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Abstract

Chemical reaction neural networks are a promising tool for the automated discovery
of chemical mechanisms from reactor data. For the first time, thermodynamic
consistency of the discovered mechanisms is enforced through DE DONDER hard-
constraints, leading to physical plausibility, improved convergence, and guaranteed
evolution towards the physically correct equilibrium composition.

1 Introduction

Machine learning has emerged as an important tool in chemistry discovery, reduction and accelera-
tion [1]]. An outstanding example is the Chemical Reaction Neural Network (CRNN), a white-box
neural network-twin of the classical chemical reaction network that allows autonomous discovery of
unknown reaction pathways [2]]. Despite widely used in (bio-)chemical engineering [2H5]], pyroly-
sis [6-8]], combustion [9H11]], as well as battery [[12H16] and high energy material decomposition [[17-
21]), neither the CRNN nor its atom conserving variant, the AC-CRNN [3]], are thermodynamically
consistent. Therefore, despite the potential of the approach, poor performances are obtained when the
local conditions approach the chemical equilibrium.

We present Thermodynamically Consistent CRNNs (TC-CRNNG5) that leverage DE DONDER con-
straints to guarantee the physical plausibility and thermodynamic consistency of discovered mecha-
nisms. For comparability, we will showcase the superior TC-CRNN performance using the Searson
mechanism, a standard example for mechanism discovery often used as a CRNN benchmark [2H4].

2 Related work

Besides numerous application to bulk-reactive systems, the CRNN was recently adapted to discover
the kinetics of surface reactive systems [22-24], which are extremely important to the chemical
industry. Uncertainty quantification has been applied [4} |5} |14} |15]], allowing the estimation of predic-
tion and parameter accuracy, further enabling the development of automated, data-driven design of
experiment procedures [25]]. However, none of these applications include hard-constraints to enforce
the physical plausibility of the discovered parameters. Recently, atom conservation was enforced
by a dedicated atom conservation layer, yielding the so-called AC-CRNN [3]]. Here, we propose
the additional usage of DE DONDER constraints to guarantee thermodynamic consistency. This
strategy has already proven very successful in the context of Global Reaction Neural Networks [[26-
28], which provide surrogates of steady state surface kinetics to accelerate industrial-scale reactor
simulations [29].
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3 Method

CRNNs encode the commonly used law of mass action together with Arrhenius-type kinetics in
linearized form

1”7 = exp Z n;jlna; +1InAg; — ];?\1/ +b;InT"| (Law of Mass Action & Arrhenius Law)
1

with the rate r of reaction j, the pre-exponential factor Ay, the universal gas constant R, the tempera-
ture T, temperature exponent b, reaction orders n; ; = ReLu(—v;, j), stoichiometric coefficients v,
and activities a; of chemical species ¢ [2]].
Net rates of species production §; = > ; Vi,jTj are obtained by multiplication of the rates with
the stoichiometric coefficients. In contrast to classical methods, the stoichiometries of elementary
reactions are not defined by the user but discovered. The AC-CRNN [3| further enforces atom
conservation by a dedicated atom conservation layer which multiplies the stoichiometric coefficients
of so-called key species with the matrix B* which is derived from the elemental composition of each
species.

However, the (AC-)CRNN is still not thermodynamically consistent because it handles activation
energies and pre-exponential factors as independent fitting parameters. In reality, the parameters
of forward and reverse reactions are related by thermodynamics, as described by the DE DONDER
equation [30], which expresses effective rates r.s as a function of forward reaction rates T as

N G .

Teff = T X <1 — 12> (DE DONDER constraint)
K

where, Q = [, a;"”' represents the species activities a for a reaction defined by the learnable

stoichiometric coefficients v, and K is the equilibrium constant which is calculated with tabu-

lated thermodynamical properties. We enforce the thermodynamic consistency by embedding the

DE DONDER equation as a hard constraint within the model structure (Fig.[T).

Vo Vs V¢

DeDonder constraint

Figure 1: Schematic representation of the Thermodynamically Consistent Chemical Reaction Neural
Network (TC-CRNN). In addition to the Law of Mass Action, the Arrhenius Law, and atom conser-
vation already embedded in the AC-CRNN, the TC-CRNN also enforces thermodynamic consistency

through the DE DONDER constraint. Learnable parameters (E 4, Ag, b, v) are marked red .

Models are trained in a neural ordinary differential equation setting [3 1] using reactor data obtained
from the benchmark mechanism by SEARSON et al. [32]]. It consists of four reactions of the chemical
species A, Ay, A’, A”, and As. Here, we consider also the reverse reactions

k1 Z;Q / ’ Eg " n kg
QA Ay, Az2 A, A2 A, A +A =2 A
kl ]CQ }f3 k74

with reaction constants k = T° - exp(—E4/RT) and values for forward E, and reverse k reaction
of [0.2, 0.4, 0.26, 0.6] and [0.05, 0.1, 0.065, 0.15], respectively. K is calculated as exp (—2ArG/RT)
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with ARG = )", v; jG; and G; of [1.0, 0.6137, -0.3863, -1.773, -2.545]-RT for the five species. In
analogy to the original CRNN work, stoichiometric coefficients are uniformly random initialized
between 0 and 0.1, and pre-exponential factors are initialized between exp(—10) and exp(—9.9).
The Tsit5 ode solver implemented in Julia version 1.6.7 is used to solve concentration profiles with
initial values of zero for A’, A”, and Ag and uniformly random initial values between 1.0 and 1.2
for A and A,. 20 profiles are used for training by sampling them every two seconds for a maximum
reaction time of 50 seconds. 5 % gaussian noise is applied to the obtained concentrations to mimic
experimental measurement uncertainty. Adamw optimizer is employed for 15000 epochs with a
learning rate of 0.01 for the first 1000 epochs and 0.001 afterwards, an exponential decay for the first
(0.9) and the second (0.999) momentum estimate, and a weight decay of 10~8. The loss function is
the mean absolute deviation of concentrations divided by the maximum concentration per species
found in the training data.

4 Results and Discussion

The new TC-CRNN is benchmarked against the standard CRNN and its atom conserving version
called AC-CRNN by extracting the underlying mechanism from simulated experimental data of a
SEARSON reaction system [32]]. All three models accurately learn the systems behavior (Fig.[2). The
only visible difference between the predicted concentration profiles is that the standard CRNN shows
a mass balance error of several percent in the training range. In contrast, the AC-CRNN satisfies the
mass and atom balance by design and therefore shows a mass balance error of 0 % for any initial
condition and reaction time. The TC-CRNN implements the same atom conservation hard constraints
as the AC-CRNN and therefore also closes the mass and atom balance under any condition.
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Figure 2: Concentration profiles and overall mass balance predicted by three CRNN model variants
(lines) discovered from noisy reactor data (symbols) shown for one of the 20 training experiments.

The advantage of the TC-CRNN becomes apparent when the models are extrapolated to reaction
times of 10x the training range. At long reaction times, the concentrations of all species reach the
equilibrium composition (Fig.[3). The concentrations predicted by the standard CRNN significantly
deviate from the ground truth for reaction times larger than 100 seconds as indicated by the relative
error ey (Tab.[I). Also, the standard deviation o between ten CRNN models with different initial
parameter values increases significantly (Tab. [I). Instead of reaching a plateau value, the predicted
concentrations keep changing even at the end of the extrapolation interval. Importantly, the mass

Table 1: Quantitative comparison of the CRNN model variants.

Model  Nygams b 7/u ((=5008) | eqer (t=500's) |

CRNN 48 235 % 526 %
AC-CRNN 40 155 % 238 %
TC-CRNN 20 0.123% 0.172%
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balance error of the predicted solutions increases beyond 50 %, clearly indicating the physical incon-
sistency of the standard CRNN. The AC-CRNN, instead, conserves mass even under extrapolation
conditions. The standard deviation between the predictions of ten differently initialized AC-CRNNs
is of significantly smaller magnitude as for the CRNN (Tab. [T, but still not acceptable, as it is
comparable to the ground truth concentration values and mean predictions y for species A’ and As.
The TC-CRNN predictions, in contrast, are accurate even for extrapolation. They conserve mass
and evolve towards the correct chemical equilibrium by design. Standard deviations are negligible
(Tab.[I) as all models lead to the same result.

Overall, TC-CRNNs enforce thermodynamic consistency through DE DONDER hard-constraints,
which automatically determine the parameters of reverse reactions rather than learning them inde-
pendently. This effectively halves the number of adjustable parameters Nparams While simultaneously
improving prediction uncertainty and accuracy under extrapolation (Tab. [T)).
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Figure 3: Concentration profiles and overall mass balance predicted by three CRNN model variants
(lines) in an extrapolation setting with an unseen initial condition. Shaded areas indicate the standard
deviation of ten differently initialized models each.

5 Conclusions and Future Work

We present the TC-CRNN framework which enables automated, atom conserving, and thermody-
namically consistent mechanism discovery from reactor data. It is derived from the AC-CRNN by
embedding DE DONDER hard-constraints into the model structure. We demonstrate that TC-CRNNs
outperform CRNNs and AC-CRNNSs in prediction accuracy, model variance, and extrapolation
performance when trained with noisy reactor data from a SEARSON reaction system. Notably, the
TC-CRNN replaces 50 % of the CRNN parameters with physical hard-constraints, indicating that it
could handle larger and more complex reaction mechanisms.

Although this work focused on capturing concentration dynamics, the TC-CRNN is further guaranteed
to predict consistent temperature changes as the required thermodynamics are already embedded
into its architecture. For example, the adiabatic temperature rise relevant to the safety of chemical
reactors does not have to be explicitly learned, making it an attractive tool for the chemical industry.

Considering also its characteristic to correctly predict dynamic equilibria by design, we believe that
the TC-CRNN will become relevant to many fields the standard CRNN has not yet found wide
adoption to, such as systems biology, atmospheric chemistry, and heterogeneous catalysis. Those
fields are currently experiencing a rapid growth of available kinetic data, driven by digitalization, high-
throughput experimentation, and emerging data infrastructures. The TC-CRNN provides a principled
way to leverage these ever-growing datasets, ensuring that data-driven mechanism discovery remains
consistent with fundamental physical laws.

6 Reproducibility

The code to fully reproduce all shown results will be made public together with the trained models.
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