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❑ Introduction to the basics of modern AI/machine learning

❑ Existing applications of AI in the chemical industry

❑ Limitations of existing approaches and future prospects
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Recent Advances in AI/ML

▪ Huge success in the past decade: vision, audio, science, generative AI, embodied AI.
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▪ Models: deep neural networks
▪ Theoretically, they can represent any continuous nonlinear functions 𝑦 = 𝑓(𝑥) 

arbitrarily well

What’s Driving the Success

𝑦𝑥

▪ Algorithms: backpropagation
▪ Update the weights by comparing with the correct answer

First proposed by 
McCulloch and Pitts in 1943 

𝑥 𝑦 𝑙( ෤𝑦, 𝑦)

𝜕𝑙

𝜕𝑦

Geoffrey Hinton
Nobel prize 2024, Turing Award 2018

Popularized by Hinton and 
co-workers in 1986



What’s Driving the Success
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▪ Advances in hardware, particularly GPUs

▪ Abundance of data

Large language models are trained on trillions of tokens of web scale data



Types of Machine Learning
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➢ Machine learning uses data to train a model and then use that model for 

prediction or decision-making.



Supervised Learning

➢ Task: Given 𝑋 predict 𝑦

➢ Given i.i.d. data 𝑋1, 𝑋2, … , 𝑋𝑛 and labels provided by an expert 𝑦1, 𝑦2, … , 𝑦𝑛

➢ Train a classifier 𝑓 such that 𝑓(𝑋𝑖) ≈ 𝑦𝑖  (This is a mathematical optimization 

problem). Examples include neural networks, support vector machines.

➢ Test the model you have trained and use it in practice
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Unsupervised learning

➢ Expert labels are unavailable. Usually used for identifying patterns from data

➢ Hidden Markov models, k-means, hierarchical clustering, and Gaussian mixture 

models
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Reinforcement Learning

➢ Use AI to make decisions (take actions). Learning by doing.

➢ Exploration v.s. Exploitation. 𝜖-greedy policy.
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Existing Applications of AI in the 
Chemical Industry



Multi-Scale Applications
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Predict Molecular Property
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▪ Predict key molecular properties (e.g., solubility, toxicity, activity) from structure
▪ Accelerate materials and drug discovery through data-driven modeling
▪ Reduce need for costly experiments or simulations
▪ Enable inverse design of molecules with desired properties

Source: Abate et al. 2023



Predict Property/Structure of Polymers/Catalysis
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▪ AlphaFold: Nobel Prize in Chemistry (2024). Predict 3D protein structure from the 
sequence of amino acids. Replace expensive X-ray experiments

▪ Meta AI’s Open Catalyst project: use AI for catalyst discovery. Replace DFT simulation 
and experiments.



Self-Driving Lab
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▪ Automate experimentation with AI-driven design–make–test–learn cycles
▪ Integrate robotics, machine learning, and real-time analytics for closed-loop discovery
▪ Optimize reaction conditions or material synthesis autonomously
▪ Accelerate discovery of catalysts, polymers, and battery materials
▪  Reduce human error and experimental cost while improving reproducibility

Source: Abolhasani & Kumacheva (2023)
 



Reactor Design
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▪ Use Multi-Fidelity Bayesian Optimization (MFBO) to design efficient flow reactors
▪ Optimize reactor geometry by combining simulations and experimental data
▪ 3D-print and validate optimized designs through RTD and performance tests
▪ Iteratively refine models to uncover key physical insights and improve design

Source: Savage et al. 2024



Fault Detection and Diagnosis
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▪ Detect abnormal process behavior using sensor and operational data
▪ Diagnose root causes with machine learning and hybrid (physics + data) models
▪ Enable early intervention to prevent safety incidents and equipment damage



Predictive Maintenance
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▪ Reactive Maintenance: Fix equipment only after a failure occurs — leads to 
unplanned downtime.

▪ Preventive Maintenance: Perform scheduled maintenance to avoid breakdowns — 
based on time or usage.

▪ Predictive Maintenance: Use sensors and AI to forecast failures before they happen 
— minimizes cost and disruption.



AI Assisted HAZOP Analysis
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▪ Large Language Models (LLMs) can assist in automating the HAZOP (Hazard and 
Operability) study process.

▪ With proper prompts, LLMs can process P&IDs and process data to identify nodes, 
deviations, consequences, and safeguards.



Scheduling of Chemical Production
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▪ AI can automatically make scheduling decisions—such as which product to produce 
and for how long—in real time.

▪ It learns through trial and error, gradually improving its decisions even under 
changing or uncertain conditions, like fluctuating demand.

Our previous use reinforcement learning to 
schedule a reactor owned by Dow.

Source: Hubbs et al. 2020

Ongoing work with ExxonMobil 
using AI for oil blending



Supply Chain Inventory Management
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▪ Inventory management (IM) involves deciding how much to order, when to order, and 
from whom to keep products flowing efficiently.

▪ Key challenges include uncertain demand, variable lead times, and limited production 
or storage capacity.

▪ AI, especially reinforcement learning, can learn from experience to make smarter 
inventory decisions over time.

▪ AI can adapt to changes in demand or supply chain disruptions and find balanced 
policies that trade off profit, service level, and inventory cost.



Limitations and Future Directions
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Limitations of Deep Neural Networks

▪ Data efficiency
▪ Works well in a large data regime (image, text, audio).
▪ Scientific and engineering data is scarce and expensive to obtain.

ImageNet

14 M

City-

scape
25 k

WikiText

100 k

VGGround

200 k

UCF101

200 k Common

Voice
145 k

SQuAD

100 k

Generated with ChatGPT
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Limitations of Deep Neural Networks

▪ Data efficiency
▪ Works well in a large data regime (image, text, audio).
▪ Scientific and engineering data is scarce and expensive to obtain.

▪ Hard constraints
▪ No hard rules in language or image texts.
▪ Hard constraints in engineering domains, e.g.: conservation laws, operational 

bounds.

Mass in Mass out
Control 
Volume

Ca2+

Cl-Cl-
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Embedding Constraints in Neural Networks 

▪ Improve performance in low-data regimes.
▪ Respect physical constraints.
▪ Incorporates prior scientific knowledge in data-driven predictions.

ODE

Algebraic

Logical

𝐶𝑝

𝑑𝑇

𝑑𝑡
= ሶ𝑄𝑖𝑛 − ሶ𝑄𝑜𝑢𝑡 +  𝑟 𝑇 ΔH

ሶ𝑚𝑖𝑛 = ሶ 𝑚𝑜𝑢𝑡

If 𝑠 = Σ𝑖𝑤𝑖𝑔𝑖 ≥ 𝛼 ⇒ 𝑝𝑐 ≥ 𝛽
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Limitations of Existing AI Methods

▪ Interpretability
▪ Difficult to interpret. Lack of trust.
▪ Why the model is predicting this?

▪ Privacy
▪ Chemical engineering data are typically sensitive and confidential.
▪ Equipment health status, drug properties, plant operating schedules



Satisfy Physical Constraints and 
Data Efficiency
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Outline of Proposed Methods

ApplicationConstraint type Geometric Intuition

Linear equality
𝐴𝑥 +  𝐵𝑦 = 𝑏 

Mass energy balance

PLUG1

M1

H1

D1

D3

D4

PLUG2

H2

D2

B1 M2

B3

S1

B2

D2-OUT

WATER+OH

FEED

D1-IN

WATER

FIRS-OUT

D1-TOP

RX-IN

DEE+METH
DEE

METH

RX-OUT

S11

S12

RECY3

RECY2

DME

S10

RECY1

PURGE

𝑦

ො𝑦

Input-dependent 
linear inequality

𝐺 𝑥 𝑦 = 𝑔 𝑥

𝐻(𝑥)𝑦 ≤ ℎ 𝑥

Optimal power flow

Logic constraints

𝑦

ො𝑦

𝑦

ො𝑦𝐻𝑖(𝑥)𝑦 ≤ ℎ𝑖 𝑥  
OR 

𝐻𝑖
′(𝑥)𝑦 ≤ ℎ𝑖

′ 𝑥
∀𝑖 = 1, … , 𝑘

Cell annotation



Satisfy Mass Energy Blanace
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PLUG1

M1

H1

D1

D3

D4

PLUG2

H2

D2

B1 M2

B3

S1

B2

D2-OUT

WATER+OH

FEED

D1-IN

WATER

FIRS-OUT

D1-TOP

RX-IN

DEE+METH
DEE

METH

RX-OUT

S11

S12

RECY3

RECY2

DME

S10

RECY1

PURGE

▪ Surrogate model that predicts the outflow, given the inflow and recycling model

▪ Hard linear constraint embedded into KKT-hPINN: mass balance (flow-in = flow-out) 

𝒙𝟏 methanol mass flow in the feed

𝒙𝟐 ethanol mass flow in the feed

𝒙𝟑 water mass flow in the feed

a chemical plant that uses methanol, ethanol, and water to manufacture 
dimethyl ether (DME) and diethyl ether (DEE)

𝒙𝟒 mass flow of purge (recycling mode of splitter)

𝒚𝟏 total mass flow of the DME stream

𝒚𝟐 DME-only mass flow in the DME steam

𝒚𝟑 total mass flow of the DEE stream

𝒚𝟒 DEE-only mass flow in the DEE steam

𝒚𝟓 total mass flow of waste water
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Orthogonal Projection

Geometric sense: Orthogonal projection of the old prediction, ෝ𝒚, onto a 

hyperplane where 𝐀𝐱 +  𝐁෥𝒚 = 𝒃 (linear equality constraints of interest are satisfied)

KKT-hPINN

NN

B*
W(0)

b(0)
...

W(L-1)

b(L-1)

A*

b*

𝒙 ෝ𝒚 ෥𝒚

KKT Projection Layers



Model Performance: Learning Curves
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✓ Higher accuracy: outperforms neural network with a significant margin

✓ Generalizability: no overfitting and can be generalized well to unseen dataset

✓ Inviolable hard constraints: strictly satisfies the mass balance constraint  

extent of mass balance violation

inflow − outflow

RMSE: root mean square error 

between prediction and ground truthModel performance on validation dataset



Model Performance vs. Training Samples
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✓ Minimal data requirement: relatively good performance with less data

Percentage: % of improvement 

relative to neural network (NN)
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Cell Classification

▪ Motivating application: inspect the concentration of cancer cells before and after 
treatment.

https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://learn.gencore.bio.nyu.edu/single-cell-rnaseq/

https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
https://www.thoughtco.com/types-of-cells-in-the-body-373388
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Single Cell RNA Sequencing

▪ scRNA-seq: experimental methods to measure the number of messenger RNA in 
every single cell.

▪ Gene expression is inferred by measuring the number of messenger RNA molecules 
corresponding to each gene. 

𝑔1

𝑔2

𝑔𝑛

… Cell type

https://learn.gencore.bio.nyu.edu/single-cell-rnaseq/
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Cell Annotation

▪ Data are expensive to collect: each sample costs around $3,000.
▪ Prior knowledge: marker genes are the highly expressed genes for a given cell type

𝑔1

𝑔2

𝑔𝑛

…

Raw Gene 
Expression

𝑔1

𝑔2

𝑔𝑚

…
Marker Gene 
Expression

Cell type A
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Test Performance

▪ Enforcing rules via projection improves performance in low-data regimes.
▪ As the dataset size increases, the unconstrained model also improves.
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Constraint Satisfaction

▪ Tighter DNF-based projections can trade a small amount of F1 for stronger rule 
adherence.

▪ The unconstrained model can gradually learn the rules as the dataset size increases.



Improve Interpretability
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Tennessee Eastman Process

➢ TEP is an open-source simulator written in Fortran that resembles a real 
chemical process by Eastman 

➢ Time series data can be collected from over 40 sensors that measure the 
state variables.

➢ Task: From measured state variables, perform fault detection using ML/AI
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Examples of State Variables with Sensor Data

➢ Examples include feed flow rates, temperatures, pressures
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List of Potential Faults

➢ The following “faults” are created synthetically by the simulator

➢ These faults will cause the measured state variables to change from their 
normal operating conditions which further cause safety hazards. 
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FaultExplainer Demo
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Qualitative Analysis of GPT-4o and o1 Models

➢ Both models are prompted to diagnose the step change in the feed composition of 
inert B based on the top six changes in the sensor measurement.

GPT-4o

o1

O1 is able to provide a more logical and 
quantitative reasoning of the fault 
propagation, including how the control 
system reacted to the fault.
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Quantitative Results

➢ We prompt the LLMs to give top 3 possible causes of the fault based on the top 6 
contributing features

➢ PCA can identify 11/15 of the faults

➢ The success rate of identifying the root cause of the fault

 GPT-4o: 6/11 o1: 9/11



Protect Privacy



Forecasting Maintenance
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▪ Predictive maintenance of equipment

Air separation unit Compressor in the plant

S. No. Historical Data 
Points

State of 
Compressor

1 Healthy

2 Healthy

3 About to get 
Faulty

4 Faulty
Sensor

….

….

….

….

…. ….

o Observed disruption in the 
      plant!

o Plant aims to forecast 
     such disruption using ML

o Challenge: Insufficient data

o Solution: Federated Learning



Federated Learning
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o Federated Learning: Extensively used by Big-Tech companies to trainn
     prediction models, such as ‘next letter that you will type’

Personal devices



Differential Privacy
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o Differential Privacy: Technique to provide guarantees that private data 
       won’t be sacrificed
o Routinely used by Big-Tech companies and for high stakes government projects



Federated Forecasting Model
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▪ Federated predictive maintenance of equipment

Plant 1 Plant 2 Plant 3

Joint Federated Model Training

o Issues in joint training: Privacy of data points 
o Solution: Differential privacy based → Differentially private federated learning
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