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Operationalized as a fixed-point iteration using FG

Datalog rule for computing Transitive Closure (TC)

JoinProjectionUnionRelational algebra:
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SMJ is suitable tables, HJ is suitable
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GPU-based join implementations does not sort result (by default)
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Limited GPU that dictates 

Memory overflow error for larger 
graphs

Open addressing based hash table 
causes memory overhead





Extend State-of-the-art multi-node CPU-based Datalog-like language SLOG to 
leverage our GPU-based solutions

Compare Different Parallel Programming Models performance on iterative 
relational join

Develop Multi-node multi-GPU backend for Datalog to perform iterated 
relational algebra operations tailored for GPU
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DataFrame: 2D labeled tabular data structure

Both supports RA primitives (e.g. join, aggregation, rename, deduplication, and projection)
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