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Abstract

Bioprocess optimization spans multiple scales, from molecular interactions to plant-wide operations, presenting chal-

lenges due to non-linearity, high-dimensionality, and computational intractability. Traditional methods, such as

Mixed-Integer Nonlinear Programming (MINLP), often fail to efficiently solve these problems. This work explores

Hybrid Quantum-Classical (HQC) algorithms as a promising alternative. By integrating quantum solvers for discrete

combinatorial optimization with classical solvers for continuous variable refinement, HQC approaches overcome

computational bottlenecks inherent to classical techniques. The application of HQC algorithms enhances efficiency,

scalability, and decision-making in bioprocess optimization, particularly in metabolic pathway selection, real-time

fermentor control, and plant-wide resource allocation. This perspective outlines the theoretical foundation of HQC

methods, their applications across bioprocess scales, and future research directions.
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Nomenclature1

Acronym Definition Variable Definition

HQC Hybrid Quantum-Classical H Hamiltonian of the system
QAOA Quantum Approximate Optimiza-

tion Algorithm
θ Vector of variational parameters

QNN Quantum Neural Networks E Energy
QUBO Quadratic Unconstrained Binary

Optimization
C Cost function

NISQ Noisy Intermediate-Scale Quantum γ Classical parameter for the cost oper-
ator

QSVM Quantum Support Vector Machines β Classical parameter for the mixing
operator

GEO Generator-Enhanced Optimization σz Pauli-Z operators acting on the i-th
qubit

VQE Variational Quantum Eigensolver σx Pauli-X operators acting on the i-th
qubit

x Vector of decision variables
y Discrete variable
α Learning rate
∇C(θ) Gradient of the cost function at θ
X(t) State variables of the plant at time t
u(t) Control inputs at time t
f(X(t),u(t), t) Nonlinear function describing plant

dynamics

2
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1. Introduction2

Computational approaches have become indispensable in modern scientific and engineering disciplines, particu-3

larly in material design and bioprocess optimization1. In materials science, computational techniques accelerate the4

discovery and optimization of novel materials by predicting molecular interactions, reaction mechanisms, and ther-5

modynamic properties. Similarly, in bioprocess engineering, advanced computational frameworks enable the design,6

control, and optimization of biochemical reactions, metabolic pathways, and large-scale production systems2,3. De-7

spite these advancements, the inherent multi-scale complexity of biological systems ranging from enzyme kinetics to8

plant-wide operations poses significant challenges for classical optimization methods.1,4–6.9

Bioprocesses span multiple organizational levels, each with distinct yet interconnected optimization challenges7,8.10

At the molecular level, enzyme activity and reaction energetics shape overall metabolic efficiency9. At the cellular11

level, gene regulation10,11 and flux distributions12 govern productivity, while fermentor-scale variables such as pH,12

agitation, and nutrient flow demand continuous control13–15. At the plant-wide level, decisions on scheduling, energy13

use, and resource allocation determine the overall economic and environmental performance16.14

Traditional computational techniques, such as deterministic modeling, process simulation, and heuristic methods,15

have been extensively applied to improve process performance across these scales17. For instance, mathematical16

modeling approaches, including kinetic modeling18–20, flux balance analysis (FBA)21–23, and computational fluid dy-17

namics (CFD)24,25, have been widely used to describe bioprocess behavior. In addition, dynamic simulation tools like18

KT-Biologics I (KTB1) have been developed to model time-dependent behavior in continuous biologics manufactur-19

ing, supporting better decision-making and process control26.20

However, as optimization extends from intracellular pathways to industrial-scale production, the associated com-21

putational cost increases exponentially, making large-scale optimization increasingly challenging27. Conventional22

techniques, including Mixed-Integer Nonlinear Programming (MINLP)28, Nonlinear Programming (NLP)29, evolu-23

tionary algorithms30, and metaheuristics, often struggle with high-dimensional search spaces, strong nonlinearities,24

and the stochastic nature of biological systems and their operation. In this context, multi-objective optimization25

frameworks have gained relevance, enabling the simultaneous consideration of competing objectives, such as max-26

imizing yield while minimizing energy consumption or environmental impact31. Likewise, stochastic optimization27

approaches, including Monte Carlo32 and probabilistic modeling33, provide a means to account for uncertainties in28

biological systems, improving robustness in process optimization and decision-making.29

Due to the dynamic nature of bioprocesses marked by fluctuating parameters and intricate interdependencies, tra-30

ditional solvers often fall short of delivering robust solutions. This gap has led to interest in emerging paradigms such31

as Artificial Intelligence (AI), including Machine Learning (ML) and Deep Learning (DL), which offer adaptive and32

data-driven strategies to enhance predictive performance and process control. For instance, AI-driven surrogate mod-33

3
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els can effectively approximate complex bioprocess behavior34, allowing for rapid evaluation of potential optimization34

scenarios. Furthermore, reinforcement learning approaches35 enable adaptive learning and continuous improvement35

of bioprocess strategies by dynamically adjusting to real-time data inputs. Furthermore, hybrid data-driven methods36

integrate historical data with ML to enhance accuracy and reliability36. These developments reflect a broader shift37

in modeling paradigms, where classical model-based approaches are increasingly enhanced by AI and ML to address38

complexity, uncertainty, and data integration challenges37.39

However, despite these advancements, these methods remain constrained by computational limitations when tack-40

ling large-scale, highly dynamic, and multi-scale biological systems. These constraints highlight the urgent need41

for novel computational paradigms capable of efficiently handling nonlinear, high-dimensional, and multi-objective42

optimization problems beyond the reach of conventional solvers. In this context, recent developments in quantum43

computing offer a promising alternative. Quantum algorithms exploit the principles of superposition and entangle-44

ment, allowing them to explore large combinatorial spaces more efficiently than classical approaches. However,45

current quantum hardware remains constrained in its ability to process continuous decision variables and large-scale46

industrial problems. To bridge this gap, Hybrid Quantum-Classical (HQC) algorithms have emerged as an advanced47

computational paradigm, integrating quantum solvers for discrete optimization with classical solvers for continuous48

decision-making38.49

The HQC framework provides a structured methodology for partitioning complex optimization problems. Quan-50

tum algorithms such as the Quantum Approximate Optimization Algorithm (QAOA)39, Variational Quantum Eigen-51

solver (VQE)40, and Quantum Neural Networks (QNNs)41 efficiently handle discrete decision-making tasks, such52

as pathway selection, reaction mechanism design, and process scheduling. These approaches are increasingly being53

explored for applications in chemical and biomolecular product design, where the search space is inherently combi-54

natorial and benefits from quantum speedup42.55

Meanwhile, classical solvers address continuous variables through established nonlinear programming techniques,56

ensuring a scalable and computationally efficient optimization process. By leveraging the strengths of both paradigms,57

HQC algorithms mitigate computational bottlenecks and enhance the optimization of high-dimensional, nonlinear, and58

combinatorial problems in bioprocess engineering.59

Figure 1 illustrates the hierarchical structure of bioprocess systems, emphasizing the interactions between different60

scales and the need for optimization strategies that capture these dependencies. Molecular interactions dictate cellular61

metabolism, which in turn influences fermentor performance and ultimately impacts large-scale production efficiency.62

Classical optimization approaches often fail to account for these complex dependencies simultaneously, reinforcing63

the necessity of hybrid computational frameworks such as HQC.64

This work presents a perspective on the integration of HQC algorithms as a means to overcome the computational65

4
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Figure 1: Diagram of a typical bioprocess, including strain selection, genetic modification, and bioreactor cultivation (upstream), followed by
product separation, clarification, and purification (downstream). Each stage faces significant complexities, with operational, control, economic,
and energy challenges at the cellular, molecular, fermenter, and plant levels, reflecting the need for advanced optimization strategies to improve the
efficiency and quality of the final product.

difficulties associated with large-scale bioprocess optimization. Specifically, it makes the following three contribu-66

tions:67

1. Conceptual Framework for HQC in Bioprocess Optimization. This manuscript provides a critical perspec-68

tive on how HQC algorithms can reshape bioprocess optimization by integrating quantum solvers for discrete69

combinatorial problems with classical methods for continuous variable optimization. By exploring their poten-70

tial in addressing high-dimensional, nonlinear, and computationally intensive challenges, this work highlights71

the transformative role of HQC approaches in advancing bioprocess modeling and decision-making.72

2. Multi-Scale Relevance of HQC Approaches. A structured discussion is presented on the molecular, cellu-73

lar, fermentor, and plant-wide levels, examining how HQC methodologies could facilitate reaction mechanism74

optimization, metabolic pathway regulation, process control, and large-scale production strategies. By analyz-75

ing the computational feasibility and scalability of HQC frameworks, this work underscores their potential to76

improve efficiency, sustainability, and adaptability in industrial biotechnology.77

3. Future Directions for Quantum-Enhanced Bioprocess Engineering. This perspective article outlines key78

challenges and opportunities for the adoption of HQC algorithms in industrial bioprocesses, emphasizing scal-79

ability, computational trade-offs, and integration with existing optimization paradigms. By positioning HQC80

as a strategic computational tool, this work provides a roadmap for future exploration, encouraging further re-81

search into practical implementation, algorithm refinement, and experimental validation in quantum-enhanced82
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bioprocess optimization.83

These contributions are developed in detail throughout the manuscript: the conceptual framework for HQC in84

bioprocess optimization is discussed in Section 3, the multi-scale relevance of HQC approaches is analyzed in Section85

5, and the future directions for quantum-enhanced bioprocess engineering are explored in Section 6.86

This paper is organized as follows: Section 2 presents the challenges associated with multi-scale bioprocess87

optimization, highlighting computational bottlenecks at the molecular, cellular, fermentor, and plant-wide levels.88

Section 3 introduces the HQC framework, providing an overview of its theoretical foundations and explaining its role89

in addressing complex decision-making problems. Section 4 expands on the broader applications of HQC algorithms90

in industry and science, contextualizing their impact beyond bioprocesses. Section 5 focuses on the perspectives for91

HQC in multi-scale bioprocess optimization, discussing feasibility, implementation strategies, and potential trade-92

offs. Section 6 explores the quantum-specific challenges and opportunities that must be addressed to advance HQC93

methodologies in bioprocessing. Finally, Section 7 presents the conclusions, summarizing key insights, emphasizing94

the potential of HQC algorithms, and outlining future research directions.95

2. Challenges in Multi-scale Optimization of Bioprocesses96

Optimizing bioprocesses across different scales, from cellular mechanisms to industrial-scale production systems,97

presents significant computational challenges (see Figure 2).98

Cell & 
molecular 

scale

Maximization of the production of 
metabolites or proteins of interest

Cell
Enzyme activity, synthesis of

protein, methabolic
pathway, growth model, 

methabolic control 

Genetic modification
Dosage of gen, DNA 

transcription, DNA, RNA, 
stability

Fermenter
scale

Plant
scale

Multi-scale bioprocess optimization

Operating conditions
Mass transfer

 Hydrodynamic 
Process scaling

Carbon and Nitrogen source
Oxygen levels 

pH
Temperature

Growth
Agitation speed 

Maximize yield 
Minimize process cycle time

Integration of UPS and DWS
Process control and 

monitoring 
Unitary operations

Regulatory compliance

Minimize the total cost of production 
Maximize overall process efficiency
Minimize the environmental impact

Optimal Conditions throughout bioprocess
Reduce energy consumption

Cost-effectiveness and environmental

Figure 2: Multi-scale optimization of bioprocesses involves addressing challenges at three different modeling levels: 1. At the molecular/cellular
level, the focus is on optimizing the genetic and metabolic processes. 2. At the fermentor level, the goal is to identify optimal operating conditions
and maximize mass transfer. 3. At the plant scale, the goal is to integrate the process most efficiently and sustainably while minimizing operating
costs to ensure economic efficiency.

6

Page 6 of 36

ACS Paragon Plus Environment

Industrial & Engineering Chemistry Research

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



This work focuses on microbial fermentation-based production systems, where metabolic pathways are engineered99

to maximize the yield of target biochemicals. These challenges span multiple levels: optimizing metabolic fluxes at the100

cellular level, controlling bioreactor conditions at the fermentor level, and coordinating large-scale production strate-101

gies at the plant-wide level. The overarching objective is to enhance the efficiency and sustainability of bioproduction102

while managing trade-offs among productivity, energy consumption, and economic feasibility. To highlight the gen-103

eral nature of these computational challenges, we focus on mathematical formulations rather than detailed mechanistic104

models. This choice allows us to emphasize the structural complexity common to various fermentation-based systems,105

without relying on case-specific kinetic parameters or experimental assumptions. Instead, we identify the key mathe-106

matical features that make these problems difficult to solve and justify the relevance of HQC optimization strategies.107

The intractability of multi-scale bioprocess optimization stems from the exponential growth in decision variables and108

constraints. While conventional optimization techniques may perform adequately on small-scale or simplified sys-109

tems, they often struggle to identify global optima in large-scale, nonlinear settings. This challenge is compounded by110

non-convex objective functions, strong nonlinear interactions, and the coupling of discrete and continuous variables111

across different scales. In this context, quantum computing offers a promising computational alternative. Quantum112

algorithms are able to explore high-dimensional combinatorial spaces more efficiently than classical methods. This113

capacity may accelerate the discovery of optimal pathways and configurations in complex bioprocess models, particu-114

larly in discrete decision layers. When integrated within HQC frameworks, quantum solvers can complement classical115

methods, enabling more scalable and effective optimization of multi-scale bioprocess systems.116

2.1. Cellular and Molecular Scale117

Cellular function is driven by complex networks of interacting chemical reactions, precisely coordinated in space118

and time. These biochemical networks are responsible for observable cellular behaviors. Network reconstruction119

identifying and cataloging all reactions in a metabolic system has been applied across multiple organisms, offering120

critical insights into cellular metabolism. The hierarchical organization of these pathways is depicted in Figure 3,121

illustrating the increasing granularity of cellular metabolism as modeling moves from whole-cell function to individual122

biochemical reactions. Understanding this hierarchy is essential to appreciating the challenges inherent in optimizing123

metabolic pathways.124

As we progress through the levels of this metabolic hierarchy, the complexity of optimization increases substan-125

tially. A major computational bottleneck arises from the combinatorial explosion in pathway selection. For a network126

with k possible pathways, the number of feasible configurations scales as 2k, rendering exhaustive search strategies127

impractical. Moreover, reaction dynamics are governed by nonlinear differential equations, as shown in Equation 1:128

dCi

dt
= S i jv j (1)

7
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where Ci represents metabolite concentrations, v j the reaction fluxes, and S i j the stoichiometric matrix. These129

relationships introduce feedback loops and nonlinear regulatory dependencies that significantly burden computation.130

The resulting nonconvex optimization space hinders the performance of gradient-based methods, while heuristic al-131

gorithms often demand substantial computational effort to explore high-dimensional landscapes.132

Figure 3: Hierarchical structure of metabolic processes. Level 1 represents the entire cell, level 2 breaks metabolism down into metabolic sectors
(catabolism and anabolism), level 3 provides details about specific metabolic pathways, and level 4 focuses on individual biochemical reactions.
This hierarchy captures the complexity of metabolic function from the cellular to the biochemical levels. Reproduced with permission from
reference 43. Copyright 2006 Cambridge University Press.

At the highest level (Level 1), metabolism is viewed as a global conversion of inputs into products and by-products133

supporting cellular maintenance and growth. While this perspective simplifies modeling, it lacks mechanistic detail134

and limits its usefulness for optimization. At Level 2, metabolism is divided into functional sectors, catabolism, and135

anabolism, revealing how energy and resources are allocated for different cellular processes. Yet, even this level136

aggregates processes that obscure individual regulatory elements.137

The complexity deepens at Level 3, where specific metabolic pathways are analyzed. These pathways are com-138

posed of numerous reactions with intricate regulatory and kinetic mechanisms. Since pathways are interconnected,139

the activity of one can significantly influence others, introducing additional layers of feedback and interdependence.140

At Level 4, we focus on individual biochemical reactions, each shaped by kinetic properties, enzyme concentrations,141

8
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thermodynamic feasibility, and regulatory mechanisms like feedback inhibition and enzyme modulation through con-142

formational changes. Small perturbations at this level can ripple through the network, amplifying the difficulty of143

identifying robust optimization strategies.144

As illustrated in Figure 3, each level introduces factors such as enzyme availability, substrate concentration, and145

reaction regulation that affect metabolic flow and system efficiency. The exponential growth in possible pathway con-146

figurations, each consisting of numerous reactions, makes identifying optimal routes a combinatorial challenge. The147

goal is to maximize the production of desired metabolites while minimizing resource consumption and the formation148

of undesirable by-products.149

The complexity of metabolic optimization arises from the interdependence of thousands of reactions, each subject150

to nonlinear kinetics, thermodynamic constraints, and layered regulation. Although MINLP provides a unified frame-151

work to capture both discrete (e.g., pathway selection) and continuous (e.g., flux) decisions, classical solvers often152

fail due to the size and nonconvexity of the solution space. In many applications, traditional methods either require153

prohibitively long computation times or converge to suboptimal solutions. Quantum optimization offers a promising154

alternative by enabling more efficient exploration of combinatorial search spaces particularly for discrete decisions155

where classical approaches struggle.156

2.1.1. Formulation as MINLP157

The increasing complexity of metabolic networks, as shown in Figure 3, requires advanced mathematical frame-158

works to model both discrete decisions and continuous relationships. MINLP is widely adopted for this purpose,159

capturing the interplay between binary variables representing pathway activation or deactivation and continuous vari-160

ables, such as reaction fluxes and metabolite concentrations. Nonlinearity in metabolic systems emerges from in-161

teractions among fluxes, stoichiometric constraints, enzyme kinetics, and regulatory loops. As more pathways and162

regulatory elements are integrated into a model, the number of variables and constraints grows rapidly, leading to ex-163

ponential expansion of the solution space. Specifically, if k binary variables are used to represent pathway inclusion,164

the search space scale as 2k, making exhaustive search infeasible. On the other hand, kinetic relationships often intro-165

duce nonconvex constraints, as illustrated by Equation 2, which represents the Michaelis–Menten kinetics governing166

enzyme-catalyzed reaction167

v j = vmax
Ci

Km +Ci
(2)

This equation represents a class of non-linear expressions that can create multiple local optima. These features168

severely limit the effectiveness of gradient-based methods and increase the computational burden for classical solvers.169

A general MINLP formulation for optimizing the metabolic pathway is given in Equation 3, where both discrete170

9

Page 9 of 36

ACS Paragon Plus Environment

Industrial & Engineering Chemistry Research

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



and continuous decisions are integrated.171

Minimize or Maximize: f (x, y)

Subject to: gi(x, y) ≤ 0, i = 1, . . . , n,

h j(x, y) = 0, j = 1, . . . , p,

x ∈ Rm,

y ∈ {0, 1}k

(3)

Here, x represents the continuous variables, such as reaction fluxes and metabolite concentrations, while y repre-172

sents the binary variables, such as the activation state of pathways (on/off decisions). The objective function f (x, y)173

could represent a goal like maximizing the production of a desired metabolite or minimizing resource consumption.174

The constraints gi(x, y) and h j(x, y) capture nonlinear inequalities and equalities that reflect stoichiometric balances,175

thermodynamic feasibility, and enzyme capacity limitations.176

As more metabolic pathways are incorporated, the size of the variable sets x and y increases exponentially. This177

expansion not only adds more binary and continuous variables but also introduces additional nonlinear constraints,178

reflecting the complex interactions among network components, including mass balances and thermodynamic con-179

straints.180

The integrated multiscale nature of metabolic networks further reinforces the need for MINLP formulations, par-181

ticularly at finer biochemical levels where feedback regulation and nonlinear kinetics dominate. The challenge lies in182

simultaneously optimizing discrete decisions such as pathway selection and continuous process variables like flux dis-183

tributions. The exponential growth in binary variables y, combined with the inherent nonconvexity of kinetic models,184

creates a highly complex solution landscape with numerous local optima.185

These challenges persist across biological scales, from cellular-level metabolic control to large-scale bioprocess186

design and operation. In such high-dimensional, nonconvex, and combinatorially large search spaces, classical solvers187

often fail to converge to global optima or require excessive computational time. This complexity motivates the ex-188

ploration of alternative computational paradigms, including hybrid quantum-classical strategies capable of efficiently189

managing the discrete-continuous structure of MINLP problems.190

2.1.2. Issues in Metabolic Pathway Optimization191

As detailed in Figure 1, optimization becomes increasingly complex at the deeper levels of the metabolic hierar-192

chy, particularly Levels 3 and 4, where optimization must account for specific pathways and individual biochemical193

reactions. At these scales, the interplay between kinetic behavior, thermodynamic feasibility, and regulatory mecha-194

nisms introduces high levels of system interdependence and sensitivity. A key issue at these levels is the emergence195

10
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of nonlinear behaviors and feedback regulation that distort the solution landscape, making it rugged and filled with196

local optima. This nonconvexity severely limits the reliability of classical solvers, which often converge to suboptimal197

solutions. Moreover, the dynamic nature of biochemical networks means that small changes in a single reaction or198

regulatory mechanism can cascade throughout the system, affecting the performance of entire pathways. The opti-199

mization task is further complicated by the hierarchical structure of the network, where modifications at one level can200

propagate upward or downward, disrupting local and global balances. This system wide coupling increases not only201

computational cost but also the difficulty of designing robust interventions. As models are extended beyond the cel-202

lular level to include fermentor scale dynamics and integrated bioprocesses, the number of variables, constraints, and203

interactions escalates. The compounded complexity underscores the limitations of classical methods and motivates204

the use of HQC frameworks, which offer a principled way to decouple and solve the discrete and continuous aspects205

of the problem more efficiently.206

2.2. Fermentor Scale207

At the fermentor scale, bioprocess optimization involves managing a range of operational parameters, including208

temperature, pH, agitation, oxygen transfer, and nutrient concentrations. These variables, while external to the cell,209

are closely tied to metabolic activity at the molecular level. Nonlinear behaviors present in cellular metabolism are210

amplified at this scale, where physical and biological factors interact to influence microbial dynamics44.211

The complexity arises from the number of interacting variables and the system’s dynamic nature. When cellular-212

level regulation is translated into a fermentor system, new phenomena such as heat and mass transfer, aeration, and213

shear effects must be considered. These interactions are highly nonlinear: for example, microbial growth is influenced214

by temperature and nutrient availability in ways that produce multiple local optima. Moreover, time-dependent effects215

and feedback mechanisms such as oxygen limitations affecting growth rate require continuous adjustments, compli-216

cating control and optimization. Mechanistic modeling at this scale is particularly difficult. First-principles models217

often become impractical due to the volume of interacting variables and the uncertainty in biological responses.218

Consequently, empirical and hybrid models based on experimental data are frequently used to quantify parameter219

relationships and guide optimization.220

2.2.1. Intricacy of the Optimization Problem221

The general optimization problem on this scale can be expressed as a multi-objective problem, where the goals222

might include maximizing the product yield, minimizing production costs, and reducing the time to complete the223

fermentation process.224
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Minimize/Maximize: f (x) = { f1(x), f2(x), . . . , fk(x)}

Subject to: g j(x) ≤ 0, j = 1, . . . ,m

hl(x) = 0, l = 1, . . . , p

(4)

where x = (x1, x2, . . . , xn) represents the continuous decision variables, fi(x) are the objective functions, which225

might include maximizing product yield, minimizing production time, and reducing costs and g j(x) and hl(x) represent226

inequality and equality constraints, respectively, reflecting physical, biological, and operational limitations.227

2.2.2. Nonlinearity and Dynamic Behavior228

Scaling metabolic optimization to the fermentationion level introduces additional complexity due to tinteractionc-229

tion between biological regulationthe parameters of the physical process.hysical process. External factors such as230

mass transfer, agitation, and nutrient flow interact with internal metabolic states, creating a tightly coupled, dynamic231

system. The fermentation process is governed by non-linear differential equation that describes microbial growth and232

product formation:233

dCi

dt
= r(C(t),u(t), t) (5)

where C(t) represents the concentrations of various species (e.g., cells, substrates, and products) at time t, u(t)234

denotes the control inputs (e.g., temperature, pH, agitation speed), and r(C(t),u(t), t) is a nonlinear function defining235

reaction kinetics. These equations capture how small fluctuations in operational conditions can propagate through the236

system, altering metabolic activity and productivity.237

The time-dependent nature of these interactions necessitates real-time optimization. However, classical approaches238

such as nonlinear programming (NLP) rely on iterative simulations and numerical integration, which are computation-239

ally intensive particularly for large-scale fermentor systems with stiff equations and multiple feedback loops. Further240

challenges arise from the presence of multiple local optima due to the nonlinear dependence of microbial growth on241

environmental factors. Delayed responses and cascading effects such as shifts in oxygen transfer rates or nutrient242

depletion can destabilize the process if not addressed dynamically. For this, HQC algorithms provide a promising243

alternative. Quantum solvers can efficiently explore combinatorial spaces for discrete control decisions (e.g., feed244

timing or step changes), while classical solvers fine-tune continuous parameters in real time. This division of labor245

improves computational efficiency and robustness, enabling scalable optimization under complex, dynamic bioprocess246

conditions.247

12

Page 12 of 36

ACS Paragon Plus Environment

Industrial & Engineering Chemistry Research

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



2.3. Plant-wide Scale248

At the plant-wide scale, bioprocess optimization involves coordinating multiple interconnected upstream and249

downstream operations across the entire production facility (see Figure 1). This level builds upon the complexity250

of cellular and fermentor scales, introducing new challenges as the number of units, variables, and interdependencies251

increases. Operational aspects such as heat and mass transfer, mixing efficiency, and energy use become more dif-252

ficult to manage, requiring integrated strategies to maintain consistency and efficiency. As bioprocesses are scaled253

from laboratory or pilot setups to full-scale industrial systems, nonlinearities intensify. Factors that were manageable254

at smaller scales, such as mixing, transfer rates, and environmental stability, often behave unpredictably at larger255

volumes. These scaling effects, combined with unit-to-unit variability, can propagate across the system and disrupt256

overall performance. Traditional modeling approaches, struggle to capture the combinatorial and dynamic nature257

of large-scale operations. Interventions that work well locally may have unintended global consequences, making258

system-wide optimization particularly difficult. Ensuring stable, synchronized performance across all units becomes259

a central challenge at this level, especially when minor deviations in one section can cascade throughout the plant.260

2.3.1. System Integration and Interdependencies261

At the plant-wide scale, optimization involves coordinating a complex network of interconnected units, span-262

ning both upstream production and downstream purification. Each unit contributes its own set of decision variables,263

yet their interactions create strong interdependencies across the entire system. As in earlier scales, disturbances in264

one part, such as nutrient fluctuations affecting fermentation, can propagate downstream, impacting operations like265

filtration or chromatography. Managing these interactions requires an integrated view of the plant as an integrated266

system.267

The general optimization problem at this scale can be expressed as:268

Minimize/Maximize: F(X) = {F1(X), F2(X), . . . , Fk(X)}

Subject to: G j(X) ≤ 0, j = 1, . . . ,M

Hl(X) = 0, l = 1, . . . , P

(6)

where X = {x1, x2, . . . , xn} represents the combined set of decision variables across all units and processes (e.g.,269

flow rates, temperatures, pressures, equipment states), Fi(X) are the global objective functions, such as minimizing270

energy consumption, maximizing production efficiency, reducing operational costs and G j(X), Hl(X) represent the271

overall inequality and equality constraints, reflecting the physical, chemical, and operational limits across the plant.272

This formulation illustrates the need to consider the entire plant as an integrated system, where the decision variables273

X span multiple units, and the objective functions Fi(X) reflect the overall goals of the plant. The coupling between274
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different units introduces interdependencies, where the performance of one unit directly impacts others, creating a275

highly complex and interdependent optimization problem.276

Classical methods often struggle with such complexity, especially when real-time responsiveness is required.277

HQC approaches offer a scalable alternative: quantum solvers can efficiently explore discrete decision spaces such as278

batch scheduling or equipment assignment while classical solvers fine-tune continuous parameters to meet dynamic279

constraints. This integration enhances decision-making capacity, offering new possibilities for improving economic280

performance and sustainability in industrial bioprocesses.281

2.3.2. Dynamic Behavior and Real-Time Optimization282

Plant-level optimization is further complicated by the dynamic behavior of the system. The state of the plant X(t)283

changes over time due to fluctuations in inputs, changes in operating conditions, and other time-dependent factors.284

This dynamic behavior can be modeled by a system of time-dependent differential equations:285

dX(t)
dt
= f(X(t),u(t), t) (7)

where X(t) represents the state variables of the plant at time t, u(t) represents the control inputs, f(X(t),u(t), t) is a286

nonlinear function that describes the plant dynamics. The need for real-time optimization arises because the optimal287

operating conditions may change over time. The optimization algorithm must be able to continuously adjust decision288

variables to maintain efficiency under varying conditions.289

Plant-wide bioprocess optimization presents challenges associated with high-dimensional decision spaces, dy-290

namic system constraints, and multi-objective trade-offs. The number of possible system configurations grows expo-291

nentially with the number of decision variables, making exhaustive evaluation infeasible. Process scheduling, energy292

management, and supply chain integration introduce additional layers of complexity. Existing classic process opti-293

mization frameworks, which become computationally infeasible when handling large-scale industrial datasets. HQC294

frameworks provide an opportunity to address these limitations by leveraging quantum-based combinatorial search295

algorithms for high-dimensional decision-making, coupled with classical optimization techniques for refining contin-296

uous operational parameters.297

In summary, while each scale, cellular, fermentor, and plant-wide poses distinct optimization challenges, these298

levels are deeply interconnected. Decisions made at one level, such as pathway activation at the cellular scale, can299

propagate through the system, altering fermentor dynamics and ultimately affecting plant-wide performance. As a300

result, optimizing each scale in isolation can lead to suboptimal or conflicting outcomes. This complexity underscores301

the need for a unified optimization strategy that can simultaneously manage discrete and continuous decisions across302

all scales. Traditional solvers struggle with the combinatorial and nonlinear nature of such large, multi-scale systems303
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particularly under dynamic conditions. HQC algorithms offer a powerful alternative: quantum components efficiently304

explore large combinatorial spaces, such as pathway configurations or scheduling options, while classical solvers305

refine continuous process parameters in real time. By leveraging this complementary architecture, HQC frameworks306

enable scalable, integrated optimization of the entire bioprocess, ensuring that decisions made at one scale align307

with system-wide objectives. This integrated approach is essential for advancing the efficiency, adaptability, and308

sustainability of next-generation biomanufacturing systems.309

3. An Overview of HQC Algorithms310

HQC approach emerges as a solution to the computational intractability of multi-scale bioprocess optimization311

problems. These problems involve both discrete and continuous decision variables, covering molecular, cellular,312

fermentor, and plant-wide levels, making them computationally intensive. This approach combines quantum solvers313

for discrete optimization tasks (e.g., metabolic pathway selection, scheduling) with classical solvers for continuous314

variable optimization (e.g., reaction fluxes, fermentation kinetics, process control). This hybrid strategy enables315

efficient exploration of high-dimensional decision spaces, overcoming the limitations of classical solvers in navigating316

combinatorial complexity, non-linearities, and real-time dynamic constraints.317

HQC algorithms are characterized by a highly iterative process that efficiently integrates the capabilities of quan-318

tum and classical computing (see Figure 4). A classical computational system is initially responsible for setting the319

initial parameters based on a problem-specific ansatz, a crucial step that shapes the quantum circuit approach to explor-320

ing the solution space. This initial configuration is crucial as it determines the structure and dynamics with which the321

quantum processor will approach the solution space of the problem at hand. Once these parameters are established, the322

quantum processor executes the circuit, performing quantum operations that allow for a parallel exploration of many323

possible solutions. This ability to simultaneously evaluate various potential solutions is one of the main advantages324

of quantum computing and is fundamental to the effectiveness of hybrid algorithms in tackling challenging problems325

from which an optimal discrete solution will be drawn.326

After completing the quantum computational phase, a series of measurements of the qubit states are made. These327

results are interpreted to draw the discrete solution and are integrated into the classical computational environment.328

At this stage, classical optimization algorithms come into play, analyzing the data drawn from the quantum computing329

framework to identify patterns, evaluate the effectiveness of the used parameters, and adjust them accordingly. This330

parameter analysis and adjustment are based on advanced continuous optimization techniques, which may include gra-331

dient methods, evolutionary algorithms, or other heuristic search methods, depending on the problem-specific nature332

and the hybrid algorithm design. This iterative cycle of configuration, quantum execution, and classical optimization333

is repeated several times, with each iteration refining the parameters of the quantum circuit to hopefully approach an334
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Figure 4: Schematic representation of a hybrid quantum-classical algorithm for the optimization of mixed-integer continuous systems. It is
composed of the quantum computation components, including quantum circuits and quantum gates, deployed for handling the optimization of
integer variables trough a measurement process. The classical computing components handle the optimization of continuous parameters, and the
feedback loop, with an iterative process indicated by arrows flowing between the quantum and classical systems.

In quantum computing, the term ”ansatz” refers to an initial, educated guess or hypothesis for a quantum state336

or a quantum circuit that is used as a starting point for further optimization or exploration. The ansatz is a crucial337

concept in variational quantum algorithms, where the goal is to find the quantum state that minimizes a given objective338

function, often related to the energy of a system or the solution to a computational problem. The followings are key339

points about the Ansatz state in Quantum Computing.340

• Initialization of Parameters (Classical Processing): The optimization process begins with a problem-specific341

ansatz, which serves as an initial approximation for the quantum circuit. This ansatz defines the structure of the342

quantum state and establishes the initial parameter values, guiding the exploration of the solution space.343

• Quantum Computation: The quantum processor executes the parameterized circuit, leveraging quantum par-344

allelism to evaluate multiple solution candidates simultaneously. This parallelism enables the efficient explo-345

ration of discrete decision variables, such as pathway selection or process scheduling.346

• Measurement and Interpretation: Upon completion of quantum computations, qubit states are measured,347

yielding a set of discrete solutions. These results are processed to determine optimal decision variables, which348

will be further refined through classical optimization.349

• Classical Optimization: The measured quantum outputs are fed into classical solvers, which optimize the350

continuous variables (e.g., reaction fluxes, fermentation kinetics) using gradient-based methods, evolutionary351

algorithms, or nonlinear solvers. This step ensures the feasibility and fine-tuning of the hybrid solution.352
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• Iterative Iterative Refinement: The optimized parameters are fed back into the quantum circuit, and the353

process repeats iteratively. Each iteration improves solution accuracy, dynamically adjusting both discrete and354

continuous variables until convergence to an optimal solution is achieved.355

Within the realm of HQC algorithms, some stand out for their differing approaches to complex computational356

challenges and their applicability to specific problems: the VQE specializes in tackling quantum chemistry problems,357

the QAOA addresses combinatorial optimization problems, and Quantum Machine Learning Algorithms (QMLAs)358

such as Quantum Neural Networks (QNNs), enhance the capabilities of traditional machine learning models and359

neural networks by integrating quantum computing principles.360

For VQE, which is adept at finding the lowest energy states of a particular system, the addressed problem should361

be framed in terms of finding ground state energies of molecular systems. This involves representing the molecu-362

lar structure and interactions within a quantum circuit in the typical Hamiltonian approach. The challenge lies in363

designing a variational ansatz that is both expressive enough to capture the ground state and efficient for quantum364

computation. The precision of the result will be contingent on the quality of the quantum hardware and the chosen365

ansatz.366

When employing QAOA for combinatorial optimization problems such as routing or scheduling, the problem must367

be formulated as a cost function that QAOA can minimize. This cost function is then encoded into a Hamiltonian on368

which the quantum circuit can operate. The algorithm iteratively adjusts quantum circuit parameters to find the369

solution that minimizes the cost function. The depth of the quantum circuit (number of layers in the algorithm) plays370

a critical role in the solution quality, balanced against the computational resources available.371

QMLAs are best suited to address machine learning problems where traditional machine learning models might372

struggle with the dataset size or complexity. For tasks such as classification and regression, data features are mapped373

onto quantum states in a process known as quantum embedding, then processed by a quantum circuit. For generative374

modelling tasks, the quantum circuit can be trained or programmed such as the quantum state represents the data375

distribution. The quantum algorithm should be selected based on its ability to handle the specific machine learning376

task and the dataset characteristics, considering the computational limitations of current quantum hardware.377

In the case of QNNs, the problem should be compatible with neural network approaches, such as pattern recogni-378

tion or system simulations. The neural network architecture must be adapted to a quantum framework, which involves379

defining quantum neurons and the entanglements between them. This quantum neural network uses superposition and380

entanglement to process information, potentially offering significant computational advantages. However, the design381

and training of QNNs are constrained by the noise levels and error rates in current quantum systems, as well as the382

nascent theoretical foundations for quantum deep learning.383

In conclusion, the evolution of HQC algorithms is not just a response to the limitations of classical computation384
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environments. In fact, it marks the beginning of a new era in challenging problem-solving. As we explore applications385

in the optimization of biological processes, these algorithms emerge as key tools capable of navigating the inherent386

complexity of biological systems, as well as leveraging datasets derived from experiments and observations in this387

field. Furthermore, by incorporating quantum principles into machine learning and neural networks, new possibilities388

open up for understanding and modeling biological processes. It includes everything from genetic engineering to389

the optimization of metabolic processes, as well as the improvement of production techniques, process control, and390

methods of extraction and purification of biological products. We will now examine each of these topics in detail and391

provide further information on the associated computing algorithms.392

3.1. VQE- Variational Quantum Eigensolver393

VQE is a HQC algorithm designed to find the ground-state energy of molecules or, more generally, the lowest394

eigenvalue of a quantum operator, typically the Hamiltonian of a quantum system (see Figure 5). It is particularly395

useful for solving the eigenvalue problem, a fundamental task in quantum chemistry and materials science. However,396

with a proper restructuring of the problem, extensions to typical Engineering problems should be feasible. For in-397

stance, imagine a chemical reaction system where the reactants are in a specific molecular configuration. The VQE398

algorithm can be used to calculate the ground-state energy of this molecular configuration. This energy is crucial in399

understanding the reaction dynamics and predicting the optimal reaction outcome. By calculating the ground-state400

energy, this approach can identify the most stable molecular configuration.401

Figure 5: Schematic of the Variational Quantum Eigensolver (VQE) algorithm. Reproduced from reference 45. Available under a CC-BY 4.0
license. Copyright 2021 Dmitry A. Fedorov, Bo Peng, Niranjan Govind, and Yuri Alexeev.

3.1.1. Mathematical Formulation402

Let H denote the Hamiltonian of the system, ψ denote the trial wave function, and θ represent the vector of403

variational parameters. The cost function C is defined as the difference between the calculated energy E and the target404
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energy E0:405

C(θ) = E(θ) − E0 (8)

where E(θ) is calculated using the wavefunction ψ and the Hamiltonian H. Given a Hermitian matrix H, the goal406

is to find the smallest eigenvalue λmin and its corresponding eigenvector |ψmin⟩. Ensuring that the Hamiltonian is a407

Hermitian matrix prevents the occurrence of complex-valued eigenvalues. The VQE algorithm uses a parameterized408

quantum circuit U(θ) to prepare a trial state |ψ(θ)⟩, which is then measured to estimate the expectation value of the409

energy:410

E(θ) = ⟨ψ(θ)|H|ψ(θ)⟩ (9)

next, the θ parameters are adjusted using a classical gradient descent optimizer to implicitly minimize the energy level411

as represented by E(θ). This process is mathematically represented as:412

θk+1 = θk − α∇C(θk) (10)

where k is the iteration number, α is the learning rate, and ∇C(θk) is the gradient of the cost function at θk.413

The VQE algorithm is a powerful tool for calculating the ground-state energy of quantum systems, particularly in414

quantum chemistry. By leveraging the computational power of quantum computers and the optimization capabilities of415

classical computers, the VQE algorithm can efficiently solve challenging problems in Engineering, such as predicting416

reaction rates and identifying stable molecular configurations.417

3.2. QAOA- Quantum Approximate Optimization Algorithm418

QAOA is an HQC algorithm that addresses the optimal solution of highly combinatorial optimization problems.419

Beyond a certain problem size, such problems become unsolvable by traditional computing methods. However, the420

solutions to these problems now appear attainable through the use of quantum computing environments. In partic-421

ular, this approach looks effective in tackling problems characterized by many local optima, such as MaxCut39 and422

Max2SAT46 problems, and the large number of binary decision variables. In simple cases, the MaxCut problem is423

easy to solve. However, for large scale systems, it is an NP-hard combinatorial optimization problem. In this sec-424

tion we discuss a way to deal with large scale combinatorial optimization problems by formulating the problem as a425

quadratic binary optimization problem (QUBO).426

3.2.1. QUBO Problems and the Ising Model (IM)427

The QUBO framework allows for formulating combinatorial optimization problems in a way that maps directly428

into the quantum perspective for exploring optimal solutions47. QUBO problems are of the form:429
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Minimize Ω(x0, x1, ..., xm) (11)

where x j ∈ {0, 1}. Moreover, Ω(x0, ...xm) is a quadratic polynomial on the x j variables. This should make the name430

QUBO obvious. We are attempting to optimize quadratic problems with binary variables without other types of431

constraints.432

In quantum computing, an IM, also known as an objective function in optimization settings, is a mathematical433

function used to describe systems of interacting binary variables, which can be in one of two states, often represented434

as +1 or -1 (or equivalently, ”up” or ”down” spins). In quantum computing, the IM is significant because it can be435

mapped to quantum optimization problems, enabling the use of quantum algorithms to find optimal solutions. The IM436

originally describes a lattice of spins in a magnetic field, where each spin can interact with its neighbors. The energy437

of the system depends on the alignment of these spins, with certain configurations being more energetically favorable.438

The energy of a configuration in the IM is given by the Hamiltonian:439

H = −
∑
i, j

Ji jziz j −
∑

i

hizi (12)

where zi and z j represent the spins at sites i and j (each spin can be +1 or -1), Ji j represents the interaction strength440

between spins i and j, hi represents the external magnetic field acting on spin i. In the above equation, the first441

term represents the interaction energy between spins, and the second term represents the energy due to the external442

magnetic field. In quantum computing, the IM can be extended to include quantum effects, where spins can exist443

in superpositions of states, and the system evolution can be described by a quantum Hamiltonian. This leads to the444

following quantum IM:445

H = −
∑
i, j

Ji jσ
z
iσ

z
j −
∑

i

hiσ
z
i −
∑

i

Γσx
i (13)

whereσz
i andσx

i are Pauli matrices representing spin components in the z and x directions and Γ represents a transverse446

field that induces quantum tunneling effects, allowing the system to explore different spin configurations. Hence,447

the IM is used in quantum computing for solving optimization problems, particularly those that can be framed as448

finding the ground state (minimum energy configuration) of the Ising Hamiltonian48. Algorithms like the QAOA and449

Quantum Annealing leverage the IM to solve combinatorial optimization problems. In summary, the IM is applicable450

to various optimization problems, including the traveling salesman problem, portfolio optimization, and machine451

learning tasks such as classification.452

For instance, in a chemical reaction scenario, the QAOA algorithm can be utilized to enhance the parameters453

for a chemical reaction related to the synthesis of a particular compound49. The objective function in this scenario454
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would symbolize the energy necessary for the reaction, while the quantum circuit would transform the initial state455

into a superposition of states that signify the most efficient reaction conditions. Therefore, we obtain a combinatorial456

optimization problem we would like to solve. We then encode it into an Ising Hamiltonian. Now, in order to solve for457

its ground state, we need to apply a quantum evolution to the initial state using a quantum circuit.458

3.2.2. Mathematical Formulation459

The QAOA algorithm can be mathematically represented as follows.460

Cost Operator: The cost operator is defined as:461

C =
∑

i

ciσ
z
i (14)

where ci are the coefficients of the cost function and σz
i are the Pauli-Z operators acting on the ith qubit.462

Mixing Operator: The mixing operator is defined as:463

B =
∑

i

biσ
x
i (15)

where bi are the coefficients of the mixing operator and σx
i are the Pauli-X operators acting on the ith qubit.464

Quantum Circuit: The quantum circuit is composed of the cost operator and the mixing operator, which are465

applied to an initial quantum state:466

U(γ,C) = e−iγC (16)
467

U(β, B) = e−iβB (17)

where γ and β are the classical parameters controlling the quantum circuit.468

Classical Optimization: The classical optimizer adjusts the parameters γ and β to minimize the cost function:469

C(γ, β) = ⟨ψ(γ, β)|C|ψ(γ, β)⟩ (18)

where ψ(γ, β) is the quantum state evolved by the quantum circuit.470

The QAOA algorithm is a powerful tool for solving large-scale combinatorial optimization problems in Engineer-471

ing. By leveraging the capabilities of quantum computers and classical optimization techniques, QAOA can efficiently472

optimize reaction conditions to achieve the maximum yield or minimize the energy required for the reaction, among473

other applications.474
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3.3. QML- Quantum Machine Learning475

QML is a subfield of machine learning that explores the intersection of quantum computing and machine learn-476

ing50–52. It aims to develop new algorithms and models that can leverage the power of quantum computing to solve477

challenging machine-learning problems.478

3.3.1. QNN- Quantum Neural Networks479

QNNs represent a novel class of neural networks using quantum computing for computational tasks53–55. Their480

architecture is specifically designed to overcome challenges that classical neural networks are not well suited to481

manage. For example, consider a chemical reaction in which the reactants are arranged in a particular molecular482

configuration. The QNN algorithm may be employed to forecast the reaction yield through an examination of the483

molecular structure and the reaction processing conditions. Hence, within an Engineering context, QNN may be484

employed to forecast the most favorable reaction parameters for a given chemical process flowsheet.485

3.3.2. Mathematical Formulation486

A QNN consists of multiple layers of quantum gates, each applying a unitary transformation to the input state.487

The output of the QNN is measured to obtain the result. In Quantum Circuit Learning, the parameters of the QNN488

are adjusted using a classical optimizer to minimize a loss function. The loss function is typically defined as the489

difference between the desired output and the actual output of the QNN. In a HQC framework, the training process490

involves iteratively updating the parameters of the QNN using a classical optimizer while the quantum circuit is491

executed on a quantum computer. This hybrid approach allows for leveraging the strengths of classical and quantum492

computing.493

The QNN algorithm can be mathematically represented as follows:494

Quantum Circuit:495

U(θ) = e−iθH (19)

where496

H =
∑

i

hiσ
z
i (20)

and497

σz
i =

1 0

0 −1

 (21)

are the Pauli-Z operators acting on the ith qubit.498

Quantum State:499

|ψ⟩ =
∑

i

ci|i⟩ (22)
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where |i⟩ are the basis states of the qubits and ci are the coefficients of the quantum state.500

Quantum Measurement:501

|ψ⟩ → |i⟩ (23)

where |i⟩ is the outcome of the measurement.502

Classical Post-processing:503

y = f (|i⟩) (24)

where y is the final output, and f is a classical function that processes the outcome of the measurement.504

4. Broader Applications of HQC Algorithms in Industry and Science505

HQC algorithms have demonstrated considerable potential across diverse fields, effectively addressing complex506

optimization problems that often challenge traditional computational methods. While this study focuses on their ap-507

plication in optimizing multiscale bioprocesses, it is important to recognize that the utility of HQC algorithms extends508

well beyond this domain. These algorithms have shown promise in areas such as drug discovery, energy systems509

optimization, industrial process control, logistics, and more underscoring their versatility across both scientific and510

industrial applications.511

The advancement of quantum computing, which harnesses entanglement, superposition, and other core quantum512

principles, holds the promise of significant processing advantages over traditional computing56. These quantum at-513

tributes enhance the resolution of numerous complex problems in comparison to conventional computing methods,514

including quantum optimal control57, electrical power system monitoring58, drug design59, sustainable energy devel-515

opment60,61, banking enhancements62, quantum chemistry63, and healthcare64. In recent years, substantial progress516

in quantum software, algorithm development, and hardware research has brought us closer to the realization of func-517

tional quantum computers. Research in this field is rapidly expanding, with frequent breakthroughs in areas such as518

hardware, software, algorithms, and error correction on Noisy Intermediate-Scale Quantum (NISQ) devices. Initially519

driven by academic researchers, the field attracts industry experts focused on practical applications56. The combina-520

tion of quantum and classical computing is particularly promising, as HQC algorithms capitalize on both strengths to521

address complex problems in novel ways. Following some of the recently developed works using HQC algorithms522

are described.523

65 propose the use of Quantum Support Vector Machines (QSVM) to enhance Human Activity Recognition (HAR)524

in Industry 4.0. Sensor integration and data processing make tracking and optimizing human activities crucial for per-525

formance improvement. However, the surge in wearable sensor usage has led to a data explosion that conventional526
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technology may struggle to handle by 2030. Quantum computing emerges as a promising solution. The QSVM, de-527

ployed using the Qiskit library and quantum simulator, outperforms state-of-the-art machine learning algorithms with528

98 percent accuracy. The study suggests future extensions for classifying complex activities and explores industrial529

applications like packaging and heavy industry operations using multimodal sensors. In another work, Quantum-530

Inspired Genetic Programming (QIGP) was deployed for optimizing crude oil scheduling in real-world refineries66.531

It integrates linear and grammar-guided genetic programming with a quantum-inspired approach to generate schedul-532

ing solutions. Testing on five real refinery scenarios showed promising results, with success ratios ranging from 36533

percent to 100 percent. QIGP contributions include the development of a domain-specific language, the integration of534

various GP approaches, and the ability to handle diverse scheduling scenarios.535

Recently a Generator-Enhanced Optimization (GEO) framework was proposed by67, which uses generative mod-536

els like Generative Adversarial Networks, Variational Autoencoders, and Quantum Circuit Born Machines for opti-537

mization problems. Focusing on a quantum-inspired version called TN-GEO, the study demonstrates its effectiveness538

in portfolio optimization problems, where it outperforms classical solvers by proposing lower cost function values.539

TN-GEO can enhance classical solvers using prior data or act as a standalone solver with no prior observations. Com-540

parisons with state-of-the-art algorithms show TN-GEO as a top performer, highlighting the practical potential of541

quantum-inspired generative models in real-world applications. In another work, the TN-GEO method was employed542

for optimizing a BMW assembly line based on their manufacturing schedule68. By employing the TN-GEO method,543

which utilizes quantum-inspired modeling based on tensor networks, the study compares optimization techniques and544

finds that quantum-inspired methods can discover lower-cost solutions in specific contexts when combined with con-545

ventional black-box methods. The research highlights the significance of problem representation, demonstrating that546

parameter groupings based on correlations and problem-motivated encoding of assembly line parameters lead to im-547

proved results compared to naive representations. Combining these techniques, the study shows that quantum-inspired548

generative model-based solvers match or surpass conventional optimization methods in most tested cases, particularly549

in intermediate solution space sizes. Overall, TN-GEO ties or outperforms conventional optimization methods in 31550

out of 45 tested cases, showcasing the effectiveness of these optimization methods in industrially-relevant settings.551

A quantum-inspired optimization strategy for solving the optimal dispatch problem in Combined Heat and Power552

(CHP) systems is proposed by69. In this work, the algorithm explores a larger search space by combining quantum553

mechanics principles with classical optimization. It achieves superior solution quality and computational efficiency554

performance compared to other techniques. The implemented Quantum Particle Swarm Optimization (QPSO) algo-555

rithm effectively minimizes total operating costs with enhanced near-global optimal solutions and minimal computing556

time. Future research aims to explore quantum-inspired optimization in other energy systems and validate practi-557

cal implementations in real-world scenarios to enhance understanding and utility. The quantum mechanic principles558

24

Page 24 of 36

ACS Paragon Plus Environment

Industrial & Engineering Chemistry Research

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



have been used in addressing the computational challenges associated with simulating turbulent flows in complex ge-559

ometries70. Utilizing matrix-product states, a compressed representation of quantum states, the framework achieves560

memory and runtime scaling logarithmically with mesh size. It offers a complete solution for flows around immersed561

objects of arbitrary geometries, incorporating non-trivial boundary conditions. Moreover, it enables the direct retrieval562

of solutions from compressed encoding, bypassing the expensive dense-vector representation. This framework sets563

the stage for more efficient solvers for realistic fluid problems, promising significant advancements in Computational564

Fluid Dynamics (CFD) research and industry applications.565

71 proposed a generative model that addresses the longstanding challenge in chemistry and biology of discovering566

small molecules with therapeutic potential. Leveraging a HQC generative model, the researchers integrate the com-567

putational power of quantum algorithms trained on a 16-qubit IBM quantum computer with the reliability of classical568

methods to design new KRAS inhibitors crucial for cancer therapy. KRAS is a gene often mutated in cancers, driv-569

ing tumor growth. This innovative approach resulted in synthesizing 15 promising molecules, with two effectively570

engaging with KRAS. This work marks the first instance of a quantum-generative model producing experimentally571

confirmed biological hits, demonstrating the practical potential of quantum-assisted drug discovery. Comparative572

analysis with classical generative models revealed that the quantum approach enhanced distribution learning from573

established datasets and suggested a correlation between the efficacy of distribution learning and the number of qubits574

used.575

In another work, a transport robot scheduling problem has been used to compare the performance of D-Wave576

quantum-classical hybrid framework, Fujitsu quantum-inspired digital annealer, and Gurobi classical solvers72. The577

three models in question stem from a pertinent industrial scenario, each following distinct design philosophies. The578

benchmark assesses solution quality and end-to-end runtime across model and solver combinations. Promising re-579

sults have been noted for the digital annealer, while some potential opportunities have been identified for the hybrid580

quantum annealer compared to Gurobi.581

5. Perspectives on the Application of HQC Algorithms in Multiscale Bioprocess Optimization582

The HQC algorithms addresses the computational limitations of classical solvers in multi-scale bioprocess opti-583

mization, which involves a mix of discrete and continuous decision variables across different hierarchical levels. Clas-584

sical approaches struggle due to the combinatorial explosion of possible solutions, nonlinear regulatory constraints,585

and real-time decision-making requirements. HQC algorithms offer an integrated solution by leveraging quantum586

computing for discrete optimization tasks while using classical solvers for continuous variable refinement.587

Figure 6 presents a schematic representation of this computational workflow, explicitly illustrating how quantum588

and classical solvers interact iteratively across these levels. While each optimization scale (molecular, cellular, fer-589
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mentor, plant-wide) can be solved independently, the full HQC framework integrates them dynamically, ensuring that590

interdependencies across scales are efficiently managed. This section provides perspectives on how HQC algorithms591

tackle challenges and offer flexible and scalable solutions at various bioprocess scales.592

(VQE for Molecular Optimization)

Optimizes: Reaction Energies, Enzyme 

Activity

Classical Algorithms

(Continuous Optimization)

Handles: Continuous Variables

(QNNs for Gene Expression, Metabolic 

Pathways)

Optimizes: Gene Expression, Nutrient Usage

Classical Algorithms

(Real-time Adjustments)

Handles: Nutrient Flow, Gene Expression

(QAOA for Operational Variables)

Optimizes: Temperature, pH, Agitation 

Speed

Classical Algorithms

(Real-time Monitoring)

Handles: Growth Rates, Agitation

(QAOA for System Integration)

Optimizes: Resource Allocation, Scheduling

Classical Algorithms

(Resource Management)

Handles: Flow Rates, Temperature 

Control

Molecular Scale

Cellular Scale

Fermentor Scale

Plant-wide Level

Figure 6: Schematic representation of the Hybrid Quantum-Classical (HQC) computational workflow for multiscale bioprocess optimization.
While each level, cellular, fermentor, and plant-wide, can be optimized independently, decisions made at one scale often propagate and impact
others, making isolated optimization insufficient for achieving global performance. The HQC framework addresses this challenge by coordinating
quantum and classical solvers through an iterative feedback loop. Quantum algorithms handle discrete, combinatorial decisions (e.g., pathway
selection, scheduling), while classical solvers manage continuous variables and real-time adjustments (e.g., metabolic fluxes, process control). This
loop enables simultaneous, cross-scale optimization under dynamic conditions.

• Molecular Level. At the molecular level, optimization focuses on solving quantum mechanical problems re-593

lated to enzyme configurations and reaction energetics, where electronic structure calculations scale exponen-594

tially with system size. Classical solvers (e.g., DFT, Coupled Cluster) struggle with large biomolecular systems595

due to high computational costs. The intricacy here arises from the need to solve Hamiltonians representing596

molecular interactions, which grow exponentially in size as the system becomes more complex. Classical al-597

gorithms find it difficult to efficiently explore these configurations because of computational bottlenecks. VQE598

is especially well-suited for this task because it leverages quantum hardware to efficiently find the ground-state599

energy of molecular systems. VQE encodes molecular states as quantum circuits, enabling it to explore mul-600

tiple configurations in parallel, which classical methods cannot achieve. This parallel exploration allows VQE601
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to quickly identify optimal enzyme conformations that maximize catalytic activity. By accelerating molecular602

optimization, VQE improves the design of enzymes and reaction conditions, enabling faster and more efficient603

biocatalyst development. The improvements lead to higher metabolic efficiency, minimizing the costly and604

time-consuming trial-and-error methods often needed in classical molecular modeling.605

• Cellular Level. At the cellular level, the challenge lies in managing non-linear interactions within metabolic606

pathways and gene expression networks, which are highly sensitive to environmental changes. QNNs address607

these challenges by encoding metabolic states as quantum states, enabling the simultaneous exploration of mul-608

tiple regulatory scenarios. QNNs are particularly suited for this task because cellular processes often involve609

highly coupled, dynamic systems with multiple interdependencies. In contrast, classical machine learning mod-610

els tend to get trapped in non-convex spaces. QNNs capture these relationships through quantum entanglement,611

which enhances predictive accuracy and optimization. Unlike classical algorithms, QNNs explore multiple612

metabolic configurations in parallel, allowing them to identify optimal gene expression patterns and nutrient613

flows more efficiently. QNNs are especially well-suited at this stage, as the cellular level offers a wealth of614

experimental data to train models and refine predictions, allowing the quantum-classical approach to take full615

advantage of both exploration and real-time adjustments. This makes QNNs ideal for optimizing dynamic cel-616

lular systems, where adaptive control and accurate predictions are essential to maintaining productivity. As617

shown in Figure 6, the quantum-classical interaction at the cellular level captures the exploration of potential618

configurations and the real-time management of critical process variables.619

• Fermentor Level. Fermentor systems require continuous optimization of operational parameters. These vari-620

ables interact dynamically, and small changes in one parameter can significantly impact microbial performance,621

creating a highly non-linear solution space. Classical algorithms often fail to escape local optima, limiting622

their effectiveness in optimizing these processes. The QAOA is particularly well-suited for this scale because623

it encodes operational configurations as quantum states and explores them in parallel. The QAOA’s ability to624

leverage quantum tunneling allows it to escape local optima efficiently, identifying the best combination of pa-625

rameters for maximum yield and minimum energy consumption. The dynamic tuning of fermentor conditions626

ensures consistent microbial performance while reducing the need for manual adjustments. As a result, QAOA627

enhances both productivity and sustainability by lowering process cycle times and resource consumption.628

• Plant-wide Level. At the plant-wide level, the challenges increase due to the need to coordinate multiple629

interdependent units, including upstream reactors, downstream processing, and energy management systems.630

Classical algorithms become computationally inefficient when solving such large-scale scheduling and resource631

allocation problems. QAOA again proves advantageous by encoding scheduling tasks as QUBO problems,632
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which it can solve efficiently using quantum hardware. The QAOA’s ability to evaluate multiple scheduling633

configurations simultaneously enables it to identify optimal resource distribution and synchronize operations634

across units. This ensures smooth transitions between production stages, reduces downtime, and minimizes en-635

ergy consumption. By optimizing plant-wide operations, QAOA aligns production processes with sustainability636

goals, contributing to both economic efficiency and environmental performance.637

5.1. HQC Feedback Loop and Implementation638

The success of the HQC framework in capturing the full complexity of bioprocess optimization lies in the feed-639

back loop that integrates quantum exploration with classical real-time control. At each scale, quantum algorithms are640

responsible for exploring high-dimensional, discrete decision spaces, while classical algorithms handle continuous641

process variables and refine quantum-generated solutions in real-time. This continuous exchange between quantum642

and classical systems allows for iterative optimization, where real-time data informs quantum adjustments, and quan-643

tum results guide classical process control. This interaction ensures optimal solutions are maintained across all scales,644

even as conditions evolve.645

5.2. Broader Implications and Future Directions646

The potential applications of HQC extend beyond theoretical research into practical, real-world scenarios. In ar-647

eas such as pharmaceutical manufacturing, biofuel production, and precision biomanufacturing, HQC algorithms can648

enable more sustainable, efficient, and flexible production processes. Their ability to dynamically optimize challeng-649

ing systems opens new possibilities for resource-efficient production, reduced waste, and enhanced product quality.650

Future work should focus on implementing HQC algorithms on emerging quantum hardware platforms and validat-651

ing them through experimental trials, bridging the gap between theory and real-world applications. The convergence652

of quantum computing with biotechnology offers exciting opportunities for developing next-generation production653

systems that are both resource-efficient and environmentally sustainable.654

6. Quantum Challenges and Opportunities Solving Bioprocess Problems655

HQC offers promising solutions for addressing the complex optimization challenges inherent in bioprocesses,656

but they also bring significant technical obstacles. A primary concern is the scalability of current quantum hardware.657

Most quantum computers are constrained not only by the limited number of qubits but also by qubit quality, coherence658

time, and gate fidelity. Furthermore, quantum systems are susceptible to high error rates and noise, which can degrade659

the accuracy of computations. Although quantum error correction techniques are being developed, these techniques660

increase overhead and require additional qubits, limiting the size of problems that can be solved efficiently.661
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Another critical challenge is integrating and ensuring seamless communication between quantum and classical662

systems. The efficient data transfer between quantum algorithms optimized for discrete decision-making and classical663

algorithms handling continuous variables and stability remains a bottleneck. Establishing robust interfaces is essential664

to ensure that classical systems can refine quantum-generated solutions in real time. Without efficient communication,665

delays in data exchange can disrupt real-time control, which is crucial in time-sensitive bioprocesses. This interplay is666

fundamental to realizing the full potential of HQC algorithms in dynamic, time-sensitive bioprocessing environments.667

Developing quantum algorithms aimed to bioprocess optimization poses a significant challenge. While algorithms668

such as VQE, QAOA, and QNNs provide a foundation, adapting them to multiscale bioprocess environments requires669

new methodologies. This customization demands collaboration between quantum computing experts, bioprocess en-670

gineers, and industry stakeholders to ensure effective and practical solutions. Despite these challenges, HQC holds671

transformative potential in bioprocess optimization, combining the scalability of quantum computing with the relia-672

bility of classical control mechanisms to achieve breakthroughs in efficiency and precision.673

Quantum algorithms could potentially offer advantages in combinatorial optimization problems, including those674

that grow exponentially with the number of variables, such as resource allocation, process scheduling, and the op-675

timization of operating conditions across scales. However, whether they provide a distinct advantage in addressing676

NP-hard problems is not yet definitively known. Quantum methods explore solution spaces differently than classical677

methods, potentially leading to more efficient pathways for certain problem types, but this does not imply “paral-678

lel exploration” in the way classical parallel computing does. Moreover, quantum computing is not well-suited for679

problems requiring significant data throughput, which can limit its applicability in certain data-intensive bioprocess680

optimizations. Furthermore, integrating HQC into bioprocessing can foster innovation by enabling the development of681

optimization methods that extend beyond the current reach of classical computing. Combining quantum and classical682

systems facilitates approaches that balance exploration and stability, unlocking new possibilities for resource-efficient683

production. The technical challenges that arise from implementing HQC also create opportunities for interdisciplinary684

collaboration, accelerating the development of tailored quantum solutions that can reshape the field of bioprocess op-685

timization.686

7. Conclusions687

This study has discussed the potential of HQC algorithms as a robust solution for the optimization challenges688

found in multiscale bioprocess systems. HQC combines the capabilities of quantum algorithms to explore discrete,689

combinatorial problems with the strengths of classical algorithms in managing continuous variables and ensuring real-690

time process control. Unlike classical approaches, HQC can process large volumes of data and dynamically adjust691

system parameters, responding to real-time changes. This hybrid approach provides a framework for optimizing692
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processes across multiple scales, from molecular to plant-wide systems, addressing the limitations of classical methods693

in solving high-dimensional, non-linear problems.694

The work highlights the main optimization challenges inherent in bioprocesses, ranging from system complexity695

to non-linearity, and demonstrates how HQC are well suited to overcome these obstacles. Combining quantum and696

classical computers offers a pathway to addressing the dynamic and large-scale nature of bioprocess optimization. In697

addition, the exploration highlights HQC’s potential to solve intractable problems in bioprocesses, such as resource698

allocation, process scheduling, and metabolic pathway optimization, as system complexity increases.699

In the near future, as quantum computing technology continues to grow and improve in terms of qubit coherence,700

quantum error correction, and scalable algorithms, HQC will become even more powerful. These advancements will701

enable HQC to solve even more challenging optimization problems, providing innovative solutions in areas such as702

metabolic engineering, bioprocess design, and industrial-scale operations. As a result, bioprocess optimization will703

become more precise, efficient, and sustainable, with significant implications for the biotechnology industry. Finally,704

while this paper focuses on theoretical exploration, future research should explore experimental applications and705

scaling the algorithms to emerging quantum hardware platforms.706
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