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rid generative artificial intelligence
model for geopolymer design and optimization

Sébastien Rousseau, ab Assil Bouzid, a Sylvie Rossignol a

and Ameni Gharzouni *a

Geopolymers are an emerging class of eco-friendly materials with a wide range of applications.

Nevertheless, achieving compounds for a specific application requires extensive experimental efforts in

finding the accurate formulation of precursors. Using artificial intelligence, we tackle the challenging task

of formulating accurate geopolymer mixtures that meets a predefined set of properties that the final

materials should feature. This task goes beyond the prediction of materials' properties and focuses on

the actual material design. To this end, we build a high-quality in-house experimental database of

geopolymer formulations and their physical properties. We develop a customized trained machine

learning framework based on two variational autoencoder modules. The first predicts the formulations

that correspond to an array of target properties and the second corrects the requested properties to

better match the predicted formulation. Furthermore, our model embeds a geopolymer feasibility bloc

that ensures that the predicted materials can be synthesized. Overall, this framework is able to predict

formulations and their corresponding properties with less than 10% error bar on a set of key properties

of the final material encompassing the viscosity, the density and the compressive strength. The

suggested methodology paves the way for the systematic application of AI-based materials design in the

development of eco-friendly novel materials for different applications.
1. Introduction

Geopolymers are innovative and sustainable alternative mineral
binders. They are synthesized through the alkaline activation of
aluminosilicate precursors at room temperature. The resulting
three-dimensional network exhibits high mechanical strength
and good resistance to high temperatures and aggressive envi-
ronments.1,2 These properties make them suitable for a wide
range of applications.3 Indeed, they have demonstrated poten-
tial in large-scale applications such as the construction sector as
an alternative to Portland cement due to their comparable
mechanical performances and lower environmental impact.4

Additionally, their thermal stability makes them promising
candidates for re-resistant materials5 and their dielectric
properties enable their integration in advanced technologies
such as electromagnetic andmicrowave applications.6 However,
the performances of geopolymers are highly dependent on the
choice of precursors (i.e., aluminosilicate and alkaline sources).
Among the aluminosilicate sources, metakaolin is commonly
used. Yet, its reactivity can be affected by several parameters
including the starting kaolinite, the presence of impurities (Si/
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Al molar ratio) and the calcination temperature, time and
process.7 The alkali activator also has a crucial impact on the
geopolymer properties. For instance, it was demonstrated that
potassium based geopolymers exhibit lower viscosity and
higher mechanical strength compared to sodium based ones.8

Given the large number of precursors, identifying optimal
geopolymer formulations remains a complex and challenging
task that requires extensive experimental work. In this context,
the use of articial intelligence (AI) algorithms can be useful in
supporting the experimental work and efficiently guiding the
design of tailored geopolymer formulations for specic
applications.

In the last few years, the use of machine learningmodels and
methods has emerged widely in materials science in general
and in novel materials design and process optimizations
specically.9 This rise is owing to the capabilities offered by
machine learning methods to solve complex problems and
establish correlations in high-dimensional spaces. Neverthe-
less, this capacity is strongly linked to the quality of the data
used for training the models and their representativity of the
problem to be solved.

The application of AI methods in the eld of geopolymers
has gained growing attention. Recently, several studies have
focused on predicting material properties from theoretical
chemical formulations. Specically, within this scope most of
the available literature focuses on the prediction of the
Digital Discovery

http://crossmark.crossref.org/dialog/?doi=10.1039/d5dd00383k&domain=pdf&date_stamp=2026-06-16
http://orcid.org/0009-0007-3954-1719
http://orcid.org/0000-0002-9363-7240
http://orcid.org/0000-0001-7559-5764
http://orcid.org/0000-0001-7776-5894
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00383k
https://pubs.rsc.org/en/journals/journal/DD


Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

5 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/2
6/

20
26

 5
:3

4:
00

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
compressive strength of geopolymers using various machine
learning techniques. Chen et al.10 have demonstrated that an
Articial Neural Networks (ANNs) model outperforms the Gene
Expression Programming (GEP) model in predicting the
compressive strength of y ash and slag-based geopolymers
with amean absolute error (MAE) of 5.85 MPa. Other studies11–20

compare regressor machine learning models such as the K-
Nearest Neighbor (KNN), Random Forest (RF), Support Vector
Machine (SVM), Gradient Boosting (GB) and eXtreme Gradient
Boosting (XGB), and Articial and Deep Neural Network (A/
DNN) for predicting the compressive strength material proper-
ties. Ensemble learning is oen used with these machine
learning models to achieve an improved global accuracy of
predictions. The obtained results reveal that the XGB and the
deep learning methods are generally the most accurate.
However, no existing generative AI model in the materials
design literature currently addresses the specic task of geo-
polymer precursor design, particularly targeting different
properties at the same time.

The most closely related tasks reported in the literature deal
with precursor selection for synthesis of thermodynamically
stable complex solid-state oxide materials,21 and precursor
recommendation model for different inorganic materials.22

Other authors23 have also succeeded in generating novel mole-
cules using an autoencoder model trained on hundreds of
thousands of existing chemical structures. Xie et al.24 have also
developed a graph-based deep learning model that learns from
raw crystal structures and accurately predicts multiple material
properties, enabling data-driven materials design.

The main difficulty in the development of an AI supported
materials design algorithm is the development of a high-quality
experimental database that remains a highly costly task. The
widely adopted strategies are either to collect data from the
existent literature to build the training database25 or to use
hypothetical or empirical data-augmentation techniques.26–29

While these strategies are tempting, they raise critical issues. In
particular, when data are collected from the literature, one
cannot guarantee the consistency of the database in the sense
that collected samples might be generated under different
conditions and using various processing roots. This can lead to
Table 1 Nomenclature, supplier and chemical composition of the differ

Precursors Name Supplier

Che

SiO

Metakaolins M1 Imerys 55.0
M2 54.0
M3 54.0
M4 52.4
M5 Argeco 59.9

Alkaline silicate solutions S1 Woellner 14.3
S30 23.4
S3 18.7
SNa 27.5

Alkali hydroxides KOH Sigma-Aldrich
NaOH

Digital Discovery
model-tting problems and hazardous prediction capabilities.
As for the data augmentation, it usually relies on two sub-
models, a generator to predict new samples and a selector to
validate the samples adding them to the database. Several
studies highlighted that the accuracy of property predictions is
poorly improved as the added data are strongly correlated with
the known data.16,25 Consequently, the model tends to specialize
on the training data instead of generalizing.

In this work, we tackle the materials design problem and
present a machine learning algorithm that (i) is capable of
suggesting formulations of geopolymer precursors and solu-
tions that meet a given target material's properties, (ii) takes
into account simultaneously three key properties of geopolymer
materials: density, viscosity and compressive strength, (iii) is
capable of correcting the user request of three unrealistic
properties by suggesting the closest possible properties/
formulation couple that is realistic, (iv) takes into account
geopolymerization rules and expert-knowledge to avoid unre-
alistic mixtures. The proposed scheme is deeply grounded on
a high-quality homemade material database containing more
than 100 samples. Our proposed algorithm outperforms state of
the art methods at various levels, providing thereby a tool that
will guide the synthesis of geopolymer materials.

2. Experimental and AI methodology
2.1. Synthesis and characterization

2.1.1 Precursors and sample preparation. Geopolymer
samples were synthesized using ve metakaolins (named Mx
with x varying from 1 to 5) and three commercial potassium
silicate solutions denoted as S1, S3 and S30 and a sodium based
one named SNa with Si/M (with M = K or Na) as summarized in
Table 1. In order to modify the Si/M molar ratio, potassium or
sodium hydroxide pellets were dissolved in the starting silicate
solutions. Then, metakaolins were added (see Fig. 1). The ob-
tained mixtures were placed in a closed sealable polystyrene
mold at room temperature (20 °C).

2.1.2 Characterization techniques. The initial viscosity h0

(directly aer mixing the metakaolin and the alkaline solution)
was measured with a rotational Brookeld Viscometer DV2T
ent precursors

mical composition (wt%)

Purity (%)2 Al2O3 H2O M2O (M = K or Na)

40.0
39.0
46.0
45.3
35.3

79.3 6.4
54.9 21.7
59.4 21.9
64.2 8.3

85.2
97.0

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Synthesis protocol of geopolymer materials.

Fig. 2 XGBR data-driven building and updating diagram.
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coupled with a low shear, low viscosity cylindrical spindle LV-04
(64), and the rotational speed was varied, starting at 100 rpm
(for viscosity up to 6 Pa s) and ending at 1 rpm (up to 1300 Pa s).
Cylindrical polystyrene vessels (Ø = 28 mm) were used.

Uniaxial compression tests were undertaken using an Ins-
tron 5969 instrument equipped with a 50 kN load cell, and
Bluehill3 soware. The tests were performed on ten cylindrical
samples with an aspect ratio of 2 (Ø = 15 mm, h = 30 mm) aer
7 days of endogenous consolidation at room temperature. The
crosshead speed was about 0.5 mm min−1.
2.2. Machine learning framework

In this work, we resort to machine learning techniques with
a particular focus on deep learning approaches and specically
articial neural network.30 MultiLayer Perceptrons (MLPs) are
commonly used for regression and classication tasks.31 These
feedforward networks with nonlinear activations and hidden
layers provide robust predictive performance across diverse
datasets. For generative tasks, Variational Autoencoders (VAEs)
are adopted,32 where the encoder maps input data to a latent
space with a probabilistic prior (typically Gaussian) and the
decoder reconstructs samples from latent variables, enabling
efficient exploration of the underlying data distribution.

Bayesian optimization (BO) is another machine learning
method that is widely used to efficiently tune machine learning
models' hyperparameters, the prediction of material proper-
ties13 and material selection.15 It optimizes a given objective
function over continuous domains with typically less than 20
optimization dimensions.

Additionally, eXtreme Gradient Boosting Regressors (XGBRs)
are employed as ensemble tree-based models, iteratively cor-
recting residual errors to produce accurate and robust predic-
tions.33 As illustrated in Fig. 2, the model is initialized with
a rst decision tree, then additional trees are sequentially added
to the model during the supervised tting phase. Each new tree
© 2026 The Author(s). Published by the Royal Society of Chemistry
is trained to correct the residual errors of the ensemble model
so far and adjusts its prediction. The nal output of themodel is
obtained as the sum of the predictions of all the trees.
3. Results and discussion
3.1. Database construction and data correlations

Experimental data are collected in an in-house database con-
taining 112 data samples of laboratory-manufactured geo-
polymer materials. Importantly, all the samples were produced
under the same experimental conditions as detailed above. The
database contains samples obtained by various combinations of
11 precursors, their mixtures' molar ratios and properties in the
fresh (initial viscosity, density) and consolidated states (density,
compressive strength). The selected metakaolins cover a wide
range of Si/Al molar ratios and reactivity as they have different
purities, calcination methods and suppliers (Table 1). Similarly,
the used silicate solutions cover distinct silica and alkali
contents and were modied by the addition of alkali hydroxide
and/or mixing the commercial solutions. Actually, we aimed to
explore the full range of molar ratios compatible with geo-
polymer formation. Therefore, we explore a wide-enough range
of compositions that samples the whole geopolymer domain in
the Al–Si–M/O ternary diagram (with M being an alkali cation)
as shown in Fig. 3A.34,35 In order to represent the chemical
infeasibility of some particular mixtures of precursors, 14 non-
feasible samples that do not induce the formation of a geo-
polymer network are added to the database.

For practical considerations, classes of geopolymer precur-
sors are dened. Specically, S1, S3, S30 and SNa refer to silicate
solutions. KOH and NaOH refer to solutions that were modied
by adding potassium hydroxide and sodium hydroxide,
respectively. M1, M2, M3, M4, M5 classes refer to the various
metakaolins used in this work. Following these denitions,
a sample is a data point that is described by 15 features: 11
precursor mass ratios (1 value per precursor class) and 4
material properties. A precursor mass ratio value lies between
0 and 1 giving the proportion of the precursor in the mixture.
Consequently, precursor data format is a vector whose sum is
equal to 1. The considered properties are the initial viscosity,
fresh mixture density, nal density, and compressive strength.
Digital Discovery
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Fig. 3 (A) Positioning of the database samples in the geopolymer feasibility domain within the Al–Si–M/O ternary diagram (with M being an alkali
cation) and (B) distribution of the different precursors in the dataset.
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For the 14 unfeasible samples, a numerical value of −1 in the
property elds indicates an impossible property measurement.

Fig. 3B presents the distribution of samples that contain
each precursor in the database. We observe that all the classes
are well represented with a fraction of samples containing
a given precursor varying between 9 and 61%, indicating well-
balanced data. This data-balanced representation of the
samples is of paramount importance for developing machine
learning models that can span a wide chemical space in an
unbiased manner.

Fig. 4 shows the distribution of the measured experimental
properties and their correlations over the 98 feasible mixtures.
The color map indicates the concentration of samples and is
constructed through a linear interpolation and a Gaussian lter
for the sake of visibility.
Fig. 4 Inter-correlated two-dimensional histograms showing (A) compr
(B) material density as a function of initial viscosity across the 98 feasible s
concentration (red/purple: low, green/yellow: intermediate and blue: hig

Digital Discovery
Generally, dense and viscous geopolymers exhibit the high-
est compressive strength. Fig. 4 hints that the compressive
strength of the consolidated material tends to increase along
with the density and viscosity of the mixture. Nevertheless, this
dependency looks nonlinear and feature complex correlations.
The correlation of density and viscosity shows no clear low and
shows, similar to other correlations maps, that for achieving
a given target viscosity, one can have an array of samples with
different compressive strengths. Such a correlation is actually
expected and strongly depends on the nature of the precursor
used to formulate the materials. As small changes in the
precursor composition can affect the nal material properties,
the materials design task should account for the data
complexity and take advantage of all the existent data in
formulating the geopolymer materials. As such, a multi-
essive strength as a function of material density and initial viscosity and
amples in the database. The color scale represents the normalized data
h data-point concentration).

© 2026 The Author(s). Published by the Royal Society of Chemistry
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property prediction approach is required and seems an
adequate strategy to achieve realistic precursor/property
formulations.
3.2. Machine learning modeling

3.2.1 Data preprocessing. Geopolymer formulations can be
varied according to the target properties. However, their
number must be determined before the models are trained, as
neural networks expect descriptors represented by tensors with
xed dimensions as inputs and outputs. As described in Section
3.1, we consider a vector of 4 properties: the initial viscosity and
the density of the fresh mixtures and the consolidated material
density and compressive strength. The second entry is a vector
of 11 precursors with mass ratios between 0 and 1. All the
properties in datasets are normalized with a mean of 0 and
a standard deviation of 1, except for the viscosity as it shows an
extremely wide range between 0.2 Pa s and 1314 Pa s. Therefore,
this property is categorized into 3 classes: low, medium and
high viscosity, and formalized in a vector of length 3 where all
values are located according to their class and normalized
between 0 and 1, the value −1 is imputed to the other locations.
Low viscosity is below 2 Pa s, whichmeans the material could be
projectable, while high viscosity is above 100 Pa s. By adopting
this trick of categorizing viscosity into three classes, the model
will predict rst the adequate range of viscosity, then its value.
Without this categorization, we encountered limited model
performances.

We note that among the 112 samples of the database, a small
fraction of less than 5% had one missing experimental dataset
(20). Therefore, we applied and tested a data-augmentation
strategy and assessed its impact on the performance and
accuracy as it will be explained below.

3.2.2 Model training and evaluation. Considering the state-
of-art and objectives, we consider VAE models featuring a feed-
forward neural network architecture with densely connected
Fig. 5 The architecture of the Simulator model.

© 2026 The Author(s). Published by the Royal Society of Chemistry
layers through numerous perceptron neurons. The model
hyperparameters are obtained through extensive tests where
they were varied. The nal optimized hyperparameters of each
VAE model are provided in the SI (Tables S1 and S2). The model
training phase is congured with an RMSprop optimizer to
perform stochastic gradient descent updating the average of
squared gradients which directly involve training rate variations
over time. As the in-house database contains 112 samples, we
resort to stratied k-fold cross-validation specically using 28
folds in order to maximize the size of training sets while
maintaining representative distributions of the different meta-
kaolin types. This approach was intended to provide a robust
evaluation of model performance within the explored formu-
lation domain, though this may limit generalization to novel
inputs. In this way, the accuracy levels of the models are clearly
dened and all predicted property results can be observed and
compared with experimental properties when samples come
from a validation set.

3.2.2.1 The simulator model. Before trying to develop
a model that formulates geopolymers for a specic application,
we rst develop a model that predicts the properties of the
material from its chemical formulation, as commonly done in
the recent literature. This model is referred to hereaer as the
Simulator model and is illustrated in Fig. 5. In order to predict
properties for only feasible geopolymers, we embed expert
knowledge into the Simulator model as a nal bloc. Specically,
this bloc calculates molar ratios between silica, alumina, alkali
cation and water from precursor mass ratios and veries the
feasibility of the mixture according to geopolymerization laws
based on established existence domains of geopolymer mate-
rials. If the mixture is chemically unfeasible or does not corre-
spond to known geopolymer domains, the model returns
negative values of properties (−1). Preliminary experiments
have shown that without this block, the model suggested
formulations that were not practically feasible: either
Digital Discovery
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excessively viscous mixtures that could not be mixed due to
a large amount of metakaolin, or overly liquid formulations that
led to material sedimentation and produced friable samples
that could be broken manually.

Fig. 6A shows that the Simulator model ts properly on
training and validation sets and achieves low MAE on the
properties. This result demonstrates that precursors and prop-
erties are directly linked and that the VAE can capture this
nonlinear relationship. Furthermore, the adopted data pre-
processing strategy is convenient for achieving stable and effi-
cient neural networks. In order to quantitatively assess the role
of the expert-knowledge block, we conducted a comparison of
the Simulator model's cross-validation, trained either with or
Fig. 6 (A) The Simulator model's loss curves and (B) the Simulator mod
with or without molar ratio calculations.

Digital Discovery
without molar ratio calculations (Fig. 6B). One nds that the
hybrid model achieves a better accuracy as demonstrated by the
evolution of the loss curves shown in Fig. 6B. Indeed, with the
expert knowledge, a faster and more stable decrease in the MAE
is observed, indicating that incorporating the expert knowledge
signicantly improves the model's learning efficiency. While
additional metrics, such as feasibility rates or constraint viola-
tion statistics, could offer further insights, the current analysis,
combining experimental observations and measurable perfor-
mance improvements, supports the positive added value of the
expert-knowledge block.

In addition to that, we exploit the Simulator model predictive
capacity to impute the few sparse missing entries in the
el's cross-validation mean loss curves (moving average), trained either

© 2026 The Author(s). Published by the Royal Society of Chemistry
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database. Actually, missing data imputation is regularly
addressed in the deep learning literature with various methods
depending on the application and the considered data type.36

Missing data are either interpolated, randomly imputed, xed
at a normalized value, discriminated or generated. Generally,
generative methods outperform the other techniques, as they
follow an explicit modeling of the data distribution. In our
specic case, samples with a missing data point are by large
a minority (less than 5%), which makes it possible to generate
them with the Simulator model. In practice, these samples are
excluded from the training process, and the specic missing
properties are then predicted from the converged model.
Subsequently, we compare the models trained on the database
with the few missing datapoints that retrained on the slightly
data augmented database and consider the same test set.
Interestingly, we nd that models tted on the data-augmented
database are slightly more precise than models trained on the
data that include few missing values, as illustrated in Table 2.
Hence, we stick to the data-augmented database for the
remaining part of the work.

While useful, using the Simulator model for designing
materials is a non-trivial task as a given nal set of properties
might be the result of various precursor mixtures. Therefore, as
the simulator is non-reversible, it is highly desirable to develop
a model that does the inverse task compared to the simulator.
Table 2 Mean absolute errors between predicted and experimental pro

Property Viscosity (Pa s) Mixture density

Missing data proportion 5.4% 2.7%
MAE without data augmentation 39.2 0.097
MAE with data augmentation 24.5 0.093

Fig. 7 The Formulator model architecture.

© 2026 The Author(s). Published by the Royal Society of Chemistry
3.2.2.2 The formulator model. The Formulator model, illus-
trated in Fig. 7, attempts to predict precursor mass ratios from
material properties. The Formulator model, illustrated in Fig. 7,
attempts to predict precursor mass ratios from material prop-
erties. In contrast to the Simulator model, it cannot benet
from a molar ratio calculator (the expert knowledge) as these
ratios are computed from precursors that are here the output of
the model and an infeasible mixture should nevertheless end
up with its precursor mass ratios, particularly with the database
which also includes infeasible samples presenting valid
precursor mass ratios with negative property values. Yet, these
property values have a large number of possible precursors (at
least 14 cases represented in the database). To ensure the pre-
dicted precursor fractions sum to 1.0, a post-hoc L1 normali-
zation step is applied to the Formulator output. This step has
a negligible impact on property predictions.

Fig. 8 shows the training and validation loss curves of the
Formulator model. In strong contrast to the efficient contrast of
the Simulator model, the Formulator model struggles to nd
balance in the validation set. The instability of the Formulator is
due to the presence of samples in the dataset with radically
different precursors that can produce similar material proper-
ties. This creates large training errors, as the model may predict
certain precursors based on properties, then nds out that
those predictions are incorrect for specic samples during loss
perties with and without data augmentation

(g cm−3) Compressive strength (MPa) Material density (g cm−3)

3.6% 6.2%
7.9 0.142
7.6 0.121
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Fig. 8 The Formulator model's loss curves.

Fig. 9 GEOMIND framework.
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calculation. The learning phase is unstable leading to unreli-
able and unfeasible results when synthesizing samples based
on precursor mixtures predicted by this model result. When the
samples were feasible, the error bar on the initial target prop-
erties passed as input to the model and their experimental
counterpart was dramatically large. Such discrepancies are
inherently related to the vast chemical space that the model
tries to capture.

These results suggest that a novel and customized learning
strategy should be developed in order to map the large
precursor space and the 4-fold property space in an efficient
manner that minimizes the outlies.

3.2.2.3 GEOMIND framework. We here take advantage of
both the Simulator and the Formulator models and introduce
the hybrid generative articial intelligence “Geopolymer Engi-
neering Optimization using Machine Intelligence for Novel
Designs” termed hereaer GEOMIND, which aims to achieve
the material design task. Specically, within GEOMIND the
Formulator's learning process is guided through the supervi-
sion of the Simulator model and the expert knowledge. The
Formulator model doesn't t itself, it is trained by GEOMIND in
an analogous way, that is purely architectural, not mathemat-
ical or algorithmic, to how a generator model is trained by an
antagonist model through the supervision of a discriminator
model in a Generative Adversarial Network. However, unlike
GANs, in our scheme there is no adversarial training, no mini-
max optimization, and no alternating updates between the two
models. As such, GEOMIND takes advantage from the high
accuracy of the Simulator model in predicting materials' prop-
erties and uses this feature to construct a customized training
loss function that will be minimized during the training of the
Formulator model. Here, the trainable weights of the Simulator
are xed while those of the Formulator model are optimized
during the learning process. Fig. 9 illustrates the framework of
GEOMIND training. GEOMIND is differentiated from prior
inverse design schemes like conditional VAEs or bi-directional
VAE37,38 in several aspects. Indeed, we do not use any labels to
steer generation from the latent space. Instead, we control
Digital Discovery
precise numerical properties within a ne-grained representa-
tion space directly from the model input, rather than from the
latent space. In addition, here we uniquely target the inverse
design problem with the focus on a multi-property request,
while most of the existing schemes focused on a single property.

The advantage of this particular architecture is that the
Simulator ensures that the target properties are reachable in the
latent space, it gives its own predicted properties from theo-
retical precursors formulated, themselves predicted from target
properties. Both the Simulator and the Formulator share the
same training dataset but in the case of an outsider data
sample, each of these models will produce a different response.
Through GEOMIND, convergence of target and predicted
properties means that a presumed material is realistic. The
Simulator has to be trained before the Formulator because its
trainable weights have to be xed within the framework shown
in Fig. 9. The customized loss function L considers various MAE
between properties, precursors andmolar ratios to calculate the
training cost as it is dened in the following equation:

L ¼ w1MAEprecursors þ w2MAEsums þ w3MAESi
M
sol

þ w4MAESi
Al

þw5MAE Solid
Liquid

þ w6MAEproperties (1)

where w is congurable loss weights for the optimizer and
MAEsums refers to the absolute differences between precursor
fractions and 1. This ensures that the Formulator model will
learn to predict 100% of the mixture composition. These
hyperparameters (w1–w6) were adjusted based on the relative
importance of each term in the loss function through empirical
testing (trial and error) rather than through an optimization
procedure. The evolving nature of our database makes any xed
optimization less meaningful, as the optimal weights would
likely shi with the addition of new data.

Molar ratios are computed by the Feasibility Controller
module that checks the feasibility of a predicted mixture based
on its chemical composition molar ratios, to guarantee that the
precursors are chemically realistic and manufacturable in
relation with geopolymerization. The main aim of embedding
this expert knowledge within the learning scheme is to increase
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00383k


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

5 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/2
6/

20
26

 5
:3

4:
00

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
the Formulator's performance and reliability of the formulation
predictions.

Fig. 10 shows the training and the validation cross-validation
mean loss curves of the Formulator model when it is trained to
minimize the precursor's MAE within GEOMIND or by itself. We
nd that the formulator performance and stability within
GEOMIND's framework are considerably increased, thereby
highlighting the benets of the suggested methodology for the
design of new geopolymer materials. The nal loss values of the
Formulator model with both training methods are provided in
Table S3 in the supplementary le. Within the GEOMIND
scheme, the Simulator helps mitigate this issue by recognizing
reliable (compatible) precursor choices for the target properties,
even if they don't perfectly match the training sample, thereby
smoothing out the high training cost and rening the predic-
tions. This approach improves precursor discrimination and
property targeting, as clearly demonstrated by the stable
performance.

Aer achieving a well converged model, we now focus on its
performance on predicting the properties and the precursors.
For the sake of comparison, we vary either the formulator
Fig. 10 Loss curves (moving average) of the Formulator model trained e

Fig. 11 Loss curves of different models of the Formulator in the GEOMI

© 2026 The Author(s). Published by the Royal Society of Chemistry
architecture (VAE vs. MLP) or the latent space form (Gaussian
vs. Student's t-distribution). Fig. 11 shows the precursor and
property validation loss curves with GEOMIND obtained as the
mean of their respective k-fold cross-validation curves, and
Table S4 (SI) summarizes the nal loss values of the different
Formulator models. Property loss represents the loss calculated
between target properties and the Simulator's predicted prop-
erties within the GEOMIND framework. Overall, the three
models show similar performance with VAE generative models
being slightly more robust. This trend is expected to be more
pronounced in the case of larger datasets.
3.3. Model performance and material design

Once trained and validated, we now focus on the model
performances against experimental data to ensure that the
development of new materials moves beyond the theoretical
phase, paving the way for practical applications in industry and
research.

3.3.1 The performance of the simulator model. The Simu-
lator model is evaluated by comparing its predicted properties
to experimental data. Furthermore, we also confront the
ither with or without GEOMIND.

ND framework.
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Simulator model to the widely used XGBR as implemented in
the xgboost package and trained on the same database. Table 3
shows theMAE and normalized MAE (nMAE) between predicted
and experimental properties for both models. The normalized
MAE is obtained by dividing the MAE by the difference between
the maximum and minimum values of the property in the
dataset. This normalization allows comparison across proper-
ties with different ranges.39,40 We nd that the Simulator model,
which we recall is based on a VAE, features errors almost twice
as low as the XGBR model indicating its higher accuracy.
Nevertheless, one can notice that the normalized MAEs are
relatively high, with some errors exceeding 10%. This result is
not surprising as it strongly depends on the considered prop-
erty. For instance, when examining the viscosity, the normal-
ized MAE is very small, less than 2%, however it translates into
a high MAE of around 24.5 Pa s. When looking at the other
properties, their MAEs are in the order of the experimental error
bar which consolidates, once more, the accuracy of the Simu-
lator model in predicting the materials' properties from a set of
precursor mixture.

Fig. S1 and S2 in the supplementary le show a direct
comparison between the Simulator's predictions on all feasible
samples in the database and the reference experimental data. As
explained in Section 3.2.2., all values presented come from
a validation set, which means that none of these values were
learned during the Simulator training phase. As expected, we
nd a linear correlation between the various predicted and
experimental predictions. The data dispersion around the
diagonal line reects the errors reported in Table 3. We note
that although accurate, few outliers are present and lead to
a large deviation of the predicted properties from the experi-
mental results which affects the MAE. Overall, the Simulator
model, designed as a VAE and embedding expert knowledge of
the geopolymerization domain provides an accurate framework
to predict materials' properties from input chemical mixtures
while relying on a moderate size database. The accuracy of the
model is naturally expected to increase by increasing the size of
the database.

3.3.2 Material design with GEOMIND and experimental
validation. In practice, GEOMIND is used as follows. The user
formulates a set of target properties that the nal material
should have. The formulator model suggests the set of precur-
sors that need to be mixed to achieve the target properties. At
this stage, the user might ask for a set of properties that are
divergent. Therefore, the predicted formulation is entered to
the simulator that will predict the actual properties that
Table 3 MAE and normalized MAE between predicted and experimenta

Model Error
Initial viscosity
(Pa s)

Mixt
(g cm

Simulator MAE 24.5 0.09
nMAE (%) 1.9 14

XGBR MAE 44.3 0.17
nMAE (%) 3.4 36

Digital Discovery
correspond to the predicted material. If the user request is
reasonable and corresponds to a manufacturable geopolymer,
the properties predicted by the simulator will be very close to
the target user request. Otherwise, it will suggest the actual
correct properties that the user should expect. In this way,
GEOMIND achieves a striking balance between predicting
feasible formulations that correspond to real properties and
that are as close as possible to the user request (target proper-
ties). The nal predicted properties are the ones that should be
compared directly to experimental measurements on the
sample made following the predicted formulation.

To evaluate the capacities of GEOMIND, we use it to predict
een new compositions that were then synthesized experi-
mentally and their properties measured and compared to the
predictions (Table S5 of the SI and Table 4). To further quantify
the uncertainty of GEOMIND predictions, we used nonpara-
metric bootstrap resampling with 5000 iterations to determine
the condence intervals (CIs) for each property. In each itera-
tion, a new dataset of the same size as the original was created
by randomly sampling GEOMIND-prediction/experimental–
observation pairs from the original data with replacement, so
that some pairs could be selected more than once while others
might not be selected in a given iteration. The MAE was recal-
culated for each resampled dataset, and the resulting bootstrap
distribution was used to derive a 95% condence interval from
the 2.5th and 97.5th percentiles. The results are summarized in
Table 4, and the bootstrap distributions are shown in Fig. S2 of
the SI. It can be seen that the overall normalized MAE of the
nal predicted properties is less than 10% compared to the
experimental measurements. For compressive strength, the
MAE of 7.6 MPa is anked by a 95% CI of [4.73, 10.8] MPa,
indicating a consistent and reliable predictive performance
despite the inherent variability in experimental measurements.
The initial viscosity exhibits a wider 95% CI of [1.08, 22.2] Pa s
around its MAE of 8.44 Pa s, reecting greater uncertainty due to
the broader range and higher variability of viscosity values in
the dataset. However, this uncertainty remains within an
acceptable range for practical applications. In contrast, mixture
density and material density show exceptionally tight 95% CIs
([0.04, 0.06] g cm−3 and [0.01, 0.03] g cm−3, respectively) around
their low MAE values (0.05 g cm−3 and 0.02 g cm−3). This
highlights the high precision of GEOMIND in predicting these
properties, as evidenced by the minimal spread in the bootstrap
distributions (see Fig. S2). Taken together, these results
demonstrate that while achieving low predictive errors, GEO-
MIND provides statistically robust estimates of uncertainty,
l properties for the database (112 samples)

ure density
−3)

Compressive strength
(MPa)

Material density
(g cm−3)

7.6 0.12
9.4 15.5

13.3 0.28
16.5 37

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 4 MAE and normalizedMAE between experimental, predicted and target properties on fifteen test samples. 95% confidence interval (CI) of
the predicted properties' MAE is also provided

Property

Experimental vs. target properties Experimental vs. predicted properties

MAE nMAE (%) MAE [95% CI] nMAE (%)

Initial viscosity (Pa s) 14.09 1.07 8.44 [1.08, 22.2] 0.64
Mixture density (g cm−3) 0.17 26.87 0.05 [0.04, 0.06] 8.37
Compressive strength (MPa) 11.40 14.07 7.60 [4.73, 10.8] 9.39
Material density (g cm−3) 0.17 21.94 0.02 [0.01, 0.03] 3.40
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further validating its reliability for guiding geopolymer formu-
lation design.

Among the tested materials, we consider three various use-
cases, encompassing a material with conicting target proper-
ties, a material with a random set of properties and a material
with properties outside the knowledge domain. We note that
none of these materials' target properties are present in the
training database. The results of these tests are presented in
Fig. 12 and compared to experiments. The colormap on this
gure was obtained by a triangulation of the experimentally
available values and the application of a Gaussian smoothing
lter. It allows visualizing on the same graph the three main
properties of the consolidated geopolymer material.

For sample 1, the user request is to obtain a nal material
with low density (1.6 g cm−3) and viscosity (1.62 Pa s) and high
compressive strength (82 MPa). We nd that while it is located
in the bottom le part of the map, it's dark color that denotes
a high compressive strength does not t with the color of the
surroundings. This reects a non-consistent user request with
conicting target properties. Aer prediction of the corre-
sponding formulation, it is passed to the simulator to cross-
check its actual predicted properties. Interestingly, GEOMIND
predicts properties that essentially correct the compressive
strength to be lower than the user request (51 MPa) while
Fig. 12 (×) Target, (A) predicted and (�) experimental properties of three
the evolution of the initial viscosity and the compressive strength as a fu

© 2026 The Author(s). Published by the Royal Society of Chemistry
keeping the density and the viscosity within the same range.
The experimental realization of these samples demonstrates
that GEOMIND's predictions are accurate.

As for sample 2, we impose a user request of a material
featuring properties outside the knowledge domain of the
model. In this case, GEOMIND keeps both the compressive
strength and the density within the same range while drastically
reducing the material's viscosity to achieve manufacturable
geopolymer compounds. Finally, the prediction of a sample
with random properties shows that even in this case GEOMIND
is able to predict formulation/properties that turn out to be very
accurate compared to the experimental realization. The trade-
off between the three user requested properties can be
explained by the custom loss function that penalizes predic-
tions leading to non-manufacturable materials. As a result, if
a set of target properties is unrealistic, GEOMIND automatically
adjusts its prediction to the closest achievable alternative within
the geopolymer feasible space. For example, when a user
requests samples with ultra-low viscosity and ultra-high
strength, GEOMIND does not arbitrarily prioritize one prop-
erty over another, but simply identies the Pareto-optimal
solution which represents the best possible compromise
where no property can be improved without worsening another
property. This is achieved through the loss function
example samples represented on database property heatmap showing
nction of the material density.
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minimization. While the exact mathematical formulation of
this correction isn't explicitly derived, the logic is embedded in
how the model optimizes its loss function.

In order to assess the added value of the expert knowledge,
a set of nine samples, formulated using the GEOMIND frame-
work without integrating the feasibility controller block (Fig. 9),
was synthesized. The results have shown that only ve out of the
nine samples were feasible corresponding to a success rate of
55.6%. This issue was not encountered previously when GEO-
MIND integrated the feasibility controller block, which
conrms the limitation of GEOMIND when operating without
the expert knowledge. This outcome highlights that the absence
of geopolymer feasibility domain guidance and chemical
constraints affect the model's ability to consistently suggest
feasible geopolymer formulations. Furthermore, the properties
of the ve feasible samples were measured and compared to the
target and predicted properties (Table S6 of the SI) and their
MAE and nMAE were determined (Table 5). Although the nMAE
on the viscosity value remains low, we observed an increase of
the nMAE of the compressive strength and the material density
up to 15% which further underscores the importance of the
expert knowledge in the architecture of GEOMIND to achieve
lower nMAE (see Table 4).

For the sake of comparison, we also use Bayesian optimi-
zation to identify compositions that match the target proper-
ties on the Simulator model and confront it to GEOMIND. The
methodology and the obtained results are further detailed in
the SI. The nal predicted properties compared to those
measured on the sample corresponding to the predicted
mixture show good accuracy with GEOMIND outperforming
the BO method. It should be noted that the comparison with
Bayesian optimization in this study is purely qualitative,
focusing solely on the accuracy of predicted material proper-
ties relative to experimental and target values. While this
approach effectively assesses the predictive delity of the
model, it does not address quantitative metrics such as sample
efficiency, runtime, or design success rate under matched
constraints.

Overall, these tests demonstrate the problem-solving capa-
bilities of the GEOMIND methodology in nding a compromise
between a realistic and manufacturable geopolymer and an
idealistic request of target properties.
Table 5 MAE and normalized MAE between experimental, predicted
and target properties of the five feasible test samples proposed by
GEOMIND without the feasibility controller block

Property

Experimental vs.
target properties

Experimental vs.
predicted properties

MAE nMAE (%) MAE nMAE (%)

Initial viscosity (Pa s) 17.32 1.32 9.43 0.72
Compressive strength
(MPa)

24.20 29.88 12.00 14.81

Material density (g cm−3) 0.21 26.41 0.12 15.64

Digital Discovery
4. Conclusion

This study demonstrates a powerful use case of articial intel-
ligence for the efficient design of geopolymer materials with
tailored properties. Unlike the majority of existent literature on
geopolymer design, we here build an in-house high-quality
database of 112 samples. This database includes balanced
data representation across precursor compositions and result-
ing material properties. This key development ensures the
consistency of the developed machine learning approach and
provides a solid base for further improvements. The developed
machine learning framework is based on variational autoen-
coder modules that were thoroughly trained. The nal model
performances were validated against experimental data. The key
ndings of this work are:

� The possibility of accurately and simultaneously predict-
ing, not one, but four key properties of geopolymers in both the
fresh (viscosity and density of the mixture) and consolidated
states (density and compressive strength), aligning well with
experimental results with an overall normalized MAE of less
than 10%.

� The development of GEOMIND, a new hybrid framework
machine learning architecture based on two VAE models and
one module encoding expert-knowledge. Specically, the rst
model generates the formulations from target properties, and
the second model predicts their corresponding properties in
order to better align with experimental reality. The model was
guided by an expert knowledge module that includes chemical
constraints (silica/alumina, silica/alkali, solid/liquid) to ensure
that all generated formulations are feasible, leading to more
reliable geopolymer design. The training of the model was
performed using a customized loss function that considers
precursor composition errors and property deviations demon-
strating high stability and good convergence.

GEOMIND was used to predict formulations based on an
array of target properties input by the user. The results
demonstrate an outstanding performance where the model is
able to properly guide the design by striking a balance between
the various requested properties achieving an MAE of 12.2 Pa s,
0.063 g cm−3, 7.2 MPa and 0.024 g cm−3 for the initial viscosity,
mixture density, compressive strength and nal density,
respectively. In addition, the developed model is able to
extrapolate to unseen formulations and target properties, as
conrmed by experimental validation on een diverse
samples. It is important to note that this validation set is not
exhaustive. Future studies should include a larger and more
diverse validation set to fully assess the generalizability of the
model across the broader geopolymer design space.

Consequently, the developed model is a key accelerator for
an efficient design of geopolymer materials which can boost the
industrial adoption of this new class of materials. Undoubtably,
the accuracy of the model can be further enhanced by
increasing the size of the database. This can be achieved by
implementing an active learning loop where the model is used
to predict new compounds that will be manufactured, while
rening the model on the y to broaden its scope and enhance
© 2026 The Author(s). Published by the Royal Society of Chemistry
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its delity. Subsequently, the hyperparameter values could be
optimized using a suitable optimization method such as the
Bayesian optimization. Future work will also explore uncer-
tainty quantication techniques, such as Monte Carlo dropout,
ensemble methods, or Bayesian neural networks, to provide
condence intervals for predictions. Although a quantitative
comparison with the Bayesian optimization under matched
constraints was beyond the scope of this study, future work
should evaluate comparative sample efficiency, runtime, and
design rate to provide a better assessment of relative perfor-
mance. Ultimately, GEOMIND can also be applied to other
classes of materials including alkali-activated materials and
cements, and be generalized to the design of other precursor-
based materials with the necessity to adapt the raw-material
classes and molar-ratio constraints to reect the different
chemistry of these materials. Furthermore, the exibility of
GEOMIND allows for integration of new classes by updating the
training dataset, without requiring architectural changes.
However, performance on entirely unseen precursors would
depend on their similarity to the existing classes and the quality
of the new training data.
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