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Background Accelerating Iterative Joins with GPUJoin Experiments Experiments (Continue)
Declarative programming focuses on “WHAT” to achieve rather than “HOW”. We introduce a GPU-optimized open addressing hash table tailored for GPUJoin lays the groundwork for a modern Datalog backend on GPU, We evaluated GPUJoin on large datasets with state-of-the-art CPU Datalog
Users relational data to perform binary hash joins. specifically tailored to iterative relational algebra. solver (Soufflé) and GPU library (cuDF).
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