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Industrial Agentic AI and generative modeling in complex 
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Behnam Khadem4, William Clements5, Z. Nevin Gerek6,  
Eric Reuthe2,7, Abhishek Sivaram1, Christopher J Savoie2,7 and  
Seyed Soheil Mansouri1   

Manufacturing, consumer, transportation, and supply chain 
processes present significant challenges in monitoring, control, 
and design due to their inherently nonlinear nature and the 
difficulty of measuring critical variables in real time. The 
convergence of major innovations from the computer science 
field has the potential to revolutionize the engineering and 
control of complex industrial systems. Digital twinning and 
process simulation have been a staple of computers in process 
engineering for decades now. However, the advent of advanced 
sensor systems and big data integration, combined with 
generative AI and agentified AI (classic and quantum) systems, 
allows for much more granular and autonomous process 
control and real-time optimization of complex systems. 
Advanced process modeling, Agentic AI, and generative AI 
models have emerged as powerful tools to address the 
challenges of complex nonlinear systems. We propose here an 
integrated systems feedback and control architecture (SIC: 
Sense, Infer, Control) that leverages complementary process 
knowledge for enhanced real-time monitoring and decision- 
making, fully integrated into control system functions and the 
accompanying sensors. In this paper, we explore this 
integration of generative models in agentic AI ensembles into 
industrial processes through the lens of four recent industrial 
case studies: (1) the real-time optimization of motorsports 
strategy, (2) the development of indirect (soft) sensors for 
sustainable large-scale manufacturing operations, (3) the 
creation of sensor data-driven personalized health and 
cosmetic chemical formulations, and (4) the design of 
biomanufacturing systems using quantum and classic Agentic 
AI. These examples demonstrate how agentic and generative 
models, combined with full-scale process simulation and digital 
twinning, effectively augment process control, enabling 
advanced solutions for process optimization, quality 
improvement, and sustainable operations. The proposed SIC 
systems architecture serves to enhance process control 
automation by capturing complex nonlinear patterns and 
leveraging easily measurable variables. Generative models 
bridge gaps in process understanding, sensor technologies, 
control, and monitoring, offering actionable insights for efficient 
and informed decision-making across diverse industrial 
applications. 
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Introduction 
In industrial processes, the primary goals of ensuring 
safety, enhancing efficiency, reducing costs, and main-
taining high-quality standards all motivate the pursuit of 
improved operations [1–4]. Traditional process control 
and optimization rely heavily on direct measurements 
and deterministic models [4]. However, complex sys-
tems often involve latent variables that are challenging 
to measure directly. This limitation necessitates the use 
of ‘soft sensors’ [5] that estimate unobservable variables 
from measured process data and statistical models, in-
cluding agentified and generative models that can infer 
missing information and optimize control strategies. 
These soft sensors are surrogates that can be used to 
estimate the quality indicator variables (QIVs) of process 
systems, as will be discussed in the individual case stu-
dies. These soft sensors and inference models can be 
implanted in ensembles of semiautonomous granular 
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inference agents responsible for different areas of in-
ference and control decision-making. Ensembles of 
multiagent inference control architectures have been 
used since 1990s, and distributed systems of AI agents 
have been used for complex systems control applications 
since Adaptive Agent-Oriented Software Architectures 
(AOSA) was first demonstrated [6], forming the basis for 
developing the original versions of Apple’s Siri invented 
by Hodjat, Savoie, and Amamiya [7••]. This archi-
tectural approach enables the generation of real-time 
estimates essential for process monitoring, providing 
actionable insights and real-time data for effective pro-
cess management and ultimately for control actuation. 

These modeling architectures utilize multiple sources of 
both real-time and historical data to identify and re-
present complex, nonlinear relationships between critical 
variables and more easily measurable or detectable proxy 
variables that are strongly correlated with them [8]. By 
doing so, such inferences enable the generation of real- 
time estimates that are a proxy for a direct measurement 
where direct measurements are not always possible, 
which is essential for process monitoring and tuning [9•]. 

Generative models are a class of machine learning algo-
rithms designed to generate information and replicate 
complex data distributions [10,11]. The rapid advancement 
of generative AI has reshaped various technological sectors  
[12,13], yet much of the focus has been on large language 
models (LLMs) such as ChatGPT (OpenAI), Gemini 
(Google), and CoPilot (Microsoft). However, the true po-
tential of generative AI extends far beyond text generation. 
By capturing intricate nonlinear relationships and lever-
aging readily available sensor data, statistically driven 
generative models can fill critical gaps in process under-
standing, offering predictive insights and enhanced real- 
time optimization capabilities. Their integration into in-
dustrial workflows enhances decision-making in areas such 
as predictive maintenance, process optimization, and 
quality control [14,15]. It is, hence, imperative that suffi-
cient process knowledge, in the form of causal connections 
or dynamical system functionals, be integrated to enable a 
better understanding of the process [16]. 

Recent efforts have heavily focused on the use of gen-
erative adversarial networks (GANs) aided by recurrent 
neural networks, long- and short-term memory, and several 
other models such as diffusive models and similar ap-
proaches. However, it is important to note that data dis-
tributions can also be driven by mechanistic models, 
capturing the system’s mean behavior and variance based 
on underlying measurements [17•]. Despite this potential, 
challenges remain in ensuring the explainability, inter-
pretability, and robustness of generative models in in-
dustrial settings. The integration of domain knowledge, 
such as mechanistic models and causal relationships, re-
mains critical for building reliable AI-driven decision- 

support systems [16]. Thus, a hybrid approach that com-
bines generative AI with process expertise or mechanistic 
models is necessary to unlock its full potential [17], for 
example, in biotechnology and chemistry, where the pro-
cess of producing complex biological products such as 
enzymes, vaccines, and cell therapies is critical [18–20]. 
With the increasing demand for precision, scalability, and 
cost-effectiveness in these fields, advanced computational 
tools have become indispensable. Generative modeling has 
been found to offer innovative solutions to design and 
optimize biological [21–23•] and chemical systems [24•]. 

This paper explores how generative models and agen-
tified systems, in conjunction with indirect measurement 
methods, can enhance process efficiency, minimize op-
erational risks, and support adaptive control mechan-
isms. We propose an original, three-stage systematic 
architecture — drawing on our collective expertise in 
industrial generative modeling — that uniquely unifies 
process instrumentation workflows, agentified mechan-
istic/AI modeling, and Agentic AI–driven control, dis-
tinguishing it from prior hybrid and agent-based 
approaches. The integration of AI models into 
Supervisory Control and Data Acquisition (SCADA) 
systems and distributed control systems (DCS) is dis-
cussed, along with industrial applications demonstrating 
the benefits of AI-driven soft sensing. 

Systematic architecture for industrial Agentic 
AI and generative modeling 
We present a systematic approach addressing complex 
system challenges in process monitoring and control, as 
illustrated in Figure 1. This approach consists of three 
key stages: (1) creating a process and instrumentation 
workflow to identify critical QIVs for measurement and 
monitoring, (2) implementing agentified modeling — 
combining mechanistic modeling and artificial in-
telligence — to monitor these QIVs through direct 
measurement or predictive modeling, and (3) integrating 
this data into the control system, granting it agency to 
make real-time decisions for process control. 

This systematic approach begins with a comprehensive 
process and instrumentation workflow that defines the 
process task and maps out all relevant variables — in-
cluding process characteristics, dynamic states, process 
conditions, and critical QIVs — into a structured 
knowledge base. This base comprises mechanistic 
models, parametric data, solvers, and both physical and 
soft sensors. To facilitate data collection and storage, this 
knowledge base is often maintained in an on-premises 
database, as shown in Figure 1b, ensuring secure and 
rapid access to process data for real-time monitoring. 

When the initial stage fails to capture all necessary QIVs 
for effective monitoring, the approach pivots to the 
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second stage, which is agentified modeling, combining 
mechanistic process models with artificial intelligence. 
Here, we distinguish between traditional ’AI agents’ that 
perform specialized data processing and predictive tasks, 
and ’Agentic AI’ that imparts autonomous, decision- 
making capabilities to the system. The system leverages 
industrial communication protocols such as MQTT 
(Message Queuing Telemetry Transport), a lightweight 
messaging protocol for efficient data streaming and 
processing, and I2C (Inter-Integrated Circuit), a serial 

communication protocol used for connecting sensors and 
actuators to the control system, as depicted in Figure 1b. 
If sufficient process knowledge is available, the system 
leverages this to ‘close the loop’ with targeted generative 
models; if not, hybrid modeling techniques are em-
ployed to develop generative agents (or soft sensors) that 
predict or measure the desired process parameters. The 
integrated network of agents feeds directly into the 
control system, enabling it to make informed, real-time 
decisions. 

Figure 1  

Current Opinion in Chemical Engineering

(a) The systematic approach for generative modeling, including 1) creating a process and instrumentation workflow, 2) agentified modeling for real- 
time monitoring, and 3) give agency to the control system. (b) Agent models and their connection to SCADA and control system.   
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In the third stage, the accumulated data — whether 
directly measured or generated via predictive modeling 
— are seamlessly integrated into the control system, 
endowing it with the agency to make real-time deci-
sions. This control system often includes components 
like SCADA for high-level process supervision and PLC 
(Programmable Logic Controller) for managing actuators 
and executing control commands, as illustrated in  
Figure 1b. In this stage, the control system not only 
utilizes outputs from traditional AI agents (as established 
in stage 2) but is also empowered by Agentic AI to au-
tonomously execute decision-making and adapt to 
changing process conditions in real time. This integra-
tion transforms the control system into an adaptive, au-
tonomous entity that continuously monitors process 
variables and adjusts operational parameters to maintain 
optimal performance. By merging direct measurements 
from sensor agents with predictive outputs from tradi-
tional AI agents and then empowering the system with 
Agentic AI, the control system operates on a robust, 
closed-loop feedback mechanism. By merging direct 
measurements from sensor agents with predictive out-
puts from AI agents and insights from model agents, the 
control system operates on a robust, closed-loop feed-
back mechanism. 

To demonstrate the versatility and effectiveness of 
our systematic approach, we selected four case stu-
dies across diverse domains: auto racing, plant-wide 
manufacturing, consumer products, and biomanu-
facturing scale-up. The auto racing example high-
lights generative models’ value in low-inertia 
systems, underscoring their applicability to chemical 
processes. The plant-wide manufacturing case ex-
emplifies all three stages in an already-implemented 
industrial setting. The consumer products example 
broadens relevance by tackling inherently chemical 
production processes, and the biomanufacturing 
study addresses scale-up challenges in complex bio-
logical systems. As summarized in Table 1, each case 
maps its process and instrumentation workflows 
(Stage 1), agentified modeling components (Stage 2), 
and Agentic AI–driven control integration (Stage 3) 
onto real-world operations. 

Case 1: A motivating example of generative 
modeling as a soft sensor in motor sports 
Motorsport is a high-stakes environment where split- 
second decisions can define the difference between 
victory and defeat. In such a setting, real-time analytics 
are not just beneficial — they are essential. Motorsports 
teams like Andretti Autosport rely on real-time data to 
make immediate adjustments during a race, from tire 
pressure and degradation monitoring to optimizing fuel 
consumption and adjusting race strategy based on evol-
ving track conditions and weather. 

The literature on motorsports analytics has highlighted 
several key algorithmic and data-driven approaches 
aimed at improving performance and strategic decision- 
making during races. One major area of focus is optimal 
trajectory planning, where machine learning models are 
developed to determine the fastest possible racing lines, 
enabling real-time adjustments in response to changing 
track conditions [25]. Energy management strategies 
represent another significant domain of research, espe-
cially for hybrid vehicles. Optimization algorithms in this 
area consider not only vehicle dynamics but also com-
petitors’ behavior to minimize lap times while staying 
within energy constraints [26]. Predictive modeling is 
also a prominent focus, with data-driven approaches 
being used to identify key factors that influence race 
outcomes, such as yellow flag probability, vehicle dy-
namics, tire performance, and environmental conditions. 
These models support more effective strategic planning 
and race execution [27]. 

These studies underscore the critical importance of real- 
time data processing and predictive analytics in motor-
sports. The integration of advanced generative AI 
models extends this body of research by providing in-
stantaneous, predictive insights that complement ex-
isting analytical techniques. Specifically, generative 
models can create synthetic data that closely mirrors 
actual sensor measurements, enabling deeper insights 
into vehicle behavior and the wear of critical compo-
nents. This approach addresses several gaps identified in 
the literature, pushing the application of data analytics in 
motorsports further into real-time, decision-support 
contexts. 

The generative AI solution developed by Zapata AI for 
Andretti Autosport [28] complements the existing lit-
erature by integrating advanced predictive analytics and 
real-time synthetic data generation into an edge-to-cloud 
architecture tailored for high-performance environments 
like racing. This approach effectively addresses the cri-
tical need for low-latency, high-reliability decision sup-
port that traditional algorithmic methods in the literature 
often overlook. 

The system architecture (Figure 2) is designed to handle 
the intense computational demands of motorsport ana-
lytics through a combination of edge and cloud-based 
processing:  

• Transportable edge deployment. The core of the solution 
is a transportable edge computing unit equipped with 
high-performance GPUs(Graphics Processing Units). 
This hardware is deployed trackside, enabling the 
immediate ingestion and processing of telemetry data 
directly from the cars. By processing data at the edge, 
the system minimizes latency, providing real-time 
feedback on critical metrics like tire degradation, fuel 
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efficiency, and component wear. This contrasts with 
cloud-only solutions in the literature, which often 
introduce delays due to data transmission. Internet 
connectivity at some tracks is often unpredictable in 
terms of reliability and latency.  

• Cloud-based model training and synchronization. The 
cloud infrastructure serves as a scalable environment 
for training generative models on large datasets, in-
cluding historical telemetry and synthetic data gen-
erated during prior races. These models are 
periodically synchronized with the edge deployment 
to ensure that the latest predictive insights are avail-
able trackside. The hybrid approach leverages the 
cloud for computationally intensive tasks while 
maintaining low-latency decision support at the edge, 
aligning with best practices discussed in academic 
research for handling high-frequency data streams in 
dynamic environments. 

• Generative AI for real-time inference. The solution fea-
tures advanced generative models that create syn-
thetic ‘virtual sensor’ data streams, filling in gaps 
where direct measurements may be unavailable or 
unreliable. For example, the models can infer 

parameters such as the slip angle of the tires that are 
critical for understanding tire degradation. This cap-
ability aligns with state-of-the-art techniques in pre-
dictive analytics but extends them by leveraging 
generative AI to provide a more comprehensive and 
accurate representation of vehicle behavior in 
real time. 

This generative AI solution builds on the strengths of 
existing algorithmic and predictive modeling frame-
works while addressing critical gaps identified in aca-
demic research. By integrating real-time synthetic data 
generation and deploying it at the edge, the solution 
overcomes the latency issues associated with cloud-only 
approaches. Furthermore, the hybrid architecture sup-
ports a continuous feedback loop, where new data in-
form model updates, ensuring that predictions remain 
accurate and relevant throughout the race. 

Ensembles of multiple models for Lap Time/Gap 
Prediction, Yellow Flag Probability, Tire Degradation, 
and Race Strategy Optimizations are built using 10+ years 
of historical data collected from telemetry on the cars as 

Table 1 

Case studies mapped to the three-stage systematic architecture (see Figure 1).      

Case Stage (1) Stage (2) Stage (3)  

1  • Define QIVs: tire degradation, fuel 
consumption, engine temperature, 
track conditions  

• Deploy pressure, temperature, 
accelerometer sensors  

• Establish real-time telemetry 
pipelines  

• Fuse mechanistic vehicle-dynamics 
models with AI agents for slip-angle, 
degradation & yellow-flag prediction  

• Edge-deploy generative models to 
synthesize “virtual” sensor streams when 
measurements are missing  

• Control-room Agentic AI autonomously 
interprets combined real + synthetic data to 
adjust pit-stop timing, tire pressures & fuel 
strategy  

• Continuously updates tactics without human 
prompts 

2  • Map sugar-beet process (unloading  
→ washing → extraction → 
crystallization → drying)  

• Identify QIVs: Brix index, 
temperature, pressure  

• Install & calibrate sensors + 
sampling routines  

• Build hybrid soft sensor by fusing 
mechanistic nucleation/crystal-growth 
models with AI agents to predict Brix 
index in real time  

• Apply data normalization and deep- 
learning denoising on time series  

• Integrate soft-sensor outputs into the SCADA/ 
DCS system  

• Agentic AI autonomously adjusts 
crystallization residence time & operating 
parameters  

• Optimize energy use, CO₂ emissions & 
throughput 

3  • Deploy NIR & visible-light sensors in 
SalonLab device to measure cysteic 
acid, “bulk effect” & color  

• Capture scalp/hair traits and 
consumer preferences via app  

• Structure all inputs into a unified 
decision matrix  

• Train chemometric ML agents on spectral 
data to predict hair metrics (cysteic acid, 
bulk effect)  

• Deploy LLM-based agents to translate 
textual consumer preferences into 
formulation parameters  

• Use generative modeling agents to 
propose novel molecular formulations  

• SalonLab control interface empowered by 
Agentic AI to select and refine personalized 
shampoo formulations  

• Continuously update recommendations in real 
time as new sensor data and feedback arrive 

4  • Map micro → macro scales 
(metabolic pathways → reactor 
hydrodynamics → mixing)  

• Identify QIVs: O₂/CO₂, nutrients, pH, 
temperature, light irradiance, tracer 
profiles  

• Deploy imaging, spectroscopy & 
capacitance probes; define 
MicroTUBE & MacroTUBE protocols  

• MicroTUBE agents: mechanistic 
calibration with imaging/spectroscopy to 
train generative models  

• MacroTUBE agents: AI-driven tracer 
distribution modeling + compressed- 
sensing inference of reactor states  

• Hybrid quantum/classical agents: Deploy 
QUBO/SDP solvers for metabolic pathway 
optimization and generative diffusive 
models for counterfactual state 
estimation.  

• Integrate MicroTUBE & MacroTUBE outputs 
into the Qψ-TUBE pipeline  

• Agentic AI autonomously selects scale-up 
strategies, adjusts aeration/agitation, and 
runs counterfactual simulations  

• Continuously reconcile live sensor data, 
mechanistic priors & synthetic predictions to 
refine process parameters   
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well as IndyCar Series data. Simulation data from a 
Driver-in-the-Loop IndyCar simulator are used as well. 
All models utilize multiple data pipelines for generating 
training data and receive real-time data during the race. In 

the cases of Yellow Flag prediction and Lap Time pre-
diction, two or more models are used for each of the cars 
on the track, and those models feed a group prediction 
model. During the course of a race, close to one hundred 

Figure 2  
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Operational architecture for real-time decision-making in motorsport, featuring transportable edge computing for immediate analytics and cloud- 
based infrastructure for enhanced model training and predictive insights. AI capabilities are deployed.   
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models could be running inference at the same time. 
Each model performing inference is capable of processing 
up to 200 messages per millisecond (Figure 3). 

The objective of motorsport analytics should be to en-
hance real-time decision support and maximize race 
performance in high-stakes environments. Three issues 
and challenges related to this application are listed below:  

• Ensuring low-latency data processing (the system 
must leverage transportable edge computing units 
with high-performance GPUs to deliver immediate 
insights, despite unpredictable internet connectivity 
and rapidly changing race conditions).  

• Integrating edge and cloud architectures effectively 
(synchronizing cloud-based model training with 

trackside edge deployments is crucial for providing 
up-to-date predictive analytics, yet remains challen-
ging due to high data volumes and the need for 
continuous, real-time updates).  

• Maintaining the accuracy and reliability of synthetic 
sensor data (generative AI models must accurately 
infer critical vehicle parameters — such as tire slip 
angles and degradation rates — to support split-second 
decision-making, addressing potential gaps where di-
rect measurements are unreliable or unavailable). 

Case 2: Plant-wide manufacturing process 
monitoring 
The production of sugar from sugar beets is a highly in-
tricate and multistage process carried out within specia-
lized sugar factories. This journey begins with trucks 

Figure 3  
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Technical implementation Race Strategy services.   
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delivering sugar beets to the factory, where they are in-
itially assessed at the weighbridge. The process then pro-
ceeds through several critical steps, including sampling, 
unloading, washing, slicing, and extraction in the extraction 
tower. The extracted juice is purified in a dedicated pur-
ification unit before undergoing evaporation, crystal-
lization, centrifugation, and drying. The resulting sugar is 
subsequently stored in silos until it is dispatched from the 
service center. Among all these stages, crystallization is 
particularly significant, as it has a profound impact on the 
final specifications of the sugar crystals, energy consump-
tion, and the factory’s overall carbon footprint. When the 
crystal size distribution falls outside the desired range, the 
material must be recycled for remelting and recrystalliza-
tion, adding complexity to the operation. 

The crystallization of sugar from sugar beet syrup is a 
complex and dynamic process involving the transformation 
of syrup into massecuite. This process is inherently non-
linear and nonstationary, shaped by intricate mechanisms 
of nucleation, crystal growth, and aggregation [29]. Despite 
its critical importance, there is no comprehensive me-
chanistic model available to accurately describe the inter-
play between crystallization dynamics and operating 
conditions. As a result, current control strategies largely rely 
on the online monitoring of key process parameters. 
However, in industrial batch crystallizers, accurately mea-
suring the crystal size distribution, a key QIV, remains a 
significant challenge [30]. 

This case study highlights collaborative research conducted 
by Nordzucker and the Technical University of Denmark, 
which aimed to address this challenge. The research uti-
lized process knowledge and artificial intelligence to model 
the complex dynamics and nonlinearities in the original 
dataset. The focus was on generating the Brix index, a 
critical measure of dissolved solids in a liquid, as a key QIV 
representing crystal size distribution. 

The study adopted a hybrid approach, combining process 
control expertise with machine learning techniques. By 
leveraging easily measurable variables, such as temperature 
and pressure, the model successfully generated the Brix 
index for real-time process monitoring. This information 
supported decision-making and complemented batch-pro-
cessing operations. Further information regarding perfor-
mance and validation of the developed soft sensor for sugar 
crystallization has been reported by Boskabadi et al. [31]. 

The results demonstrated that the soft sensor devel-
oped in this study effectively predicted the Brix 
index, capturing the process’s dynamic and nonlinear 
characteristics. This aligns with steps 2 and 3 of the 
systematic approach presented in Figure 1, where 
generative modeling enables real-time monitoring and 
decision-making. By implementing this monitoring 
system and granting agency to the control system, 

batch residence time during crystallization was sig-
nificantly reduced. Consequently, this leads to lower 
energy consumption and CO₂ emissions while in-
creasing production capacity. 

The objective of deploying a soft sensor in plant-wide 
manufacturing should be to enhance process monitoring 
reliability and ensure alignment with Industry 4.0 goals. 
Three issues and challenges related to this deployment 
are listed below: 

• Data variability and measurement noise must be ad-
dressed effectively (inconsistent sampling rates, 
sensor drift, and noisy measurements require data 
normalization and deep learning techniques to cap-
ture key time-series patterns).  

• Feature imbalances need careful management 
(leveraging process knowledge and data-driven in-
sights for feature reduction is crucial to maintain 
computational efficiency and ensure seamless in-
tegration into control systems). 

• Scalability and model adaptability remain critical chal-
lenges (the need for retraining under varying opera-
tional conditions calls for the development of self- 
adaptive algorithms for real-time calibration, ensuring 
robust performance across diverse industrial settings). 

Case 3: Predictive consumer product 
modeling 
The structure and chemical composition of hair fibers 
have been well-understood for many years. However, 
due to the vast diversity in hair types, the cosmetic in-
dustry faces challenges in meeting the unique needs of 
each consumer [32]. This has led to a rapid shift toward 
product customization and the integration of digitally 
connected beauty tools [33,34]. In response to these 
trends, Henkel Consumer Brands introduced the Sal-
onLab Ecosystem in 2018 (Figure 4). This innovative 
approach is built upon three key elements: (a) advanced 
hair analysis, (b) understanding consumer needs and 
preferences, and (c) personalized product formulation. 

Step 1: Advanced hair analysis 
The process begins with a smart device equipped with a 
near-infrared (NIR) sensor and a visible light sensor to 
analyze the hair fiber. NIR spectroscopy is a well-es-
tablished, highly effective analytical method for non-
destructive examination of hair characteristics. Recent 
advancements in sensor technology and miniaturization 
have enabled the application of this technique outside 
traditional laboratory settings. This allows for precise 
identification of the hair cortex’s chemical composition 
and the effect of hair care products. 

Through NIR analysis, much information about the hair 
can be obtained, including two critical metrics: cysteic 

8 Innovations in Chemical Engineering  

www.sciencedirect.com Current Opinion in Chemical Engineering 2025, 48:101150 



acid concentration (a degradation product of cystine) and 
the ‘bulk effect’ of care products on the hair. The re-
sulting spectral data show excellent correlation with 
sensory assessments, enabling a rational and systematic 
classification of both the hair and hair-plus-product 
based on their current condition. To achieve a compre-
hensive hair diagnosis, the actual color of the hair fiber is 
also measured using a visible light sensor. 

The quantification of cysteic acid, prediction of the ‘bulk 
effect,’ and detection of hair color are all achieved through 
the development of chemometric machine learning 
models. These models are trained on a diverse database 
containing hair samples from various origins, colors, and 
conditions, ensuring robust and accurate analysis. 

Step 2: Visual assessment and consumer consultation 
In the next phase, a visual evaluation is conducted to 
assess factors such as scalp condition, previous treat-
ments, hair length, thickness, etc. In addition, user ex-
pectations regarding desired outcomes (e.g. volume, 
shine, smoothness, strength) are gathered through a 
consultation application. This dual approach ensures a 
comprehensive understanding of the consumer’s specific 
needs and hair health. 

Step 3: Customized shampoo formulation 
All collected data — from both the scientific analysis and 
the consumer consultation — are integrated into a de-
cision matrix. This matrix guides the creation of a cus-
tomized shampoo formulation tailored to the individual’s 
unique hair profile and desired results. The SalonLab 
concept has been introduced in professional hair salons 
worldwide, providing personalized solutions for a diverse 
range of hair types. 

Expanding with generative AI 
Building on this success, Henkel Consumer Brands is 
now leveraging Generative AI algorithms to scale the 
concept further. By analyzing consumer preferences on a 
mass scale, inputs in textual format can be fed into 
customized LLMs. These models accurately interpret 
specific consumer desires and seamlessly integrate them 
with the formula generation system, enabling even more 
precise and personalized hair care solutions (Figure 4). 
Employing Generative AI would not be limited to only 
understanding consumer sentiment, but it can also be 
used for innovation and discovery at the chemical and 
molecular level. Combining these two mentioned cap-
abilities of Generative AI, new chemical formulas tailored 

Figure 4  
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(a) SalonLab ecosystem, including hair analysis, consultation with customers, and personalized products. (b) Generative AI hyper-customization for 
customized products, including considering customer needs, hair analysis, and generating hyper-customized formula.   
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to the specific hair types and conditions, meeting con-
sumer needs and expectations can be generated. 

This innovative approach not only enhances the con-
sumer experience but also represents a significant step 
forward in the digital transformation of the beauty in-
dustry, making hyper-customized hair products acces-
sible on a global scale. 

The objective of hyper-customized hair product for-
mulation should be to seamlessly merge scientific ana-
lysis with personalized consumer needs while ensuring 
robust performance and safety. Three issues and chal-
lenges related to this innovation are listed below:  

• Ensuring robust and consistent hair analysis (advanced 
NIR and visible light sensor techniques must reliably 
capture diverse hair types outside of controlled labora-
tory conditions, addressing potential issues like sensor 
calibration and measurement variability).  

• Integrating multimodal data effectively (combining 
chemometric machine learning outputs with visual 
assessments and consumer consultation data into a 
cohesive decision matrix requires sophisticated data 
fusion strategies to accurately reflect individual hair 
profiles and desired outcomes).  

• Scaling customization with generative AI (leveraging 
LLMs to interpret consumer preferences and generate 
new chemical formulations introduces challenges in 
maintaining the validity and safety of synthetic data, as 
well as ensuring seamless integration between textual 
insights and molecular innovation). 

Case 4: Biomanufacturing process scale-up 
with quantum and classical agents 
Bioprocess engineering requires information at various 
levels of granularity across scales like metabolic path-
ways, reaction kinetics, reactor specifications, and inter-
action of the micro to the macroscale and vice versa  
[35,36]. While many of these phenomena can be mod-
eled mechanistically, engineering towards the goal of 
maximizing process throughput and other constraints 
satisfaction requires tools from artificial intelligence (AI) 
such as search, optimization, sampling, and machine 
learning to model process correlations [37,38•,39]. The 
complexity is further enhanced due to the unavailability 
of data from many critical microscale states such as 
metabolic fluxes, cell morphology, viability, and so on, 
not disregarding the stochasticity in the dynamics of the 
individual cells and observability limitations of the pro-
cess. Developing systematic algorithms validated by 
experiments forms the foundation for developing pipe-
lines for the accelerated scale-up of manufacturing bio-
molecules. Some of the measurables that affect the 
growth of the cell are O2 level, CO2 level, nutrient 
concentration, pH, and temperature [40–42]. In the 

context of certain species, like microalgae, light irra-
diance also plays a key role [43,44]. 

Currently, there is a lack of transferability of measure-
ment technologies and scale-up strategies. It is also 
computationally intensive to estimate the state of a cell 
in a bioreactor given just the operating conditions of the 
bioreactor. Some aspects seen during experiments are to 
estimate the state of a bioreactor from macroscopic 
measurements and process causations obtained from 
controlled experiments. Another explored alternative is to 
use process information to trigger metabolic pathways to 
aid in manufacturing desirable compounds, avoiding 
byproducts and inhibitors. 

Advanced monitoring from imaging, spectroscopy, and 
capacitance probes has made it possible to have at-line/ 
on-line monitors. While great instrumentational ad-
vancements, sporadic measurements, and transferability 
of results post-calibration are a hindrance. However, 
some online instrumentation and independent experiments 
aided by mechanistic knowledge can be leveraged to 
generate explainable monitoring solutions. Generative 
models are a class of machine learning algorithms de-
signed to understand and replicate complex data dis-
tributions. By leveraging these models, researchers and 
practitioners in biomanufacturing can unlock several 
critical capabilities: 

1. De Novo Design: Generative models can create en-
tirely new biological sequences, such as proteins or 
DNA/RNA sequences, tailored for specific functions or 
properties. For instance, designing enzymes with higher 
stability or therapeutic proteins with improved efficacy.  

2. Optimization of Bioprocesses: These models enable 
the fine-tuning of fermentation conditions, media 
formulations, and process parameters to maximize 
yield and quality.  

3. Predictive Insight: By learning from existing datasets, 
generative models can predict the outcomes of ge-
netic modifications, aiding in the development of 
engineered organisms for bioproduction. 

4. Personalization: In the context of personalized med-
icine, generative models can assist in crafting patient- 
specific biologics, such as tailored vaccines or cell 
therapies. 

This example aims to create a transferable real-time 
data-agnostic monitoring system, with process knowl-
edge gained from micro and macroscale experiments by 
integrating a diverse range of offline sensors that can 
help in generating fast scale-up solutions. With inclusion 
of hydrodynamics, it is important to look at variations in 
the reactor to account for different environments ex-
perienced by the organism. A route to modeling this is 
using generative modeling to capture the distribution of 
substrate concentrations. 

10 Innovations in Chemical Engineering  

www.sciencedirect.com Current Opinion in Chemical Engineering 2025, 48:101150 



Quantum-inspired algorithms for search, optimization, and 
sampling are important for a domain like bioprocess en-
gineering, where the dimensionality of the search space is 
very high [45]. They also aid in the representation of 
complex data structures more naturally and compactly than 
classical systems, which can make certain machine-learning 
tasks easier. However, quantum algorithms often have high 
computational and hardware requirements [46]. On the flip 
side, a completely classical route requires tremendous 
compute for large-scale monitoring. This would specifically 

be challenging when the compute is also used for coun-
terfactual simulations. We hence propose a hybrid strategy 
combining hard multifaceted data with soft sensing using 
quantum computing, generative modeling, and predictions 
using inline sensors. In this paradigm, some problems are 
solved using quantum computing and others use classical 
computing (Figure 5). Some speed-ups we envision with 
this hybrid approach are in metabolic pathway estimation 
using quantum semidefinite programming and quadratic 
unconstrained binary optimization (QUBO), mechanism 

Figure 5  
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(a) QΨ-TUBE combines MicroTUBE and MacroTUBE. (b) Quantum computing and AI in QΨ-TUBE. 
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identification and compressed sensing, and estimation of 
process variables and cell state via generative models, like 
diffusive models. This entire workflow can be envisioned 
to be a part of a QCAI-TUBE (Qψ-TUBE) pipeline for 
the quantum and classical artificial intelligence for tech-
nology upgradation in bioprocess engineering. 

Qψ-TUBE combines two modules, MicroTUBE for 
microscale calibration and MacroTUBE for macroscale 
estimation and optimization, each with experimental and 
computational parts (Figure 5a). Microscale imaging and 
spectroscopy are conducted based on known factors/ 
variables that affect cell growth dynamics, like O2 level, 
CO2 level, pH, and temperature, to model a variable’s 
effect on the metabolic pathway and cell states. These 
factors are used as seed values to inform generative 
models to predict cell morphology and viability. Pro-
teomic analysis is used for quantum search and optimi-
zation to identify the metabolic pathway leading to the 
formation of desirable proteins (Figure 5b). 

In MacroTUBE, tracer variability experiments are con-
ducted (Figure 5a) in see-through reactors. Reactors are 
run at different agitation speeds, aeration velocity, and 
viscosity media to understand the effects of these inputs 
on mixing. Generative AI creates dynamic tracer profiles 
with operating conditions as input. The independently 
optimized modules are integrated into Qψ-TUBE for 
monitoring and counterfactual simulations. 

The theoretical and practical possibility of this archi-
tecture is aided by sufficient advancement in quantum 
and classical artificial intelligence. With advancements 
such as quantum generative networks (Q-GANS) for 
estimation of prior distributions with quantum circuits 
and the generator model with generative adversarial 
neural networks [47], we envision similar work with the 
scale-up strategy to model an end-to-end pipeline for the 
estimation of novel-protein production. 

Conclusions and perspectives 
Generative models have demonstrated significant poten-
tial in addressing diverse industrial challenges. This study 
presents a systematic approach to generative modeling 
and agentic AI for process system engineering. This sys-
tematic approach consists of three different steps, in-
cluding creating the process and instrumentation process 
diagram for the desired process. Then, the measuring 
process variables are determined using direct measure-
ment. In this step, if measuring the process variable is not 
directly possible, generative modeling considering both 
process knowledge and artificial intelligence plays a cru-
cial role in monitoring variables. Finally, this information 

could be used for different purposes, including process 
control, optimization, and scale-up. 

To investigate this systematic approach, four case stu-
dies showcasing the application of generative modeling 
in real-time motorsport optimization, customer-focused 
product design, the development of soft sensors for 
sustainable food manufacturing, and decision-making 
tools for biomanufacturing scale-up were investigated. 
These examples highlight the versatility of generative 
models in understanding and replicating complex data 
distributions, enabling their application in varied in-
dustrial domains. 

While the promise of industrial Agentic AI and gen-
erative modeling is vast, several key limitations must be 
addressed before they can be more widely adopted in 
chemical engineering. High-quality, representative da-
tasets remain scarce or costly to obtain, constraining 
model training and generalization. Seamless integration 
with wet-lab experiments is often hindered by mis-
matched data formats and timescales, complicating va-
lidation and calibration efforts. The inherently ‘black- 
box’ nature of many generative architectures also raises 
concerns around interpretability and trust, especially in 
safety-critical applications. Moreover, real-time, agentic 
decision-making at scale demands significant computa-
tional resources and robust edge-to-cloud infrastructure, 
which may not be available in all industrial settings. 
Finally, purely data-driven models can produce mis-
leading or unsafe recommendations if not grounded in 
mechanistic process knowledge, highlighting the ne-
cessity of hybrid approaches that blend domain expertise 
with agentic AI. 

By acknowledging these challenges alongside the de-
monstrated benefits, we underscore the importance of 
ongoing research into explainable generative methods, 
self-adaptive calibration algorithms, and cost-effective 
data acquisition strategies. As these elements mature, 
the synergy between generative modeling and complex 
industrial systems will continue to drive innovation, ef-
ficiency, and sustainability across chemical and biopro-
cess engineering. 
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