N
wn
B
ok
ofr
o
o
ﬁ
r—lu

A A|294 A5%, 2024d 9€ (JBE Vol.29, No.5, September 2024)

Uuh=i (Regular Paper)

W2 83| =54 2299 A5F, 20249 92 (JBE Vol.29, No.5, September 2024)
https.//dm.org/l0.5909/JBE.2024.29.5.654

ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

YEHD 42 5= 9 A4daA 718 49 vely 274 7%

LR b I A B B DR IR B L B b e B

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

Sung Oh”, Ji-Yeon Park”, Joung-Sik Kim”, Na-Rae Yi”, Myungho Kim®, and Sung-Ho Bae"
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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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Correlation Coefficient, PLCC)E HIth. I8 16]A] Kol Fg= 7)1 wilyd W 45s Hode 45
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Fig. 2. Overview of the Correlation-based Tabular data Augmentation method for Network QoS Prediction
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I 1. Berlin V2X H|O|E{AIQ] 0421 El2{d 2E0] LSt RMSE AZ0{ H|wHE
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

O
AT 5 d=H, ol AtskE HelH S 7ol

93 08% J92g 59 o

Berlin V2X Results (T=0.2)
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——- baseline
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10.1 4

Augmented Sample Ratio

72l 3. Temperature?} Ratio0l| [}E AMs H|m J2f=

RMSE(Mbit/s)

B RES fAR RIS DEIRE 2RO 13
£ 45 Bol: AL $AT £ gtk

E 2. Z42|ZL|0} H|0o|E{MIe] RMSE AT 0]
Table 2. RMSE score for the California dataset

Dataset Model Method RMSE
Baseline 6.3481
California TabNet SMOTE 6.8237
Ours 6.2672
3 2+= Berlin V2X Hlo[H A} SU3h 4] 24 EolE
A Az ol vlolEAle] A AS yerith g
EZYo}l dolHAlAME v7HA 2 SMOTEE 452 9
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m. 2 2
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Fig. 3. Performance comparison graph according to Temperature and Ratio
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