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Hypernetwork design for feature selection of high-dimensional
small samples

WEI Junyi, DONG Hongbin, YU Zikang
(College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China)

Abstract: Feature selection is a widely recognized challenge across various industries. They typically target high-dimen-
sional datasets with fewer samples, such as those in biology and medicine field. Many regularization networks outper-
form complex network structures on such datasets. However, numerous underlying feature relationships can still be
overfitted, particularly with limited data. This study proposes an end-to-end sparse reconstruction network to address
this issue. First, the model enhances features through sparsity and singular value embedding. Then, it trains the embed-
ding matrix through a parallel auxiliary network to reconstruct prediction weights, which implements a parameter-redu-
cing super-network learning approach. This approach reduces the impact of overfitting on networks with fewer paramet-
ers, which effectively mitigates the influence of ineffective parameters on the network. Experiments conducted on 12
high-dimensional small-sample datasets in biology and medicine field reveal an average improvement of 3.26 percent-
age point in classification accuracy after dimensionality reduction in eight feature selection networks. Furthermore, the
roles of the disintegration layer, reconstruction, and correlation layer are separately validated through ablation experi-
ments, followed by weight result analysis, which further elucidates the extended applications of the model.

Keywords: feature selection; regularization network; overfitting; end-to-end; sparse reconstruction; singular value; aux-
iliary network; hypernetwork; high-dimensional small sample
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Fig. 4 Model accuracy using different embedding methods
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Table 2 Classification score of 8 feature selection model

B SRnet WPFSI' FsNet'?! dietnet!"" lassonet!'®! DNPI! LGBM® MLP!"
ALLAML +6.93 +5.33 -2.58 +2.63 -4.08 -1.18 -4.28 277
CLL SUB +4.42 +5.34 +2.29 +3.55 -7.91 -5.05 -0.88 -1.76

COLON +3.72 +5.18 -4.14 +3.30 -3.86 -4.79 -1.97 +2.56

GLI 85 +2.47 +3.16 -1.07 +7.01 -5.22 -5.26 -3.24 +2.15
GLIOMA +2.59 +2.08 -1.41 -1.23 +1.09 -1.25 -3.30 +1.43
Leukemia +2.52 -0.22 +0.41 +2.86 -3.19 +3.30 —4.98 -0.70

Lung +3.64 +1.74 —0.84 -0.31 +2.16 -2.30 -0.26 -3.83
Lymphoma +4.60 +2.66 +2.23 -2.09 —0.81 +1.35 -6.16 -1.78
nei9 +5.17 -1.29 +3.92 +1.02 -2.06 -5.57 +0.62 -1.81
Prostate GE -0.12 +1.19 +4.31 +1.21 -1.66 -2.28 +2.42 -5.07
SMK_SCAN +1.87 -0.66 +4.29 +1.92 +1.20 -3.06 -2.05 -3.51
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