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Game Changer: Fast Interconnects
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Why a Fast Interconnect is not Sufficient
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Efficient State Access
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Efficient State Access
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Efficient State Access
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Approach: Out-of-Core Partitioning
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Approach: Out-of-Core Partitioning
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The Triton Join: Overview
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The Triton Join: Overview
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The Triton Join: Deep Dive
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The Triton Join: Deep Dive
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Findings Summary
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State-of-the-Art k-Means Strategy
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State-of-the-Art k-Means Strategy
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Single-Pass k-Means Strategy
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Single-Pass k-Means Strategy
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Findings Summary

Interconnect-conscious data locality

End-to-end GPU execution
* Single data pass
* 8x speedup
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Conclusion

Scalable data management using GPUs

Fast interconnect is necessary, but not sufficient
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