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Abstract: Aimed at the problem of instability and deviation of multiple training model in limited samples,

this paper proposes a method of distance metric learning based on the Gaussian mixture model, which can

solve this problem more reasonably by dividing the dataset. Distance metric learning relies on the excellent

feature extraction capabilities of deep neural networks to embed the original data into the new metric

space. Then, based on the deep features, the Gaussian mixture model is used to cluster the analyzer and

estimate the sample distribution in this new metric space. Finally, according to the characteristics of

sample distribution, stratified sampling is used to reasonably divide the data. The research shows that the

method proposed can better understand the characteristics of data distribution and obtain a more reasonable

data division, thereby improving the accuracy and generalization of the model.
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Tab.3 Performance comparison on CIFAR-10 dataset using

different methods

J5 i BB vVx100 a2X10° A% AUCX10?
SRS g 11,013 93.754  89.523  94.181
SBSS R 10,658 92,458 89.688 94,271
SBSS PRSI S 10.294 90.972 89.873  94.378
DML-GMM 22 Ui e 9.257 86.725 90.402 94,672
DML-GMM  H .2k 8.807 84.745 90.645  94.807
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Tab. 4 Performance comparison on adenocarcinoma HRCT

dataset using different methods

VRS BUREREL vx10® 62X10° A/%  AUCX10?

SRS AR 35.911 153,348 81.074  80. 609

SBSS & S R
rfr i 4%
38 AR 2R

GIRPE IS

35.827 152.838 81.134  80.585

SBSS 34.633 149.745 81.562  81.159

DML-GMM 33.727 149.285 81.699  81.004

DML-GMM 31.990 146.647 82.136  81.485
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Model performance indicators obtained by 5 folder cross-validation on adenocarcinoma HRCT dataset
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