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Motivation
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3 « Zipfian-distributed (6 = 0.79) workload of reads, updates, and scans on 64 B records.
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Both experiments on an Intel DC P4510 NVMe SSD.

Design Overview

Key Idea A: Record Caching
« Key-to-page mapping is expensive to change in update-in-place design.
« But variable hotness among records on the same page.

« Solution: Only cache records, to increase memory efficiency.
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Key Idea B: Page Grouping

« Unlike writes, sequential reads still faster vs. random reads on modern SSDs.

« Pages must be sequential to make scans fast. In-memory Index

« Solution: Group pages into contiguous segments. Use linear models to index
records within segments.
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Key Idea C: Insert Forecasting

« To avoid constant reorganization, pages should have some empty space.
« But too much empty space increases |/O amplification. ; ;
« Solution: Leave empty space based on epoch-based insert forecast.
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