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Log-Structured Merge-tree (LSM-tree)

Widely adopted because it offers fast ingestion rate and competitive read latency
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LSM Basics - Get(K)
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Access Skew
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Real-life workloads exhibit access skew

Cao et al. Characterizing, modeling, and benchmarking RocksDB Key-Value workloads at Facebook. FAST 2020.
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Even in a perfectly uniform workload,

’

7

]

T

80% of the lookups are directed to 44~46% of the files




How We Exploit the Access Skew
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For Bloom Filter, min Z Z; €
n-loge .. {€i}

63.64-65.66
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For Cuckoo Filter,

gle,n) =n (1082

F The total number of files
Z; The frequency of empty point queries for Filter i
€; The false positive rate of Filter i
n; The number of elements in Filter i
g(e,n) A function that returns the space for a filter using € and n

M The overall memory for filters




Get() Monkey vs. Ours
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Notation Meaning
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The total number of files
The frequency of empty point queries for Filter i (Level j)
The false positive rate of Filter i (Level j)
The number of elements in Filter i (Level j)

A function that returns the space for a filter using € and n
The overall memory for filters

The number of levels

Dayan et al. Monkey: Optimal Navigable Key-Value Store. SIGMOD 2017.
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Workload
Insert k1, vl
Insert k2,v2
Query k2
Insert k3,v3
Query kO
Insert k4, v4
Insert k5, v5

Monkey Workflow

Assuming prior Monkey Bits-per- ]
workload knowledge | key Reallocation J

Static filter allocation per level
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Static filter allocation in Monkey makes the actual bits-per-key either
overutilized or underutilized compared to the user-defined one.
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Solution: Mnemosyne

——————————————————————

BOSTON
UNIVERSITY

|
|
|
|
|
Write Buffer -l—p [ } Level 1
| C >
| -
| : i Level 2
: —
____________________ : /{ } : Level 3
FI \\\‘ I \
ot Z Zi € | Mnemosyne: Solve the problem during each compaction.
i=1 :
Fr i Challenge 1: Efficiency? —> Afastsolver based on dual theory
S.t.Zg(el,n{) <M
El=<1 1 } Challenge 2: How to get z;? —>  Merlin: window-based tracking
| — / 9



Experimental Results
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10M empty queries Mnemosyne has higher throughput than RocksDB and

Uniform distribution

6 bits-per-key Monkey without overusing bits-per-key. 10



Experimental Results
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Query Latency (ps)
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Summary of Mnemosyne

Mnemosyne outperforms RocksDB by up to 36% without prior
workload knowledge or over-allocating memory (bits-per-key).

-
N

—e—RocksDB =—e=Mnemosyne —e—RocksDB  —e=Monkey (Bottom-up) —e=Monkey (Top-down) =—e=Mnemosyne

\s

2 3 4 5 6 7 1 2 3 4 5 6 7 8 9 10111213 14 1516 17 18 19 20 21 22 23 24 25 26 27 28
User-defined bits-per-key Operations (millions)

-
o

Actual Average
Bits-per-key
(0))

12



	Default Section
	Slide 1

	Introduction
	Slide 2
	Slide 3: LSM Basics - Get(K)
	Slide 4: Access Skew
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10: Experimental Results
	Slide 11: Experimental Results
	Slide 12: Summary of Mnemosyne


