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Fig. 1 Known clinker systems and their corresponding carbon emissions
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Fig. 2 High-throughput preparation experiment of clinker composition samples
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Table 1

Preparation process of pure-phase clinker phases and analysis of their physical and chemical properties

Clinker phase Calcination process Purity. of clinker phase (in mass f-CaO. content (in mass Specific surface

Sintering temperature/°C Hold time/ h fraction)/% fraction)/% area/(m>kg™)
M3 C;S 1600 10 98.80 £ 0.62 0.38+0.10 408
B-C.S 1450 4 98.43+£0.29 0.38 +£0.02 398
CA 1300 8+(6)" 98.32+0.30 0.40 +0.02 411
CpA7 1350 4 98.06 +0.23 0.34 +0.01 398
C3;A-Na 1450 8+(2)" 98.41+0.26 0.43 £0.05 412
CoF 1250 4 99.64 +£0.27 0.44 +0.01 410
C6AF, 1300 4 99.58 £ 0.41 0.49 £0.03 382
C4AF 1350 6 98.91 +0.42 0.37 +0.05 401
CeArF 1350 6+(2)" 98.14+0.28 0.22+0.08 401
Ci4As$ 1320 3 98.37+£0.30 0.40 +0.03 417
CsSo$ 1200 9 98.20+0.23 0.47£0.01 415

Note: " represents time in parentheses represents the holding time during the secondary sintering.
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Table 2 Selection rules and numbers of specimens in the dataset

. . . Number of systems and
Category Model-clinker system Clinker phase selection rules . Total/ group
specimens selected

Training & Ternary system Select 3 phases from 11 clinker phases 9 systems/3 specimens 27
validation  Quaternary system Select 4 phases from 11 clinker phases 30 systems/6 specimens 180
sets Known clinker systems PC and BYT clinker one specimen for PC/ two 5

specimens for BYT

Unit clinker phase Pure-phase clinker phases 11 specimens 11
Phase-pure clinker phases + Incorporating a certain proportion of gypsum into pure-phase 7 specimens ;
gypsum clinker phases
Test set Ternary system & In-system 12 specimens 12
Quaternary system (included in the training and validation sets)
Out-of-system 24 specimens 24
(Not included in the training and validation sets)
Clinker phases proportion/%
|
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Fig. 3 Distribution of clinker phase compositions among specimens in the dataset
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Table 3 Hyperparameter search spaces for SVR

C epsilon gamma kernel degree shrinking
1x103-1x103 1x1073-0.5 “scale”, “auto” "rbf", "linear", "poly", "sigmoid" "poly":2-5, others: 3 True, False
&4 GPREZHBESHINEE
Table 4 Hyperparameter search spaces for GPR
alpha n_restarts optimizer kernel kernel parameter
1x10-8-1x10* 0-5 fmin_1 bfgs b RBF length_scale: 0.1-100.0
Matern length_scale: 0.1-100.0, nu: 0.5, 1.5, 2.5
RationalQuadratic length_scale: 0.1-100.0, alpha: 0.1-10.0
DotProduct sigma_0:0.01-10.00
&5 RFEZRREBSHEINER
Table S Hyperparameter search spaces for RF
n_estimators max_depth min_samples_split min_samples_leaf max_features bootstrap
50-350 5-50 2-20 "sqrt", "log2", 0.3, 0.5, 0.8, 1.0 True, False
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#* 6 XGBoost EEHBEHIMNTEE
Table 6 Hyperparameter search spaces for XGBoost

n_ max_ colsample reg reg min_child

. Ir subsample gamma .
estimators depth bytree alpha lambda weight
50-350 3-15 0.01-0.30 0.5-1.0 0.5-1.0 0-5 0-2 0-2 1-20

&7 ANN BEAREBESHINER
Table 7 Hyperparameter search spaces for ANN

hidden dim dropout num_layers Ir weight decay optimizer batch_size Epochs
4-32, step=4 0-0.3 1-5, step=1 1x1074-1x1072 1x1073-1x10""! "Adam", "AdamW" 16,32 2000
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Table 8 Hyperparameters for the GA algorithm

Category Item Value
Population Population size 200
Number of generations 400
Crossover Probability 0.9

Operator BLX-a, 0=0.3

Mutation Probability 0.30

Noise scale 0.03
Selection Tournament size 3

Elitism Elite preservation 10
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&9 SVRHIRMEBSHIRE
Table 9 Optimal hyperparameter settings for SVR

Hyperparameter Value
C 5.41
epsilon 3.68x107!
gamma scale
kernel poly
degree 2
shrinking False

#10 GPRHIRMBEHRE
Table 10 Optimal hyperparameter settings for GPR

Hyperparameter Value
kernel Matern
kernel parameter length_scale 1.32x107!

nu 1.5
alpha 3.84x107!
optimizer fmin_1 bfgs b
n_restarts 3

& 11 RFHRMBSHRE
Table 11 Optimal hyperparameter settings for RF

Hyperparameter Value
n_estimators 77
max_depth 10
min_samples_split 9
min_samples_leaf 2
max_features 0.8
bootstrap True

% 12 XGBoost IERMBESHIKE

Table 12 Optimal hyperparameter settings for XGBoost

Hyperparameter Value
n_estimators 61
max_depth 11
Ir 9.16x1072
subsample 7.76x107!
colsample_bytree 9.28x10"!
gamma 7.49x107!
reg_alpha 8.69x10~!
reg_lambda 8.52x107!
min_child weight 1

#®13 ANNHIRMBESHIRE
Table 13 Optimal hyperparameter settings for ANN

Hyperparameter Value
hidden_dim 28
Dropout 1.60x10"!
num_layers 2
Ir 1.33x104
weight decay 2.21x1072
Optimizer AdamW
batch_size 32
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Extended Abstract

Introduction Conventional development of low-carbon clinker mainly relies on empirical or mechanistic understanding of
high-temperature and hydration reactions among clinker phases. This strategy, which combines experimental trial-and-error with
mechanistic analysis, is generally time-consuming. Therefore, conventional development approaches are no longer sufficient to meet
the demand for the rapid development of novel low-carbon clinkers. The development of high-throughput (HT) methods and machine
learning (ML) has provided a new paradigm for the design of cement-based materials. However, available clinker data for ML-based
clinker design are usually collected from scattered sources, and they differ substantially in preparation procedures, testing conditions,
and compositional definitions, making them difficult to use directly. To address these issues, this study used clinker phases as
compositional units and constructed a clinker dataset through a standardized HT preparation procedure. On this basis, the predictive
performance of different ML models for the 28 d compressive strength of clinker was compared. Furthermore, the optimized
surrogate model was coupled with a genetic algorithm to screen for low-carbon clinkers under constraints on 28 d compressive
strength and CO2 emissions. This approach enabled evaluation of the applicability of the proposed data-driven framework for the
design of novel low-carbon clinkers.

Methods In this study, 11 clinker phases were selected as the basis for compositional design, and each clinker composition prepared
by dry-mixing these phases with gypsum in specified proportions was regarded as one specimen. A clinker dataset was constructed
using an HT experimental procedure. The dataset contained information on phase composition, water-to-binder ratio (W/B), 3 and 28
d compressive strengths for a total of 264 specimens. Among them, 228 specimens were used for training and validation, while 36
specimens were reserved as a test set. The test set was further divided into in-system and out-of-system specimens to evaluate model
stability. For model construction, five nonlinear ML algorithms were employed. The normalized phase composition after gypsum
incorporation was used as the input. The 28 d compressive strength was used as the output. Model hyperparameters were determined
by Bayesian optimization, and repeated constrained holdout validation was adopted to reduce the influence of random splitting on
model evaluation. Model performance was evaluated using mean squared error, root mean squared error (RMSE), mean absolute error,
and mean absolute percentage error. After the surrogate model had been determined, it was coupled with a genetic algorithm to search
the phase composition space for low-carbon clinkers with a predicted 28 d compressive strength higher than 42.5 MPa and CO:
emissions lower than 671 or 592 kg CO2/t. These COz2-emission thresholds were reduced by 15% and 25%, respectively, relative to
Portland clinker.

Results and discussion Dataset analysis showed that the specimens in the dataset exhibited pronounced compositional dispersion
and system-level heterogeneity. This heterogeneity was one of the main sources of model instability. The W/B gradually increased
from the C3S/C2S-rich region toward regions enriched in aluminate/ferrite phases and C4A3$/C5S28$. The 3 d and 28 d compressive
strengths of the training/validation set covered a range of 0-70 MPa, whereas the test set was mainly concentrated in the
medium-to-high strength range. Some specimens exhibited strength regression from 3 d to 28 d. These complex strength-development
patterns increased the difficulty of model learning but also provided useful information for identifying nonlinear relationships
between composition and compressive strength. Validation results showed that, under the conditions of limited data and high
compositional heterogeneity, controlled model capacity and moderate regularization were more beneficial for improving prediction
stability. The optimized hyperparameters of different models all reflected a tendency to suppress overfitting. Among the models, the
artificial neural network (ANN) adopted a relatively small architecture with regularization and achieved the best performance on the
validation sets. The test-set results further demonstrated that the ANN had better cross-system generalization capability. Compared
with the other models, the ANN achieved an overall RMSE of 3.9 MPa on the test set. Subsequently, the ANN was selected as the
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surrogate model and coupled with a genetic algorithm for the inverse design of low-carbon clinkers. When the CO:z-emission
reduction constraint was tightened to 25%, the genetic algorithm further favored low-carbon phases and generated candidate clinkers
dominated by aluminate phases or the C4A3$ phase, with CO2 emissions of approximately 555 kg COx/t. Experimental validation
showed that the measured 28 d compressive strengths of the candidate clinker compositions were close to the model predictions. The
prediction errors for all specimens were lower than 10% of the measured strengths.

Conclusions This study constructs a clinker dataset based on a HT preparation procedure and establishes an ML prediction and
constrained-optimization framework for screening low-carbon clinkers. The results show that the dataset is characterized by broad
compositional coverage, local sparsity, and pronounced system heterogeneity. Therefore, the model needs to balance nonlinear
representation capability with regularization constraints. Comparisons on the validation sets and the test set show that the
low-capacity ANN with moderate regularization achieves the best performance in terms of prediction accuracy. Its RMSE is 3.9 MPa
on the overall test set, and the RMSE values for the in-system and out-of-system subsets are 3.1 MPa and 4.2 MPa, respectively,
indicating that it can serve as the surrogate model for inverse design of low-carbon clinker. XGBoost can be regarded as a competitive
potential surrogate model, but it tends to produce relatively large prediction errors for some specimens. By coupling the ANN
surrogate model with a genetic algorithm, four candidate low-carbon clinkers satisfying the 28 d compressive strength and CO2
emission constraints are screened. Experimental validation confirms good agreement between the predicted and measured
compressive strengths. These results demonstrate that the proposed dataset construction and surrogate model screening strategy can be
used to explore of novel low-carbon clinkers.

Keywords high-throughput preparation; clinker dataset; predictive model; reverse design; low-carbon clinker screening





