
Toward Workload-Aware Self-Designing LSM-Engines
Arpita Saha Alexander Ott Subhadeep Sarkar

LS
M

 D
es

ig
n 

Sp
ac

e
Pr

ob
le

m
St

at
e 

of
 th

e 
Ar

t
So

lu
tio

n 
Ap

pr
oa

ch

Data Layout on Disk

le
ve

lin
g

ti
er

in
g

hy
br

id

workload

target 
performance

LSM tuning

Tuning LSMs

What is the optimal 
LSM configuration?

Reads: 5%
Writes: 90%
Updates: 5%

Workload 
Change

Point Reads: 65%
Range Reads: 25%

Writes: 5%
Updates: 5%

LSM Tuning Predictions 
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Good Reads

Great Space Utilization

Buffer Implementation
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Workload composition
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Reinforcement Learning: 
RUSKEY

Actor-Critic Network

FLSM Tree

Current state
Action (tuning)

Next state
Reward

Compaction 
Strategy

Level statistics
Projection matrix for low-dimensional tuning

LHS to generate initial low-dimensional points

Points projected to high-dimension (REMBO/HeSBO)

Initiate BO surrogate model

Exploration/exploitation Optimized 
function

Performance varies widely with 
changing workloads and different 

buffer implementations

Single-level learning
Inefficient collection of samples by

 running workload on DBMS

Machine Learning: 
OtterTune

Hand tuning not feasible

Vast design space

Hard to model interactions

Dynamic workloads

Lack of benchmark dataset

Model requires feature engineering; 
not trained end-to-end

Gaussian process for optimal configuration

Factor analysis for dimensionality reduction

k-means clustering for metric identification 
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