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Fig. 4 Error-complexity distribution and integrated selection of candidate symbolic expressions

ElIIR B RLR & ik FE AR X EE

Table 1 Comparison of integrated selection metrics for representative candidate symbolic-regression models

F=1 RFMRE

=1

7S

D Variable coverage Expression length CV RMSE Physical-prior penalty Integrated score Remarks

El 9/9 51 2777 14.0 15.889 Final selected model

E2 9/9 49 3.269 10.0 16.622 Second-best model

E3 9/9 77 5.472 2.0 31.656 Lowest physical penalty

E4 9/9 56 8.339 16.0 77.976 Representative full-variable model
ES 9/9 69 6.098 7.0 41.228 Representative full-variable model
E6 8/9 48 4.865 35.0 51.544 Insufficient variable coverage
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Fig. 5 Expression tree structure of the selected symbolic-regression model
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Table 2 Prediction performance of the final explicit model
on the training and test sets

MSE RMSE R? MAE
Train set 1.697 1.303 0.811 0.903
Test set 1.986 1.409 0.817 1.126
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Fig. 6 Comparison of prediction results of the final explicit
model for 28 d compressive strength on the training
and test sets
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Table 3 Comparison of prediction performance of different models on the training and test sets
Train Test o Support for SBP-based
Model Description . L
MSE RMSE  MAE R MSE RMSE MAE R inverse optimization
MLR 4501 2122 1.638 0499 4329 2.081 1.788  0.602 Linear model Limited
Ridge Regression 4968 2229 1.697 0.448 4.180 2.044 1.469 0.616 Linear model Limited
RF 3.647 1910 1.456 0.594 5.076 2.253 1.470 0.533  Nonlinear black-box model No
SVR-RBF 4.675 2.162 1.448 0.480 5.166 2.273 1.756 0.525  Nonlinear black-box model No
XGBoost 4118  2.029 1.524 0.542 5.083 2.254 1.708 0.533  Nonlinear black-box model No
Conventional symbolic o
SR 2257 1502 1.104 0.749 3.959 1.990 1.459 0.636 X Limited
regression
Ours 1.697 1303 0.903 0.811 1.986 1.409 1.126 0.817 Proposed method Yes
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Fig. 7 Sensitivity and directional effect of input variables in the final explicit model
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Table 4 Process bounds of input variables used in single-variable inverse optimization

F6203 A1203 CaO S102

Na,0O MgO SO; w/C

2.0-6.0 3.0-6.0 50.0-70.0 18.0-30.0

0.1-1.5

0.05-0.50 0.5-5.0 0.2-3.5 0.47-0.53
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Table 5 Single-variable inverse optimization results under the target strength increase Ay € [1.5, 3.0] MPa

. Current . Absolute feasible Relative change  Recommended Minimum Relative Recommended Predicted
Variable Feasible . . . . . Remarks
val interval interval/% direction adjustment adjustment/% value strength
Fe,O; 3.7580 No Infeasible Single-variable
infeasible
ALOs; 49140 Yes 5.922 0-6.000 0 20.51-22.10 Increase 1.008 1 20.5149 59221 56.922 0 Close to upper
bound
CaO  63.8010 Yes 64.649 8-65.441 1 1.330-2.571 Increase 0.8515 1.334 6 64.652 5 56.922 3 Preferred
adjustment
SiO,  21.3120 Yes 22.886 5-24.461 5 7.388-14.780 Increase 1.5747 7.388 8 22.886 7 56.9219
K,O 0.6560  Yes 0.1000 0-0.102 9 —84.76 ——84.32 Decrease -0.553 4 84.363 0 0.102 6 56.922 0 Close to lower
bound; Large
adjustment
required
Na,O 02130 Yes (0.1310-0.1607) U (-38.48 ——24.53) Decrease -0.041 8 19.624 6 0.1712 56.921 9 Multiple
(0.1621-0.1712) U (-23.92—--19.62) feasible
intervals
MgO 32700 No Infeasible Single-variable
infeasible
SOs 0.7890  Yes 0.200 0-0.296 6 —74.65 ——62.41 Decrease —0.493 2 62.509 5 02958 56.924 2 Close to lower
bound; Large
adjustment
required
w/C 0.5106  Yes 0.485 5-0.498 1 —4.915--2.447 Decrease -0.0125 24530 0.498 0 56.921 8 Preferred
adjustment
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Table 6 Representative local feasible boxes and sampled validation results for joint inverse optimization of CaO, Na;O and W/C

Scheme ID CaO interval Na,O interval W/C interval Sampled CaO  Sampled Na,O Sampled W/C  Predicted strength
R1 62.50-63.75 0.106 3-0.162 5 0.477 5-0.485 0 62.634 6 0.156 9 0.4778 57.0572
R2 60.00-61.25 0.3313-0.3875 0.470 0-0.477 5 60.026 5 03825 0.4743 574929
R3 57.50-58.75 0.3875-0.443 8 0.470 0-0.477 5 57.9293 04326 0.471 6 58.1551
R4 65.00-66.25 0.3313-0.3875 0.492 5-0.500 0 65.9427 0.3415 0.498 7 58.1532
R5 67.5-70.0 0.443 8-0.500 0 0.503 8-0.507 5 68.3423 0.465 8 0.504 0 58.0373
3D feasible region of joint optimization 3D feasible region of joint optimization
target = 56.922-58.422 target = 56.922-58.422

e Feasible region

% Current sample @ Feasible region
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water-to-cement ratio. Three subfigures show the same joint inverse-optimization result from different view.
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Fig. 8 Three—dimensional point clouds of the feasible region for joint inverse optimization of CaO, Na,O and W/C
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Extended Abstract

Introduction The chemical composition of cement clinker directly affects cement hydration, later-age strength development, and
quality stability, and therefore serves as a key basis for clinker quality evaluation and production regulation. Conventional clinker
performance analysis mainly relies on chemical composition testing, empirical rules, and mineral-phase estimation methods such as
the Bogue calculation. Although these approaches have the physical meanings and practical engineering applicability, their predefined
model forms are insufficient to fully capture the complex nonlinear strength relationships arising from the coupled effects of multiple
oxide components and the water-to-cement ratio.

In recent years, machine learning methods have been widely applied to predict the performance of clinker and cement-based
materials, providing some opportunities for modeling complex composition-property relationships. However, the existing black box
models usually do not give clear mathematical formulas, which makes it difficult to directly explain how the strength develops. In
addition, most studies mainly predict the strength from chemical composition. They are less able to work in the opposite direction,
that is, to identify suitable adjustment directions and feasible ranges of clinker chemical components when a strength-improvement
target is given, either as a specific value or as an interval. To solve these problems, this study was to develop an explicit modelling
and inverse optimization method for clinker performance via combining symbolic regression and semantic backpropagation. This
method could provide an interpretable prediction of 28 d compressive strength and target driven inverse regulation of clinker
composition.

Methods This study proposed an explicit representation and inverse optimization method for clinker performance by combining
symbolic regression with semantic backpropagation. This method was designed to address the limited explicit characterization of
clinker composition-strength relationships and the difficulty of regulating clinker composition according to the strength requirements.
First, clinker samples from different sources were collected, and their chemical compositions and 28 d compressive strengths were
used to build a clinker composition performance dataset. Then, a symbolic regression based on genetic programming was used to
search for explicit relationships between clinker chemical composition and 28 d compressive strength in an expression space formed
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by variables, constants, and mathematical operators. Expression trees and their corresponding equations were obtained from the
candidate models. To avoid physically unreasonable models or the loss of important variables caused by relying only on prediction
error, a model selection strategy was introduced via considering physical prior constraints, model complexity, and variable coverage.
This strategy could balance prediction accuracy, physical rationality, structural simplicity, and interpretability. Furthermore, a
semantic backpropagation method driven by target strength variation was used to propagate the required strength improvement
backward through the explicit expression structure to the input variables. Feasible adjustment intervals for individual chemical
components and collaborative optimization schemes for multiple variables were then derived. In this way, the proposed method could
transform target strength changes into practical suggestions for inverse regulation of clinker chemical composition.

Results and discussion The results show that the symbolic regression model selected by considering physical prior constraints,
model complexity, and variable coverage achieves a good balance between prediction accuracy and interpretability. The final model
includes all nine key input variables, including CaO, SiO2, Al203, Fe20s3, MgO, SOs, K20, NazO, and W/C. Its expression is not a
simple linear combination, but is composed of product terms, ratio terms, and nonlinear terms. This structure allows the coupled
effects of the main clinker oxides and W/C on the 28 d compressive strength to be explicitly described. The sensitivity analysis further
shows that K20, Na>O, W/C, Ca0, and Al.Os have relatively great effects on the model output. Among these variables, W/C shows a
mainly negative effect around the most samples, while CaO makes a positive contribution under most local conditions. These results
indicate that the obtained explicit model can capture the basic characteristics of strength development controlled by the combined
effects of multiple clinker components.

The final explicit model demonstrates a satisfactory predictive performance on both the training and test datasets. For the training
set, the RMSE, MAE, and R? are 1.303 MPa, 0.903 MPa, and 0.811, respectively. For the test set, the corresponding values are 1.409
MPa, 1.126 MPa, and 0.817 Compared with multiple linear regression, Ridge regression, random forest, support vector regression,
XGBoost, and conventional symbolic regression, the proposed method achieves a better prediction accuracy on the test set.
Meanwhile, in contrast to black-box machine learning models, the proposed model retains an explicit expression structure, which can
be directly used for variable-relationship analysis and subsequent target-driven input interval back-propagation.

The inverse optimization results show that the proposed model can translate requirements for strength improvement into
interpretable suggestions for composition adjustment. For a representative sample with a predicted strength of 55.42 MPa, when the
target strength increase is set as [1.5, 3.0] MPa, single variable backpropagation identifies feasible adjustment intervals for CaO, SiOx,
Na20, W/C, and other variables. Among them, CaO and W/C require smaller minimum adjustment magnitudes, indicating that they
may be more suitable for single variable regulation. When CaO, Na;O, and W/C are backpropagated simultaneously, the feasible
solutions are not simple combinations of independent adjustment intervals, but appear as several local feasible regions. This result
reveals clear synergistic and compensatory effects among clinker components. Sampling validation further confirms that multiple
joint adjustment schemes can shift the predicted strength into the target range. These findings indicate that the proposed method can
provide practical candidate solutions for clinker strength improvement, quality evaluation, and inverse mix proportion regulation.

Conclusions This study demonstrated a potential of symbolic semantic backpropagation in clinker performance prediction, explicit
relationship analysis, and strength-target-driven composition regulation. The proposed method established an explicit quantitative
relationship between clinker chemical composition and compressive strength at 28 d via combining symbolic regression with
semantic backpropagation as well as incorporating physical prior constraints, variable coverage screening and target-interval-based
backpropagation. It could also transform strength improvement targets into feasible adjustment intervals for individual variables and
collaborative optimization schemes for multiple variables. Compared with conventional black-box models, this method could offer a
greater interpretability for the relationship between composition and strength and provides more direct inverse guidance for clinker
composition regulation. Overall, it could provide an interpretable and practical approach for clinker strength prediction, quality
assessment, and inverse mix proportion regulation.

Keywords clinker performance prediction; explicit representation; inverse optimization; symbolic regression; physical prior
constraints



