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Abstract Deep learning has garnered significant attention in aircraft design, particularly with the advancements driven by Al for
Science. Data-driven methods based on neural networks have achieved remarkable success in airfoil flow field prediction. How-
ever,these methods often underperform when labeled data is limited. This paper proposes a semi-supervised learning(SSL) me-
thod named Semi-Flow for airfoil flow field prediction. Semi-Flow leverages the memory properties of neural network loss to
classi-fy pseudo-labeled data into easy and hard subsets based on loss function values. This clustering method is based on Gaussian
mixture model(GMM). The loss function combines data loss with auxiliary physical supervision, ensuring the model’ s outputs
conform to aerodynamic properties and data constraints. During the data selection process,the easy samples common to both mo-
dels are chosen as training samples.thereby avoiding the impact of noisy samples. The training process starts with several rounds
of warm-up training on the labeled samples,followed by the gradual inclusion of filtered easy samples. Experimental results dem-
onstrate that the Semi-Flow method significantly outperforms models trained solely on limited labeled data, with an overall pre-
diction performance improvement of nearly 30%. Ablation studies and qualitative results further validate the effectiveness of the
proposed method. Semi-Flow exemplifies the potential of Al for Science,offering a promising approach to flow field prediction by

reducing the dependency on large amounts of labeled data.
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Fig. 3 Airfoil mesh generation structure
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Table 1

Performance metrics of different methods on Flow-air

dataset
7k RMSE MAE
Few-Flow 3.42X1072 6.76>X1073
Semi-Flow 1.11x10°?2 4.85X1073
SL-Flow 9.07X1073 4.01X1073
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Table 2 Comparison of different methods in time and accuracy

Uik # 4% &k B/ min 3 % /min MAE
Few-Flow 3600 69 6.76>X10 3
Semi-Flow 3600 78 4.85X1073
SL-Flow 10800 107 4.01X107°
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Table 3 Results of RMSE and MAE with different & values
WEZRHK 6 RMSE MAE
0.1 2.79X 1072 6.27X10°°
0.2 2.31x10 2 5.73X10°°
0.4 1.90X10 2 5.17X10°°
0.5 2.23X10°2 6.00Xx10 %
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Table 4 Ablation studies on Flow-air dataset with different loss

functions
Lmooth Lp RMSE MAE
NG NG 1.74X10 2 4.63X10 3
N/ 2.13X10 2 6.17x10 3

HE— M, R SCH 7R T Semi-Flow 7 ¥E 1 & N He 1) 8
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25 ARG T2 A 7E Flow-air 8% 4 (1% 79 @b 52 56
Table 5

Ablation experiments with different combinations of

training models on Flow-air dataset

i HEEK 0B

L TP 4 RMSE MAE
NG NG 1.83X1072 4.32X107%
N, N, 2.10X10°2 5.26X10°3

NG N 7.13X10 2 9.91x10 3
N, N, N, 1.77X102 4.27X1073
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