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Approximate search algorithm: Sub-optimal or Near-optimal

Multi-objective Multi-graph A*

* A heuristic search algorithm MOMGA* is
proposed.
» Applicable to any transportation scenes that

are modelled as multi-objective multi-graphs.
« Can be accelerated by heuristic functions
(admissible or likely-admissible).
« Comprehensive improvements over its
previous version are observed.
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Learning Heuristics

* Alikely-admissible learning heuristic function
is developed to speed up MOMGA* search.

* First utilised in multi-objective optimisation.

* Node embedding methods are used to
extract node features.

« Walk-based shallow embeddings are
identified as the key to accurately predict
shortest path costs.
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Benchmark Instances

Search with the likely-admissible heuristics
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