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A Correlation-based Tabular data Augmentation method for Network
QoS Prediction
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Abstract

Recently, deep neural networks (DNNs) have demonstrated excellent performance across various prediction tasks, leveraging their high
model capacity. In this paper, we propose a novel data augmentation technique for enhancing the generalization performance of DNNs
in the context of Network Quality of Service (QoS) prediction. Typically, Network QoS data is structured, and each feature exhibits
significant variability in its impact on the target value. Taking this into account, our approach considers the correlation between each
feature and the target value. By masking features with low correlation scores, we generate augmented data that maintains the expressive
power of the original data while improving the model’s generalization performance. Experimental results show that our proposed method
achieves up to a 6.6% improvement in RMSE compared to the baseline on the BerlinV2X Network QoS dataset.
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F 1. Berlin V2X H[O[E{AIC] 0924 Ei2{d Zoj CHSH RMSE A30{ H|m3E
Table 1. RMSE score comparison for multiple deep learning models
on the Berlin V2X dataset

Dataset Model Method RMSE(Mbit/s)
Baseline 10.6550
TabNet SMOTE 10.6711
Ours 10.0821
Baseline 4.3202
Berlin V2X MLP SMOTE 4.3355
Ours 4.2534
Baseline 4.0430
ResNet SMOTE 4.3546
Ours 3.8675
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Table 2. RMSE score for the California dataset

Dataset

Model

Method

RMSE

California

TabNet

Baseline

6.3481
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Ours

6.2672
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