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1. Colors of chemical reaction engineering models

Kinetic models of chemical reactions are a crucial asset for
understanding and optimizing chemical processes [1]. These mod-
els are critical for reactor design, process optimization, catalyst
design, scale-up, and process control, making them indispensable
in the chemical industry. Kinetic models predict the change in tem-
perature and concentration of the relevant species, given an actual
concentration and temperature. Reaction predictions are made by
integrating the kinetic model with a reactor model, which accounts
for external constraints, such as flow, inlet concentration, and so
forth. Kinetic models can be characterized by their mechanistic
details: so-called white-box models comprise elementary reac-
tions with computed or derived scientifically sound rate parame-
ters [2]. Their incorporated details enable white-box models to
be applied to the extrapolative exploration of parameter spaces
in order to optimize for specific products. In contrast, black-box
models contain purely descriptive kinetics, making them unsuit-
able for deducting mechanistic understanding and extrapolations;
however, they are useful for interpolations. Examples of black-box
models include complex fractional polynomial formal kinetics and
chemical reaction neural networks [3,4], which can be used for a
specific reactor configuration and are typically not transferable to
different reactor types. Most practical kinetic models fall within a
spectrum, blending theoretical and experimental data to achieve
both specific optimization goals and efficient development. An
example of such a grey-box model is the fitting of certain parame-
ters of a fundamental model to the experimental data [5] or the use
of machine learning models to predict rate parameters [6,7]. Con-
structing white-box models is generally more labor-intensive, but
their inherent physical interpretability and enhanced extrapolative
capacities are valuable assets, as opposed to black-box models’ lack
of interpretability.

2. What is active machine learning?

Active machine learning combines machine learning with the
design of experiments (DOE), where the machine learning model
actively selects the data it wants to acquire [8]. Data acquisition
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is typically done iteratively, where new experimental data is
acquired, the machine learning model is refined, and additional
new data is asked for. Active machine learning has two branches
with different goals: active learning and Bayesian optimization.
With active learning, the goal is to make generalizable models with
accurate predictions across the entire design space, through a min-
imum of experiments [9]. On the other hand, Bayesian optimiza-
tion aims to find the highest experimental output. Both explore
the design space and exploit regions of the design space with the
current optimal values [10]. This rationalized balance of explo-
ration and exploitation makes active machine learning much more
data efficient than regular algorithms, as the selected data is more
informative. The selection of new experimental data is based on a
so-called acquisition function, which generally depends on the
uncertainty of the machine learning predictions. Hence, machine
learning algorithms that can directly estimate the epistemic model
uncertainty have primarily been implemented as surrogate mod-
els, including Gaussian process regression, Bayesian neural net-
works, and ensembles of (feedforward) neural networks [11-13].
These ensembles approximate the uncertainty, unlike Gaussian
process regression and Bayesian neural networks, where the
uncertainty is explicitly calculated. In this article, we do not aim
to provide an explicit discussion on uncertainty estimation in dif-
ferent machine learning models; interested readers are directed
to recent work for more information on this topic [14].

Gaussian processes typically perform well with low amounts of
data (up to ~10000 datapoints) and have accurate uncertainty
estimates, given the proper kernel. Bayesian neural networks per-
form better in high-dimensional cases and easily scale to millions
of datapoints, but they generally have less accurate uncertainty
estimation [15,16]. While Bayesian neural networks scale better
than Gaussian processes, they are also computationally more
intensive. When discussing uncertainty, it is important to distin-
guish between aleatoric uncertainty—that is, uncertainty intrinsic
to the data—and epistemic uncertainty—that is, uncertainty stem-
ming from model bias. Uncertainty on experimental data is purely
aleatoric, while model uncertainty is always a combination of alea-
toric and epistemic uncertainty. Active machine learning has
already shown its value in chemical engineering in a wide range
of domains such as process optimization and material design
[17-19], with companies investing in its possibilities for DOE as
well [20]. In summary, active machine learning is extremely
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valuable in cases where data is expensive or time-consuming to
obtain, which is often the case when acquiring experimental or
computational data for kinetic modeling [21].

3. What can active machine learning do for kinetic model
generation?

While machine learning has proven beneficial for developing
grey- and black-box models, active machine learning can expedite
this evolution further by acquiring more informative data, thereby
making data collection more time- and cost-effective. As presented
in Fig. 1 and discussed in the following sections, active machine
learning is applicable in all stages of kinetic model development
for white-, grey-, and black-box models.

3.1. Before network generation

The first step in kinetic model development is to collect exper-
imental or computational data, which will be used to validate the
model and eventually gain insight into the process. Thus, the target
of DOE is to cover the entire design space with a minimum number
of experiments. Conventionally, DOE relies on fixed design strate-
gies, including full-factorial and composite designs, which do not
exploit any obtained process knowledge. In addition, the surface
response method typically approximates the experimental output
by means of a second-order polynomial, which is not representa-
tive of every phenomenon. By using a non-linear machine learning
model surrogate, a much more accurate representation of the
experimental output is obtained [22]. Eyke et al. [23] and Ureel
et al. [24] showed the benefits of using active machine learning
for DOE in reaction design. Moreover, by coupling active machine
learning algorithms to automated reactors, a completely
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automated, efficient experimental campaign is achievable [25-
27]. In practice, experimental equipment has certain constraints,
such as the maximum pressure or temperature at which it can
be employed. These constraints are easily passed to the design
space to limit the pressure or temperature range for experimental
selection.

When using Gaussian process regression, which can accurately
predict the experimental output with a minimum of experiments
(~10 datapoints) and estimate the uncertainty of the model predic-
tions, less than half the experiments are required, in comparison
with regular DOE [24]. Thus, active machine learning offers a mas-
sive reduction in the experiments required for kinetic model devel-
opment, compared with more conventional DOE techniques.
Another advantage of active machine learning is that it automati-
cally incorporates the experimental uncertainty when it receives
(or demands) repeat experiments. Nevertheless, one of the disad-
vantages of these active machine learning techniques is that they
focus on a single experimental output (e.g., ethylene yield) and dis-
regard other parameters (e.g., methane, ethane, or propylene
yield). While optimization methods such as Bayesian optimization
can deal with multi-objective optimization, this is not possible for
active learning, which aims to find the most informative experi-
ment for a specific objective [28]. For multi-objective optimization,
a hybrid active machine learning plus regular DOE approach can be
employed. First, a fixed DOE technique is used to generally cover
the design space and provide information on all experimental out-
puts. Then, a model trained on the fixed DOE data can be evaluated,
and active machine learning can be employed to refine the predic-
tions of the specific experimental outputs of interest by iteratively
selecting new experimental data. This balance between the fixed
DOE method and active machine learning depends on the
dimensionality and range of the design space and the number of
experimental outputs of interest. Therefore, the overall model
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Fig. 1. An overview of active machine learning applications in kinetic modeling.
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uncertainty of all experimental outputs must be evaluated after the
fixed DOE. In this way, it is possible to decide whether specific
active machine learning experiments are required to further
increase the model accuracy for the desired output. The decision
to switch between the fixed DOE and active machine learning is
entirely determined by the desired model uncertainty and accu-
racy. The flexibility of the machine learning surrogate model, along
with rationalized data acquisition, makes active machine learning
excellent for DOE.

3.2. During network generation

The construction of a chemical reaction network relies on previ-
ous literature and user expertise to manually set up a model, or on
automatic reaction network generators [29-31]. Both strategies
suffer from ponderousness and a lack of uniformity, so machine
learning approaches have been investigated as a solution to gener-
ate chemical reaction networks from experimental data in a fully
automated way [4,32]. Various approaches have been employed
to automatically learn the algebraic equations from experimental
data, such as ALAMO [33] or symbolic regression [34]. Other
machine learning approaches have extended these methods to
automatically learn the occurring reactions, such as sparse identi-
fication of nonlinear dynamics (SINDy) systems [35,36]. In all these
approaches, active machine learning can be further employed,
specifically for improved reaction network generation; neverthe-
less, the role and input of human scientific and mechanistic knowl-
edge cannot be underestimated at the current state of the art. New
experimental data can be acquired to discriminate between the
candidate networks proposed by the machine learning model.
Selecting new experimental datapoints is performed by active
machine learning, which allows for better—and eventually more
reliable—reaction network generation with fewer local optima. de
Carvalho Servia et al. [34] demonstrated the use of active machine
learning in this field by combining symbolic regression with the
Hunter-Reiner criterion [37], which proposes the experiment with
the most significant model discrepancy for model discrimination.
Their work is a proof of concept involving three equilibrium reac-
tions, where two outputs were measured. Further extensions are
definitely feasible, especially regarding the model discrimination
criterion [38]. The Hunter-Reiner criterion only compares two
reaction networks and does not consider any uncertainty on the
model predictions [37]. As an alternative, the Box-Hill procedure
can be used, which considers the uncertainty on the model predic-
tions, or a (myopic, looking more than one experiment ahead)
extension of the Hunter-Reiner criterion that discriminates
between different models in parallel (Eq. (1)) [39,40]:
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The modified Box-Hill procedure selects the experiment where
discrimination function D is maximized, for m competing models,
with g and g, respectively representing the model uncertainty of
models k and I, ¢ representing the aleatoric uncertainty, and y;,
and y; respectively representing the model prediction of models k
and L
These extensions facilitate the discrimination of complex chem-
ical reaction networks with multiple competing pathways. How-
ever, their success depends on whether the competing pathways
are statistically significantly different, as different reaction net-
works can still provide the same model predictions. Therefore,
chemical knowledge and user intervention may still be necessary
to validate the final reaction network. It should be clarified that
no experiment is required for every addition of a reaction to the
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network. Nevertheless, for large reaction networks comprising
about 10000 reactions, it can become experimentally impractical
to fully rely on automatic model discrimination, making further
expert knowledge necessary for reaction network generation.

3.3. After network generation

Grey-box kinetic models require the regression of specific
parameters to the experimental data, which may not be fundamen-
tally understood. These parameters are typically unknown thermo-
dynamic or kinetic properties [41]. To estimate these parameters,
an initial guess of the parameters is made, the model is evaluated,
and the parameters are iteratively updated to minimize the resid-
uals between the experimental data and model predictions. Typi-
cally, gradient-based local optimizers are employed [42].
However, these optimizers do not guarantee convergence to a glo-
bal optimum, which is especially important when optimizing mul-
tiple parameters simultaneously. To counter this issue, genetic
algorithms have been proposed that converge toward a global opti-
mum in multidimensional searches, although these algorithms
require many function evaluations [43].

The evaluation of grey-box kinetic models is not necessarily
computationally cheap, depending on the kinetic model complex-
ity (i.e., the number of species) and reactor model (i.e., the stiffness
and number of differential equations considered). Therefore, active
machine learning, in the form of Bayesian optimization, is better
suited for parameter optimization than for genetic algorithms.
Bayesian optimization aims to find the global optimum in a mini-
mum number of function evaluations, making it an excellent tool
for parameter optimization in many fields [44,45], including
grey-box kinetic models. It is well-accepted that Bayesian
optimization requires fewer function evaluations than genetic
algorithms, leading to a 10-fold to 100-fold reduction in the
required number of experiments [10,44]. While these values have
not been explicitly verified for kinetic model development, many
benchmarks have been performed in the past, including reactor
optimization and hyperparameter tuning, where Bayesian opti-
mization generally uses 50-500 iterations and 1000-10000
genetic algorithms [46-48]. While Bayesian optimization is excel-
lent for expensive-to-evaluate problems that are low-dimensional
(up to 20 dimensions) and continuous, genetic algorithms are bet-
ter for high-dimensional, discontinuous, and noisy problems [10].
Kasiraju et al. [49] developed a Bayesian optimization Python tool
for the parameter estimation of kinetic models. Genesys-Cat, an
automated kinetic model generator, offers a tailored Bayesian opti-
mization approach for fast and efficient model generation [50]. In
their work, different Bayesian optimization approaches with vari-
ous Gaussian process kernels were examined. Fig. 2 [50] presents
the parameter optimization of these approaches, demonstrating
the efficiency of Bayesian optimization compared with a local opti-
mizer (Levenberg-Marquardt). This figure also shows the impor-
tance of a proper surrogate model, as the rational quadratic (RQ)-
Matérn kernel outperformed the radial basis function (RBF)-kernel
for this case.

Kurilovich et al. [51] also optimized their kinetic model using a
tree-based Bayesian optimization strategy, thereby minimizing the
number of function evaluations. These applications clearly demon-
strate how active machine learning makes kinetic model develop-
ment more data efficient and computationally efficient.

3.4. Improving existing kinetic models

Even after the construction of a kinetic model, the use of active
machine learning is beneficial. Active machine learning can be
employed to challenge and improve existing kinetic models [52].
Here, we distinguish between two goals: either evaluating the
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Fig. 2. Optimization performance of kinetic model parameters for the Levenberg-
Marquardt algorithm (local optimizer) and four Bayesian optimization strategies
with varying kernels. Lower regret signifies a better algorithm, with the line
depicting the average regret and the uncertainty band depicting the standard
deviation determined by five independent runs. RBF: radial basis function; RQ:
rational quadratic; EI: expected improvement. Reproduced from Ref. [50] with
permission.

kinetic models in the current design space to examine where they
fail or extending existing models to a larger or higher-dimensional
design space. At present, kinetic models are mainly used postdic-
tively to provide further insights into the process [53]. Using active
machine learning to challenge these existing models can make
them more robust and predictive in areas where no experimental
data has been gathered yet. Bach [52] clearly demonstrated how
active learning challenges incorrect models to elucidate their
shortcomings.

Two approaches are proposed to evaluate or improve existing
kinetic models in practice. One way is to train an active machine
learning model from scratch, as described in Section 3.1, and eval-
uate the discrepancy between the active machine learning model
and the existing kinetic model, thereby identifying the kinetic
model’s shortcomings. An alternative approach using transfer
learning takes this concept further by not only evaluating but also
improving the existing model; for example, a Bayesian chemical
reaction neural network (BCRNN) can be pretrained using predic-
tions from the existing kinetic model and then refined on the
experimental data used to validate the original kinetic model.
The pretraining is done on a large set of model predictions
(~10000 datapoints), as these are very cheap to obtain, resulting
in a properly trained machine learning model. The pretrained
model merely matches the accuracy of the original kinetic model,
but it is then further trained on the limited set of available exper-
imental data. To ensure that the machine learning model does not
“forget” the original kinetic model structure or overfit to the exper-
imental data, it is crucial to limit the number of training epochs
when refining the model. Active machine learning can subse-
quently improve the model’s predictions by selecting the most
valuable additional experimental data to obtain based on the exist-
ing model uncertainties. This additional information yields a more
accurate BCRNN than the initial kinetic model. Aside from BCRNNSs,
other machine learning techniques can also be employed, as long
as they facilitate transfer learning and uncertainty estimation.
The combination of transfer learning and active machine learning
is an excellent methodology to reduce epistemic uncertainty. As
the original kinetic model is developed on the same experimental
data and setup used during the refining or active learning
phase, the aleatoric uncertainty remains constant at all times.
Nevertheless, the pretrained kinetic model includes the epistemic
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uncertainty of the kinetic model and of the machine learning
model. By subsequently refining the model on the experimental
data, this epistemic uncertainty is reduced.

4. Conclusions

Kinetic models are crucial tools in chemical engineering for pro-
cess development and optimization, but developing fundamentally
sound models is time-consuming and complex. While machine
learning has gained traction in kinetic modeling over the past dec-
ade, the potential of active machine learning remains undervalued.
Active machine learning increases both experimental and compu-
tational efficiency, leading to more accurate and robust kinetic
models. As demonstrated in this work, active machine learning
can be applied at every stage of kinetic model development, with
recent case studies showing promising results. While proof-of-
concept applications have been explored, there is significant
potential for further advancements, particularly in improving
existing kinetic models. Moving forward, active machine learning
will become an essential tool for modelers, accelerating the devel-
opment of more efficient chemical processes.
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