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VISION: Dow R&D TO TAKE THE INDUSTRY LEADING ROLE IN USING Al AND DATA SCIENCE TO ACCELERATE
MATERIALS DISCOVERY, NEW PRODUCT DEVELOPMENT, AND PROCESS MODELING & OPTIMIZATION
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MY JOURNEY AT Dow STARTED IN 2001 WITH CHEMOMETRICS

Chemo metrics
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POWER OF CHEMOMETRICS

It is overwhelming to analyze Process conditions Normal conditions
50+ process variables lead to fouling
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Chemometrics (PCA, PLS) increases speed of problem solving. We use existing data to
support hypotheses, eliminate hypotheses, and generate new hypotheses

* L. Chiang, E. Russell, and R. Braatz, Fault Detection and Diagnosis in Industrial Systems, Spring-Verlag, 2001.
* L. Chiang, R. Leardi, R. Pell, and M.B. Seasholtz, Industrial experiences with multivariate statistical analysis of batch process data, Chemo & Intel Lab Systems, 81(2), 109-

119, 2006.
* L. Chiang and L. Colegrove, Industrial implementation of on-line multivariate quality control, Chemo & Intel Lab Systems, 88(2) 143-153, 2007.
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ONE DEFINITION OF Al, MACHINE LEARNING, DEEP LEARNING, AND DATA SCIENCE

Artificial Intelligence
Mimicking human thinking,
redsoning and adapting

Fundamental

. . Modeling
Machine Learning

Algorithms to learn comple;
Data Seienece relationships from data
Analytics to
extrdct
information
from data



CHEMOMETRICS

Chemo

=
1%

kkkkk

- Chemical
Engineering

%%d Chemistry |

metrics
artful application
of math and stat
(PCA, PLS) onn
process data

Chemometrics
brings the
domain
knowledge into
the application
of Al




CHEMOMETRICS AND Al
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See Al success stories cited in L. Chiang, B. Braun, Z. Wang, and I. Castillo, Towards Al at scale in the chemical industry, AIChE J, e17644, 2022.



SUCCESS STORY 1: DEEP NEURAL NETWORKS FOR IMAGE CLASSIFICATION

Good Pellet  Bad Pellet Process experts manually labelled 6000+ images
from Particle Shape and Size Distribution (PSSD)

(1)
PSSD —— PSSD
m—) features Classifier 80.5%

I (2)
Random
93.7%

(3) Forests

Bad Pellet with Tails

Deep 224x224x3 2Mx224x64
Learning -

96.7%

* R.Rendall, I. Castillo, B. Lu, M. Broadway, B. Colegrove, L. Chiang, and M. Reis, Image-based manufacturing analytics: Improving the accuracy of an industrial pellet
classification system using deep neural networks, Chemo & Intel Lab Systems, 180, 26-35, 2018.

* W. Zhu, B. Braun, L. Chiang, and J. Romagnoli, Investigation of transfer learning for image classification and impact on training sample size, Chemo & Intel Lab Systems,
104269, 2021.

* Y. Peng, B. Braun, C. McAlpin, M. Broadway, B. Colegrove, and L. Chiang, ContaminaE'!on classification for pellet quglity inspection using deep learning, CACE, 107836, 2022.
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SUCCESS STORY 2: IMPROVE AICHE PROGRAMMING USING TEXT MINING/NLP

AIChE leadership desires to improve meeting

quality by
- Reducing number of sessions

- Increasing collaborations among divisions and

groups

It is ineffective to examine these ~700 sessions

one at a time

80 - FEW Nexus: Emerging Chemical Engineering Innovations
from Micro-Scale Innovations to Complex, Interconnected >
Systems (Invited Talks)

[ Monday, October 29, 2018
@ B:00AM - 10:30AM

@ David L. Lawrence Convention Canter - 317

onnected system challenges? What are the metrics that inform and guide a ons?
rch at a range mmpo aland 4 phl \ s trai \mm impact societie: 7 The forum
fram an-gaing Nexus projects. Pleat Il|h ine program for the ml up-to-date

Seiected

Topi:

0] | Previous Topic | | Next Topic || Ciear Topic

Intertopic Distance Map (via multdimensional scaling)

< 211 - Chemical Engineers and Policy-Making

m Monday, October 29, 2018
(@) 3:30 PM - 6:00 PM

@ David L. Lawrence Convention Center - 331

Description

Chemical Engineers cantake many paths including academie, incusiry a dprwatinesi rch. Rerely i poicy-making teked sbout as a
<. Thi er

jable option_ It is important
urrrenr ysmlcngmmlsg

engin agrsmpl y & role in creating and implementing polici
be a part of polymakg

Text mining is an effective way
to mathematically quantify the
similarities among these ~700
sessions

2018 AICHE ANNUAL MEETING SUMMARY
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SESSIONS

Z. Wang, B. Braun, A. Zink, M. Webb, M. Dessauer, T. Licquia, I. Castillo, and L. Chiang, 2020
AIChE spring meeting, 2021 AIChE EBPC and Programming Retreat



SUCCESS STORY 3: HYBRID MODELING = Al AND DATA SCIENCE + FUNDAMENTALS

*ophm::\

Utility

non-hybrid

Fundamentals Data Science

P

How can we bridge
this gap?

TABLE 1 Comparison of knowledge- and data-driven models

Data
collection

Development
time

Monetary
cost

Extrapolation

Fundamental
model

Experimental
data

Months to
years

Expensive

Yes

White-box Black-box
model model

Surrogate model

Black-box White-box
—»
model model

Serial configuration

White-box
model

Black-box

model

Parallel configuration

Data-driven model

Experimental data, operation
data, or both
Weeks to months

Inexpensive

No

J. Sansana, M. Joswiak, I. Castillo, Z. Wang, R. Rendall, and L. Chiang, Recent trends on hybrid modeling for Industry 4.0, CACE, 107365, 2021.



SUCCESS STORY 4: REINFORCEMENT LEARNING FOR CONTROL AND OPTIMIZATION
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» The RL profile suggests maintaining at a higher
temperature setpoint than the plant operation to achieve a
higher product selectivity.

* RL suggests ramping up to a maximum throughput of the
reactant feed rate in order to achieve high production rate.

» 14% shorter batch time translates to $MM margin
improvement potentials

ap = [AT,AF

*  W. Zhuy, I. Castillo, Z. Wang, R. Rendall, L. Chiang, P. Hayot, and J. Romagnoli, Benchmark study of reinforcement learning in controlling and optimizing batch
processes, J. AMP, 4(2),e10113, 2022.

e W. Zhu, R. Rendall, I. Castillo, Z. Wang, L. Chiang, P. Hayot, and J. Romagnoli, Control of A Polyol Process Using Reinforcement Learning, IFAC Papers, 54(3) 498-

502, 2021. T
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SUCCESS STORY 5: SENSOR FUSION FOR WWTP MONITORING
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Goal: o : & H
= Use all available data to accurately estimate the pollutant level ) ) )
L} v
Data sources: Individual Models Fusions
H _ti DAG= Data Aggregation Method
= Hundreds of process variables, real-time Regh= Rogy orised Bayesian Fusion

= |mages of bacteria taken daily or multiple times a week
= Grab sample, 2-3 times a week

* E.Strelet, Z. Wang, Y. Peng, I. Castillo, R. Rendall, B. Braun, M. Joswiak, L. Chiang, M. Reis, Multi-source Heterogeneous Data Fusion for Toxin Level Quantification,

IFAC papers, 54 (3),67-72, 2021.
e J.Sasnsana, R. Rendall, Z. Wang, L. Chiang, and M. Reis, sensor fusion with irregular sampling and varying measurement delays, I&ECR, 59(6), 2328-2340, 2020.
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SUCCESS STORY 6: PREDICTIVE FORMUL

ATION IN R&D
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https://lwww.bintelligence.com/artificial-intelligence-excellence-awards

Performance of Foam

Al

ARTIFICIAL INTELLIGENCE

EXCELLENCE
AWARD

2022

Descriptors of Formulation

https://lwww.dow.com/en-us/product-technology/pt-polyurethanes/harnessing-the-power-of-digitalization.html
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Al MoDEL LIFE CYCLE

« Definition of the problem statement including required model performance metrics
- Selected methodologies expected to be capable of solving the problem

Use case [ ipti i i i
idenbfoation Description of the data collection needs for various algorithms

~
- Data collection from all applicable sources
= Data fusion for multi-scale and/or multi-frequency data
== 100y + Data pre-processing to define offline conditions, operating states, and outliers
S
™
- Feature generation to incorporate existing knowledge or enable better models
- Model training with focus on key performance metrics relevant to use case AI/ML/DL/DS models
LELER . Prediction fusion in case of ensemble models
generation P
~
= Design of data ingestion and data flow in the deployment environment
= Identification of data science capabilities needed (e.g. retraining, labeling efc.)
LELEREN . Generation and testing of model inferencing pipeline
deployment Y,
~
+ Definition of routine performance evaluation methods and metrics
= Trigger for model re-fraining in case of insufficient performance
LLEEERN - Logging of model life cycle information
maintenance y.

L. Chiang, B. Braun, Z. Wang, and I. Castillo, Towards Al at scale in the chemical industry, AIChE J, e17644, 2022.



Al CULTURE CHANGE

- N\
* Innovation
« Advanced analytics and programming tools
Al/ML
modelers
_ )
Collaboration
S ¢ Data acumen
Data (Special analytics and programming tools)
scientists W,

Foundation

Data literacy/acuity

35,000+ (Practitioner analytics tools)
Dow people

Art of the possible

Integrate data science into Engineering

500,000+ curriculum
US STEM

graduates

Chemical
engineering
students are

starting to learn
“PID control”
equivalent of data
science

SJ. Qin and L. Chiang, Advances and opportunities in
machine learning for process data analytics, CACE,
126:465-473, 2019.

15



There are a lot of Al hypes, So, how to
effectively partner with Al companies?

ArASTRXTUR

Big Data Landscape 2016
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Al, ML, DL, DS CHALLENGES IN PSE

Technical challenges

. Deep learning: How to interpret deep learning results (concept of Explainable Al, XAl, in plant environments)?

. NLP: How to embed domain knowledge to open-source NLP tools?

. Hybrid modeling: How to systematically develop hybrid models for broad range of domains/scales (R&D, Manufacturing, Supply
Chain, etc.)?

. Reinforcement Learning: How to gain trust to validate, implement, and sustain RL model in plant environments?

. Sensor fusion: how to expand framework to include ALL kinds of data?

. Materials discovery: forward model: sparse and limited data set; inverse model: optimization with advanced Al/ML methods

« Faster On boarding $

« Faster and less trial and error $$
Al cultural - New/hidden insights $$$
challenges

+ Data science education in ChE

»  Corporate Al workforce development
* Al model life cycle management

+ Effectively partner with Al vendors

« Al, ML DL, DS research in PSE




WHAT DOES IT TAKE TO SCALE Al IN THE PROCESS INDUSTRY?

big data

PORATE

SIEL L ORGANIZATION
11 =15 == T REAL EMPLOYEES
: L
Exponential . Al innovation Al culture Workforce
data growth with domain development
with Al model knowledge and upskill
lifecycle
BRIT :
= Al atscale FUTUREZ/ ..
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