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Complex Event Recognition (CER)
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Complex Event Forecasting (CEF)
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PATTERN SEQ(lowSpeedStart a, turn + b, lowSpeedEnd c)
WHERE skip-till-next-match

AND [vesselId ]
AND b[i ].heading�b[i�1 ].heading > 90
WITHIN 21600
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Wayeb1 CEF Engine
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Symbolic Automaton

1 Elias Alevizos, Alexander Artikis, and Georgios Paliouras. 2022. Complex event forecasting with prediction suffix trees. VLDB J. 31, 1 (2022), 157–180.
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Symbolic Automaton Prediction Suffix Tree

1 Elias Alevizos, Alexander Artikis, and Georgios Paliouras. 2022. Complex event forecasting with prediction suffix trees. VLDB J. 31, 1 (2022), 157–180.
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Symbolic Automaton Prediction Suffix Tree

Deterministic Automaton

1 Elias Alevizos, Alexander Artikis, and Georgios Paliouras. 2022. Complex event forecasting with prediction suffix trees. VLDB J. 31, 1 (2022), 157–180.
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Symbolic Automaton Prediction Suffix Tree

Deterministic Automaton

Waiting-time distribution and shortest interval 
exceeding confidence threshold 

1 Elias Alevizos, Alexander Artikis, and Georgios Paliouras. 2022. Complex event forecasting with prediction suffix trees. VLDB J. 31, 1 (2022), 157–180.
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Bayesian Optimization (B0)
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Problem Statement

𝑆𝑐𝑜𝑟𝑒 𝑐 = 𝑤1×𝑀𝐶𝐶 𝑐 − 𝑤2× tanh
𝑡𝑡 𝑐
Θtt

− 1

• The scoring function takes into consideration: 
• The accuracy of the forecasts, Matthews Correlation coefficient (MCC).
• The training time of the model (tt).
• Preferences of the user, by assigning weights to individual metrics. 
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CEF Optimizer
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Empirical Analysis: Maritime Monitoring
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Empirical Analysis: Maritime Monitoring

a) The best scores obtained by sweep search and the 
CEF Optimizer. 

b) Improvement of CEF Optimizer over 
random evaluations.
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Empirical Analysis: Credit Card Fraud Management

a) The best scores obtained by sweep search and the 
CEF Optimizer. 

b) Improvement of CEF Optimizer over 
random evaluations.
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Summary & Future Work

• Introduced the first CEF Optimizer that automatically tunes CEF 
Engines. 
• Applied the CEF Optimizer on a state-of-the-art CEF Engine, namely 

Wayeb.
• Examined the application of the CEF Optimizer on two real-world 

scenarios from the maritime and financial domain. 
• Our future work concetrates on extending the CEF Optimizer to 

perform adaptive parameter tuning at runtime.
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