIMIZATION

‘ﬁewm

Gunnell, L., Manwaring, K., Lu, X., Reynolds, J., Vienna, J., Hedengren, ].D., Machine

Learning with Gradient-based Optimization of Nuclear Waste Vitrification with
e nso r OW Uncertainties and Constraints, Processes, 10(11), 2365, Nov 2022, DOI:
10.3390/pr10112365. 42
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Linear Nonlinear

ARMAX Box Jenkins Volterra

Hybrid
Models

Linearized
Physics-
Based

Transfer Physics-

Based

Function




SysID Add-on Overview

Sysid

SEEQ' ARX SUBSPACE NEURAL NETV
X Time Series Settings TRAX
Manipulated Variables (MV) A
e x]
ey
Measured Variables (CV)
® CA1,CAZ T1, T2 X v —— N
SeeqQ WORKBENCH =i
‘y‘.“"k—.
Application
+ Browser-based application = \
- Google-like search '
» Tools for common functions —— N ———
« Save and collaborate e | =
(m) o
O 2 :
(m) [} _
_—
0 cx - o,
() L ] S
Time Series Analytics Advanced Analytics

- Diagnostics analytics
+ Monitoring and alerts
« Predictive analytics

- Data cleansing

« Pattern recognition

+ Scalable calculations
+ Machine learning

pip install seeq-sysid

PAGE 44



System Identification (SysID) Add-on

= SEEQ sssssssssssssssssssssssssssssssssssssssssssssss

YYYYY

Time Series

Subspace

Time

Neural Network

No Data Available

Transfer
Function




= SeeqQ

X Time Series Settings [N

Manipulated Variables (MV)

Controlled Variables (CV)

Model Structure

Training Conditions

Validation Conditions

Value

TIME SERIES

ENG

Name

SUBSPACE NEURAL NETWORK TRANSFER FUNCTION

TRAIN

VALIDATION

NORM

Time

Unit Color Line Style

No Data Available

1. Select Data

2. Select Model

3. Identify

4. Push Model



Neural Network Models for Sequence Data

RNN — meeme———)  Self Attention

1986 1997 2014 2015 2017 2018 2019 2020
O O O O O O O ®— W
RNN LSTM Seq2Seq Attention Transformer GPT-1 BERT GPT-3
+ “Attention is all you
Seq2Seq need”

\4
& AR —0 o @— Time-Series




Attention Mechanism

Attention
Distribution
|

softmax

=  |STM

embedding embedding

f ! 1 f

LSTM
t

1

I am a student <s0s> Je suis



Transformer Architecture (Self-attention)

e Short processing time
* No vanishing gradient

* Captures irregular temporal

dependency

Encoder #2

Encoder #1

> Add

i

]

]

. Feed Forward
'\ ---------------

> Add

1

i

! Multi-Head Attention
\\ _______________ r

> Add

i

I

]

; Feed Forward
l\ _______________

e Add

i

i

! Multi-Head Attention
\

@

[T 1717 Encoder Inputs

Decoder #1

Decoder Output

t

Softmax

i

Linear

t

Decoder #2

A

1
ot e LS

1
Add

\J

- ———

Feed Forward
e e e e e e e

Add

A\

Encoder-Decoder Multi-Head Attention

L R ———

> Add

Multi-Head Attention

PUR R —
’ -~

@

| ||| pecoder Inputs




Model Predictive Control (Two options)

Surrogate MPC Emulation MPC
Model Predective Control o Emulation Controller
Setpoint & = = = = = - - - - - 'R Setpoint . N
: : Plant Plant
: Prediction Model Minimize SSE '
1 ) Uyvindow -
;'h - o 3 1 Ugq Ywi v —> Ui Ywindow
: Transformer Opt;l;:lvz:rtlon :—> s Transformer i
f_)l <:l i f—>
; :
1 ]
] ' L )

Trained by Closed-loop data
Fast (No optimization step)
No online correction - can’t guarantee the performance

Trained by Open-loop data



Training Data Preparation

Receding Window Snapshots

Window (w) Prediction Horizon (P)
A A

Number of

Variables //

Number of
Snapshots <

(T)




Future of Data-Driven Control

Model Predective Control

Setpoint & = = = = = = - - - ---—---------- 8
I
o : Plant
Minimize SSE i
1 - Uyindow
u
# Optimization | | ¥'! Ywindow
: Transformer P Solver l—>
—» <_ '
] & w J 1
' i
| i Decoder Output
l NS M M SN MR GEN BED GEN  MEN SEE MEN AN BEN SN NN SER BN SEE GEN MR MM e M e me ! E/ \ Softfmax
,.l Add I “ | )
H Linear
& i Feed Forward f
.'_';_' N ? I Decoder #2
s 5’.’ - l - Aad |
° Short processin g time E‘ Multi-Head Attention é
* No vanishing Gradient problem 3 | ::l ------------- -1 |
e Capture irregular temporal dependency c -
g | >
g - Add | g E, | Add |
Multi-Head Attention a E

@

[T 1171 Encoder Inputs || Decoder Inputs



Physics Informed Neural Network (PINN)

3
-=-=- Validation - A ] = H [
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Physics Informed Neural Network (PINN)

LSTM-Onestep model Validation
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