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anced data distribution. Traditional methods are difficult to simultaneously guarantee detection accuracy and general-
ization ability. Therefore, combined with the data augmentation method of multi-view contrastive sparse autoencoder
(MCSAE), a joint optimization method with improved hierarchical sampling ensemble learning was proposed. Firstly,
for the problem of missing abnormal samples, a MCSAE was designed. Through multi-view data augmentation and
contrastive learning strategies, a more discriminative latent representation was learned under the framework of sparse
autoencoder, and the quality of abnormal sample generation was optimized by the re-input contrast mechanism, effec-
tively alleviating the model deviation caused by data sparsity. Secondly, for the problem of class imbalance, an im-
proved hierarchical sampling strategy was proposed. On the basis of traditional hierarchical sampling, a global feature
retention mechanism was introduced to avoid the distortion of the majority class distribution caused by local sam-
pling, ensuring that the classifier can learn the complete statistical characteristics of the data. Finally, combined with
F1 score adaptive weighted ensemble learning, diverse base classifiers such as random forest and LSTM were inte-
grated to dynamically adjust the model weights, further improving the detection ability for minority class attacks. The
experimental results show that, compared with the existing methods on the airborne network dataset, the proposed
method has a 5.2% increase in recall rate and a 3.7% increase in F1 score. This provides a reliable solution for intru-
sion detection in complex network environments.

Key words: distribution imbalance, multi-view contrastive sparse autoencoder, stratified sampling, ensemble learning
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