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W is water, C is cement, F is fly ash, M is mineral fines, RS is river sand, MS is manufactured sand, G is coarse aggregate, WRA is water-reducing agent, 7CS is

7 d compressive strength, 28CS is 28 d compressive strength, S is slump, ED is expansion degree, IST is initial setting time, and FST is final setting time.
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Fig. 1
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Overall technology roadmap

Table 1 Chemical composition of cementitious materials w/%
Materials CaO SiO, AlLO3 SO3 MgO Fe, O3 Other
Cement 51.70 23.41 8.61 4.23 6.73 2.60 2.72
Fly ash 5.45 44.19 38.48 1.13 2.28 3.96 4.51
Mineral fines 33.32 29.96 18.50 3.22 11.69 0.43 2.88

w is mass fraction.
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Table 2 Mathematical statistics results for input features
Component features Derived features
Feature  p(wy/ p(CY/ p(E) pM)/ p(RSY p(MSY p(GY p(BY WiB p(RMS)/
(kgm?®)  (kgm?) (kgm?)  (kg'm™) (kg'm™) (kg'm™) (kg'm™) (kg'm™) (kg'm™)
Mean 159.3 263.5 93.2 40.7 203.0 562.3 1040.4 0.0163 3974 0.414 765.1 0.4232
Std 8.5 60.5 325 26.5 453 65.0 27.0 0.0014 73.8 0.077 62.9 0.0223
Min 141.4 85.0 34.0 0 155.0 342.0 966.0 0.0140 242.0 0.274 621.0 0.3699
Max 181.2 448.0 192.0 95.0 388.0 646.0 1108.0  0.0200 600.0 0.686 893.0 0.4601

p is density, Std is standard deviation, B is total binder content, W/B is the water-to-binder ratio, RMS is total fine aggregate content (RS + MS), and SR is the

sand ratio.

*3 BREEMHIEGITER

Table 3 Mathematical statistics results for target variable

Feature 7CS/MPa 28CS/MPa S/mm ED/mm IST/min FST/min
Mean 38.62 54.47 225.40 563.6 647.80 793.95
Std 12.23 13.22 12.26 37.68 53.25 60.95
Min 13.60 23.50 180.00 470.00 535.00 660.00
Max 74.70 87.70 255.00 675.00 780.00 925.00
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The structure of concrete mixture design diffusion model (MixDiff)
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Table 4 MixDiff hyperparameter settings

Parameter Value Description

Diffusion 2000 Number of discrete steps in the forward diffusion
steps process, controlling the gradual transformation
of data into Gaussian noise
Hidden 512  Hidden layer dimension, used to enhance the
dimension model’s ability to capture complex nonlinear
relationships
Batch size 16  Batch size, balancing GPU memory usage and

the stability of gradient estimation

Learning rate  1x10~* Initial learning rate of the optimizer, dynamically

adjusted using a cosine annealing schedule

Epochs 5000 Number of training epochs, ensuring sufficient
convergence of the model under small-sample
conditions

Optimizer ~ A4amMW Optimization algorithm
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Table S Quantification results of the edge distribution
Metric (1072) Metric (1072)
Feature Feature
WD KS JSD WD KS JSD
w 2.66 14.03 14.11 RMS 1.62 5.83 8.07
C 1.27 7.87 7.25 SR 3.08 13.47 37.25
F 2.13 11.43 8.32 7CS 0.97 4.03 3.65
M 2.97 13.20 12.53 28CS 1.73 6.80 5.82
RS 2.13 14.13 4.88 S 2.04 10.47 29.46
MS 1.19 5.40 7.54 ED 1.20 6.40 5.19
G 1.74 7.50 9.43 IST 1.37 5.37 8.71
WRA 4.79 25.60 28.63 FST 1.19 593 6.89
B 1.19 5.27 8.68 AVG 1.95 9.52 12.07
W/B 1.77 8.67 10.86
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Fig. 9 Effect of synthetic sample size on model performance
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Table 6 Optimal parameters for machine learning models

Optimal value

Model Hyperparameter Search space
Baseline Data augmentation
RF n_estimators [100,300,500] 100 500
max_depth [None,5,10,20] None 20
min_samples_leaf [1,2,4] 1 2
max_features [1.0,"sqrt"] 1.0 1.0
SVR C [1,10,50,100] 10 10
epsilon [0.01,0.05,0.1] 0.05 0.1
gamma ['scale','auto"] 'scale’ 'scale’
KNN n_neighbors [3,5,7,9] 3 9
weights ['uniform','distance'] 'distance' 'distance’
p [1.2] 1 2
XGBoost n_estimators [150,300,500] 300 150
learning_rate [0.01,0.05,0.1] 0.05 0.05
max_depth [3,5,7] 3 5
subsample [0.8,1.0] 0.8 0.8
LightGBM n_estimators [150,300,500] 300 300
learning_rate [0.01,0.05,0.1] 0.05 0.05
num_leaves [15,31,63] 15 15
subsample [0.8,1.0] 0.8 0.8
CatBoost iterations [150,300,500] 500 500
learning_rate [0.01,0.05,0.1] 0.05 0.05
depth [4,6,8] 4 6
DNN hidden_layer sizes [(64.,32),(128,64,32),(256,128,64)] (256,128,64) (256,128,64)
learning_rate_init [0.001,0.005,0.01] 0.005 0.001
alpha [0.000 1,0.001] 0.001 0.000 1
F=7 EBREER
Table 7 Model fitting results
Model Data augmentation R? RMSE MAE
RF No 0.825 7+0.081 9 13.93+3.29 8.48+1.32
Yes 0.949 3+0.022 8 7.58+0.96 4.80+0.48
SVR No 0.805 0+0.053 9 14.38+2.32 8.65+0.89
Yes 0.957 3+0.016 8 7.15+0.78 4.47+0.24
KNN No 0.799 6+0.055 6 15.25+1.49 9.45+0.27
Yes 0.947 6+0.014 0 7.96+0.92 5.01+0.33
XGBoost No 0.831 7+0.058 1 13.77+2.54 8.49+0.86
Yes 0.952 6+0.019 1 7.45+0.93 4.65+0.47
LightGBM No 0.769 6+0.053 5 16.13£1.10 10.12+0.44
Yes 0.953 6+0.018 2 7.41+1.04 4.71+0.53
CatBoost No 0.836 8+0.052 7 13.51£2.37 8.13+0.65
Yes 0.956 1+£0.018 5 7.17+0.74 4.49+0.28
DNN No 0.851 5+0.058 1 12.41+1.99 8.04+1.05
Yes 0.959 4+0.016 6 7.00+0.71 4.5240.29
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Extended Abstract

Introduction Machine learning has been widely applied to various concrete materials tasks, such as macroscopic performance
prediction and mix proportion optimization. The performance of machine learning models depends strongly on the quantity and
quality of the available datasets. However, constructing large-scale and high-quality concrete mix proportion datasets remains
challenging because concrete experiments are time-consuming, costly, and easily affected by material sources, curing conditions, and
human operations. At present, small-sample modeling problems are mainly addressed through two strategies: model optimization and
data augmentation. Model optimization methods mainly improve the extraction of information from existing small-sample datasets by
adjusting model structures or training strategies. However, they do not fundamentally increase the amount of data, and their
improvement in prediction accuracy is still limited by the original sample size. Conventional data augmentation methods mainly rely
on generative adversarial networks, which learn the real data distribution through adversarial training between a generator and a
discriminator, thereby generating virtual samples to expand the original dataset. Nevertheless, when dealing with complex tabular data,
generative adversarial networks may encounter unstable training, insufficient sample diversity, and distribution shifts in generated
data, resulting in limited consistency between virtual and real data. To address these issues, this study proposes MixDiff, a denoising
diffusion probabilistic model (DDPM) for generating virtual concrete mix proportion data under small-sample conditions. This model
aims to generate high-quality virtual concrete mix proportion data.

Methods A small-sample dataset containing 100 sets of concrete mix proportions was first established. The input features included
water, cement, fly ash, mineral fines, river sand, manufactured sand, coarse aggregate, water-reducing agent, total binder content,
water-to-binder ratio, total fine aggregate content, and sand ratio. The target variables included 7 d compressive strength, 28 d
compressive strength, slump, expansion degree, initial setting time, and final setting time. MixDiff was developed using a fully
connected neural network and a denoising diffusion probabilistic model. The model consisted of a sinusoidal timestep embedding
module and four stacked residual fully connected blocks. Each residual block contained fully connected layers, batch normalization
layers, and SiLU activation functions. In the forward diffusion process, Gaussian noise was progressively added to the normalized
data according to a cosine variance schedule. In the reverse generation process, a neural network was used to predict the noise and
progressively reconstruct concrete mix proportion samples with realistic distribution characteristics from standard Gaussian noise.
Subsequently, the quality of virtual data generated by MixDiff was quantitatively evaluated from two perspectives: marginal
distribution and feature correlation. Under five-fold cross-validation and grid search, several mainstream machine learning models
were further used to compare the prediction performance of the baseline mode and the augmentation mode. Finally, 15 mix
proportions were selected from the generated virtual dataset for experimental validation to evaluate the engineering plausibility of the
generated data.
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Results and discussion The quantitative evaluation results showed that the virtual dataset generated by MixDiff showed high
similarity to the real dataset. The average Wasserstein distance, K-S statistic, and J-S divergence between the two datasets were 0.019 5,
0.095 2, and 0.120 7, respectively. The Frobenius distance between their Pearson correlation matrices was 0.332 7, indicating that
MixDiff effectively preserved the marginal distribution characteristics of the real data and the correlation structure among variables.
The machine learning comparison results showed that the prediction performance of all models improved significantly after the
introduction of MixDiff-generated data. In the baseline mode, the average R? of the seven models was 0.817 1, and increased to 0.953 7 in
the data augmentation mode. Meanwhile, the average RMSE decreased from 14.20 to 7.39, and the average MAE decreased from
8.77 to 4.66. Correspondingly, R? increased by 16.72%, while RMSE and MAE decreased by 47.96% and 46.86%, respectively.
Among the machine learning models, the deep neural network achieved the best performance after data augmentation, with R?, RMSE,
and MAE values of 0.959 4, 7.00, and 4.52, respectively. In addition, the standard deviations of the five-fold cross-validation results
were significantly reduced in the data augmentation mode. This indicates that MixDiff-generated data not only improved the
prediction accuracy of machine learning models but also enhanced model stability and generalization ability. Experimental validation
of 15 virtual mix proportions showed that the data generated by MixDiff had high plausibility in six key performance indicators,
including 7 d compressive strength, 28 d compressive strength, slump, expansion degree, initial setting time, and final setting time.
The average MAPE of each performance indicator was lower than 5%, and the overall average MAPE was 3.8%.

Conclusions  This study proposed MixDiff, a denoising diffusion probabilistic model for concrete mix proportion data generation.
The results show that the virtual data generated by MixDiff were highly consistent with the real data in terms of marginal distribution
and feature correlation. The Frobenius distance between the Pearson correlation matrices was only 0.332 7. After introducing
MixDift-generated data, the prediction performance of multiple machine learning models, including RF, SVR, KNN, XGBoost,
LightGBM, CatBoost, and DNN, was significantly improved, with R? values of all models increasing above 0.94. Based on the
average performance of the seven machine learning models for the six output performance indicators, R? increased by 16.72%, while
RMSE and MAE decreased by 47.96% and 46.86%, respectively. Among these models, DNN achieved the highest R? and the lowest
RMSE in the data augmentation mode. Experimental validation of 15 virtual mix proportions showed that the generated results were
highly consistent with the measured results in terms of 7 d compressive strength, 28 d compressive strength, slump, expansion degree,
initial setting time, and final setting time. The MAPE of each performance indicator was below 5%, and the overall average MAPE
across the six performance indicators was 3.8%. These results indicate that MixDiff can learn the underlying relationships between
concrete mix proportions and macroscopic properties, and it can serve as an effective method for concrete mix proportion data
augmentation under small-sample conditions.

Keywords concrete; mixture proportion; denoising diffusion probabilistic model; data augmentation; deep learning





