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1 Model architecture (MTL-MLP)
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% 1 Results (Lift, validation-best)’

Model Name Task Train Val Test
MLP MTL 0.606 0.658 0.703
Transformer single 0.604 0.732 0.732
LST™M single 0.797 0.699 0.734
MLP single 1.000 0.907 0.907
XGBoost single 0.072 0.967 0.960
ARIMAX single 0.898 1.204 1.209
Linear SVM single 1.604 1.915 1.682

FUICH—X 27 O MLP % 54 b U 7R O % 7R
& FRRECIX XGBoost 23, ARAE T A MRHZITIEREE
TARERELEWHEEZR L, EMEmE L T,
Transformer <> LSTM %%, )& 8 ORIEH 72 Tk A2 0
FRIVEREALE L TV D — T, B—% A7 OMLP T,
(B 72 A O RS A L D IR ER SN DD,
AERTPNIIEREA ST L b M E LA WEE R E 2o TN D,
PERTT L CIIFEREORE T Transformer & 1E & A EE D
SN OD, WRAE « 7 A MBI D EMEIIRE < kF
S2TCTW5, £»o 7T, 4% Transformer 22D MTL $55EIZ &
DR DETNVUEDOFREENRS S,

Eifs:
AT LR E (24K 16472, 25K00678) D 4% %32 1F T
i‘a—o

SE M

[1] Frikha Majdi, Taouil Faouzi, Fakhfakh Ahmed, Derbel Faouzi,
“Predicting power consumption using deep learning with stationary
wavelet”, Forecasting, Vol.6, No.3 (2024).

[2] Kong Weicong, Dong Yang Zhao, Jia Youwei, Hill J. David, Xu Yan,
Zhang Yuan, “Short-term residential load forecasting based on LSTM
recurrent neural network”, IEEE Transactions of Smart Grid, Vol.10,
No.1 (2017).

[3] Rumelhart E. David, Hinton E. Geoffrey, Williams J. Ronald,
“Learning representations by back-propagating errors”, Nature,
Vol.323, No.6088 (1986).

[4] Siami-Namini Sima, Tavakoli Neda, and Namin Siami Akbar “A
comparison of ARIMA and LSTM in forecasting time series”, 20/8
17th IEEE international conference on machine learning and
applications (2018).

[5] Caruana Rich, “Multitask learning”, Machine Learning, Vol.28 (1997).

[6] Kendall Alex, Gal Yarin, Cipolla Roberto, “Multi-task learning using
uncertainty to weigh losses for scene geometry and semantics”,
Proceedings of the IEEE conference on computer vision and pattern
recognition (2018).

[7] Glorot Xavier, Bordes Antoine, Bengio Yoshua, “Deep Sparse
Rectifier Neural Networks”, Proceedings of the fourteenth
international conference on artificial intelligence and statistics,
Vol.323, No.6088 (1986).

[8] Murphy P. Kevin, Machine Learning: A Probabilistic Perspective
(2012).

[9] Kiefer Jack, “Sequential minimax search for a maximum”,
Proceedings of the American mathematical society, Vol.4,No.3 (1953).

[10] Vaswani Shazeer Noam, ..., Polosukhin Illia “Attention is all you
need”, Advances in neural information processing systems Vol.30
(2017).

[11] Hochreiter Sepp, Schmidhuber, Jiirgen “Long short-term memory”,
Neural computation Vol.9, No.8 (1997).

[12] Chen Tianqi, Guestrin Carlos “XGBoost: A Scalable Tree Boosting
System”, Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining (2016)

[13] Cortes Corinna, Vapnik Vladimir “Support-Vector Networks”,
Machine learning, Vol.20 (1995).

[14] Box E. P. George, Jenkins M. Gwilym, Time Series Analysis:
Forecasting and Control (1970).

Copyright © 2025 by

Information Processing Society of Japan All rights reserved.

The Institute of Electronics, Information and Communication Engineers and



