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Table 1 Input feature categories

Category Features

Mix proportion W/B, w(Cement)%, w(FA)%, w(GGBS)%, w(SF)%

Cement oxides CaO, SiO,, Al,03, Fe;03, SO3, MgO

FA oxides Ca0, SiO,, Al,03, Fe,03, SO3, MgO
GGBS oxides Ca0, SiO,, Al,03, Fe,03, SO3, MgO
SF oxides Ca0, SiO,, AL,O3, Fe,03, SO3;, MgO
Physical properties SSA(per component), LOI (per component)

w is mass fraction; SSA is specific surface area; LOI is loss on ignition.
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Table 2 Ten candidate models

Category Model Equation Params
S-F series SFBaselineNet O = Onmax exp[—(7/t)"] 3
SFQmaxDecompNet Q.. = S Onaxii 6
SFBetaTNet BO=BotAB- o[ (t=ts)/y] 6
SFWresNet Wres(f) = wo (1 — &™) 5
KD series KD-A = oNG a1 0D 5
KD-B 0=0:ang(t) + 6
Or - op(t — tag)

KD-C o= wianG + waar + w3ap 7
Classical KnudsenNet 0= Q.- t/(t+ts50) 2
FirstOrderNet 0= O.[1-exp(—k1)] 2

Datadriven PureNN Data-driven mapping:

(features, 1) —> QO
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Table 3 Hyperparameter search space

Hyperparameter Type Range
Hidden dim Categorical {128, 192, 256, 320, 512}
Number of residual blocks Categorical {2,3,4,5}
Learning rate Log-uniform [2x104,0.01]
Dropout Uniform [0.02, 0.4]
Weight decay Log-uniform [107,0.5]
Residual weight wres Uniform [0.01, 0.5]

1.3.4 IR 51 BRI ARG IEEE
HHT Optuna %, #iE RIRESE. 2 B
G SRFE G I, KRR S HON G 8
ANNGRBZ AT 600 56, & 10 31HHE — X 5e )|
GRAE IR s B 20 VRIS I R4 A T8 R 1%,
MIFERTL 1Y ZR. L2 R AdamW, FELAIRTZIB
KNG 2 ) RIB SR 1070 MAREELE B S H
AR AL YN Grrp PRI, AN T &l
2 BEAE T
2.1 fEBITTRME EEXT EE

FARGEAEI I EiR G — IR W E R s ol
G5, R AGHT 10 PG TN RE PR,
BRI AR 75 i £k R2 MMEAE A% O PR AR A, 184
Eiz A (Gap = Train R? — Test R?). =i [ Hh 2k
5 EE(=0.9) K 2= 1 28 R2(min R2ME NS BhTR R, Xt
T B TRINRE 2 A B8 I AR AT 28 & VA

T4 10 MEREIRBI TN M REXTEE
Table 4 Prediction performance comparison of ten candidate

models
No. Model Params Train - Test ap =09/ min R?
R R? %
1 SFQmaxDecompNet 6 0.980 0.962 0.018 94 0.777
2 KD-B 6 0.970 0.937 0.033 76 0.694
3 SFBetaTNet 6 0971 0930 0.041 82 0.303
4 SFWresNet 5 0.981 0912 0.069 82 0.012
5 KD-A 5 0975 0904 0.071 82 -0.174
6 KnudsenNet 2 0.941 0902 0.039 70 0.582
7 SFBaselineNet 3 0968 0.897 0.072 82 -0.349
8 PureNN 0.944 0.874 0.070 70 0.189
9 KD-C 7 0.924 0.868 0.056 82 —0.642
10 FirstOrderNet 2 0912 0867 0.046 58 0.441

R? is coefficient of determination; = 0.9/ % is the percentage of test curves

with R? not less than 0.9; min R? is the minimum curve-level R%.
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Table 5 Best hyperparameters of ten candidate models

No. Model Hidden dim Residual blocks Learning rate Dropout Weight decay Wres
1 SFQmaxDecompNet 192 3 4.10x1073 0.081 2.28x1074 0.292
2 KD-B 320 4 1.38x1073 0.048 2.69x10°! 0.216
3 SFBetaTNet 320 5 2.63x1073 0.039 1.61x10° 0.058
4 SFWresNet 128 5 3.99x1073 0.041 2.97x104
5 KD-A 192 4 3.19x1073 0.028 3.14x107! 0.418
6 KnudsenNet 320 2 3.15x1073 0.091 6.31x10* 0.363
7 SFBaselineNet 128 3 6.27x1073 0.094 7.74x1073 0.303
8 PureNN 512 5 4.73x1073 0.136 4.51x107 0.345
9 KD-C 256 4 2.51x1073 0.035 1.58x104 0.371
10 FirstOrderNet 192 4 2.52x1073 0.061 1.31x104 0.249
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Fig. 4 Regression comparison between predicted and measured cumulative hydration heat on the test set
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Table 6 Statistical summary of maximum heat release (Qmax) identified by SFQmaxDecompNet for different binder
compositions
Binder composition n Median Mean Std IQR p (Holm)
OPC 42 237.4 241.2 63.7 [202, 272] Ref
OPC+FA 82 202.4 228.7 91.4 [163,267] 0.892
OPC+GGBS 37 240.8 246.4 54.4 [224, 274] 1.000
OPC+SF 16 191.1 225.7 88.8 [176,217] 1.000
OPC+FA+GGBS 19 199.0 2443 94.9 [170, 316] 1.000
OPC+FA+SF 10 174.6 159.5 107.5 [59,219] 0.189
OPC+FA+GGBS+SF 12 215.7 220.4 10.1 [213,229] 1.000

Kruskal-Wallis test: H=14.95, p = 0.021. Post-hoc: Dunn's test with Holm correction vs. OPC (ref).
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Table 7 Statistical summary of characteristic time parameter (7r) identified by SFQmaxDecompNet for different binder

compositions

Binder composition n Median Mean Std IQR p (Holm)
OPC 42 13.1 13.7 3.7 [11.0, 15.5] Ref
OPC+FA 82 15.6 15.6 49 [12.6, 17.7] 0.141
OPC+GGBS 37 18.9 19.9 5.4 [16.2,23.3] <0.001%**
OPC+SF 16 14.4 14.7 3.7 [12.3, 15.6] 1.000
OPC+FA+GGBS 19 22.3 23.4 9.1 [15.6,30.3] <0.001%**
OPC+FA+SF 10 17.3 19.6 8.1 [14.5,25.4] 0.126
OPC+FA+GGBS+SF 12 18.0 18.0 0.3 [17.7,18.2] 0.003%*

Kruskal-Wallis test: H=49.16, p = 6.93x10~. Post-hoc: Dunn's test with Holm correction vs. OPC (ref). ** means p < 0.01, *** means p < 0.001.

*8 A [EBCLLEA T SFQmaxDecompNet fREVFHUNHIFLAR S B p Foit
Table 8 Statistical summary of shape parameter (f) identified by SFQmaxDecompNet for different binder compositions

Binder composition n Median Mean Std IQR p (Holm)
OPC 42 1.19 1.27 0.39 [1.02, 1.41] Ref
OPC+FA 82 1.14 1.16 0.24 [0.96, 1.31] 1.000
OPC+GGBS 37 0.93 0.94 0.15 [0.83, 1.03] <0.001***
OPC+SF 16 2.32 2.10 0.86 [1.35,2.87] 0.348
OPC+FA+GGBS 19 0.97 1.05 0.35 [0.70, 1.27] 0.213
OPC+FA+SF 10 1.12 1.10 0.25 [0.90, 1.28] 1.000
OPC+FA+GGBS+SF 12 0.97 0.97 0.03 [0.95, 1.00] 0.075

Kruskal-Wallis test: H = 46.06, p = 2.88x10®. Post-hoc: Dunn's test with Holm correction vs. OPC (ref). *** means p < 0.001.
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Extended Abstract

Introduction Hydration heat prediction is important for mixture design, thermal control, and early-age cracking risk assessment for
cement-based materials. The increasing use of supplementary cementitious materials (SCMs) and chemical admixtures in low-carbon
concrete has made hydration behavior more complex, while conventional empirical or simplified analytical models have difficulty
describing multicomponent heat release. Therefore, this study develops a general model for predicting cumulative hydration heat
directly from mixture composition.

Methods A database of 219 cumulative hydration heat curves and 13 048 data points was compiled from 33 published isothermal
calorimetry studies, covering ordinary Portland cement and blends with fly ash, ground granulated blast-furnace slag, and silica fume.
The input features included water-to-binder ratio, component fractions, oxide compositions, specific surface area, and loss on ignition.
Hydration kinetic equations, including the Schindler-Folliard, Krstulovic-Dabic, and Knudsen equations, were embedded into neural
networks as physical priors. The framework consisted of a physical-parameter prediction branch, a physical-equation layer, and a
residual-correction branch, enabling end-to-end physics-driven prediction with data correction. Ten model variants were trained and
compared under identical experimental settings.
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Results and discussion SFQmaxDecompNet achieved the best overall performance, with a test R? of 0.962, a generalization gap of
0.018, and 94% of test curves reaching R>=0.9. Its component-wise decomposition of Omax better represented the different
heat-release potentials of cement, FA, GGBS, and SF. KD-B ranked second ( R?> = 0.937), benefiting from its two-peak representation
of early cement hydration and delayed SCM reactions. In contrast, KD-C had seven physical parameters but reached only R? = 0.868,
showing that model performance depended more on the consistency between physical assumptions and data characteristics than on the
number of parameters alone. PureNN reached R? = 0.874, lower than several physics-embedded models.

Data-efficiency tests showed that physical priors reduced the dependence on training data. When only 30% of the training curves
(45 curves) were used, SFQmaxDecompNet still achieved R?>= 0.571, whereas PureNN degraded nearly completely. The physics
branch dominated under limited data, while the residual branch provided local corrections when data were sufficient. Interpretability
analyses further showed that Omax represented the total heat potential, 7 reflected the hydration time scale, and S described the
concentration of heat release. Permutation importance and ALE analyses identified cement content as the dominant output feature,
followed by FA, GGBS, FA-CaO, W/B, and SF. The temporal ALE trends of Q and dQ/d¢ were consistent with the delayed reactions
of FA and GGBS and the early promoting effect of SF.

Conclusions The proposed physics-driven and data-correction synergistic neural network provides accurate and interpretable
hydration heat prediction of composite cementitious materials. Embedding hydration kinetic equations as inductive biases improves
generalization, suppresses non-physical oscillations, and enhances robustness under small-sample conditions. This framework
provides a useful route for mixture design, thermal analysis, and early-age crack-risk control in low-carbon cement-based materials.

Keywords composite cementitious materials; hydration heat; physics-embedded neural network; hydration kinetics; residual
correction; interpretability





