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A B S T R A C T

This ‘‘white paper’’ is a concise perspective of the potential of machine learning in the process systems
engineering (PSE) domain, based on a session during FIPSE 5, held in Crete, Greece, June 27–29, 2022. The
session included two invited talks and three short contributed presentations followed by extensive discussions.
This paper does not intend to provide a comprehensive review on the subject or a detailed exposition of the
discussions; instead its aim is to distill the main points of the discussions and talks, and in doing so, highlight
open problems and directions for future research. The general conclusion from the session was that machine
learning can have a transformational impact on the PSE domain enabling new discoveries and innovations,
but research is needed to develop domain-specific techniques for problems in molecular/material design, data
analytics, optimization, and control.
1. Introduction

Machine learning (ML), artificial intelligence (AI) and more gen-
erally data science are attracting tremendous attention across science
and technology fields. The increasing availability of data and com-
puting power, and significant algorithmic advances have resulted in
several breakthroughs in image and video processing, natural language
processing, voice recognition, and game playing. Deep learning, re-
inforcement learning, and other ML algorithms have been central to
these breakthroughs. ML techniques are also being rapidly adopted
by the process industries due to the realization that they can be key
enablers of innovation and efficiency in the discovery and engineering
of new products, automation, as well as the management of supply
chains and company operations. Chemical engineering as a discipline is
similarly impacted by these developments (Venkatasubramanian, 2019;
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Schweidtmann et al., 2021; Pistikopoulos et al., 2021) in areas such as
cheminformatics, bioinformatics, materials design, and process systems
engineering (PSE). In PSE specifically, ML techniques can find potential
applications in multiple areas (Lee et al., 2018; Chiang et al., 2017;
Zavala, 2023), such as in:

• Flowsheet analysis
• Surrogate modeling for simulation and optimization
• Integrated planning and scheduling
• Supply chain design and operation
• Process monitoring and fault diagnosis
• Real time optimization and control
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At the same time, data generated in chemical engineering applica-
tions tend to be heterogeneous (discrete or continuous, time-series or
static), high-dimensional, noisy, biased, and are typically constrained
by physical laws (Thebelt et al., 2022). This hinders the direct adoption
of existing data-driven inference and prediction methods for learning
models. From a process operations point-of-view, whereas ‘‘observa-
tional’’ data may be abundant, truly ‘‘informational’’ data are limited
and hard to obtain since process plants are typically run at the same
conditions for long times. For optimization and control, exploratory
data are needed but the exploration space is typically limited by safety
or operational constraints and on-line learning must be carried out
safely with minimal impact to on-going production. Off-line learning
is also challenged as available data tend to be confined to specific
operation conditions and realistic simulators are seldom available.
These challenges in turn raise non-trivial questions regarding the most
effective utilization of data in process optimization and control. Finally,
the materials design and PSE communities do not interact as closely,
despite the fact that PSE offers an abundance of methods and tools that
could be invaluable to materials discovery and design tasks.

The goal of this FIPSE session was to shed light on the afore-
mentioned challenges which also represent opportunities for further
research in PSE. The following two keynote talks anchored the session:

• Machine Learning Challenges and Opportunities for Catalysis
and Materials Design, Srinivas Rangarajan, Lehigh University

• Industrial Perspective of Machine Learning and AI Challenges
in PSE, Leo Chiang, Dow Chemical

These talks were complementary, offering both an academic and an
industrial perspective, and covering both materials design and process
operations. In addition to these, the following contributed talks were
presented:

• Big Data are Not Necessarily Good Data: What are Good Data
Anyways?, Bhushan Gopaluni and Richard D. Braatz, University
of British Columbia and Massachusetts Institute of Technology

• Using ML and AI to Speed-Up Large-Scale Optimization Prob-
lems, Iiro Harjunkoski, Hitachi Energy and Aalto University

• What is the Future of Systems Modeling?, Mehmet Mercangöz,
Imperial College London

These talks raised critical questions on the role of data-driven models
across PSE applications and the degree to which the Big Data revolu-
tion can have a major impact in the process industries like it has in
other sectors. Following these talks, there were extensive discussions
organized along the following themes:

1. How can data science and PSE contribute to the design and dis-
covery of new chemicals and materials? Discussion leader: Antonio
del Rio Chanona

2. What additional advantages can modern ML techniques offer
over the existing approaches to process monitoring? How can we
create the educated workforce and culture to incorporate these
techniques into industrial operation? Discussion leader: Leo Chiang

3. How can ML and AI aid in the solution of large-scale optimization
problems? Discussion leader: Artur Schweidtmann

4. Which models among first-principles, data-driven, or hybrid ones
are best suited for control? Discussion leader: Fernando V. Lima

The goal of this paper is to distill and summarize the views ex-
pressed in these presentations and discussions. The next section focuses
on catalysis and materials emphasizing the PSE challenges and oppor-
tunities, and the subsequent one on industrial data analytics, control,
and optimization.
2

2. Machine learning and PSE in catalysis and materials design

Data science and ML have become a mainstay in catalysis and ma-
terials design. While sophisticated data-driven techniques are increas-
ingly being employed in these fields, several methodological challenges
remain. In what follows, we identify several topics with substantial
opportunities for PSE and foundational ML experts to make signifi-
cant contributions in terms of methodological developments that, in
turn, lead to deployable frameworks and software for use by catal-
ysis and materials modelers. For each topic a brief description of
the problem/challenges is provided followed by opportunities for PSE
experts.

2.1. Learning kinetic models from data

A classic application of the ubiquitous PSE tool, i.e., optimization,
is the parameter estimation problem of learning the kinetic/thermody-
namic parameters of a physics-based model, e.g., a microkinetic model,
from experimental data. Such problems are typically non-convex opti-
mization problems, often subjected to stiff ordinary differential equa-
tions as constraints (representing the reaction model) and addressed
using sequential approaches (Rangarajan et al., 2017; Matera et al.,
2019). However, opportunities emerge for PSE experts to enable the
mainstream use of physics-informed ML to solve differential equa-
tions (Karniadakis et al., 2021; Gusmão et al., 2022) and automatic
differentiation to compute analytical derivatives to train physics-based
models with data (Andersson et al., 2019).

Data-driven models can also serve as surrogates for physics-based
models (Döppel and Votsmeier, 2022) when the latter models are too
time-consuming to execute in a larger simulation effort (e.g., reactor
or process simulation). One may also derive purely data-driven models
from experimental kinetics data when ab initio inputs are limited or
the reaction system is too complex to readily model at the atomic
scale (Lejarza et al., 2023). In both of these cases, data-driven models
may be grounded in domain knowledge (set either in the formulation
of the model or enforced through constraints) so that fundamental laws
(e.g., mass balance) are always satisfied.

2.2. Optimization of computationally expensive functions

The design of catalysts and materials usually involves large-scale
screening (Zhong et al., 2020; Gómez-Bombarelli et al., 2016) of the
plausible material space, often aided by machine learned models. How-
ever, catalyst/material design can be formulated as a nonlinear con-
strained optimization problem. The objectives and constraints may,
among others, include energy functions to estimate the stability of
one phase over competing ones, quantum chemical calculations to
compute the kinetics of a rate-determining step, molecular simulations
to compute equilibrium properties, etc. Evaluation of such functions
is often computationally expensive. Further, decision variables can be
discrete, e.g., whether or not a specific atom should be present at a
location or if a bond between a pair of atom exists. Finally, the material
space tends to be very large, defying any kind of exhaustive search for
a global solution. Standard gradient-based optimization formulations
can naturally not be applied in such cases; methods that identify the
optimal value of the function while minimizing the functional evalu-
ations are particularly valuable. In this context, while many examples
exist (e.g., (Hanselman et al., 2019; Isenberg et al., 2020; Yoon et al.,
2021; Lan and An, 2021; Sun et al., 2021)) there remains a large
scope for developing and applying techniques such as mixed-integer
linear/nonlinear programming, Bayesian optimization, derivative-free
optimization, reinforcement learning, and evolutionary algorithms to
tackle highly nonlinear and expensive to evaluate functions. Key here
is to be able to accommodate large-scale nonlinear constraints that are
motivated from physics. For instance, a worthy problem in this context
is designing alloy nanoparticles (the shape, size, and the composition)
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for maximizing the reaction rate for a catalytic reaction (Jinnouchi
and Asahi, 2017) wherein the energetic stability of the nanoparticle
is a metric that needs to be computed using density functional theory
(DFT). Such methods may also be able to accommodate the fact that
a constraint function could be computed via two different methods of
differing accuracy and cost (e.g., a cheap but less accurate model vs.
expensive but accurate model or experiment) and an optimal solution
needs to be obtained within an overall computing budget.

Related to the previous two subsections, such optimization methods
may also be employed to learn the parameters of costly first principles
models from experimental data. For instance, kinetic Monte Carlo sim-
ulations that solve the stochastic chemical master equation pertaining
to reactions on surfaces are high fidelity solutions of reaction kinetics,
however, they are also expensive (often a factor 1000 or more com-
pared to deterministic ordinary differential equations) and computing
sensitivities requires numerical differentiation. Bayesian optimization
or other derivative-free approaches that can accommodate constraints
would be a numerically efficient way to estimate the parameters of such
kinetic models (Gao et al., 2018).

2.3. Better training methods for deep learning

Neural networks, especially graph neural networks (GNNs), are
among the most popular surrogate functions in catalysis and ma-
terials science because they directly relate structure (atom identity,
connections, and positions) to energy or bulk material property. The
graph convolutional layers learn the underlying embedding of these
materials thereby obviating the need for the user to handcraft data
representations (Xie and Grossman, 2018). While these models have
been shown to be highly flexible in training potential energy functions
for molecular and material properties, computing a universal GNN for
computing the binding energies of small adsorbates on alloy surfaces
has proven to be particularly challenging. One unexplored area in
GNNs in general and in the context of catalysis, in particular, is the
adoption of better training algorithms for such models. Specifically,
stochastic gradient descent techniques such as Adam are commonly
employed to train these models; however, these methods do not include
the second-order derivative (Hessian) information. Hessian-augmented
techniques (Yao et al., 2020; Jahani et al., 2021) techniques have
ecently been shown to be promising for neural networks, however,
heir performance on GNNs for molecular and material applications
emains to be systematically analyzed.
Physically motivated constraints can be incorporated into machine

earned potentials trained on first principles data, either in the design of
he network itself (such as translational/rotational invariance, equivari-
nce, or physically motivated fingerprints) or as constraints (e.g., force
s equal to the negative of the derivative of the energy). PSE techniques
an play a major role in innovations in the latter scenario, where
onstraints are explicitly incorporated (Berahas et al., 2021) or approx-
mated via rigorous mathematical programming techniques (Fioretto
t al., 2021), rather than weakly embedded via hyperparameter tuning
f regularization terms in the objective.

.4. Uncertainty quantification

Data driven models and physics-based models often provide a point
stimate of a property, e.g., the binding energy of a species on a surface
ithout quantifying the uncertainty of that estimate. As a result, the
eliability of the prediction is not clear in advance. In this context, there
till remains tremendous scope for PSE experts to develop efficient
ethods to: (i) carry out Bayesian inference of first principles models
o learn posterior distributions of parameters from data (Savara and
alker, 2020) and (ii) quantify the uncertainty of machine learned
odels, e.g., neural networks (Hirschfeld et al., 2020). A challenge
3

n Bayesian inference is the ability to incorporate domain constraints c
uring Monte Carlo sampling moves. For instance, Bayesian infer-
nce of kinetic models needs to preserve thermodynamic consistencies,
hich often result in linear inequalities that must be satisfied. Further,
omputationally efficient schemes to enable the identification of the
ultiple modes of the posterior of the kinetic parameters (i.e., mul-
iple peaks, each corresponding to a distinct local optimum) are also
eeded (Galagali and Marzouk, 2015).

.5. Learning interpretable governing equations from data

The ability to acquire high-resolution temporally and spatially vary-
ng data such as concentration profiles, temporal analysis of products
TAP), operando spectroscopy data under reaction conditions, and in
itu or in operando microscopy data of the evolution of a material
ystem enhances the possibility of learning the governing equations
irectly from experiments rather than invoking approximate physical
odels (Chen et al., 2022a). Such governing equations have to be
xplainable, i.e., the individual terms must be easy to ascribe to some
xpected phenomena (e.g., linking a term to a plausible reaction)
nd domain informed (satisfy mass balance, laws of thermodynam-
cs, etc.). Several methods such as SINDy (Brunton et al., 2016),
ureka (Schmidt and Lipson, 2009), SISSO (Ouyang et al., 2018), AI-
ARWIN (Chakraborty et al., 2021), ALAMO (Cozad et al., 2014) etc.
ave been proposed, but there remains tremendous scope for develop-
ng methods and software for learning domain-informed data-driven
odels from high-dimensional, noisy data from disparate sources (of
iffering fidelity).

.6. Handling data imperfections

Neural networks can serve as excellent data-driven surrogate models
hen data are plentifully available from a single source. However, often
atalysis and materials problems suffer from imperfect data, i.e., data
hat are sparse, have differing fidelity, and originate from disparate
ources; typical approaches of training a neural network or any other
lexible ML model would lead to overfitting in such cases. For instance,
omputing accurate binding energies of adsorbates on the catalyst
urface or calculating electronic properties of materials such as band
aps correctly requires methods beyond the common functionals of
ensity functional theory. Building accurate data-driven models of such
roperties is challenging because the underlying datasets themselves
re either sparse or large, but inaccurate. In such cases, concepts such
s transfer learning and multitask learning can be employed on (i)
used datasets of the same property measured/computed with differing
esolution or accuracy or (ii) datasets of related properties so that
ssential features can be learned and transferred between models. How-
ver, several challenges remain that PSE experts are well-positioned to
ddress: (i) What is the best strategy for transfer learning, e.g., model
ontrol or parameter control? (ii) How related should the datasets be so
hat transfer learning does not result in negative learning or overfitting?
iii) How to balance the training of different tasks in multitask learning?
iv) How to acquire data at different levels to minimize training data
equirements?

.7. Generative modeling

As mentioned above, the search space for most material discov-
ry/design problems is huge. This can be true even for small molecules,
epending on how many atoms are involved, how many different ele-
ents are considered, and what kinds of bonds are allowed. Naturally,
he problem is much worse for large molecules. In addition, the design
f crystalline materials, e.g., zeolites, MOFs, is more complicated as
uch materials have more parameters (e.g., angles) and large choices
f atoms as well as branching structures. It is further complicated
ecause of periodicity in crystals and the non-uniqueness of the unit

ell selections. No matter how many samples are provided, it is likely
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that they represent only a miniscule fraction of the possible choices.
For ML to lead to the discovery of truly innovative materials, it needs
to suggest samples that are outside of the given data domain and yet
are plausible. Such ML falls in the category of generative modeling.

Generative modeling (Anstine and Isayev, 2023) is a kind of unsu-
ervised learning that learns the regularities or patterns (the probability
istribution) in the input data such that the model can be used to gener-
te new samples that plausibly could have been drawn from the original
ataset. This is in contrast to ML-based predictive modeling where the
oal is to discover the probability distributions of given samples and
elationships among variables. Among generative modeling methods,
enerative Adversarial Networks (GANs) use deep learning methods,
uch as convolutional neural networks and frame the unsupervised
earning task as a supervised learning problem with two sub-models:
he generator model that generates new examples and the discriminator
odel that classifies a generated sample as either real or fake. As
he two models are trained, the generator model becomes increasingly
lever and is able to ‘‘fool’’ the discriminator, i.e., it generates data
hat are indistinguishable from the real data by the discriminator. The
raining continues until the generator is able to generate samples that
re indistinguishable by the discriminator from the real samples —
n other words, the probability of the discriminator determining that
true sample is true is 0.5. GANs have been used across a range
f problem domains, most notably in image-to-image translation and
hotos of fake objects and people. They have also seen applications in
aterial design, for example in the design of crystalline materials such
s zeolites (Kim et al., 2020). While they provide some exciting new
ools to discover materials that have not been conceived by humans,
urther learning through more applications and follow-up research is
eeded. For example, many materials generated by such methods may
ot be synthesized in labs and therefore cannot be tested beyond simu-
ation. Incorporating the consideration of physical synthesizability into
he generator or discriminator model is an interesting open problem.
ecently, large language models that utilize revolutionary encoder–
ecoder-based transformer models have disrupted the machine learning
ield. This transformer technology has also shown promising results in
he context of reaction/synthesis prediction (Schwaller et al., 2019;
ann and Venkatasubramanian, 2021). Such tools have also been
sed in material property prediction (Kang et al., 2023), protein struc-
ure prediction (Jumper et al., 2021), data extraction from scientific
ublications (Polak et al., 2023), etc.

.8. Automated/high throughput experimentation

As high throughput experiments and automated synthesis set ups
re becoming more common in catalysis and materials design, data-
riven algorithms are required to (i) decide what experiments to per-
orm, (ii) learn models from the experiments, and (iii) make decisions
n a closed-loop fashion to maximize a desired property. PSE ideas from
he design of experiments and active learning along with concepts such
s Bayesian optimization (Shields et al., 2021; González and Zavala,
023) and reinforcement learning (Bennett and Abolhasani, 2022) will
lay an important role here. In such a context, opportunities remain to
esign sampling strategies that balance exploration of the experimental
pace vs. exploiting the currently available data while deciding the
ext set of experiments. In particular, opportunities arise in automating
ultiple types of experimentation (and computation) to generate and
everage multimodal data (of differing accuracy and cost) to minimize
he overall cost of search campaigns. One could extend such an idea
o search for materials/reaction conditions to optimize process-level
etrics (e.g., overall cost or carbon footprint) rather than a specific
aterial property (e.g., product selectivity).
4

3. Machine learning in PSE

Data Science, including ML and AI, are becoming widely adopted
in all areas of PSE research and industrial applications, including data
analytics, process control, process design, multiscale modeling, and
optimization. Many of the topics discussed in the previous section
are indeed subjects of research in the PSE community. The following
subsections summarize the prevalent themes that emerged from the
discussion of ML and AI Challenges in PSE from an industrial data
analytics and process control and optimization perspective.

3.1. Industrial data analytics

Several successful industrial case studies were presented at the con-
ference, within the broad theme of Chemometrics, i.e. the combination
of analytical chemistry and chemical engineering with data science
methods rooted in AI and statistics (Qin and Chiang, 2019). These
case studies include the use of deep neural networks for image clas-
sification, reinforcement learning, natural language processing, hybrid
modeling, predictive formulation, and sensor fusion for monitoring. It
was noted that the application of linear methods such as PCA/PLS for
real-time process monitoring has pockets of successes for certain unit
operations, yet less so for plantwide monitoring. Neural networks offer
an alternative but they require more data and involve more parame-
ters. Very recently, transformer-based models have been used for the
autocompletion of Process Flow Diagrams (PFDs) (Vogel et al., 2023)
and the translation of PFDs to Process and Instrumentation Diagrams
(P&IDs) (Hirtreiter et al., 2023). In addition, historical operating data
can play an important role in bridging and connecting the different time
scales in multiscale, integrated decision making (e.g., the integration of
scheduling/control and planning/scheduling) (Tsay and Baldea, 2019).
Multiscale modeling in general involves the integration of information
and processes across different spatial and temporal scales. ML can
play a useful role in bridging scales in multiscale modeling by pro-
viding efficient and accurate representations of complex systems. For
example, ML models, such as neural networks or Gaussian processes,
can be trained to approximate complex and computationally expensive
simulations. These surrogate models can be used to replace detailed
simulations at certain scales, making the overall multiscale model more
computationally efficient. ML methods can also be employed to develop
algorithms that upscale or downscale information from one scale to
another. For instance, if detailed information is available at a fine scale,
ML models can be trained with the data to predict the behavior or
properties at a coarser scale. For a comprehensive overview of this topic
see Ingolfsson et al. (2023).

Common misconceptions on the benefits of big data were also
discussed. These include: (i) higher dimensional data are always better
(truth: they may exhibit counter-intuitive phenomena); (ii) with more
data we should be able to get better models (truth: not necessarily,
since data can be noisy, with missing values, outliers, etc. and highly
localized to one or few operating points); (iii) ML algorithms with big
data will outperform algorithms with small data (truth: not necessarily
so, especially when there are no high quality big data available). The
bases of these misconceptions can be traced to the following facts: (i)
historical data in industry have outliers and other anomalies, (ii) they
lack persistent excitation, a pre-requisite for estimating reliable models,
(iii) data collected over several months or years are not necessarily
representative of the same process conditions, and (iv) often, the data
corresponding to events of interest are an extremely small percentage of
the total data. For example, fault detection and diagnosis and predictive
analytics problems are typically classification problems; for best results,
the relevant classification algorithms need a similar number of data
samples for each class. However, industrial data are usually highly
imbalanced, with faults appearing in an extremely small portion (≪ 1%)
of the data. It is either too expensive or impossible to generate faulty
data in real time. If such data are not adequately pre-processed, ML
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models could provide high accuracy during training and fail during
testing, rendering the models impractical. From these considerations,
several challenges and opportunities were pointed out:

• Obtain ‘‘informative’’ or persistently excited data in a plant en-
vironment. For a specific target application, what additional ex-
periments and sensors are needed to this end? How can we
characterize and quantify data quality and then translate this
information to model uncertainty?

• Develop hybrid models (combining first principles and data) for
a broad range of domains/scales (R&D, Manufacturing, Supply
Chain, etc.).

• Explore new methods for system identification and process mon-
itoring at a plantwide scale.

• Safety and reliability concerns for end users and concerns related
to liability and reputation loss for technology providers remain
a challenge for the adoption of deep learning solutions in plant
environments, particularly for closed-loop solutions. Currently,
the acceptance of the models depends on how well the model pre-
dictions are aligned with domain knowledge and their criticality
to operations and profit.

• Countering the previous point, gaining trust to validate, imple-
ment, and sustain deep and reinforcement learning models in
plant environments as well as interpreting deep learning results,
for example by leveraging the concept of explainable AI and the
associated methods and tools, are potential opportunities.

In addition to these technical challenges and opportunities, ‘‘cul-
ural’’ ones were also emphasized.

• Data science education in chemical engineering at current time
is limited at best. There is an urgent need to incorporate data
science into the chemical engineering curriculum, exposing the
students to foundational statistics, ML, and programming con-
cepts, as well as their domain applications (Proctor and Chiang,
2023).

• There is also a need to develop the corporate AI workforce and
culture. There is a scarcity of data science literate engineers in the
industrial workforce. It is also difficult for upper level managers
to fully appreciate the scope and potential of the application
of data science in their companies. Plant leadership needs to
communicate this potential clearly to process engineers. Data
scientists need to motivate plant personnel to implement and
adopt new ML tools. There needs to be ‘‘continuing education’’
opportunities for both company executives and data scientists in
industry. PSE faculty can play an important role in developing the
appropriate platforms and mechanisms and also transferring data
science tools and experiences to industry.

• The ML, AI and data science landscape of commercial tools, ven-
dors and applications is exploding. Partnering with the appropri-
ate partners is a major challenge for companies and universities
alike.

• Finally, it is important to mention the relevance of large language
models, such as ChatGPT, in relation to the use of ML in the
industry. Although the use of these generative AI tools promises to
significantly increase productivity, allowing the ingestion of sen-
sitive data for further training of open-access models creates risks
related to the loss of intellectual property and competitiveness for
industrial players. This is likely to drive either in-house custom
developments on top of open-source models by industrial players
themselves or the offering of closed solutions by the developers of
the open-access models to individual industrial users. The success
of the latter option will depend on establishing the necessary
5

levels of trust between the parties. e
3.2. Control

The conference generated many discussions on the role of data and
ML in control, a subject of rich research activity in recent years (Tang
and Daoutidis, 2022). Efficient use of data in control can be a key
enabler of a transition from automation to autonomy in the process
industries. The most direct way of incorporating learning and data
in control is in the dynamic modeling of a process (Esche et al.,
2022). Standard system identification methods are essentially data-
driven methods but their industrial use are usually limited to linear
dynamics. Neural networks (especially recurrent neural networks and
neural ODEs) as universal approximators offer the potential to capture
nonlinear functions and could in principle be incorporated in model
predictive control (MPC) algorithms (Ren et al., 2022; Chen et al.,
2022b; Lanzetti et al., 2019). Moreover, new transformer architectures
have shown promising results for learning dynamic systems (Sitapure
and Kwon, 2023). The central challenge however is that there is no
theoretical basis to guide the amount of data needed to learn the
behavior of a nonlinear dynamic system (Van Waarde et al., 2020),
and indeed such data, i.e., data that sufficiently cover the dynamic
operating range of the nonlinear system which neural networks repre-
sent, may be difficult or even impossible to obtain in practice. It is also
challenging to obtain stability and performance guarantees or establish
physical interpretability in the models and the control actions. Physics
informed neural networks and regularization approaches to improve
interpretability are possible avenues to mitigate these challenges. Gaus-
sian processes as nonparametric statistical models, often combined with
Bayesian optimization, are an alternative approach that can address
the intricate balance between exploration and exploitation towards
stability guarantees and closed-loop performance improvement (Makry-
giorgos et al., 2022; del Rio Chanona et al., 2021; Bradford et al.,
020).
Another emerging application of learning in control, especially for

ptimization-based control methods that typically yield an implicitly-
efined control law, e.g., nonlinear model predictive control, is approx-
mating controllers that are computationally expensive to evaluate in
eal-time (Mesbah et al., 2022). The key notion of these approaches is
o learn an explicit and cheap-to-evaluate control law using open- or
losed-loop simulation data generated by solving the original control
aw. As such, approximate controllers can be useful for control of large-
cale systems (Kumar et al., 2021), or embedded control applications
or fast-sampling systems (Karg and Lucia, 2020). An important open
hallenge in this direction is how to achieve efficient approximate
ontrollers that can readily adapt to changing situations.
A very different, less investigated approach involves not learning

he dynamic model itself, but rather some control relevant information
hat is simpler than the entire process model. Examples include learning
he optimal value function, policy in a reinforcement learning (RL)
ramework (Shin et al., 2019; Nian et al., 2020; Spielberg et al., 2019),
ransfer learning and batch process optimization (Petsagkourakis et al.,
020; Yoo et al., 2021), or learning dissipativity functions from in-
ut/output data (Tang and Daoutidis, 2021). For RL, in particular,
olicy search or actor–critic methods look to directly optimize parame-
ers of an explicitly parametrized control policy such as a (deep) neural
etwork. Yet, such approaches also rely on exciting the plant in an
ctive manner, and the amount of data needed to guarantee sufficiently
ense sampling and accurate learning again needs to be characterized.
n this sense, high-fidelity first principles models may be critical to
nsure sufficient off-line learning spanning the operating space before
aking it to on-line for further adjustment. In addition, by embedding
hysics into the parametrization of a control policy to be learned, the
ize of the policy search space can be greatly reduced, while devising
asier to implement and more interpretable control policies in a data
fficient manner (Paulson et al., 2023).
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3.3. Data representations

Data representations are fundamental as they serve as a bridge be-
tween raw data and ML models to inject domain knowledge into other-
wise black-box frameworks. The PSE community is uniquely positioned
to address suitable data representations due to specific-domain knowl-
edge and knowledge in mathematical modeling (Schweidtmann et al.,
2021). The choice of representation encapsulates crucial information
about the inherent characteristics of the objects under consideration.
Some notable examples are SMILES strings, molecular graphs, or three-
dimensional coordinates, for example, molecular representations (Wigh
et al., 2022; David et al., 2020), string/graph-representations of flow-
sheets (Gao and Schweidtmann, 2023), representations for infinite-
dimensional optimization (Pulsipher et al., 2022), prior and kernel
functions on Bayesian optimization (del Rio Chanona et al., 2021;
Deshwal et al., 2020), and (convolutional) neural networks for feature
extraction in manufacturing (Jiang et al., 2022).

For applications, where human interpretability is important, the
data objects should be readable to both the human and machine. For ex-
ample, let us say we want to predict solubility between two substances
– if we get a high solubility but we encode the object as a hashed
fingerprint or as information bits, the human will not understand why
the model made the prediction. If however, we encoded the molecule
as a group of functional groups, interpretability methods could be
used to see if the model identifies the functional group as a major
contribution (Schwaller et al., 2021). Thanks to the data representation,
the human can understand the prediction and trust the model. As
ML is more and more intertwined with chemical and process systems
engineering, data representations will become not only more important
but an engineering necessity.

Moreover, when dealing with time series data, the manner in which
data is organized for training becomes pivotal, impacting not just per-
formance but also the interpretability of the model. Take, for instance,
time series data derived from cyclic operations used in monitoring
and prediction. In such cases, structuring the data as an array with
distinct dimensions for time and cycle number, akin to the approach
in multi-way PCA, proves beneficial. Recent advancements in time-
series data representation, exemplified in the context of predicting the
remaining useful life of lithium-ion batteries, showcase the advantages
of arranging voltage, current, and temperature profiles from early
charge/discharge cycles in this manner. This configuration enables
the training of a 2-D CNN or a hybrid model combining CNN with
recurrent neural network (RNN), demonstrating marked improvements
and benefits in model interpretability and data requirement (Lee and
Lee, 2023).

3.4. Optimization

It is generally recognized that there are many decision-making
problems that cannot be solved reliably with current optimization
methods within reasonable time constraints. The underlying causes can
include the shear size of the problems, the number and type (integer,
continuous) of decision variables, the need to consider decision vari-
ables and constraints occurring at multiple timescales, and the presence
of nonlinear/non-convex terms. Examples of such problems include
plantwide optimization, planning, scheduling and their integration, and
more generally enterprise-wide optimization.

For such problems, ML can be used to train surrogate models and
embed them in the optimization algorithms (Sansana et al., 2021;
Bradley et al., 2022; Schweidtmann and Mitsos, 2019; Bhosekar and
Ierapetritou, 2018). Challenges to this end include: (i) the interoper-
ability of different models, (ii) the ability to generate these models
automatically, (iii) quantifying the extrapolation capabilities of these
models, (iv) determining what parts of a model should be replaced
with a surrogate, (v) addressing the need to adapt/update model when
6

we change the process, (vi) developing stochastic surrogate models for
optimization under uncertainty, (vii) developing surrogate models for
global and bilevel optimization, (viii) ensuring constraint satisfaction
during training, and (ix) choosing the most suitable surrogate model.
Computational tools to accelerate embedding of trained ML models
within optimization formulations, such as the OMLT framework (Cec-
con et al., 2022), can expedite solutions and enable comparative studies
to answer many of the identified open challenges.

A different avenue for using ML in optimization is to use it to ac-
celerate or improve the computational performance of existing solution
algorithms (e.g., optimizing heuristics to accelerate genetic algorithms,
tuning the parameters of optimization solvers using Bayesian opti-
mization, finding optimal decompositions, generating high quality cuts,
initializing in an optimal way, pre-fixing or eliminating binary vari-
ables, finding global solutions, etc.) and to determine which algorithm
among several is the most suitable one for a given optimization problem
(see e.g., Bengio et al. (2021), Chen et al. (2021), Cappart et al.
2023)) as well as (Harjunkoski et al., 2020; Mitrai and Daoutidis,
023a,b,c)). Important problems to be addressed to this end include:
i) representations of the optimization problems and their features
hat enable using them as inputs to ML models, (ii) automation of
he solution and learning methods to allow for efficient screening and
earning, (iii) availability of large numbers of benchmark problems to
e used for training and testing, and (iv) interpretability of the realized
mprovements.
ML can also be used with classical PSE tools (e.g. mathematical

rogramming) to tackle problems that are previously beyond reach.
ne of the outstanding problems in PSE is integrating decisions occur-
ing at different layers of the vertical decision hierarchy. For example,
lanning and scheduling occur over different time scales and time
orizon of very different lengths, but are inherently linked. The usual
ractice of coarse-graining the fast time-scale layer and incorporating
he coarsened model into the optimization of the upper layer can result
n mismatched production plans that cannot be executed. Uncertain-
ies and unexpected disturbances aggravate this further. To address
uch problem, reinforcement learning can be combined with tradi-
ional optimization (e.g. mathematical programming). An illustrative
pproach was shown in Shin et al. (2017), Shin and Lee (2019) where
the upper layer capacity decisions are made through reinforcement
learning with data obtained by simulating the lower layer at its time
scale (e.g., hourly) over the time horizon set by the capacity planning
layer (e.g., years or decades). The lower layer decisions are made
by linear programming, which becomes a part of the simulation to
generate the data needed for reinforcement learning in the upper
layer. The upper layer adopts a Markov Decision Process description of
the overall system and therefore has the flexibility of accommodating
various stochastic uncertainty descriptions (e.g., Markov processes).
Uncertainties occurring in the lower layer at the faster time-scale can
be handled by scenarios or Monte-Carlo simulation to allow recourse
actions.

Finally, optimization itself lies at the heart of ML methods. This
brings up an opportunity for the PSE community to contribute to
better learning methods based on optimization rather than heuristics,
especially for small data problems that arise in chemical engineering.
Additional opportunities include using optimization formulations to
enforce constraints (such as physics-based) and training models that
have features that facilitate their subsequent use in optimization.

4. Conclusions

The main conclusion from the FIPSE session, as summarized in this
paper, was that ML in the context of PSE can have a transformational
impact on catalysis and materials design, as well as on process oper-
ations and automation. Numerous domain-specific challenges need to
be overcome to this end. Whereas domain knowledge is essential to
guide method and software development, data science expertise is also
necessary to deal with the ever increasing complexity of data structures
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and algorithms. These considerations suggest an exciting opportunity
for the PSE community – both in academia and in industry – to lead in
meeting these outstanding challenges. For industrial practitioners there
are scaling and end-to-end deployment challenges, which are mostly
practical in nature and outside the scope of the academic community,
whereas the academic community is focusing mostly on new methods
and algorithms and their properties, which is beyond the interest of
industrial practitioners. Since ML relies on data, focusing on industrial
data could bring industry and academia together and foster closer
collaborations.
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