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MNMGDatalog Implementation Experiments

Introduction

We evaluate MNMGDatalog against state-of-the-art single-
GPU, shared-memory, and distributed multi-node Datalog

MNMGDatalog uses radix-hash partitioning and non-uniform
all-to-all communication with GPU-aware hash tables for

Declarative programming focuses on “WHAT” not on “HOW”
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Highest performant Datalog engine Th We are working on:
Single-GPU: Up to 7x speedup over GPULog e e Spatial and temporal load balancing

Multi-threaded: Up to 33x over Soufflé
Distributed: Up to 31.9x speedup over SLOG

* GPU-Aware HIP and OneAPI implementations
e Application to Neurosymbolic programming
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