Towards Learning-based Storage Systems: A Holistic Approach
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3. Application Characterization with Clustering 4. Worktlow of Our Learning Framework
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Target Workloads

Perf K { Predicting Storage Utilization and Demand to Facilitate Storage Harvesting J
eriormance Recomm BatchAnalytics | WebSearch | CloudStorage LiveMaps

Improvement

Recomm 1.25/1.26 1.19/1.21 0.99/1.04 1.10/1.13 1.18/1.17
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[ We Obtain 1.37x Performance Improvement for Target Workloads and 1.08x for Non-Target Workloads ] { Reducing the Memory Footprint of SSD Mapping Table with Learned Indexes J /




