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Molecular machine learning in chemical process design
Jan G Rittig1,2, Manuel Dahmen3, Martin Grohe4,  
Philippe Schwaller2,5 and Alexander Mitsos1,3,6

Molecular machine learning (ML) has recently demonstrated 
great potential in (i) predicting properties of pure components 
and their mixtures, and (ii) exploring the chemical space. We 
review state-of-the-art molecular ML models, such as graph 
neural networks and transformers, and discuss research 
directions for further advancements in chemical process 
engineering. This includes leveraging molecular ML at the 
process scale, for example, in process design and optimization 
formulations, which promises to accelerate the identification of 
novel molecules and processes. To this end, it will be essential 
to create design benchmarks and practically validate proposed 
candidates, possibly in collaboration with the chemical industry.
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Introduction
Machine learning (ML) has advanced molecular prop
erty prediction and design. Over the last years, a variety 
of ML methods, such as graph neural networks (GNNs) 
[1], transformers [2], and matrix completion methods 
(MCMs) [3], have been extensively applied and further 

developed for predicting properties of molecules and 
their mixtures. These ML methods have achieved high 
prediction accuracies, outperforming well-established 
methods in the field of chemical engineering (ChemE) 
such as the group contribution method UNIFAC [4] and 
the quantum mechanics- and statistical thermo
dynamics-based model COSMO-RS [5] for different 
properties. Coupling ML with physicochemical knowl
edge can further greatly enhance or even ensure ther
modynamic consistency of the predictions and decrease 
data required for training [6,7]. Moreover, generative 
ML models have emerged for computer-aided molecular 
design (CAMD) [8–10], providing new possibilities for 
molecular exploration and optimization. Recent studies 
incorporate experimental validation of ML-designed 
molecules and target the development of automated 
experimental molecular design guided by ML, for ex
ample, in [11]. Overall, molecular ML for the transforma
tion toward accelerated molecular design shows great 
promise [10].

Within ChemE, it is advantageous and desirable to in
tegrate molecule and process design, cf. [12–14]. Speci
fically, finding optimal chemical species for a process, that 
is, molecules such as working fluids, solvents, and pro
ducts, should be considered as an integrated part of pro
cess design. To achieve this, the molecular properties that 
are relevant for the process are considered as part of the 
design formulation. Both the molecular and the process 
structure are considered as degrees of freedom in the 
design. To date, molecular properties in process models 
are typically calculated with established thermodynamic 
property models, for example, NRTL [15] and PC-SAFT 
[16]. These established models provide very accurate 
predictions but are limited to molecules for which ex
perimental data is available. In contrast, ML methods 
enable predictions for molecules not included in model 
training, for example, see [2,17]. Predictive group con
tribution methods like UNIFAC show lower accuracy 
than modern ML approaches, for example, in predicting 
activity coefficients of binary mixtures [3], and their ap
plicability is limited to molecules for which model para
meters are readily available, whereas ML models trained 
on large data sets typically provide a wider applicability 
range [3,18]. Further approaches based on quantum me
chanics and statistical thermodynamics, such as COSMO- 
RS [5], can predict a wide range of molecules and prop
erties but (in some cases) have been outperformed by 
ML, for example, for activity coefficients [17,18] and 
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solvation free energies [19,20]. However, process modeling 
currently lacks state-of-the-art molecular ML models like GNNs, 
as such models have not yet been integrated into process 
simulation software. The identification of suitable che
mical species for processes is therefore typically restricted 
to screening a list of known molecules with readily 
available property values or thermodynamic model para
meters, not making use of recent developments in mo
lecular design with ML. We anticipate that the integration 
of ML for molecular property prediction and design with process 
design and optimization bears large potential and will advance 
chemical process engineering.

In the following, we discuss recent concepts in mole
cular ML and present a perspective on research direc
tions to advance modeling and design at the molecular 
and process scale in ChemE.

Machine learning for molecules and mixtures
We first provide an overview of molecular ML methods 
for predicting properties of molecules and mixtures.

Pure species: from structures to properties
ML models enable to learn physicochemical properties 
directly from molecular structures of pure species, cf. 
overviews in [1,23]. We show prominent end-to-end ML 
approaches for molecular property prediction in 
Figure 1. The general idea of these end-to-end ap
proaches is first to represent molecules in a machine- 

readable format. The ML model then encodes this 
molecular representation into a continuous vector — 
sometimes referred to as a latent vector or learned mo
lecular fingerprint — in a learnable molecule-to-vector 
fashion, cf. [24]. The learned vector can be combined 
with some state information, such as the temperature 
and pressure, for example, by simple concatenation or a 
trunk network, cf. [25]. The resulting vector is then 
mapped to the property of interest, typically by a stan
dard neural network. As the ML model is trained in an 
end-to-end manner from structure to property [23], the 
vector representation ideally captures the structural in
formation relevant to the property of interest [26]. The 
structure-to-property characteristic is the key difference 
to traditional molecular ML based on molecular de
scriptors and static fingerprint approaches, like extended 
connectivity fingerprints [27]. While such traditional 
molecular ML approaches have a fixed way to transform 
the structure to a vector representation, the learnable 
molecule-to-vector encoding in modern ML models is 
more flexible and allows to achieve state-of-the-art ac
curacies — if sufficient data is available for training.

In general, two main aspects characterize the type of ML 
approach: (i) the molecular representation and (ii) the 
model architecture for the learnable molecular encoding. 

(i) Molecular representation: Commonly used re
presentations for small molecules are based on 

Figure 1  
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Schematic illustration of molecular ML approaches for property prediction: The molecule is represented in a machine-readable format, for example, 
strings (here SELFIES [21] and SMILES [22]) or graphs, and then mapped to the property of interest by an ML model, for example, a transformer or 
a GNN.
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strings, for example, SMILES [22] and SELFIES 
[21], and on geometry, for example, molecular 
graphs and point clouds; for detailed overviews, we 
refer to [21,28–31]. Representing molecules for 
ChemE applications poses a particular challenge 
when it comes to larger, more complicated struc
tures, such as polymers and catalysts, as well as 
multiple interacting structures, as in mixtures and 
chemical reactions. As such, adaptations of string- 
and graph-based representations are being actively 
developed, for example, accounting for the sto
chastic nature of polymers [32,33].
The used representation determines the level of 
prior structural information that is provided to the 
model: Whereas string-based representations and 
molecular graphs capture the topological structure of 
molecules and can be enriched by additional de
scriptors, for example, on stereochemistry, the full 
spatial information, that is, the arrangement of atoms 
in 3D space, can be captured in point clouds and 
geometric graphs, which is highly useful or even 
necessary for accurate predictions of certain proper
ties, such as electronic ones. However, 3D in
formation is typically not available and thus needs to 
be calculated with computationally costly quantum 
mechanical methods. To speed up these calcula
tions, quantum computing and ML interatomic po
tential approaches are promising and actively 
researched, cf. overviews in [34–36]. Moreover, re
presenting multiple interacting structures, for ex
ample, in mixtures and reactions, in 3D comes with 
challenges, such as relative positions and orientation, 
and is thus also a current area of research, see, for 
example [37]. Herein, we rather focus on string- and 
graph-based molecular representations, as predic
tions based on topological structural information 
have shown high accuracy for many properties re
levant to ChemE.

(ii) ML architecture: The two most predominant deep- 
learning architectures for molecular property pre
dictions are transformer architectures [2,38], which 
originated in natural language processing, and geo
metric models, mainly GNNs [26,39,40], that re
spect the natural invariances of graph and spatial 
representations of the molecules. In the learnable 
molecular encoding, structural information from the 
molecular representation is extracted: GNNs extract 
structural information by passing information along 
edges in the molecular graph, where edges typically 
correspond to chemical bonds and the process is 
referred to as message passing [1,23,40]. That is, 
GNNs assume that properties are primarily influ
enced by the set of local atom environments within a 
molecule. Thus, they come with a strong locality 
bias, similar to group contribution methods, but with 
a more flexible, self-evolving character. In contrast, 
transformers explicitly consider both local and long- 

range interactions between atoms by the attention 
mechanism. This also requires inferring chemical 
principles of bonds and locality from the training 
data, the chemical ‘grammar’ [31], typically resulting 
in the need for pretraining and higher data demands.
Notably, from a methodological viewpoint, trans
formers can be considered as GNNs operating on 
fully connected graphs and using the attention- 
based message passing [41]. The two differences in 
molecular applications between GNNs and trans
formers lie in (1) the positional encoding typically 
used in transformers, which can break structural in
variances of molecules (e.g. the same molecule can 
be represented with different SMILES, which lead 
to different prediction by transformers due to the 
positional encoding of atoms/tokens), and (2) the 
inductive bias, that is, whether a molecular property 
is rather influenced by local atom environments 
(GNNs) or also by long-range atomic interactions 
(transformers). Whether transformers are superior to 
GNNs in exploiting such long-range interactions is 
actively researched, for example, in [42], and should 
be further investigated in the molecular context. In 
this regard, graph transformers that combine the 
concept of local message passing on graphs with 
capturing long-range interactions through the at
tention mechanism are also promising for molecular 
applications [43–45], but so far less explored in 
ChemE. As for many molecular properties, the re
lationship between structure and property is not 
fully understood; for example, whether local or long- 
range interatomic effects are relevant, it is advisable 
to compare the approaches in practical applications.

Molecular ML approaches, such as GNNs and transfor
mers, have recently been extensively applied for the 
prediction of pure-component properties relevant to 
ChemE. This includes numerous molecular types, such 
as small organic molecules [46], polymers [47], and ionic 
liquids [48], and a variety of properties, such as boiling 
[23,49] and melting points [50], vapor pressures 
[49,51,52], density [53], critical micelle concentration 
[54,55], toxicity [56], and biodegradability [23]. In fact, 
the prediction capabilities of these ML models have 
been shown to exceed well-established prediction 
models based on COSMO, group contributions, and 
descriptors — in terms of both accuracy and applicability 
range, see, for example, [49,53], if sufficient data is 
available for training (typically at least a few hundred 
data points are needed, cf. [57]). In particular, they en
able generalization to novel, unseen components, that is, 
components for which experimental data is not readily 
available, given some kind of structural similarity to the 
molecules used for training. We see the generalization 
capabilities of ML as most promising for the identifica
tion of novel, more sustainable chemical species, see, for 
example, [11,58,59].
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Properties of mixtures
Molecular ML models have also been adapted to predict 
properties of mixtures, as illustrated in Figure 2. Here, 
next to GNNs and transformers, MCMs have been used. 
The ways to treat mixtures differ significantly between 
these methods.

In GNNs, the molecules within a mixture are first en
coded to individual vector representations, analogously 
to pure-component property prediction. The resulting 
molecular vectors are then aggregated to obtain a vector 
representing the mixture, the mixture fingerprint, which 
is then mapped to the mixture property. Several ways of 
aggregating the molecular fingerprints have been pro
posed, for example, concatenation or a weighted sum of 
the molecular vectors, where the weights correspond to 
the molar fractions [20,60]. Furthermore, mixtures 
themselves can also be represented by graphs, which 
allows to capture molecular interactions by applying 
GNNs before the aggregation step, cf. [18,61,62]; see 
also [63,64] for further neural interaction/aggregation 
functions. In comparison to the application of semi- 
empirical, linear mixing rules based on (predicted) pure 
component properties, the aggregation of molecule-to- 
mixture representations within ML models enables 
learning the mixing effect as a function of the specific 
molecules within the mixture. Consequently, different 
mixture behaviors can be predicted.

Transformers treat mixtures as single instances, where 
the input is typically a sequence of SMILES of the 
molecules that contains special tokens indicating the 
start/end of a SMILES, see, for example, Figure 2 and 
[2]. The model then applies the attention mechanism to 

the complete sequence, yielding a mixture vector. No
tably, transformers do not preserve the order invariance 
of mixtures, that is, the same mixture can be represented 
in a different order (e.g. water/ethanol and ethanol/ 
water), but a single sequence implies a fixed order. This 
issue can be addressed by data augmentation, for ex
ample, using multiple sequences for the same mixture 
with a different order during model training. Here, it 
would be interesting to investigate architectural adap
tions imitating the single molecule encoding and ag
gregation as in GNNs for mixtures.

MCMs, or more general tensor completion methods, 
consider mixture property prediction as filling in the 
missing entries of a matrix, where the dimensions cor
respond to molecules and the entries to property values. 
Notably, dimensions can also correspond to states such 
as temperature. For the completion step, neural net
works or Bayesian inference are often used cf. [65,66]. In 
contrast to GNNs and transformers, MCMs typically do 
not consider any structural information of the molecules. 
Rather, the molecules are simply represented as an 
index in the respective dimension of the matrix/tensor, 
which is analogous to a one-hot encoding. Thus, the 
applicability of MCMs is restricted to mixtures that are 
composed of molecules that occur in the training data 
set; hence, predicting properties of mixtures with un
seen molecules, as with GNNs and transformers, is not 
possible. To address this issue, it would be interesting to 
replace the one-hot encoding in MCMs with molecular 
fingerprints in future work.

All three methods, GNNs, transformers, and MCMs, have 
been extensively applied to mixture property prediction. 

Figure 2  
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Schematic illustration of molecular ML approaches for predicting mixture properties at the example of a binary mixture of benzene and acetone: 
transformers considering mixtures as a sequence of SMILES; GNNs taking individual graphs of the molecules within the mixture as input; and MCMs 
representing a mixture as a combination of one-hot encoded molecular entries along the dimensions, that is, corresponding to the rows and columns in 2D.  

4 Artificial intelligence and chemical engineering 
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In particular, the activity coefficient of binary mixtures 
has been targeted, at infinite dilution [2,3,67], varying 
temperature [18,17,66], varying composition [6,61,62], 
and all together [7,68,69], resulting in high accuracies of 
molecular ML, beyond COSMO-RS [5] and UNIFAC 
[4]. Applications further include properties of mixtures 
with varying numbers of components, for example, sol
vation free energies [20], critical micelle concentration 
[60], and smells [70]. As the combinatorial space of mix
tures is vast, especially with an increasing number of 
components, the high accuracy of molecular ML models 
is highly promising to accelerate the search for mixtures 
with desired properties for ChemE applications.

Modeling limitations and practical guidelines
Which end-to-end molecular ML prediction model is most 
useful depends highly on the property, data availability, and 
practical requirements for applications. As stated before, 
GNNs and transformers can be applied to both pure and 
mixture properties, whereas MCMs are mostly used for 
mixture properties. For cases where predictions for mole
cules beyond the training set are needed, hence generalizing 
to unseen molecules, graph- and string-based models, such as 
GNNs and transformers, are highly useful, whereas MCMs 
cannot generalize to new molecules.

Furthermore, computational costs should be considered 
when choosing a model. In general, the required com
putation highly depends on the model structure and 
hyperparameters. Transformers can be computationally 
costly in training, as they typically require pretraining on 
large (simulated) property data sets — here, pretrained 
models, for example, [71] can be used to save resources. 
GNNs and MCMs are mostly trained from scratch. The 
processing of graphs in GNNs can be computationally 
more costly than using one-hot encodings as in MCMs. 
Regardless of the model chosen, it is advisable to save 
resources by using techniques such as early stopping.

Notably, all aforementioned ML models in their pure 
form — without including any constraints on physical 
knowledge within the architecture or loss function —, do 
not ensure physical consistency of the predictions; rather, 
they provide a stochastic estimate based on the data 
used for training. To ensure physical consistency, the 
ML models should be enriched by hybrid and physics- 
informed ML approaches (see next section).

Such physics-enriched approaches can also be helpful in the 
case of limited data availability. Experimental data for 
properties relevant to ChemE can range from less than a 
hundred to more than a thousand available data points. 
Generally, all the mentioned ML models highly depend on 
the available data for training. In data-scarce cases with less 
than a few hundred data points), training can be unstable, 
and predictions might vary a lot between different training 
runs. In such cases, it is advisable to consider multi-task or 

transfer learning [19,57] as well as using alternative tradi
tional molecular ML models based on static descriptors and 
data-driven regression, such as neural networks and 
XGBoost [72]. End-to-end molecular ML models are likely 
useful when more data becomes available — in particular, 
the capabilities of transformers have been shown to scale 
with the number of parameters and the amount of available 
data, see, for example [73–75]. In our experience, the 
quantity and quality of the data are the decisive factors for 
prediction accuracy rather than the model choice.

In any case, practitioners should always be aware that 
predictions only provide an initial estimate and that 
further experimental validation is needed before the 
molecules of interest can be used in practice. In fact, the 
extrapolation capabilities of ML models are highly lim
ited; for example, accurately predicting properties of 
molecules containing atoms not used during training or 
predicting properties at temperatures beyond the tem
perature region of the training data points is hardly 
possible. Generally, the applicability domain and un
certainty quantification of these models should always 
be taken into account for practical usage.

Research directions
With predictive molecular ML models having shown re
markable results, we see numerous research directions for 
further advancements and integration with the process 
scale, as indicated in Figure 3. In the following sections, 
we identify several research areas that are highly im
portant for the transfer to practical usage and promise 
further advancements. Furthermore, we argue that mo
lecular ML can substantially contribute to two main ob
jectives of ChemE: the design of more sustainable 
molecules with desired properties, and the integration 
into process design and optimization, which we respec
tively discuss in Sections Designing molecules with desired 
properties and Toward integration with the process scale.

Advancing predictive models
We first present research areas that promise advance
ment in predictive molecular ML models: including 
physicochemical knowledge, data collection and curation 
that enable benchmarks, foundation models, explain
ability, uncertainty quantification, and similarity.

Including physicochemical knowledge will be essential to 
further advance molecular ML. In recent years, ML 
models have been adapted to account for physico
chemical principles. For example, GNN architectures 
have been adapted to preserve physical symmetries of 
molecules, that is, rotational and translational invariance 
[30,76], account for stereochemical arrangements [77], 
and consider the influence of the molecular size [78]. 
Also structural characteristics of certain types of mole
cules, such as polymers and surfactants, have been used 
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to refine ML architectures [32,60]. These architectural 
adaptations can have a significant influence on the con
sistency and accuracy of the property predictions and 
should therefore be further explored.

Additionally, hybrid and physics-informed molecular 
ML approaches have been proposed, as we illustrate in 
Figure 4, also cf. overview in [79]. Hybrid models include 
the combination of a molecular ML with a semi- 

Figure 3  

Current Opinion in Chemical Engineering

Overview of research areas and directions for molecular ML in chemical process engineering, targeting both the molecular and process scale. 
Research should advance end-to-end ML models for molecular property prediction and generative ML and optimization approaches for designing 
molecules with desired properties. Integrating these molecular ML approaches with (ML-based) process modeling, optimization, and design is highly 
promising.  

Figure 4  
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Overview of approaches to combine physicochemical knowledge with molecular ML models for predicting properties based on molecular structures: 
Hybrid approaches combine molecular ML with semi-empirical models in different forms, that is, in parallel, sequential, or embedded architectures. 
Physics-informed approaches incorporate physical relations into the training loss for learning consistency (soft-constrained) and use relations to 
fundamental potentials in the prediction step (hard-constrained).

6 Artificial intelligence and chemical engineering 
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empirical model in either a sequential, parallel, or em
bedded way. In the parallel setting, the ML model 
predicts the error of a semi-empirical model, for ex
ample, of COSMO-RS or UNIFAC, as in [67]; the 
flexibility of ML is preserved but not constrained by any 
physical knowledge, hence predictions are likely to be 
physically inconsistent. The sequential approach is 
characterized by predicting the parameters of a semi- 
empirical model, while the embedded approach in
corporates semi-empirical equations into the ML archi
tecture, such as NRTL or PC-SAFT equations as in 
[53,68]. Both approaches ensure coherence with the 
physical knowledge — given that the semi-empirical 
model is physically consistent; however, the prediction 
accuracy is constrained by the limitations of the semi- 
empirical model. We note that the embedded approach 
should usually be preferred over the sequential ap
proach, as it can be directly trained on property data.

We see two promising research directions building on 
hybrid approaches: First, applying explainability 
methods to ML models in the parallel approach can 
elucidate information on error sources and lead to me
chanistic insights. Secondly, the sequential and em
bedded approach can be used to predict semi-empirical 
model parameters for molecules for which experimental 
data is missing and classical parameter fitting is not 
possible, cf. [53,80,81], so they can directly be utilized in 
process simulation software, which we explain in more 
detail in Section Toward integration with the process scale.

In contrast to building on semi-empirical models, physics- 
informed ML incorporates algebraic and/or differential re
lations to fundamental properties. For example, the 
Helmholtz free energy is a thermodynamic potential from 
which related properties can be deduced by applying 
fundamental thermodynamics: intensive properties such 
as entropy or internal energy are related to first-order 
derivatives of the Helmholtz free energy; heat capacity 
and thermal expansion coefficient to second-order deri
vatives. To incorporate such fundamental relations, two 
approaches have emerged: soft-constrained and hard- 
constrained ML. Soft-constrained ML uses relations to 
fundamental properties as a regularization term in the loss 
function, that is, the model learns to provide predictions 
that follow these relations — similar to physics-informed 
neural networks. Hard-constrained ML describes the 
concept of embedding relations to fundamental relations 
into the ML architecture, for example, in [82], or through 
projection layers, for example, in [83,84], guaranteeing 
physical consistency. Both approaches have recently been 
successfully applied for the prediction of thermodynamic 
properties of fluids and solids [85] and activity coefficients 
in binary mixtures [6,7,62].

Extending physics-informed molecular ML to further 
properties and accounting for state transitions [85] will 

be critical for ensuring physical consistency and 
achieving higher prediction accuracies while decreasing 
data demands for training. Physical consistency will also 
increase acceptance, safety, and trust in molecular ML 
applications for practitioners.

Property data collection and curation is critical for advan
cing molecular ML. In our opinion, data scarcity remains 
the major limiting factor in advancing property predic
tion for ChemE applications. In fact, sophisticated ML 
approaches are readily available for molecular applica
tions, but a large fraction of the experimental molecular 
and mixture property data relevant for ChemE is dis
tributed in numerous literature sources, commercial da
tasets, and private datasets of chemical companies. 
Obtaining additional experimental data is naturally 
costly and labor-intensive, so it is required to increase 
efforts in leveraging existing data. For publicly available 
data in the literature, we see large potential of automatic 
extraction by agentic ML frameworks [86]; yet, human 
intervention and curation will be required, as reported 
experimental data can have errors, for example, caused 
by unit conversion. We advocate for efforts from both 
academia and industry to assemble such data and make 
it available for the development of prediction models. 
For this, the recent collection of data relevant to the 
chemical science, the ChemPile data set [87], can serve 
as a blueprint. To additionally utilize proprietary prop
erty data, federated learning projects should be initiated 
that enable and incentivize databank organizations and 
chemical companies to contribute to the development of 
ML models without sharing their sensitive data, cf. 
[88,89]. By scaling the amount of high-quality data that 
can be utilized for training, the accuracy and applic
ability domains of ML models will increase.

Benchmarks will catalyze the development of molecular 
ML models for ChemE applications. Well-defined 
benchmarks will motivate both the ChemE and the ML 
community to further develop molecular ML models 
and reach state-of-the-art accuracies, as can be seen at 
the prime example of the QM9 dataset [90,91]. In ad
dition, comparing currently available molecular ML 
models is difficult, as many ChemE-related property 
data sets used for training and testing are not provided as 
open-source. We advocate that property prediction 
benchmarks be created in collaboration with the che
mical industry to also include requirements for industrial 
applications. These benchmarks should cover a wide 
spectrum of molecule classes and properties relevant for 
ChemE. Specifically, benchmarks should not only focus 
on prediction accuracy but also account for physical/ 
thermodynamic consistency. They should further pro
vide multiple test sets to investigate different scenarios, 
that is, interpolation/extrapolation of state variables, 
generalization to novel, unseen molecules, etc. A notable 
recent example is the CheMixHub benchmark for 
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predicting mixture properties [70], which includes 11 
different properties and various test splits. Open-source 
property prediction benchmarks can thereby direct the 
development of new molecular ML approaches to meet 
industrial needs and criteria for practical applications.

Foundation models promise to advance molecular ML by 
training on large amounts of property data, so that they 
can generalize and be fine-tuned on specific property 
prediction tasks, even if only little data is available [92]. 
To date, the typical approach in molecular ML is to train 
predictive models from scratch, that is, for a property 
prediction task at hand, data is collected and then an ML 
model is trained, often using readily implemented mo
lecular ML frameworks like chemprop [39,93]. This can 
be challenging as property data is often scarce in ChemE 
applications. To address this issue, mainly self-su
pervised, transfer, multi-task, and multi-fidelity learning 
approaches have been investigated in the molecular 
domain, for example, in [19,43,71,94]. While in some 
cases, these methods can lead to improvements in the 
accuracy and applicability range of the prediction, the 
experimental data used is rather small and covers only a 
few properties, which limits generalization. Further 
cases show that combining property data as in multi-task 
models can also decrease model performance, as the 
optimization during training becomes more difficult, see 
for example, [39,95]. We argue that using additional 
well-curated data should generally increase — at least 
not harm — model performance, so further develop
ments in scaling molecular ML architectures and im
proving training procedures, for example, recently 
proposed task-specific early stopping [96], are needed to 
utilize the information and relationships hidden in mo
lecular property data sets.

Recently, a few studies have assembled large molecular 
data sets and trained transformers and GNNs on mole
cular property prediction, for example, [44,97,98]. 
However, these studies mostly focus on properties re
levant for biological and pharmaceutical applications, 
whereas ChemE lacks large data sets. Thus, we believe 
that assembling large data sets with properties relevant 
for ChemE by combining data for different properties 
bears large potential for ML. In fact, we hypothesize that 
increased diversity of molecular classes and properties 
could enable ML to exploit and uncover chemical pat
terns beyond simple property correlations, which will 
facilitate generalization; whether this will be in the sense 
of a foundation model remains to be explored. In parti
cular, we see great potential in including fundamental 
properties, such as Gibbs and Helmholtz free energies, as 
these provide insights into relations between different 
properties and enable consistent predictions [76]. 
Overall, combining molecular ML models with funda
mental property relations and training them on large- 
scale property datasets can advance property prediction 

in small data applications and increase generalization 
capabilities.

Explainability promises to uncover unknown molecular 
structure-property relationships. Explaining and inter
preting predictions of molecular ML models has been 
actively researched in recent years, for example, by in
vestigating model sensitivities through gradient-based or 
counterfactual methods, cf. [99,100]. So far, most ap
proaches focus on explaining local, single-instance pre
dictions, that is, for a given molecule, which is useful in 
validating whether an ML model correctly identifies 
structural parts of the molecule that are known to in
fluence a property. We advocate for also focusing on 
systematically explaining ML predictions on a global 
model level [101], that is, finding generalizable struc
ture-property relations that hold for a diverse collection 
of molecules. For example, subgraphs representing 
molecular motifs can be clustered and analyzed with 
large language models as in [102], or learned molecular 
vectors can be utilized in hierarchical clustering to 
identify property-specific molecular classes [103]. Such 
research should also distinguish between abductive 
(“Which structural parts support a certain property pre
diction?”) and contrastive relations (“Which structural 
parts need to be changed to get a different property 
prediction?”) [104,105].

A significant aspect to consider here is that ML models 
are highly overparameterized and capture nonlinearities 
in large data sets that enable reaching accuracies beyond 
mechanistic models. So, we hypothesize that related 
phenomena are difficult to translate to high-level ex
planations for humans. Important questions that should 
be addressed here are: What are the explanations for the 
accuracy gains beyond mechanistic models? To what 
extent can we achieve a mechanistic understanding with 
ML models, and are explainability and high accuracy 
conflicting objectives at some point?

Uncertainty quantification is highly important for practical 
applications of molecular ML. Numerous uncertainty 
quantification methods have been investigated for mo
lecular ML, including similarity- and ensemble-based 
methods, mean-variance estimation, and conformal pre
diction, with ambiguous results regarding superiority and 
usability, cf. overview in [106]. The field continues to be 
actively researched, and promising methods are being 
proposed frequently for ChemE applications, for ex
ample, based on architecture search [107] or stochastic 
gradient Hamiltonian Monte Carlo [108]. A major chal
lenge here is to decompose the uncertainty in the 
epistemic part caused by the model and the aleatoric 
part [109], that is, the uncertainty inherent to the prop
erty data due to different experimental setups, instru
ments, reporting, etc. To elucidate model uncertainties, 
quantification methods have very recently been coupled 
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with explainability approaches, see, for example, 
[110,111].

It will be particularly interesting to test developed un
certainty quantification methods on property prediction 
benchmarks created for ChemE. We also stress that it is 
promising to test and further develop these methods for 
multi-task models, and ultimately foundation models, 
since this could help to infer uncertainty relationships 
between different properties and facilitate identifying 
erroneous data points.

Molecular similarity based on molecular fingerprint vec
tors can reveal novel chemical relations that are learned 
by molecular ML models. The concept of similarity is 
frequently used in analyzing molecular latent spaces. 
Specifically, the learned fingerprint vectors in molecular 
ML models are reduced to a few (typically two) di
mensions and visualized in a human-understandable 
way. Then, distances between individual vectors can be 
interpreted as molecular similarity specific to the phy
sicochemical property the molecular ML model is 
trained on, potentially revealing chemical insights, for 
example, clusters of molecular classes [19]. Furthermore, 
similarity-based approaches can be used to assess model 
uncertainties; that is, predictions are assumed to have 
higher accuracy for molecules that are encoded into a 
fingerprint vector close to those of the molecules used 
for training, cf. [106]. Analyzing molecular similarity is 
thus highly related to explainability and uncertainty 
quantification research.

We see further need in investigating molecular similarity 
in learned fingerprint/latent spaces, as the learnable 
molecule-to-vector encoding is an essential part of mo
lecular ML models — distinguishing them from estab
lished, static fingerprint approaches. The following 
specific questions should be addressed: What are the 
differences in the distance of the learned fingerprint 
vectors depending on the property to be predicted? Is 
the fingerprint vector space actually interpretable, given 
its typical high dimensionality, and how does the 
number of dimensions influence the similarity? How 
does the learned property-oriented similarity relate to 
structural similarity based on static fingerprints, as well 
as to more abstract concepts, such as string or graph si
milarity? Lastly, it would be interesting to research si
milarity in multi-task models. For example, do shared 
model layers capture high-level chemical concepts that 
are relevant to subsets or all of the considered properties, 
and how do the fingerprint vectors change in property- 
specific layers? Addressing these questions would greatly 
increase the understanding and interpretability of mo
lecular ML models.

Overall, we find many promising research directions that 
have the potential to increase the predictive capabilities 

of molecular ML and uncover novel chemical insights. 
In particular, we see the need for strong collaboration 
between academia and industry to improve the devel
opment and reliability of molecular ML models, which 
will eventually lead to their practical application on an 
industrial scale.

Designing molecules with desired properties
While molecular ML models enable property prediction, 
it is desirable to identify molecules with optimal prop
erties for specific ChemE applications, referred to as 
CAMD. For this, we identify two actively investigated 
approaches: (i) generative ML models and (ii) determi
nistic global optimization over molecular ML models.

Generative ML models propose new molecules with de
sired properties by learning from existing molecular 
structures. Notably, they can explore the chemical space 
beyond established CAMD approaches in ChemE, for 
example, based on structure enumeration or group con
tribution models embedded into optimization formula
tions, which are restricted to a combination of functional 
groups [112]. Over the last years, numerous generative 
molecular ML models have been proposed, including 
variational autoencoders (VAEs), reinforcement learning 
(RL), generative adversarial networks, and recently dif
fusion- and flow-based models, cf. overviews in [8,10].

In ChemE, generative models have recently been ap
plied for identifying promising molecules as fuels 
[113,114], polymers [115], and solvent [116,117]. Im
portantly, ML-designed molecules need to be synthe
sizable and chemically stable for usage in practical 
applications. As such, generative ML models have been 
extended to also account for synthesizability and con
straints on molecular motifs/building blocks 
[116,118,119], making them particularly promising to 
accelerate molecular discovery. Indeed, experimental 
validation remains critical and has been demonstrated in 
some recent ML-based CAMD works [11,113]. Future 
works in ChemE should focus on combining CAMD 
with (automated) experimental testing to create iterative 
molecular discovery pipelines.

Global optimization with molecular ML models embedded 
enables finding molecules with globally optimal prop
erties. Specifically, ML models that are trained to pre
dict molecular properties can be embedded into 
optimization formulations for molecular design. As such, 
the ML model weights are fixed, and the prediction is 
optimized as a function of the inputs, that is, the mo
lecular structure is the degree of freedom; notably, the 
prediction can also be considered as a constraint in a 
design formulation. For example, trained GNNs have 
been embedded into molecular design formulations, 
which enables to find global optimal molecules as 
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predicted by the GNN using deterministic solvers 
[120,121]. For this, two major challenges arise: additional 
constraints need to be formulated to restrict the search 
space of molecular structures to chemically valid mole
cular graphs, and the highly nonlinear GNN layers are 
part of the problem formulation, making solving com
putationally costly and currently impractical for mole
cules with more than a few atoms [120–122]. As an 
alternative approach that circumvents these challenges, 
VAEs for molecule generation can jointly be trained with 
neural networks for property prediction on the VAE’s 
latent space, which allows to only consider the neural 
network in the molecular design formulation, cf. 
[122,123]. This approach, however, comes with the ad
ditional computational costs and difficulty of training a 
VAE jointly with a neural network.

Overall, optimizing over molecular ML models is highly 
promising for molecular design, as it enables finding optimal 
molecules (as predicted). We advocate for further research in 
this area, including the embedding of other molecular ML 
models into optimization formulations, such as transformers 
and MCMs. Embedding molecular ML models into opti
mization formulations will also be of major importance in 
process design, which we will discuss next.

Toward integration with the process scale
The integration of molecular ML into the process scale 
of ChemE is still in its infancy. In fact, molecular ML is 
rarely used for: (i) predicting the properties of chemical 
species used in chemical processes in the context of 
process modeling and optimization; and (ii) designing 
molecules and mixtures as an integrated part of process 
design, known as computer-aided molecular and process 
design (CAMPD), cf. overviews in [124–128]. In fact, 
CAMPD approaches typically embed molecular frag
mentation and group contribution methods in optimi
zation formulations, limiting the molecular and process 
design space.

We advocate for the integration of molecular ML into 
process models, for example, for modeling thermo
dynamic properties and sustainability factors. Here, we 
distinguish two scenarios, considering (i) known mole
cules in practical use, and (ii) generalizing to novel 
molecules.

Known molecules in practical use within chemical processes 
typically come with readily available property data. This 
means that established semi-empirical models, for ex
ample, based on equation-of-state approaches, or surro
gate models, such as polynomials and shallow neural 
networks, can be fitted to this data. These models ty
pically provide reasonably accurate property predictions 
for process optimization and design, without the need 
for advanced molecular ML approaches.

However, in cases where the property data or semi- 
empirical/surrogate models are limited to specific state 
ranges, for example, in terms of temperature and pres
sure, process optimization becomes restricted. Molecular 
ML models trained on a diverse set of molecules with 
corresponding properties can provide state-dependent 
predictions for wider ranges than a model fitted only on 
the property data of a single molecule (or mixture) of 
interest. As such, molecular ML models need to be 
embedded into process model formulations, for ex
ample, using tools such as OMLT [129] or MeLOn 
[130], which will require model adjustments and might 
cause additional computational costs, cf. for example, 
[120,121]. Alternatively, semi-empirical model para
meters for the molecule (or mixture) of interest can be 
fitted to predictions of molecular ML models or ex
tracted from hybrid molecular ML architectures that are 
trained on a more diverse set of molecules and wider 
state ranges, cf. [53,80] and Section Machine learning for 
molecules and mixture. These parameters can then be di
rectly used in process modeling without any additional 
model adjustments. Therefore, molecular ML can ex
pand process optimization and design to include wider 
operating ranges, potentially leading to increased process 
efficiencies.

Generalizing to novel molecules with desired properties for 
chemical processes is highly desirable. For this, process 
performance indicators can be included in molecular 
design objectives (and constraints). For the example of 
finding suitable solvents in separation processes, prop
erties such as solubility or partition coefficients can be 
directly optimized [59,116] or used for predicting process 
performance with data-driven surrogate models, cf. 
[131]. Further properties, for example, accounting for 
the environmental impact of the proposed molecules, 
can also be included in the design. Predictive and gen
erative molecular ML models can then be employed and 
accelerate the identification of novel, sustainable sol
vents, reactants, catalysts, etc. that optimize these pro
cess performance indicators, whereas subsequent 
rigorous process optimization and experimental valida
tion remain critical.

Ultimately, we anticipate that ML-driven CAMPD will 
play an important role in ChemE, that is, molecules and 
processes are designed simultaneously through ML. In 
addition to embedding molecular ML models into pro
cess models, similarly to the approach for known mole
cules described above, the molecular structure becomes 
a degree of freedom, making optimization much more 
challenging and thus requiring further research. To cir
cumvent embedding equations of molecular ML models 
into optimization formulations, sequential ML-CAMPD 
workflows can be employed, as very recently proposed in 
[128] for the design of solvent-antisolvent mixtures and 
crystallization processes. Specifically, molecular ML can 
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be utilized in an iterative manner by (1) proposing mo
lecular structures by molecular design algorithms, (2) 
predicting the properties of the proposed structures by 
predictive ML models, and (3) solving a process design 
formulation using these predicted properties, which then 
serves as a feedback for the design algorithm in (1) [128], 
thereby integrating process design goals into molecular 
design.

Another particularly promising direction is to couple 
molecular ML with recently proposed generative ML 
approaches for process design [132]. Such ML-based 
process design approaches, mostly based on RL, so far 
only include process variables as part of the design space 
[133,134]. Developing generative ML methods that en
able the simultaneous design of molecules and processes 
bears large potential in automating and advancing 
CAMPD.

Concluding remarks
ML has advanced molecular property prediction and 
design in ChemE by learning from data on molecules 
and mixtures. We hypothesize that there are more che
mical relationships hidden in these data than current 
molecular ML models have learned. Data collection and 
curation is needed so that ML models can leverage and 
reveal these relationships through advanced model ar
chitectures that are based on physicochemical knowl
edge and model-level explainability. Furthermore, 
coupling molecular ML with the process scale will ac
celerate the identification of novel, more sustainable 
molecules and mixtures that also lead to more efficient 
processes. It is of major importance that academia clo
sely collaborates with the chemical industry to further 
advance molecular ML models and establish bench
marks for practical application in process design and 
optimization.

Future work should focus on integrating generative ML 
for the molecular and process scale. To this end, we see 
great potential in multi-agent frameworks [31,135,136]
for orchestrating and automating ChemE design tasks.
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