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Table 1 Major chemical composition and physical properties of raw material wl/%
Raw material Si0, CaO AlLO; Fe;O3 MgO  SO; TiO, Na,O  Cry03 PbO ZnO  Others LOI
Clinker 18.78 65.59 4.42 3.81 3.37 2.16 2.59
Slag 31.96 37.86 15.76 0.4 2.51 296 -1.44
Original red mud 10.35 1.17 21.44 49.19 9.85 6.8 0.161 0.016 0.015 1.008

w is Mass fraction.
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Fig. 1 Mix proportion of red mud-based supersulfated cement
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Table 2 Comparison of test set loss in five-fold cross-validation
Methods Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average
Ours 18.061 93.072 29.265 13.211 13.878 33.497
MLP 33.269 1079.806 22.776 22.092 25.77 236.743

3 WEACEE R ESCIRIRAEE AN 2 MR R A TN R A

Table 3 Verification mix proportion and its experimental strength and predicted strength of two models

Sample RM  Slag Gpysum Clinker 28dstrength Ours MLP GPR Random forest
1% % 1% 1% /MPa Predict/MPa Error/MPa Predict/MPa Error/MPa  Predict/MPa Error/MPa Predict/MPa Error/MPa

1 37 42 20 1 30.742 29.067 1.675 31.439 0.697 30.742 0.696 30.742 1.241
2 36 41 20 3 26.778 26.575 0.203 27.024 0.246 26.778 2.859 26.778 1.323
3 35 40 20 5 31.806 24.857 6.949 24921 6.885 31.806 6.88 31.806 6.887
4 4.1 683 269 0.7 35.644 34.657 0.987 40.716 5.072 35.644 11.293 35.644 0.069
5 777 8.1 12.9 1.3 3.159 12.653 9.494 -2.627 5.786 3.159 0.255 3.159 10.864
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Average 4.893 7.609 6.659 5.775
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Black pentagons indicate the locations of the validation mixtures, while the black lines enclose the region satisfying the strength acceptance criteria.

(S AR S A N VA SRS R
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Extended Abstract

Introduction Cement production is a highly energy and carbon-intensive process, with the industry contributing about 8% of global
anthropogenic CO2 emissions. Industrial solid wastes such as slag, fly ash, red mud, and coal gangue are produced in a large scale and

persist in the environment, making their treatment and valorization a challenge. Replacing part of the clinker with supplementary

cementitious materials (SCMs) is a proven strategy for lowering emissions. Nevertheless, many industrial solid wastes, such as red

mud and coal gangue, remain underutilized due to their low reactivity and high impurity levels, causing a large variability in

physicochemical properties. Such characteristics pose challenges for mix design due to complex mix proportion-performance

relationships and restricted experimental trials.
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Deep learning-based mix proportion design achieves a notable success due to its universal approximation capability. However,
conventional models, such as deep neural networks, typically require large datasets to achieve robust prediction. Obtaining
sufficiently large datasets for such models is highly challenging due to limited experimental trials in mix proportion design. Moreover,
those methods output only a single optimal mix, failing to account for variability in physicochemical properties of some solid wastes
across sources and batches. To address those problems, this study was to apply few-shot learning to develop a highly accurate and
generalizable prediction model. In addition, a feasible-region-based design approach was also proposed to tackle physicochemical
properties variability. Finally, a multi-objective optimization method was introduced to quantify trade-offs between carbon emission
reduction and structural performance.

Furthermore, the proposed few-shot learning-based mix design method could optimize the feasible mix region for red mud-based
supersulfated cement. This optimization demonstrated the effectiveness and applicability of the proposed methodology.

Methods This research was to use few-shot deep learning to construct the performance prediction models for novel solid waste
cementitious materials. A variational information bottleneck (VIB) neural network was developed, exhibiting superior generalization
under small-sample conditions, compared with conventional networks. This model incorporated specialized preprocessing strategies
addressing multicollinearity problems. A custom activation function for compressive strength prediction was designed, along with
regularization techniques such as the Batch Normalization and Dropout.

To address challenges from variability in physicochemical properties, a feasible-region-based mix design approach was proposed,
offering proportion ranges instead of single optimal solutions. This enhanced an adaptability to raw-material variations across batches
and sources. Furthermore, a multi-objective optimization method was developed, incorporating carbon-emission factors to obtain mix
proportions that could balance compressive strength and environmental benefits. A comprehensive performance metric, the
eco-efficiency ratio, defined as 28-d compressive strength divided by total carbon emissions, was introduced, representing the
structural performance per unit carbon emission.

Results and discussion In this study, the proposed few-shot deep learning-based mix design method is employed to optimize red
mud-based supersulfated cement. The results indicate that the proposed model outperforms conventional artificial neural networks
(multilayer perceptron, MLP). Furthermore, the model maintains consistently small training-testing error gaps, indicating an effective
overfitting prevention. Validation using ten verification mix proportions shows that the proposed model achieves lower prediction
errors than the MLP for samples with substantially different mix proportions from the training data, confirming a superior
generalization across the entire mix-proportion space.

The feasible-region-based mix design approach can identify acceptable proportion ranges from the mix proportion-compressive
strength landscape generated by the model. The results indicate that as clinker content increases from 0.1% to 5.0%, acceptable
red-mud content gradually decreases, while greater slag proportions contributed to meeting strength requirements. Also, the optimal
28-d compressive strength typically occurs when slag content ranges from 75% to 85% and gypsum content from 10% to 20%,
consistent with supersulfated cement formulations, thereby supporting a reliability of the developed compressive-strength
prediction model.

The acceptable mix-proportion ranges identified from the mix proportion-relative strength landscape indicate that the relative
strength declines with increasing clinker content due to the higher carbon-emission factor of clinker. Moreover, the results indicate
that the mix proportions yielding the maximum relative strength lay outside the feasible region, because the carbon-emission factor of
slag is higher than that of other components, despite its superior reactivity. When producing red mud-based supersulfated cement, it is
necessary to choose a mix proportion based on the reactivity of the red mud to balance product performance and carbon-reduction
benefits.

Conclusions This research demonstrated a potential of few-shot deep learning-based optimization methods for mix-proportion
design of solid-waste cementitious materials. A variational information bottleneck-based modeling method was developed,
incorporating a specialized preprocessing strategy for mix-proportion data, a tailored activation function for compressive-strength
output, and regularization techniques. A feasible-region-based mix-proportion design method was proposed to address challenges
from the variability of physicochemical properties, offering adaptable solutions for different sources and batches of solid waste rather
than single optimal designs. The proposed method was applied to optimize a red mud-based supersulfated cement. The results
indicated that at 30% red mud content, the 28-d compressive strength could remain comparable to the control group without red mud.
At 40% content, the optimal carbon emission benefit was achieved, while meeting the 28-d compressive strength requirements. This
study could validate the effectiveness of the proposed few-shot performance prediction model and the feasible region-based mix
proportion optimization method.

Keywords red mud; red mud-based supersulfated cement; deep learning; few-shot learning; multi-objective optimization





