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Class logistics

and administrivia

The second technical question is now available on the class

website (due before the class on ).
Deadline is at for all technical questions and reviews!
Start working on Project 1 (deadline ).
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Today in COSI 167A

What’s on the cards®

NoSQL & key-value stores

introduction to LSM-trees
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I'he evolving

andscape of data systems

Evolution in the world of data systems is FAST!
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The evolving landscape of data systems

Evolution in the world of data systems is FAST!
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The evolving landscape of data systems

Evolution in the world of data systems is FAST!
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growing new heterogeneous  new performance
data size hardware applications goals

1'ne need 1or tailored data systems!



The birth of NoSQL

A 2000’s child

Not only 5@ L

this is where we will spend our time!

steep competition to the relational market
since early 2000’s
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Relational vs. NOoSQL

relational systems

tables with rows & columns
well-defined schema

data model fits data rather than
functionality

deduplication

ORACLE @ '
PostgreSQL

$120B

DBZ SQL Server
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The new uprising!

Roc ksDB

$6OB

NoSQL systems

unstructured documents or files
schema-less

data Is stored in an application-
friendly way

possible duplication

@ ‘ mongoDB.

Bigtable SCYLLA

cassandra

based on a table from http://readwrite.com



Classification of NoSQL systems

The different types

@ Kcy-value stores
stores data as key-value pairs

€) Document stores
stores data in document format (JSON, XML, YAML, etc.)

€) Column stores
stores each attribute in a separate column

@) Graph stores

stores data in form of edges and vertices
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Classification of NoSQL systems

The different types

Key-value stores Document stores

' 1~

: : 3 /J\ .(:

%§ i mongobDDb. +
| -~~~ RocksDB °

cassandra redis CouchDB Azure Cosmos DB COUCHBASE

< =

Column stores Graph stores

Tiger

$)) ArangoDB
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Key-value stores

The most popular type of NoSQL store

key-value pairs

value
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How general are key-value stores”

The most popular type of NoSQL store

key-value pairs

value
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@ Thought Experiment 1

.......

Can we store relational data in KVstores?

Yes!
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How general are key-value stores”

The most popular type of NoSQL store

key-value pairs
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How general are key-value stores”

The most popular type of NoSQL store

key-value pairs
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@ Thought Experiment &
How to have an index on name??

index: { name, { RID } }

. ||

P T index: { name, { RID4, RIDo, ... }}
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Key-value API

read, writes, and deletes
insert: put(k,v)
PQ: get(k) = {Vv} get(k) = {v1,Va,...}
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get_set(ki,Kka,...) = {V1,V3,...}

RQ: get_P&nge (kmin,kma,x) = {Vl ,VZ, oo }

count: cOounNt(Kmin,Kmax) = C
delete: delete(k) delete(Kmin,Kmax )

update: update(k, Vaen )
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full_scan() = {v,Vg,...}

not very different from put



Storing variable-size entries

When entries are heterogeneous!

PXAL
W Sua

)
.\94\
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205

w37

use offsets in page header
use pointers to values
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Storing variable-size entries

When entries are heterogeneous!

use pointers to values 90000000

® packed storage for keys

® compiler-friendly [-
® values need not be sorted

D D B

999999

£% @ pPOOr range queries
any limitations? § @ loss of |0ca|ity
%  @increased code complexity
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Data structures for key-value stores

The underlying infrastructure

.......
Vales  abed 5
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@ Thought Experiment 3 &
Which data structure to use for store data in key-value stores?

data structure: B*-tree

Ha.ssh-based structures
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Log-Structured Merge-tree
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Patrick O’Neil, UMass Boston

LSM-tree

The Log-Structured Merge-Tree (LSM-Tree) 1990

Patrick O'Neill, Edward Cheng?
Dieter Gawlick3, Elizabeth O'Neil?
To be published: Acta Informatica




O’Neil et al.

1990




LSM-tree
O’Neil et al.

1990




LSM-tree @

O’Neil et al. Bigtable

. o
1996 2006




LSM-tree
O’Neil et al. Blgtahle

.
1996 2006 2007
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LSM-tree @ CTE

O’Neill et al. Bigtah|e cassandra

¢ ¢ .
1996 2006 2007 2010
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(L

levelDB
LSM-tree &
O’Neil et al. Bigtahle cassandra
¢ ¢ o
1990 2000 2007 2010 2011
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(L

LSM-tree @ & W

levelDB

O’Neil et al. Bigtah|e cassandra ﬁ RocksDB
. : . .
1990 2000 2007 2010 2011 2013
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(L

levelDB
LSM-tree E | .
O’Neil et al. Bigtable cassandra /ﬁ RocksDB
. é o . o
1996 2000 2007 2010 2011 2013 2024
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(L

levelDB
LSM-tree E | .
O’Neil et al. Bigtable cassandra /ﬁ RocksDB
. é o . o
1996 2000 2007 2010 2011 2013 2024
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LSM-tree
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LSM-tree
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Why LSM?

What’s the hype all about?

fast ingestion




Why LSM?

What’s the hype all about?

fast ingestion competitive reads
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Why LSM?

What’s the hype all about?
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Why LSM?

What’s the hype all about?

SRUTH o
A /N NS
A/ N DESA
2
=z =
c I~
(%)
& S,
D
o 7 U nm\\\\\q~
S INNS

UNIVERSITY




Why LSM?

What’s the hype all about?
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Why LSM?

What’s the hype all about?
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Why LSM?

What’s the hype all about?

)

fast writes tunable read-write good space
performance utilization
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Research trend

fast writes

4

tunable read-write
»  performance

)

good space
utilization
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LSMs everywhere!

N
O

100

papers published”

S=

* data from Google scholar



| SM basics

How do they look?
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| SM basics

How do they look?

buftfer

ovel 1 (R

gsize ratio: T

evel 3 (R

Great! But, how does it work®




Design principles

How do they work?

4
s Je
‘)

buffering immutable files on periodic
Ingestion storage compaction
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Buffering ingestion




Buffering ingestion




Buffering ingestion




Buffering ingestion




Buffering ingestion




Buffering ingestion




Buffering ingestion

buffer




Buffering ingestion

buffer




Buffering ingestion

@ low Ingestion cost
@ fast temporal reads




Immutable files on storage

@ compact storage
uffer @ good Ingestion throughput

. hochanges can be made
s U0 data once it’s on disk

'''''''

But how do we update data”

Out of place updates!

¢
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logically
invalidated













Out-of-place updates

@ fast updates
@ space amplification

¢ 22 %0,
.agr)\w. 2.2 6.
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.......

But how do we reduce space amplification?
Merge sorted runs!
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compaction




level 3

level 4
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level 3

level 4
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level 3

level 4

ATRUTZN ®
&/ BRX\‘I'HUS?J)V
=P XA
‘) DIANACIS
% AN 3
7S 1

&) UNIVERSITY




level 3

level 4
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level 3

level 4
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level 3

level 4




level 3

level 4




level 3
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level 3
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level 3
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level 3
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P: pages in buffer
B: entries/pasge
L: #levels

I': size ratio

How about queries?




P: pages in buffer
B: entries/pasge
L: #levels

I': size ratio

N: #entries




P: pages in buffer
B: entries/pasge
L: #levels

'[': size ratio

N: #entries

()

Can we do better?




most data
Oon storage




L: #levels
T': size ratio

most data

S on storage
S T 10 & L — 4

SN | T

How does the storage layer affect ingestion?




Data Layout

Classical LSM design: leveling

[eager merging]

TRUTZ L
£ @
§§um\mms%% ra
=%M§:~
SRS
% NS
& UNIVERSITY




Data Layout

leveling [eager]
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Data Layout

leveling [eager]
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Data Layout

leveling [eager]




Data Layout

leveling [eager]
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Data Layout

leveling [eager]

_
_

SRUTH .
S
g’ '&‘\mmluus'% %)
= <
=)
% I~
(%)
2
Oflll "
LS INNS

s UNIVERSITY




Data Layout

leveling [eager]

s
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Data Layout

leveling [eager]

1 run

&
a
perlevel] (D
G

® good read performance

® good space amplification
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Data Layout

leveling [eager] tiering [lazy]

1 run

&
a
perlevel] (D
G

® good read performance

® good space amplification
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Data Layout

leveling [eager] tiering [lazy]

1 run

&
a
perlevel] (D
G

® good read performance

® good space amplification
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Data Layout

leveling [eager] tiering [lazy]

1 run

&
a
perlevel] (D
G

® good read performance

® good space amplification
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Data Layout

leveling [eager] tiering [lazy]

1 run

&
a
perlevel] (D
G

® good read performance

® good space amplification
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Data Layout

leveling [eager] tiering [lazy]

& 000
1 run - ... T runs
perlevel| (N @@ (perlevel

® good read performance @ poor read performance

® good space amplification @ poor space amplification
@ Brandels, high write amplification @ good ingestion performance




Data Layout

hybrid esigns

tiering

leveling

read
optimized optimized
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summary

Understanding the hype!

)

fast writes tunable read-write good space
performance utilization




Next time in COS| 167A

More on LSMs

Queries in LSM-trees

Cost analysis

[P] “Monkey: Optimal Navigable Key-Value Store”, SIGMOD, 2017
When does a tiered LSM-tree behave similarly to a leveled LSM-

tree? What is the key contribution of the paper?
[B] “The LSM Design Space and its Read Optimizations” ICDE, 2023
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