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Group-level Learning 4. move this section GL-Cache Architecture

after background « Many challenges:
« Amortizes the cost of learning across multiple objects » How does GL-Cache group objects?

° Ca.n accumulate more information for learning since most y» What and How does GL-Cache learn?
objects have very few requests
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A NEW UTILITY FUNCTION : - :
. Properties desired: object utility at time t
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LEARNING IN GL-CACHE °

 We cat ize th isting | d hes into 3 t .
e categorize the existing learned caches into 3 types . Static + dynamic features: write rate,

1. Learning from simple experts, e.g., LeCaR miss ratio, request rate, mean object size,
5. remove “and cacheus” age, # requests, # active objects

* Model: gradient-boosting trees

* Objective: regression | | .y's make this the same foramt
 Eviction in GL-Cache as “learning in GL-Cache”

A-UHEHPA-FUNCHON-TO-MEASURE: 2. remove this “a utility...”
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2. Learning from probability distribution, e.g., LHD

which one to evict? 6. keep the three figures the .
; same size and aligned? Evaluation
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e Throughput

» GL-Cache-E is faster than all state-of-the-art algorithms
» GL-Cache-T is significantly faster

leverage more features than other learned caches S umma ry
sampling and inference at each eviction — very very very slow

 Group-level learning
1. Amortizes the overhead of learning, and
2. Accumulates more information for
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 Existing learned caches either compromise on throughput or
cannot leverage multiple features
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