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Table 1 Settings of partial hyperparameters for model training

Hyperparameter Value
Dropout 0.2
Batch Size 64
Gradient Clipping Value 1.0
Output Channels (C,y) of Multi-scale Convolution 64
Number of Attention Heads 8
Batch Normalization Yes
Number of Transformer Layers 3
Random Seed 42
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152 SVRPY | CNN ZEKJ(CNN. CNN + LSTM).
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Table 2 Results of comparative experiments of MFT-NET
model with other models

Prediction MAE/ RMSE/ )
. Model 43 MAPE/% 3
Scenario x10"" cm x10"" cm

Currentrun ~ Ridge Regression 4.01 2.97 5.94 0.54
prediction SVR 5.19 3.84 5.02 0.48
CNN 3.12 2.31 3.99 0.61
CNN+LSTM 3.11 2.30 3.56 0.67
Transformer 2.74 2.03 3.54 0.68
CNN-+Transformer 2.05 1.52 2.98 0.76
MFT-NET 1.83 1.35 2.81 0.89
Next run Ridge Regression 8.93 6.61 7.56 0.47
prediction SVR 6.77 5.01 6.81 0.43
CNN 4.59 34 6.79 0.59
CNN+LSTM 345 2.56 451 0.67
Transformer 2.89 2.14 3.94 0.66
CNN-+Transformer 2.34 1.73 3.75 0.74
MFT-NET 2.25 1.66 3.42 0.87

MAE is meanabsolute error, MAPE is meanabsolute percentage error,
RMSE is root meansquared error, R* is coefficient of determination.

MFT-NET: Predicted vs. Actual comparison
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Fig. 7 Results of comparison between predicted values and
actual values of MFT-NET model
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Table 3 Results of ablation experiments

Prediction MAE/ RMSE/

scenario Model x10" em™ MAPE/% x10" cm K
Current Model-A 3.04 2.25 3.84 0.63
fun Model-B 3.02 2.24 4.98 0.68
predicti- Model-C 2.14 1.59 4.55 0.79
. Model-D 1.94 1.44 3.47 0.84
Model-E (MFT-NET) 1.83 1.35 2.81 0.89
Next run Model-A 4.33 3.21 6.54 0.61
predicti- Model-B 487 3.61 58 071
o Model-C 3.66 2.71 5.62 0.75
Model-D 3.12 2.31 4.32 0.76
Model-E (MFT-NET) 2.25 1.66 3.42 0.87
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Extended Abstract

Introduction Silicon carbide (SiC), as a representative third-generation wide-bandgap semiconductor material, exhibits superior
performance over traditional silicon-based devices in high-voltage, high-power, and high-frequency applications. The doping
concentration of the SiC epitaxial layer critically determines the performance of power devices. However, current doping control
heavily relies on manual experience and offline testing, which incurs high costs and significant time delays. This study aims to
address these limitations by proposing a data-driven model for accurate and real-time prediction of doping concentration in both
in-situ and next-batch scenarios.

Methods This paper proposes a Multi-scale Feature-enhanced Temporal Transformer Network (MFT-NET) for predicting the
core-layer doping concentration during SiC epitaxial growth. The model integrates four key modules:

Multi-scale Convolution Module: Employs parallel convolutional branches with kernel sizes of [3,3], [9,3], and [21,5] to capture
parameter dynamics across millisecond-to-hour scales.

Squeeze-and-Excitation (SE) Module: Enhances feature channels correlated with doping concentration and suppresses noise via
channel-wise attention.

Transformer Module: Models global coupling relationships among all 75 process parameters using multi-head self-attention.

Gated Recurrent Unit (GRU) Module: Captures cross-batch state dependencies to account for residual dopant and equipment
state drift between consecutive epitaxial runs.

The model was trained and evaluated on a dataset comprising 1200 epitaxial runs from a commercial SiC epitaxial reactor. Data
preprocessing included Pearson correlation-based feature selection and min-max normalization. A weighted mean squared error loss
function was adopted to prioritize mainstream process samples.

Results and Discussion Experimental results demonstrate that MFT-NET significantly outperforms traditional models including
Ridge Regression, Support Vector Regression (SVR), CNN, CNN+LSTM, Transformer, and CNN+Transformer. In the in-situ
prediction scenario, MFT-NET achieved a mean absolute percentage error (MAPE) of 1.35%, a root mean square error (RMSE) of
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2.81x10" cm™, and a coefficient of determination (R2) of 0.89. For next-batch prediction, it attained a MAPE of 1.66%, RMSE of
3.42x10"cm ™, and R? of 0.87.

Ablation studies confirmed the contribution of each module: the multi-scale convolution and SE modules improved feature
extraction and selection; the Transformer enabled global parameter interaction modeling; and the GRU was crucial for capturing
cross-batch state transfer, reducing next-batch prediction RMSE by 20.8% compared to the model without GRU.

Hyperparameter analysis revealed that a 3-layer Transformer, the proposed multi-scale kernel combination, and a Dropout ratio
of 0.2 yielded optimal performance.

Conclusions The MFT-NET model effectively addresses the multi-scale dynamics, global parameter coupling, and cross-batch state
transfer challenges in SiC epitaxial growth. It provides highly accurate doping concentration predictions for both in-sifu monitoring
and next-batch forecasting, with the potential to reduce offline testing costs by 30% and improve process stability by 15%. This work
offers a robust data-driven framework for intelligent optimization of SiC epitaxial processes.

Keywords silicon carbide epitaxial growth; core-layer doping concentration; multi-scale convolution; Transformer; process
parameter prediction; deep learning



