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Abstract 

Deriving versatile and robust mechanistic models from experimental data is a key 
challenge in engineering and natural sciences. This is especially true in chemical reaction 
engineering, where reactor manufacturers and operators increasingly pursue the 
development and maintenance of digital twins that rely on frequent model updates and 
ask for automation of this modeling process. In this work, we propose an automated 
workflow that generates accurate mechanistic reactor models from experimental 
concentration data of a given reactor. At the core of this workflow, a reinforcement 
learning agent assembles an interpretable reactor model by iteratively simplifying 
general diBerential balance equations and fitting the resulting candidate model to 
experimental data. We demonstrate the performance of our workflow in two case studies. 
An in silico case study shows that the workflow correctly reconstructs the model 
underlying a synthetic data set, is robust against noise in the input data, and has 
favorable scaling properties. The agent accelerates the model derivation process 
significantly compared to an exhaustive enumerative search. Secondly, an experimental 
case study is conducted employing a Taylor-Couette prototype reactor. A liquid-phase 
esterification reaction of (2-bromophenyl)methanol and acetic anhydride was used as a 
test system. Based on the experimental data, the workflow derives meaningful 
mechanistic models, with the most accurate model showing a normalized root mean 
squared error of 2.4%. Future work encompasses the integration of automated 
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experiments into the workflow and the transfer of our workflow to process units beyond 
chemical reactors. 

Keywords: Digital twins; Mechanistic model; Reinforcement learning; Taylor-Couette 
vortex reactor 

 

1. Introduction 

The transition from traditional chemical and pharmaceutical processes to sustainable 
manufacturing has become more urgent than ever. To address the growing demands of 
competitive markets and sustainability goals, it is essential to accelerate process 
development and scale-up, reducing the time to market for new products. This urgency 
has driven significant advancements in synthetic chemistry and process engineering, 
including the development of scalable synthetic routes (Horn et al., 2016; Politano and 
Oksdath-Mansilla, 2018), the shift from batch to continuous-flow processes (Capaldo et 
al., 2023), and the design of intensified reactors with enhanced eBiciency (Plutschack et 
al., 2017). 

Digitalization has emerged as a transformative approach to tackle these challenges and 
digital twins is one of the key enabler for accelerating process development (Fantke et al., 
2021). Digital twins create a virtual representation of physical processes, allowing for 
simulation, testing, and optimization in a digital environment. For instance, a digital twin 
enables reactor manufacturers to evaluate their novel designs for new chemical 
reactions, identify optimal operating conditions, or train operators for practical 
applications. Despite their promising applications, the widespread adoption of digital 
twins remains limited by the challenge of quickly developing models that eBectively 
integrate data from physical systems. 

A critical challenge lies in the development of mechanistic models for digital twins. While 
mechanistic models are highly interpretable and provide more detail and better 
extrapolation behavior than data-driven models, developing mechanistic models for 
digital twins is a specialized and time-consuming task. The process typically involves 
skilled modelers to analyze systems, formulate assumptions, construct models, solve 
equations, and compare predictions with experimental data. If the model predictions fail 
to capture the trends of experimental data, models need to be revised through repeated 
iterations, which can be time-consuming.  

Although software tools such as ASPEN, gPROMS and Scale-up Suite have simplified the 
model generation process, these tools often require expensive licenses and lack the 
modularity needed for novel processes and reactor designs. These tools are designed for 
a human model developer, and at present do not include automation that may allow to 
scale the development of digital twins. The role of model development is restricted to 
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highly experienced process engineers and these skills are typically not widely accessible 
within the organisations. Consequently, there is a need for accessible, automated 
workflows that democratize model development, streamline the modeling process, and 
facilitate the broader adoption of digital twins in process development.  

With recent advancements in artificial intelligence, data-driven agents have emerged as 
a promising approach to assist in process development and design. In terms of the 
modeling task, automated model generation has been investigated on both the process 
level and the kinetic level. For example, Khan and Lapkin (2020) proposed the use of 
reinforcement learning to automate the generation of process flowsheets. Instead of 
exhaustively enumerating all possible process pathways from reactant to product, an 
agent learns which sequence of process units results in the most cost-eBicient process. 
The authors later extend their work by introducing a hierarchical approach where a 
higher-level reinforcement learning agent decides on the arrangement of "process 
sections" whereas a lower-level agent specifies the process units within each section 
(Khan and Lapkin, 2022; Seidenberg et al., 2023). In this way, reward sparsity is addressed 
leading to a modular, more stable learning process. A similar approach is presented by 
Stops et al. (2023) who enhance hierarchical reinforcement learning for process design 
by representing the process flowsheets as graph convolutional neural networks and 
employing a modified proximal policy agent, instead of Q-learning as used by Khan and 
Lapkin (2020). For kinetic models, Neumann et al. (2020) identify kinetic models as well 
as the relationship between shear stress and shear rate from robotically collected, noisy 
data using a globally optimal symbolic regression approach. Carvalho Servia et al. (2024) 
employ genetic programming to detach the kinetic model generation process from model 
structure assumptions and to improve scalability.  However, a clear gap remains in the 
automation of reactor-level model generation – a crucial area that links with scalability in 
process development. Reactor models span a spectrum of complexity, from simple 
idealized representations to detailed computational fluid dynamics (CFD) simulations 
(Haag et al., 2018). Automation of reactor-level model generation therefore requires the 
development of a workflow capable of accommodating diverse levels of complexity and 
adapting to a wide range of processes. 

This work aims to bridge this gap by developing an automated workflow for mechanistic 
reactor model generation for digital twin applications, leveraging hierarchical 
reinforcement learning agents. In this work, Part I of the 2-part study, we focus on: (1) 
proposing a structured workflow for automated model generation using reinforcement 
learning agents, (2) designing an equation generation module, which is the centrepiece 
of the workflow, and (3) testing the workflow in an in silico and an experimental case 
studies, where the latter involves data collection from a prototype Taylor-Couette reactor 
with an esterification reaction. Part II of this work will focus on generalizing the workflow 
towards digital twin applications (Laub et al., 2025). 
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2. Methodology  

In this section, we first outline the proposed workflow for automated reactor model 
generation based on experimental data. Then, we discuss the implementation details of 
the central, reinforcement learning-based model equation generator module. Finally, we 
introduce the two case studies where the workflow has been implemented and tested in 
an in silico case study of a one-dimensional dispersion model, and an experimental case 
study where data is collected from a novel Taylor-Couette flow reactor. 

2.1. Workflow design 
2.1.1. Design principles 

The workflow is designed to satisfy six core requirements either pertaining to the 
workflow itself or the models generated by the workflow. 

(1) Interpretability. The workflow derives a diBerential-algebraic system of mechanistic 
equations that resembles traditional, mechanistic model equations and is therefore 
interpretable. Interpretable models are usually better verifiable through measurements, 
adaptable to changing reactor geometries, chemistries, and operating conditions, and 
valid beyond the bounds of the data used to infer the model. Interpretable mechanistic 
models can be used as a store of knowledge, where knowledge enhancement can be 
tracked.  

(2) Generality. The workflow needs to be capable of capturing any continuous flow reactor 
type with any chemistry at any operating conditions in a model. This is ensured by 
including: (i) a compartmentalization module as a suBiciently fine model discretization 
captures the most complex hydrodynamic flow patterns or multiphase processes, and (ii) 
integrating a comprehensive ontologically organized database of constitutive equations.  

(3) Transferability of workflow and models. Although the workflow is developed to 
generate reactor models, it is easily adaptable to create models for other chemical 
process units, e.g., heat exchangers. Moreover, the workflow should capture the physical 
system well enough so that similar physical systems, i.e., systems with minor changes in 
the geometry, operating conditions, and chemistry, can be modelled with minimal or no 
additional experimental data but rather via inference from the original system. For that, a 
mapping between problem profiles and models can be developed. 

(4) Computation time. A fast workflow is key to using this technology to update digital 
twins or use it in inline applications. The proposed workflow can be executed on a laptop 
computer in a matter of minutes and thus outpaces human model development and 
testing.  

(5) Adjustable accuracy. The workflow is designed to create models that capture the 
physical system at any desired level of accuracy. For this, the compartmentalization 
module plays a key role as a suBiciently fine discretization captures phenomena with 
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arbitrary accuracy. Moreover, the estimation of the residual error can be integrated into 
the post-processing module. 

(6) Modularity. The workflow is designed in a modular way allowing for parallel 
development and testing of the modules, and quick updates and refinements. 

2.1.2. Workflow module design   

Based on the outlined design principles, the proposed automated workflow is structured 
into seven modules that adapt the traditional modeling process (Preisig, 2010; Andres 
Mahecha-Botero et al., 2007), see Figure 1. 

The input module queries the human modeler for known a priori information about the 
reactor and compiles a "problem profile" that is passed to the compartmentalization 
module. The problem profile may include information on the reactor geometry and type, 
the chemical system, the operating conditions, and available experimental data, e.g., 
concentration curves. All information that is not provided to the input module will be 
established in the remaining process; however, the provision of experimental data is 
mandatory. 

The task of the compartmentalization module is to identify a compartmentalization of 
the physical system that is located on the continuum between a single ideal reactor (one 
compartment) and a topological model (e.g., a CFD-like model with millions of 
compartments) so that the desired model accuracy is achieved at minimal 
computational cost (Haag et al., 2018; Jourdan et al., 2019; Stegehake et al., 2018). The 
output of the compartmentalization module is a graph that captures the chosen 
topological structure of the model. Here, nodes represent balance volumes and edges 
represent interfaces between the sub-volumes. Part II of this work discusses the 
compartmentalization module in detail (Laub et al., 2025). 

For each balance volume and each balance interface, the equation generation module 
uses a reinforcement learning approach to identify a set of equations that reflect the 
behavior of the sub-volumes and their interconnections. As input, the module receives 
the topological graph from the compartmentalization module as well as the problem 
profile. The module starts from general diBerential balance equations for extensive 
properties such as mass (or moles), energy, or momentum for the present species and 
gradually specifies it. For that, the module queries an expansive, ontologically organized 
library of constitutive equations. A core challenge in designing the equation generation 
module is to identify a computational representation of a system of equations that allows 
mathematical manipulation of the equations and the substitution of terms by 
constitutive equations, Section 2.2.3. The output of the equation generation module is a 
machine-readable model that can be executed using software such as Pyomo.DAE 
(Nicholson et al., 2018), GAMS (GAMS, 2021), OpenModelica (Fritzson, 2020), or 
Julia.JuMP (Lubin et al., 2023). 
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The test module receives as input the mechanistic model derived by the equation 
generation module. The module’s task is to infer a suitable solver for the given model and 
test its validity (e.g., solvability, structural identifiability, and observability). If the model 
is identified as invalid, the model is passed back to the compartmentalization and 
equation generation modules to improve the formulation.  

If a model passes the test module, it is sent to the solver module. Together with a 
parameter estimation module, the task of the solver module is to fit the model 
parameters so that the model's behavior matches the experimental, possibly time-
variant and multidimensional, concentration data provided in the problem profile. 
Conceptually, this corresponds to a bilevel optimization problem where the repeated 
solution of the partial-diBerential algebraic model is embedded into a parameter 
estimation optimization. The output of the solver module is the parameterized model 
along with its accuracy. If the accuracy falls short of expectations, a new model is 
developed by the compartmentalization and equation generation modules until the 
accuracy is met. To accelerate this iterative process, the performance of previously 
developed models is made available to the equation generation module. This notion 
motivates the design of the model equation generation module as a reinforcement 
learning agent as described in Section 2.2. 

Finally, the post-processing module integrates tasks that help to further improve the 
quality of the determined model, e.g., by learning the residual modeling error using a 
hybrid machine learning architecture, by performing uncertainty quantification, or by 
developing a computationally inexpensive surrogate model.  

While this work focuses on the equation generation module and compartmentalization 
module respectively, more detailed descriptions of the other modules are provided in the 
Supplementary Materials. 
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Figure 1: An illustration of the overall model generation workflow. (a) Steps of the manual 
system-theoretic workflow for the generation of reactor models. (b) Proposed automated 
workflow. The grey-dashed boxes relate the modules of the proposed workflow to the 
steps of the manual workflow.    

2.1.3. Equation generation module   

As the centrepiece of the proposed workflow, the equation generation module derives a 
mechanistic mathematical model for each reactor compartment as well as the 
interfaces between the compartments. In the most general case, such a model is a 
partial-diBerential algebraic system of equations including the necessary initial and 
boundary conditions to solve the model. Solving this system of equations yields, for 
instance, the reactor temperature and concentration profiles that chemical reaction 
engineers are interested in.  

The module derives the reactor model by starting from the most general form of the 
diBerential mass, energy, and momentum balance equations for volumes and interfaces. 
Equations 1 and 2 show the diBerential volume and surface balances where 𝜓	represents 
the intensive balance quantity. The five terms in the diBerential volume equation reflect 
accumulation, convective transport, diBusive transport, production, and supply. In the 
diBerential surface equation, Γ	denotes surface properties, +	and − distinguish the two 
sides of the surface, and 𝐧 is the normal vector. Substituting 𝜓 with 𝜌, 𝜌ℎ, 𝜌𝑠 or 𝜌𝑣 yields 
the diBerential mass, energy, entropy, and momentum balance respectively. 
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0 =
𝜕𝜓
𝜕𝑡 + 𝛁	 ⋅ 𝜓𝐯 + 𝛁 ⋅ 𝜙! − 𝜎!

" − 𝜎!#  

 

(1) 

 
0 = −4𝜓$[𝐯$ − 𝐮%] + 𝜙!$ − 𝜓&[𝐯& − 𝐮%] − 𝜙!$8 ⋅ 𝐧 +	𝜎!%  
 

(2) 

 
In this work, we automate the derivation of the reactor model using a reinforcement 
learning approach. This is based on the notion, that the derivation process can be 
understood as a sequence of decisions. Specifically, for each variable in the diBerential 
balance equation one of four actions must be chosen:  

(1) Neglection of the variable. When a variable represents a phenomenon not relevant to 
the physical system at hand, the variable can be neglected in the system of equations. 
Common examples are radiative energy supply, which rarely makes a measurable 
contribution to the energy balance in most chemical reactor systems, or terms with time 
derivatives in stationary processes.  

(2) Substitution with a known parameter. When modeling a reactor, often key quantities 
of the process are known, such as the input flow rate, input concentrations, geometric 
dimensions, or kinetic constants that were measured in separate experiments. These 
values are provided to the equation generation module via the problem profile. The 
module can include this prior knowledge by setting the corresponding variables to the 
provided values. 

(3) Declaration as a parameter that will be estimated. Other parameters are not known a 
priori, for instance, diBusion coeBicients, heat transfer coeBicients, or the reaction order. 
These internal properties cannot be measured directly and are usually unknown. 
However, they can be inferred from the experimental data provided to the workflow. The 
module therefore sets these variables as "to-be-estimated parameters" whose values 
will be identified in the parameter estimation module. 

(4) Substitution with a constitutive equation. Constitutive equations exist that further 
specify the behavior of the variable. This domain knowledge is made available to the 
equation generation module via the ontological database. The module queries the 
database for suitable constitutive equations and adds them to the system of equations. 
Notably, the added constitutive equation likely contains new variables and terms on 
which a decision has to be made. 

These decisions are made successively for each variable in the diBerential equation and 
all subsequently added constitutive equations until no undecided variables remain. This 
sequential decision-making process is illustrated in Figure 2. Note that each decision for 
one of the actions corresponds to an assumption in the modeling process. The module 
can therefore conveniently provide a detailed list of the assumptions made. 
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Figure 2: Sequential decision-making for model derivation: The derivation of a reactor 
model from a general diBerential balance equation is a sequential decision-making 
process, where for each term successively one of four actions is taken: Neglecting (N), 
Substitution with a known value from the problem profile (V), Declaration as to-be-
estimated parameter (P), Substitution with a constitutive equation (C). The figure shows 
an exemplary state-action trajectory starting at the diBerential mass balance (State S1). 
The latest decision that has resulted in the current state is visualized with a box. Colours 
are used to match terms and decisions made on them. Actions are taken until no 
undecided variables remain. Terminal nodes therefore represent fully specified reactor 
models. Note that in this illustration no actions are taken on the partial derivative '(!

')
 for 

clarity, however, in our implementation actions can be performed on diBerential 
variables like on any other variable. 

The generated complete model is passed on to the solver and parameter estimation 
module. After fitting the to-be-estimated parameters to the experimental data, the 
remaining error between the fitted model and experimental data indicates whether a 
good model was developed. If the model does not satisfy the accuracy requirements, the 
equation generation module is tasked with developing a new model. For this, the module 
makes diBerent decisions in the model derivation process, i.e., it chooses a diBerent 
trajectory of actions. However, due to the complexity of reactor models and the large 
number of available constitutive equations, it is computationally infeasible to test all 
possible decision trajectories to determine which one delivers the best model.  

Instead, we use reinforcement learning to identify the sequence of actions yielding the 
best model in as few attempts as possible. Reinforcement learning is a machine-learning 
technique that is particularly well-suited for identifying the optimal trajectory in such a 
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sequential decision-making problem or similar combinatorial optimization problems 
(Mazyavkina et al., 2021).  

2.2. Reinforcement learning agent  

In reinforcement learning, an "agent" is subjected to an "environment". The agent 
perceives the state of the environment and uses his internal decision-making rule, the 
"policy", to decide on an action to take. The action leads to a change in the state of the 
environment. A "reward function" quantifies whether the incurred change was favorable 
and returns a reward value to the agent, who adapts his policy based on the received 
reward. Then, the agent perceives the new state and decides on the next action using the 
updated policy. This iterative process generates a state-action trajectory and is repeated 
until the agent has achieved its application-dependent goal in the environment. The 
agent is then subjected to a fresh environment to further tailor its policy function to the 
problem at hand. 

2.2.1. Environment 

The proposed workflow formulates the reactor model generation process as a sequential 
decision-making process. For solving sequential decision-making problems with 
reinforcement learning, the problems are mathematically described as Markov Decision 
Processes (MDP). An MDP is defined by a tuple 𝑀	 = 	 {𝑆, 𝐴, 𝑅, 𝑇}, where 𝑆 denotes the 
state space, 𝐴  is the action space, 𝑅  is the reward function, and 𝑇  is the transition 
function.  

Our decision-making process for automated model generation can be represented as an 
MDP as follows: 

(1) The state space 𝑺 is the set of all states 𝑠* ∈ 	𝑆 that the environment can be in. The 
initial state is the system of diBerential mass, energy, and momentum balance equations. 
When, for example, the agent decides to take action on the first variable in the first 
equation, e.g., by substituting it with a known parameter value from the problem profile, 
this results in a new state: The first variable is "decided" to be a "known parameter", 
whereas all other variables remain "undecided". In summary, the state of the 
environment is the system of equations alongside the information, which variables have 
been specified and by which actions.  

(2) The action space 𝑨  is the set of all actions 𝑎* ∈ 	𝐴  that the agent can take on 
undecided variables. As specified before, this includes neglecting the variable, 
substituting the variable with a known parameter from the problem profile, declaration of 
a variable as to-be-estimated parameter, and substituting the variable with a constitutive 
equation from the ontological database. Note that the number of available actions for an 
undecided variable can be larger than four when multiple candidate constitutive 
equations exist for the variable.  
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(3) The reward function 𝑹(𝒂𝒊, 𝒔𝒊):	𝑺 × 𝑨 → ℝ	quantifies the success or value of an action 
𝑎*  in a given state 𝑠* . In reinforcement learning, two classes of problems exist: Firstly, 
problems where a separate reward value can be computed for every state-action pair, 
and secondly, problems where only at the terminal state, i.e., the end of the trajectory of 
state-action pairs, the success of the actions leading to this terminal state can be 
determined. The latter is the case for our automated model generation problem: The 
quality of the derived model can only be established once all variables are specified so 
that the model is executable. A comparison of the model's predicted concentration or 
temperature curves with experimental data yields an error which is a measure of the 
model's quality and the actions’ value. Specifically, in this work, two reward functions are 
tested: Firstly, Equation 3 shows the squashing function, as used by Petersen et al. 
(Petersen et al., 2021) mapping the sum squared error (SSE) between model prediction 
and experimental data to a value between 0 and 1. A low SSE translates to a high reward 
and vice versa. Secondly, Equation 4 shows an alternative reward function that 
additionally rewards simpler models over complex models (Bassenne and Lozano-Durán, 
2019). In other words, the agent is encouraged to generate simpler models, if the error is 
comparable. We quantify the complexity of a model as the length of its representation 
vector, see Section 2.2.3. The parameter 𝑞 is chosen to the value of 𝑞	 = 	0.125 based on 
the average length of states in our problem to achieve favorable scaling. 

𝑅(𝑎* , 𝑠*) =
1

1 + 𝑆𝑆𝐸 

 

 (3) 

 

𝑅(𝑎* , 𝑠*) =
,

-$../
+ 0"#

123456(8$)
   with 𝑝 = 1, 𝑞 = 0.125 

 

(4) 

 

Finally, a penalty is added for trajectories that result in unsolvable models. To avoid 
sudden major perturbations during the learning process, a reward of 0.1 is chosen for 
unsolvable models as opposed to a reward of 0. The complete formulation of the reward 
function is shown in Equation 5. 

𝑅(𝑎* , 𝑠*) = U	Eq. 3	or	4,												if	model	is	solvable	0.1,																								otherwise																	 

 

(5) 

 
(4) The transition function 𝑻(𝒔𝒊$𝟏	|𝒔𝒊, 𝒂𝒊) in MDPs expresses the probability that action 
𝑎*  in state 𝑠*  will lead to a transition of the environment to state 𝑠*$,. In our case, these 
transitions are deterministic, i.e., taking action 𝑎*  in state 𝑠*  will always result in the same 
state 𝑠*$,. Therefore, no transition function has to be specified. 

2.2.2. Agent  

The agent uses received rewards to learn an optimal decision policy 𝜋(𝑎*|𝑠*)  that 
determines which action 𝑎*  to take being a state 𝑠*. In our implementation, we choose a 
value-based Q-learning approach where the agent relies on an action value function 
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𝑄(𝑠, 𝑎)  that estimates the expected reward of taking action 𝑎  in state 𝑠 . The agent's 
optimal policy in state 𝑠  is choosing the action 𝑎  that maximizes the value function 
𝑄(𝑠, 𝑎) (Mazyavkina et al., 2021).  

Compared to other value-based and policy-based approaches, the Q-learning approach 
best accommodates two particularities of our problem: Firstly, the number of available 
actions is not the same at each state but rather depends on how many constitutive 
equations are available for the next considered variable. Secondly, the states are not 
represented as a vector of real numbers, as will be explained in Section 2.2.3. Such a 
representation, however, is needed for policy-based agents. At the heart of Q-learning, a 
tabular data structure, the Q-table, records the expected reward 𝑄(𝑠, 𝑎) for all available 
actions 𝑎 in state	𝑠. We compute 𝑄(𝑠, 𝑎), the Q-values, as the average reward of those 
trajectories that passed through the state-action pair (𝑠, 𝑎) during the training process, 
as is customary in the field of Monte Carlo tree search methods (Browne et al., 2012). As 
initialization values, we choose 𝑄(𝑠, 𝑎) = 0.5  as the rewards range from 0 to 
approximately 1. 

A fully trained agent makes decisions by always choosing the action 𝑎 with the highest 
𝑄(𝑠, 𝑎) value for a given state. The agent follows the "optimal policy". However, while 
training, the agent adopts a "training policy" to balance exploration and exploitation 
rather than keep moving along the same trajectory in each episode. In this work, we test 
an 𝜖-policy and a dynamic 𝜖-policy and compare their impact on training performance. In 
the former, given a state and the available actions in that state, the agent makes a random 
decision among the available actions with a probability of 𝜖, whereas with a probability 
of 1 − 𝜖 the action with the best Q-value is chosen, see Equation 6. A high 𝜖 therefore 
favors exploration, while a low 𝜖 increases exploitation. Accordingly, 𝜖 = 1 corresponds 
to an agent that guesses models entirely randomly, whereas in the other edge case 𝜖 = 0 
the agent would get stuck in the same trajectory. The dynamic 𝜖-policy enhances this 
concept by gradually decreasing 𝜖  throughout the training process, thereby reducing 
exploration and increasing exploitation over time.   

𝑎* = Uargmax	Q
(s, a), with	probability	1 − ϵ

random	action, with	probability	𝜖								 

 

(6) 

 
2.2.3. States  

A key challenge is to develop a meaningful computational representation of the state. The 
agent operates in a state space where each state is a partial-diBerential algebraic system 
of equations with variables that have either been "decided" (i.e., an action was performed 
on them) or are still "undecided". 

The computational representation of these complex states must fulfil two requirements. 
Firstly, the state must be easy to process for the agent. In particular, the agent must be 
able to identify the next undecided variable in the system of equations. Secondly, the 
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state must be easy to translate into a machine-readable optimization model, e.g., a 
Pyomo model. 

In this work, we represent the state, i.e., the partial diBerential system of equations, as a 
sequence of Python objects in postfix notation. This is illustrated in Figure 3. 

The object-oriented implementation allows us to store additional information for each 
element of the state vector. We define four classes of elements, analogue to the types of 
nodes commonly used in expression trees (Angelis et al., 2023; Luo and Liu, 2018; 
Petersen et al., 2021): numerical values, symbolic values, unary mathematical operators 
that take one argument (e.g., 𝑒𝑥𝑝(	), 𝑠𝑖𝑛(	)), and binary mathematical operators that take 
two arguments (e.g., +, −, ⋅, /). Most importantly, all objects of the class symbolic value 
possess an attribute "status" which is initialized to "undecided". The agent steps from 
symbolic element to symbolic element. For the first encountered symbolic element with 
the status "undecided" the agent performs one of the four actions and changes the 
element's status to "neglected", "problem-profile", "parameter-estimation", or 
"constitutive-equation", depending on the action. Conveniently, the object nature of the 
symbolic elements ensures that the neglection of a variable will be reflected in the 
statuses of all appearances of that variable throughout the system of equations. Our 
classification of operators into unary and binary operators aligns with the definitions by 

Lample and Charton (2019) with one exception: we classify diBerential terms, such as '(
'5

 , 

as a single variable, i.e., a symbolic element not a series of operators, since in 
Pyomo.DAE (Nicholson et al., 2018) they are handled as such.  

 

Figure 3: Infix and object-oriented postfix representation of systems of equations: (a) A 
diBerential mass balance equation and a constitutive equation for the reaction rate in 
infix notation. Together they form an exemplary system of equations. (b) The same system 
of equations as a sequence of objects in postfix notation. This state representation was 
developed for our workflow. The colours denote the object class of the element (red: 
binary operator, yellow: unary operator, blue: numerical value, green node: symbolic 
value). When deriving a model, the agent iterates through the symbolic elements (green) 
and performs one of the four actions on them. In the depicted example, the element 
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boxed in red is the first still ”undecided” term. Therefore, all symbolic elements before 
have a specified status, whereas all symbolic elements following behind are 
still ”undecided”. From the depicted state it can also be inferred that only for 𝑟*  the 
action ”substitute with constitutive equation” was chosen, as no other constitutive 
equations have been added to the state. Boundary and initial conditions are omitted in 
this example. Besides the ”status” attribute, symbolic elements possess 
a ”pyomo_representation” attribute that is accessed when parsing the model into pyomo 
code. 

The postfix notation comes with three advantages. Firstly, it allows us to omit any 
parentheses in the state as postfix notation is unambiguous. Secondly, any equation that 
is rearranged to zero has in postfix notation the equal operator as the last element, see 
Figure 3. This conveniently signals the end of an equation and therefore paves the way for 
the representation of all equations of a system of equations in a single sequence. The 
equations are simply concatenated to each other with the equal elements functioning as 
natural separators. Similarly, initial and boundary conditions are treated as additional 
equations that are concatenated to the state. If a variable is substituted by a constitutive 
equation, this constitutive equation is added to the system of equations by 
concatenating it to the state. 

The final advantage of the postfix notation is its easy evaluation using the reverse 
shunting yard algorithm (details in the Supplementary Materials, A.2.). While in 
computational mathematics this algorithm is used to determine the numerical value of a 
longer term, we use it to parse the terminal state, i.e., the state at the end of a state-action 
trajectory where all symbolic variables are specified, into an executable Pyomo model. 
For that, each element in the state possesses a second attribute "pyomo-representation" 
that stores the string representation of that element as it appears in a Pyomo model, see 
Figure 3. The compiled equations are inserted into a template file of a Pyomo model, as 
illustrated in Supplementary Materials (A.2.). The implementation of the equation 
generation module is summarized as pseudo-code in Scheme 1.  

Scheme 1:  Pseudo-code for the implementation of the equation generation module as 
a reinforcement learning agent. 

Algorithm: Reinforcement learning agent for model equation generation 
 Data: Input profile, Library of constitutive equations 
 Return: Best-performing fitted Pyomo model 
 Parameters: 𝑛2-8*<=28  , initial 𝑄(𝑠, 𝑎), 𝑖𝑛𝑖𝑡𝑖𝑎𝑙_𝑠𝑡𝑎𝑡𝑒 

1 For 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 in 𝑛2-8*<=28 do: 
2  𝑠𝑡𝑎𝑡𝑒 ← 𝑖𝑛𝑖𝑡𝑖𝑎𝑙_𝑠𝑡𝑎𝑡𝑒 
3  while 𝑖𝑠_𝑚𝑜𝑑𝑒𝑙_𝑓𝑢𝑙𝑙𝑦_𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑 = False do: 
4   𝑎𝑐𝑡𝑖𝑜𝑛 ← Decide on action according to training policy (Eq. 6); 
5   𝑛𝑒𝑤_𝑠𝑡𝑎𝑡𝑒, 𝑖𝑠_𝑚𝑜𝑑𝑒𝑙_𝑓𝑢𝑙𝑙𝑦_𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑	 ← Apply 𝑎𝑐𝑡𝑖𝑜𝑛 to 𝑠𝑡𝑎𝑡𝑒; 
6   𝑠𝑡𝑎𝑡𝑒 ← 	𝑛𝑒𝑤_𝑠𝑡𝑎𝑡𝑒; 
7  end 
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8  Parse terminal 𝑠𝑡𝑎𝑡𝑒 into a pyomo model; 
9  Fit model parameters to experimental data; 

10  𝑟𝑒𝑤𝑎𝑟𝑑 ← Compute from accuracy, model complexity, and solvability (Eq. 5); 
11  𝑄(𝑠, 𝑎) ← Update Q-values of visited states using the 𝑟𝑒𝑤𝑎𝑟𝑑; 
12 end 
13 return Optimal Pyomo model corresponding to terminal 𝑠𝑡𝑎𝑡𝑒 with best Q-value; 

 
2.3. Implementation details  

The focus of this work lies on the equation generation module, which is the core module 
of the proposed workflow. The other modules have been implemented in simplified forms 
to allow for the demonstration of the overall workflow. The simplified 
compartmentalization module approximates the reactor with a single balance volume 
that is passed to the equation generation module. Note that Part II of this work focuses 
on the implementation of the compartmentalization module (Laub et al., 2025). The 
equation database is implemented as a Python dictionary that is queried by the equation 
generation module for constitutive equations. Instead of implementing a comprehensive 
test module analyzing solvability, structural identifiability, and observability, the action 
space is constrained so that only valid models are passed to the solver. The size of the 
reduced search space comprises 52 distinct models that can result from the agent's 
actions. The solver and parameter estimation module is implemented using Pyomo's 
DAE extension (Nicholson et al., 2018) in conjunction with the Parmest extension (Klise 
et al., 2019). Derivative variables are discretized using backward finite diBerences. As a 
solver, Ipopt 3.11.1 is employed with standard settings (tol: 10 ⋅ 10&>, max iter: 3000). No 
postprocessing modules are implemented at the moment.  

Moreover, the following assumptions have been made in the equation generation module 
without loss of generality. Since the chosen reaction exhibits good conversions at room 
temperature and is neither strongly exothermic nor endothermic, the eBect of 
temperature changes can be neglected. Accordingly, the reactor models are derived only 
from the diBerential mass balance. Moreover, the models are constrained to time-
invariant models with a 0- or 1-dimensional spatial resolution modelled in cartesian 
coordinates. This is done, to eliminate partial-diBerential equations from the search 
space in the light of the not yet implemented testing module. Note, that the 
implementation of the equation generation module is not restricted to ordinary DAE 
models and Pyomo.DAE (Nicholson et al., 2018) is also capable of handling partial 
diBerential equations. 

2.4. In silico case study  

For the in silico case study, a known mechanistic model of a chemical reactor is used to 
generate concentration data which are fed into the workflow. The workflow derives a 
reactor model based on the concentration profiles. To test the functionality of the 
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workflow, the generated reactor model is compared to the original true model that was 
used to generate the synthetic data.  

As a true model we use a one-dimensional dispersion model as shown in Equations 7-12. 
We subject the hypothetical reactor to a second-order reaction of type 𝐴 + 2𝐵 → 𝐶 and 
assume a reactor length of 𝐿 = 0.1	m, an axial flow velocity of 𝑣) = 0.001	m	s&,, 𝑘?, =
0.1	m	mol&,	s&,	 (𝑇?, = 300	K ), 𝐸, = 100	J	mol&,  and 𝐷) = 1 × 10&@	mA	s&, at ambient 
pressure and a temperature of 𝑇 = 298	K. Moreover, inlet concentrations of 1	mol	m&B, 
1	mol	m&B and 0	mol	m&B are assumed for species A, B, and C respectively. 

0 = 𝑣)
𝜕𝑐*
𝜕𝑧 +

𝜕𝑗*
𝜕𝑧 − 𝑟* 						∀𝑖 ∈ {𝐴, 𝐵, 𝐶} 

 

(7) 

 

𝑗* = −𝐷)
𝜕𝑐*
𝜕𝑧 				∀𝑖 ∈

{𝐴, 𝐵, 𝐶} 
 

(8) 

 

𝑟* =�𝜈*-𝑟-
-

				with	𝑝 = 1, 𝜈*, = [−1,−2,1]				∀𝑖 ∈ {𝐴, 𝐵, 𝐶} 

 

(9) 

 

𝑟- = 𝑘-�𝑐*
C$%

*

				with	𝜆*, = [1,1,0]				∀𝑝 ∈ {1} 

 

(10) 

 

𝑘- = 𝑘?- exp �
𝐸-
𝑅 �

1
𝑇?-

−
1
𝑇��				∀𝑝 ∈ {1} 

 

(11) 

 

0 = 𝑐*(0) − 𝑐*?			and			0 =
𝜕𝑗*
𝜕𝑧
(𝑧 = 𝐿)				∀𝑖 ∈ {𝐴, 𝐵, 𝐶}				(as	B. C. ) 

 

(12) 

 
 

2.5. Experimental case study  

To test the workflow and the equation generation module in a real application setting, we 
selected a novel type of Taylor-Couette flow reactor as our “physical twin”. Experimental 
concentration data were recorded at the outlet of the reactor. The concentration results 
serve as inputs to the workflow that generates a mechanistic model of the reactor.  

Specifically, a prototype ribbed Taylor-Couette reactor (from Autichem Ltd.) was set up 
and commissioned. Taylor-Couette reactors are characterized by a fixed, cylindrical 
outer shell with a rotating inner cylinder, creating an annular gap in which the reaction 
mixture flows. This design makes it a particularly versatile reactor type, as diBerent flow 
patterns can be achieved by varying the speed and flow rate, ranging from a CSTR-like 
behavior with high dispersion to a PFR-like behavior with high flow segregation (Schrimpf 
et al., 2021), which has found to be useful for many types of reactions, such as 
photocatalytic reactions (Wang et al,. 2024), electrochemical reactions (Bouchon et al., 
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2023), enzymatic reactions (Matsumoto et al., 2021). Further details on the Taylor-
Couette reactor are provided in the Supplementary Materials (A.3.). 

The experimental setup to obtain concentration data from the reactor is shown 
conceptually in Figure 4 and a labelled image of the setup is provided in Figure 5. The 
reactant solutions are prepared and stored in two bottles at room temperature and 
pressure. The solutions are fed to the Taylor-Couette reactor using two pumps (Vapourtec 
R series). The reactants enter the reactor through the bottom inlets and are pushed 
upwards to an outlet at top of the reactor. Samples from the head outlet are collected 
manually. The samples are analyzed using the high-performance liquid chromatography 
(HPLC) (Shimadzu). 

 

Figure 4: A flowsheet of the experimental setup for data collection from Autichem’s 
Taylor-Couette reactor. 

 

Figure 5: A labelled image of the experimental setup for data collection from Autichem’s 
Taylor-Couette reactor. 

As a test reaction we chose esterification of (2-bromophenyl)methanol (A) and acetic 
anhydride (B) to 2-bromobenzyl acetate (P) in acetonitrile (MeCN), with triethylamine 
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(Et3N) as a base and 4-dimethylaminopyridine (DMAP) as a catalyst (Scheme 2). Details 
of the reaction system, synthesis procedures, equipment and experimental setup can be 
found in the Supplementary Materials (A.4., A.5.). 

 

Scheme 2: Liquid-phase reaction of (2-bromophenyl)methanol (A) and acetic anhydride 
(B) to 2-bromobenzyl acetate (P) in acetonitrile (MeCN), using triethylamine (Et3N) as 
base and 4-dimethylaminopyridine (DMAP) as catalyst. 

In total, four sets of diBerent experiments were conducted where the experiments diBer 
in terms of mixing rate, and solvent as shown in Table 1. For each experiment, the outlet 
concentration is measured for six inlet single flow rates between 1.7 and 17 mL min-1 at a 
reactor volume of 17 mL.  In the base case, two stock solutions are prepared: (1) A 0.2 M 
solution of (2-bromophenyl)methanol (A) (1.0 equiv) in MeCN with catalysts DMAP (0.01 
equiv) and base Et3N (1 equiv); (2) A 0.2 M solution of acetic anhydride (1 equiv) in solvent 
MeCN. The highest rotating speed of the Taylor-Couette reactor (360 rpm) is chosen. 

Table 1: A list of experiments for four scenarios are conducted. For each, the total 
volumetric flowrate is adjusted between 1.7-17 mL min-1 to collect concentrations at the 
reactor outlet at the following residence times 1, 2, 4, 6, 8.5 and 10 min. 

No Scenario Reactor Solvent Rotating speed [rpm] 
1 Base case Taylor-Couette MeCN 360 
2 Mixing medium Taylor-Couette MeCN 60 
3 Mixing low Taylor-Couette MeCN 0 
4 Solvent Taylor-Couette Toluene 360 

 

3. Results and Discussion  
3.1. In silico case study  

As for the in silico case study, all computational work including the execution of the 
workflow for model generation was performed on a laptop computer with an Intel Core 
i5-8250U CPU, 1.60 GHz, 8 GB RAM. Python 3.10.12, Pyomo 6.6.1, Ipopt 3.11.1, and 
Pandas 1.5.3 were used among others.  

3.1.1. Model generation results 

The workflow is first tested in silico using synthetic data. We observe that the workflow 
successfully keeps and neglects the correct terms in the diBerential mass balance 
equation, includes the correct constitutive equations, and performs well in parameter 
estimation. Table 2 compares the true model with the best models identified by the 
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workflow. The first best model is a perfect reconstruction of the true model. For instance, 

the importance of the diBusion term 'D$
')

 is recognized by keeping the term in the system 

of equations and specifying it by including Fick's law as a constitutive equation, see (8. 
Similarly, the correct reaction order is identified, and the spatial dependency of the axial 
flow velocity is correctly neglected. The NRMSE between the data generated by the true 
model and the identified model is NRMSE = 	2.598 ⋅ 10&,,  which can be attributed to 
numerical eBects. 

Table 2: A comparison of the best identified models with the true model (Equations 7-12), 
in silico case study). For each symbolic term in the diBerential mass balance, the actions 
leading to the true model are compared to the actions leading to the best models. 
Checkmarks indicate agreement with true model. ”N.A.” indicates that no decision had 
to be made on a term, as the term occurs in a constitutive equation not included in the 
model. The actions are abbreviated as N: Neglect variable, V: Substitute variable with 
known value from problem profile, P: Declare variable as to-be-estimated parameter, C: 
Substitute variable with constitutive equation (Section 2.2.1). 

Symbolic 
Term 

True 
model 

1st best 
model 

2nd best 
model 

3rd best 
model 

4th best 
model Worst model 

𝜕𝑐
𝜕𝑡 𝑁 ü ü ü ü ü 

𝑣! 𝑉 ü ü ü ü ü 

𝜕𝑣
𝜕𝑧 𝑁 ü ü ü ü ü 

𝜕𝑗"
𝜕𝑧  𝐶 ü ü 𝑁 ü 𝑃 

𝑟"  𝐶 ü ü ü ü ü 

𝐷! 𝑉 ü ü 
N.A. (since 
neglecting 	

#$!
#!
) 

ü 
N.A. (since 

fitting 	
#$!
#!
) 

𝑟% 𝐶 ü ü ü ü ü 

𝜈"% 𝑉 ü ü ü ü ü 

𝑘% 𝐶 ü 𝑃 ü ü ü 

𝜆"% {1,1,0} ü ü ü {1,2,0} ü 

𝑘%
&'(  𝑃 ü 

N.A. (since 
fitting 𝑘%) ü ü 

N.A. (since 
fitting 𝑘%) 

𝐸% 𝑉 ü 
N.A. (since 
fitting 𝑘%) ü ü 

N.A. (since 
fitting 𝑘%) 

𝑅 𝑉 ü 
N.A. (since 
fitting 𝑘%) ü ü 

N.A. (since 
fitting 𝑘%) 
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𝑇&'(  𝑉 ü 
N.A. (since 
fitting 𝑘%) ü ü 

N.A. (since 
fitting 𝑘%) 

𝑇 𝑉 ü 
N.A. (since 
fitting 𝑘%) ü ü 

N.A. (since 
fitting 𝑘%) 

NRMSE [-] N.A. 2.598 ⋅ 10)** 5.813 ⋅ 10)** 8.468 ⋅ 10)+ 5.116 ⋅ 10), 23.297 

 

As the second-best model (NRMSE: 5.813 ⋅ 10&,,), the workflow identifies a model with 
high similarity to the true model that, however, does not include Arrhenius equation 
(Equation 11) as constitutive relationship for the rate constant 𝑘-. Instead, 𝑘- is declared 
a to-be-fitted parameter and found through parameter estimation. The high accuracy of 
this simpler model is explained by the absence of temperature changes over the length 
of the reactor. Fitting 𝑘-	instead of 𝑘-

E2F	yields the same model, as all other terms in 
Arrhenius equation are constant.  

The agent identifies two other models that achieve NRMSE values below 0.1.  One 
corresponds to the optimal model but neglects the diBusion term as well as all related 
constitutive equations (NRMSE: 8.468 ⋅ 10&B). This observation illustrates the influence 
of the diBusion term on the experimental results but also demonstrates that the 
hypothetical true reactor can still be accurately approximated with models that neglect 
diBusion. The fourth-best model corresponds to the first-best model with third-order 
reaction kinetics (NRMSE: 5.116 ⋅ 10&A). 

3.1.2. Influence of training policy 

In the in silico case study, the impact of reinforcement learning becomes evident when 
analyzing the number of iterations needed until the true model (Equations 7-12) is 
identified. Note that in the experimental case study, the best-performing model is not 
known a priori and the workflow is repeated until the first model undercuts a chosen error 
threshold.  

Figure 6 summarizes how diBerent training policies result in faster or slower model 
identification. Specifically, Figure 6 compares three static and a dynamic training policy, 
see Equation 6, as well as for reward functions with and without a penalty term for 
equation complexity, see Equations 3, 4. The figure shows the probability of finding the 
optimal true model in a given number of iterations. The probability is obtained by 
executing the workflow 100 times and recording for each execution, how many iterations 
were necessary to identify the true model. Note that for high number of iteration, 
eBectively corresponding to an exhaustive enumeration of the search space, the optimal 
model is always identified. This visualization is proposed in the work of Bassenne and 
Lozano-Durán (2019). 

A comparison of the static 𝜖  strategies shows that the workflow performance has an 
optimum on the interval 𝜖 ∈ [1,0]. The green curve in Figure 6 represents the behavior of 
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an agent with 𝜖 = 1, i.e., an agent that takes random actions in every state and does not 
learn promising decisions through the results of previous iterations. Accordingly, even 
after 500 iterations only in 52% of the experiments, the correct model was discovered. 
However, when decreasing 𝜖 and thereby gradually enabling the agent to learn, model 
identification accelerates. For 𝜖 = 0.7, which is found to be the optimal static epsilon for 
our use case, the probability of detecting the correct model after 500 iterations rises to 
60%. A further decrease of 𝜖	leads to inhibition of the agent's exploration and impairs the 
performance. 

The dynamic 𝜖 -training policy provides significant further improvements in workflow 
performance, see Figure 6. Gradually decreasing 𝜖  from one to zero corresponds to 
gradually increasing exploitation over exploration, as the agent takes random decisions 
less frequently. This training policy outperforms the static policies and achieves a model 
identification probability of 80% in fewer iterations (317 iterations). Compared to making 
random decisions, the reinforcement learning enhanced workflow increases the 
identification probability by a factor of 1.5 in 37% fewer iterations. 

 

Figure 6: Performance of the agent under three static training policies (𝜖 = 1, 0.7, 0.5), a 
dynamic training policy (ε = 1 → 0, linearly) and with and without a complexity penalty in 
the reward function (Equations 3, 4). If	𝜖 = 1, the agent performs random decisions. The 
smaller ε, the more the agent favours exploitation over exploration. The figure shows the 
probability of finding the optimal true model in a given number of iterations. Note that for 
high number of iteration, eBectively corresponding to an exhaustive enumeration of the 
search space, the optimal model is always identified. The figure can be read as ‘After 
performing 317 iterations, the correct model was identified in 80% of the workflow 
executions when using the dynamic epsilon training policy.’  

Finally, the eBect of a complexity penalty in the reward function is investigated. Figure 6 
includes the learning curve for an agent with constant 𝜖 = 0.7 and a complexity penalty, 
see Equation 4. The modified agent takes significantly more iterations to discover the 
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optimal true model. The reason for this behavior is the high complexity of the true model 
in our case study compared to most other models in the search space. In the search 
process, smaller models are successfully prioritized over the more complex true model 
causing slower detection. In the Supplementary Materials (A.7), we provide additional 
evidence indicating that a complexity penalty in the reward function can be an eBective 
measure to detect simpler models with similar accuracy earlier. 

3.1.3. Influence of noisy data  

The experimental data input into the workflow typically contains inherent levels of error 
and noise. To test the robustness of the workflow against such noise, we use the 
controlled setup of the in silico case study and perturb the input data with Gaussian noise 
at various standard deviations (𝜎 ∈ [0.001	mol	m&B, 0.1	mol	m&B] ≈ [0.2%, 20%]).   

Figure 7 summarizes the sensitivity of the workflow performance to added noise. The four 
best-performing models in the in silico case study, see Table 2, all demonstrate errors of 
NRMSE ≤ 10% for Gaussian noises up to 𝜎 = 0.05	mol	m&B ≈ 10% which is above the 
common laboratory measurement uncertainties. Moreover, the order of the four best 
models does not change, i.e., the workflow still identifies the correct model as optimal 
model despite the addition of substantial synthetic noise. 

 

Figure 7: Sensitivity analysis of workflow results to Gaussian noise in the input data (𝜎 ∈
[0.001	𝑚𝑜𝑙	𝑚&B, 0.1	𝑚𝑜𝑙	𝑚&B] ≈ [0.2%, 20%] ). The workflow continues to identify the 
true model successfully. 

In summary, the in silico case study demonstrates that the developed workflow is 
capable of generating mechanistic models that closely match synthetic reactor data. 
Moreover, the case study shows how the reinforcement learning-based equation 
generation module significantly accelerates the model generation process compared to 
a trial-and-error approach and is robust against noise. In the Supplementary Materials 
(A.6.), an analysis of the runtime is provided. 
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3.2. Experimental case study  
3.2.1. Data collection results 

Figure 8(a) shows the eBect of the rotation speed of the inner cylinder on the conversion. 
For higher revolutions, the conversion increases. This behavior can be attributed to the 
well-established vortex flow at high rotation speeds that increases mixing and prevents 
stagnant zones. Figure 8(b) visualizes the influence of the solvent choice on the reaction. 
When Toluene is used instead of MeCN, the reaction progresses more slowly. 

 

(a)               (b) 

Figure 8: Experimental data from Taylor-Couette reactor for scenarios from Table 1. 
Concentration curves for reactant (2-bromophenyl)methanol (A) and product 2-
bromobenzyl acetate (P). (a) EBect of mixing: Comparison of the base case (high mixing) 
with medium mixing and low mixing scenarios. (b) EBect of solvent: Comparison of the 
base case (solvent: MeCN) with a scenario where toluene is used.  

3.2.2. Model generation using experimental data   

In the experimental case study, the input data to the workflow is obtained from a Taylor-
Couette reactor for four diBerent operating condition scenarios. 

For the base case scenario, the workflow identifies a set of candidate models where four 
models stand out in terms of accuracy (NRMSE≤ 13.3%). The best model (NRMSE	=
2.4%) is presented in Table 3. The agent neglects axial diBusion and chooses a third-order 
reaction rate with a fitted reaction constant of 𝑘- = 1.52 ⋅ 10&@	mG	mol&A	s&, . The 
second-, third- and fourth-best models closely align with the best model but either 
include the diBusion term, pick a first-order reaction, or a combination of both (NRMSE: 
= 6.9, 8.1	and		13.3%). The four models all represent reasonable approximations of the 
modelled system, and the second and third models, in particular, closely align with the 
dispersion model commonly proposed in the literature for modeling Taylor-Couette 
reactors. For validating the estimated reaction constant, the experimental data obtained 
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from a tube reactor is used, as the tube reactor can be assumed to exhibit an ideal PFR 
behavior. When fitting the data of the tube reactor to an ideal PFR model, a reaction 
constant of 𝑘- = 0.057	mG	mol&As&,  is obtained for the reaction, significantly higher 
than the reaction constant determined by the parameter estimation. This is a hint that 
the true reaction order may be more intricate and lie beyond the explored search space. 
In future implementations, insights like this can be used to systematically expand the 
equation library and search space. 

Table 3: A comparison of the best models identified by the workflow for each of the four 
experimental scenarios in Table 1. ”=” indicates identical choice as in the base case 
scenario. The actions are abbreviated as 𝑁: Neglect variable, 𝑉: Substitute variable with 
known value from problem profile, 𝑃: Declare variable as to-be-estimated parameter, 𝐶: 
Substitute variable with constitutive equation. 

Symbolic 
Term Base case Case 2  

(Med mixing) 
Case 3 

(Low mixing) 
Case 4  

(Toluene) 

𝜕𝑐
𝜕𝑡 𝑁 = = = 

𝑣! 𝑉 = = = 

𝜕𝑣
𝜕𝑧 𝑁 = = = 

𝜕𝑗"
𝜕𝑧  𝑁 = = 𝑃 

𝑟"  𝐶 = = = 

𝐷! 
N.A. (since 

neglecting #$!
#!
) = = = 

𝑟% 𝐶 = = = 

𝜈"% 𝑉 = = = 

𝑘% 𝑃	(1.52 ⋅ 10)- 
𝑚.𝑚𝑜𝑙),𝑠)*) 

𝑃	(1.33 ⋅ 10)- 
𝑚.𝑚𝑜𝑙),𝑠)*) 

𝑃	(0.82 ⋅ 10)- 
𝑚.𝑚𝑜𝑙),𝑠)*) 

𝑃	(0.67 ⋅ 10)- 
𝑚.𝑚𝑜𝑙),𝑠)*) 

𝜆"% {1,2,0} = = = 

𝑘%
&'(  

N.A. (since  
fitting 𝑘%) = = = 

𝐸% N.A. (since  
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NRMSE [-] 0.024 0.019 0.044 0.053 

 

When providing the workflow with the concentration data of scenarios 2-4 (Table 1) as 
input data, new models are found that better approximate the Taylor-Couette system at 
the changed operation conditions. The updated models are summarized in Table 3. In 
particular, when reducing the rotating rate of the mixer from 360 rpm to 60 rpm and 0 rpm, 
the workflow updates the model by estimating lower kinetic constants for the reaction 
( 𝑘-,G?E-I = 1.33 ⋅ 10&@	mG	mol&A	s&, , 𝑘-,G?E-I = 0.82 ⋅ 10&@	mG	mol&A	s&, ). Domain 
knowledge, however, suggests that the slower reaction progress due to reduced mixing 
should be reflected in modifications to the axial diBusion term of the model rather than 
changes to the reaction constant, which is typically independent of mixing. This 
highlights two critical aspects of model interpretability. First, the observed behavior 
indicates that multiple models and combinations of parameter values may yield 
excellent fits to the data, underlining the need for structural identifiability analysis prior 
to model fitting (cf. test module in Section 2.1.2). While this feature lies beyond the 
current scope, we refer to Massonis et al. (2021) as a valuable foundation for future work. 
Second, interpretability can be enhanced by incorporating domain knowledge into the 
agent’s reward function to discourage physically implausible model adjustments. In Part 
II of this study, we demonstrate this approach through reward shaping, guiding the agent 
toward model topologies that align with known reactor characteristics (Laub et al., 2025).  

In summary, the experimental case study shows that the workflow is capable of 
generating realistic reactor models that emulate the concentration profiles with low error. 
The integrated parameter estimation gives a good indication of the order of magnitude of 
the parameters but is currently too imprecise to withstand validation by estimation 
equations from the literature for this reactor type. The scenario analysis demonstrates 
that the workflow eBectively adapts the model to new operating conditions, while further 
integration of domain knowledge and incorporation of additional experimental data, such 
as residence time distributions, are needed to ensure complete physical plausibility. In 
contrast to models obtained using symbolic regression approaches such as in 
Narayanan et al. (2022), Kronberger et al. (2021), or Neumann et al. (2020), our models 
are derived from first-principles balance equations, thus abiding by conservation 
principles and known physical laws. Moreover, the workflow’s modeling decisions, e.g., 
neglecting terms or substituting constitutive equations, directly correspond to 
assumptions traditionally made by the human modeler, increasing transparency and 
interpretability of the model. Furthermore, symbolic regression models are, while flexible 
and fast to evaluate, at risk of overfitting, particularly when data is noisy or sparse (De 
Franca, 2025) and unsuited for extrapolation (Kronberger et al., 2021). In Part II of this 
work, we furthermore demonstrate that the workflow is able to interpret new input data 
faster exploring closely related model structures first, whereas for symbolic regression 
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approaches small deviations in the input data commonly lead to significantly diBerent 
model structures (Laub et al., 2025; Kammerer, 2024). 

4. Conclusions 

The automated development of insightful mechanistic models from experimental data is 
a challenging task that has been tackled for applications on the process and kinetic scale 
as well as outside of the chemical engineering domain. However, on the process unit 
level, and in particular for novel reactor designs, little research has been done and 
contributions in this field may accelerate the transition to widespread continuous 
chemical production. More precisely, further research can support reactor 
manufacturers in the urgently needed development of accurate and flexible digital twins 
for chemical reactors. 

In this work, a modular workflow is presented that employs a Q-learning agent to 
eBiciently derive mechanistic reactor models from concentration data. Internally, 
systems of equations are represented as a postfix sequence of python objects that the 
agent operates on. In an in silico case study, we find that the workflow is capable of 
identifying the correct model underlying the data with high accuracy (NRMSE = 2.6 ⋅
10&,, ). For a search space restricted to one-dimensional DAE models with one 
compartment, the reinforcement learning agent increases the model identification 
probability by a factor of 1.5 in 37% fewer iterations compared to exhaustive search. For 
larger search spaces, this eBect is expected to be even more significant. The workflow 
identifies the optimal model with a probability of 80% in the first 500 iterations, taking 
less than 5 minutes to execute on a laptop computer. Moreover, a dynamic 𝜖-policy with 
𝜖 = 1 → 0 was found to result in the fastest model identification. In the experimental 
case study, the Taylor-Couette reactor is successfully set up and operated to obtain 
concentration curves for four diBerent reactor configurations. When providing the 
workflow with outlet concentration curves of the Taylor-Couette reactor, plausible 
reactor models are suggested that fit the experimental data with an NRMSE of 2.4%. 
However, a scenario analysis shows that additional domain knowledge needs to be 
incorporated to reliably ensure the physical validity of the proposed models. 

A key opportunity for improving the workflow lies in enhancing the compartmentalization 
module, which is tasked with identifying an optimal model topology on the continuum 
between one-compartment ideal reactors and CFD models. The compartmentalization 
module will allow testing the workflow on more complex reactor geometries and phase 
systems. For example, for the Taylor-Couette reactor, more accurate predictions are 
expected from multi-zonal models based on the presented findings from the literature 
(Richter et al., 2008). There also lies large potential in learning a mapping between the 
problem profiles and the state representation of the optimal models. In this way, the 
eBect of small changes in the reactor geometry, the chemical system, or the operating 
conditions on the model structure could be predicted, thus further eliminating the need 
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for experiments. Both these improvements are tackled in Part II of this research (Laub et 
al., 2025). In addition, future research should also enhance the test module to prevent ill-
posed models from entering into the time-consuming parameter estimation step, thus 
further accelerating the workflow. Finally, the integration of automated experiments into 
the workflow can be explored to support the agent's decision-making with tailored online 
experiments. 

 

Supplementary Materials  

Supplementary Materials contains: Detailed explanation of the workflow modules; 
Reverse shunting yard algorithm for parsing states to pyomo models; Additional results 
demonstrating the eBect of the complexity penalty; Background information on Taylor-
Couette reactors; Technical specifications of the experimental equipment; Details on the 
synthesis of 2-bromobenzyl acetate and the calibration of the HPLC analysis; Analysis of 
computation time. The code and data are available upon reasonable request. 
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