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Yohei Kodama, Yuki Akeyama, Yusuke Miyazaki, and Koh Takeuchi.
“Travel Demand Prediction with Application to Commuter Demand
Estimation on Urban Railways.”

In Companion Proceedings of the ACM Web Conference 2024 (WWW '24).
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Ryu Shirakami, Toshiya Kitahara, Koh Takeuchi, and Hisashi Kashima.
“QTNet: Theory-based Queue Length Prediction for Urban Traffic”
In Proceedings of the 29th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining (KDD '23).
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Ryu Shirakami, Toshiya Kitahara, Koh Takeuchi, and Hisashi Kashima. 2023. QTNet: Theory-based Queue Length Prediction for Urban
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Ryu Shirakami, Toshiya Kitahara, Koh Takeuchi, and Hisashi Kashima. 2023. QTNet: Theory-based Queue Length Prediction for
Urban Traffic. In Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery and Data Mining (KDD '23).
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“Causal Effect Estimation on Hierarchical Spatial Graph Data.”
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