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Caveat

For the sake of ease of understanding, this lecture may occasionally make some shortcuts and
assumptions that are actually incomplete when considered from a purely scientific or technical

viewpoint.

Let some of them stand corrected in this preamble.
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Goals of this Course

o « SQL vs. NoSQL » hype understanding

o Reminder of traditional transactional relational data base systems
o Exploration of limitations and bottlenecks related to Big Data requirements

o Scalability of Data storage models
o CAP Theorem

o Data Coherence Models
o Data Synchronization Models
o Data Representation Models
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Preamble

ACID and RDBMS are unrelated.
ACID is about transactions, RDMBS is software for handling relations.

II)

NoSQL does not introduce new “theoretical” database paradigms.

It merely revisits smart indexing techniques in the light of new underlying architectures, needs and
requirements.
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Outline

SQL & ACID vs. Scalability
The NoSQL « hype »

Looking into NoSQL
° |nvariants

o

Key-Value Stores
Document Databases
Column-Oriented Databases

(o]

(o]

(o]

Graph Databases
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SQL & ACID vs. Scalability

Relational Algebra
ACID
RDBMS

Overall Scalability

RDBMS and Scalability
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Relational Algebra

.Relational Model

Activity Activity
Code Name
-First Order Logic & Set Theory 23 | Patching
. 24 Overlay
.Formalized Ope rators: ’5 Crack Sealing Key = 24
. Projection g, ay(R) Activity
. Code Date Route No.
. Selection oqvp(R) 24 | 01/12/01 |1.95
. Join(s) Ry X R, 24 | 02008001 |16
Activity
. SQL (Structured Query Language) Date | Code | RouteNo.
select al, a2 from R; 012001 | 24 1-95
01/15/01 | 23 1-495
select * from R where al = v or a2 = al;
02/08/01 | 24 1-66
select * from R1, R2Z;
Source Wikipedia: http://upload.wikimedia.org/wikipedia/commons/d/da/Relational_Model.svg “
Codd, E.F., "A Relational Model of Data for Large Shared Data Banks". U
Communications of the ACM 13 (6): 377—-387. doi:10.1145/362384.362685, 1970. UNIVERSITE
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ACID

Atomicity:
all-or-nothing transactions (in any situation)

Consistency:
data is always in a coherent state

Isolation:
concurrent transactions do not interfere and produce the same result, regardless of orders

Durability:
executed transactions are permanent

Jim Gray, "The Transaction Concept: Virtues and Limitations". \\‘_’_}j

Proceedings of the 7th International Conference on Very Large Databases,

pp. 144-154, September 1981. UDNéVIiE]gigE
CHAMPAGNE-ARDENNE
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RDBMS

Oracle

Microsoft (SQL-Server)
IBM (DB2)

MySQL

PostgreSQL

ORACLE

? §5E Server

A
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Scalability

Scalability? Why?

More and more data to handle

More and more queries to process
More and more complexity in queries
Large variety in data to handle

Faster and faster response times required

It's estimated that

6 BILLION
PEOPLE
have cell
phanes

U.S. have at least

100 TERABYTES
'WORLD POPULATION: 7 BILLION of "z‘!a‘x.‘a s‘!m‘ed :
The New York Stock Exchange P . hlﬂatbevg E?EG;;; close to
captures " -
1B OF TRADE FTO C N®)) thot monior tems such ss
INFORMATION (6 S fuellove a0d tre pressure
during eac ading session
.
Velocity
ANALYSIS OF
STREAMING DATA

By 2016, it is projected
these will be

18.9 BILLION
NETWORK
CONNECTIONS

YYYYYYYYYyy
el LI LI LI

2.5 QUINTILLION BYTES

FOUR V’s

i ‘ ' ‘economy around

By 2014, it's anticipated
there will be

420 MILLION
E, WIRELESS
HEALTH MONITORS

4 BILLION+
HOURS OF VIDED
are watched on
YouTube each month

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

Poor data quality costs the US

Veracity

UNCERTAINTY
OF DATA

‘Sources: McKinsey Global nstitute, Twiler, Cisco, Gartner, ENC, SAS. 1BY, MEPTEG, GAS
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Scalability

TIKTOK  COOGL

CONDUCTS

INSTAGRAM

USERS SHARE

PRESENTED BY

CONNECTS
AL

9
E‘ iﬁ- E ——

Source: http:/mww.domo.com



Scalability

A “Neutral”, Documented and Verifiable Example:

(source: LHC — CERN)
> ~1PB/s (1PB = 10*> Bytes)
> Pre-filtering 1/10 000 events = 10TB/s
> 1% of the remaining is “interesting” = 1GB/s
> Result = 25PB/year (experiments do not run 24/7)

Fun fact : when mentioning storage and data, the unit generally is the byte (B); when mentioning
communication speed, the unit generally is the bit (b) with 1B = 8b. Another unit is the transfer (T) for
which the number of bits varies according to the underlying architecture.
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Scalability

Horizontal Scalability (Scale out)

Vertical Scalability (Scale up)
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Scalability

Horizontal Scalability (Scale out)
> Parallelise

> Duplicate resources
° Introduce network

Vertical Scalability (Scale up)
> Increase resources

> Remain local
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Scalability ... what if

More and more data to handle but does not fit on storage or in memory

More and more queries to process Facebook 44M views/min = 1.5us/view = 730Mhz
More and more complexity in queries

Large variety in data to handle one-size-fits-all relational data model ?

Faster and faster response times required

Wy
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RDBMS Adaptation to Scalability

Difficulties:
> Requirement of common schema

> Bottleneck limits of vertical scaling
> ACID limits on horizontal scaling

Solutions:

> Caching

> Clustering

> Sharding

> Read/Write Separation

Wy
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Quick reminder on disk access

IS 5 fopen() ?
3 GHz

SATA: 600Mb/s = 600MHz

Locate block on disk
Send read instruction
Position head for
reading

o
s

. 10-100 ps latency = 10-100KHz
2-10 ms latency = 100-500Hz
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Quick reminder on disk access

IS 5 fopen() ?
3 GHz

x50
SATA: 600Mb/s = 600MHz

x1000000 x>000

o
S

S 10-100 ps latency = 10-100KHz
2-10 ms latency = 100-500Hz
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Quick reminder on disk access

5 fopen() 7

3GHz b

XSO Solutions
SATA: 600Mb/s = 600MHz Prefetching
Caching

Parallel reading/writing

x5000 O

RAID

x1000000

Ry

2-10 ms latency = 1-500Hz

10-100 ps latency = 10-100KHz
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Quick reminder on disk access

5 fopen() 7

3GHz & CERN Exampl
- xample
XSO 10 Gb/s after filtering

600Mb/s = 600MHz

Facebook Example
730MHz views

x5000

x1000000

SR

2-10 ms latency = 10-500Hz

10-100 ps latency = 10-100KHz
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Further Reading

o “Evaluating Methods of Transferring Large Datasets”, Jakub Kope¢, Asian Conference on
Supercomputing Frontiers, SCFA 2022: Supercomputing Frontiers pp 102-120
https://link.springer.com/chapter/10.1007/978-3-031-10419-0 7

O
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MemCache

Cache in memory
> frequent/recent requests

> chunks of tables
> Reduces access times to database

Wy
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MemCache

Cache in memory
> frequent/recent requests

> chunks of tables
> Reduces access times to database

Assignment:
How does memcache handle

consistency + durability & potential
power failures

Wy
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Distributed MemCache
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Single Master Clustering

Write

Replication

i
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Synchronization

Read . )
== #€— Replication

3
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Sharding

Reducing the complexity of joins over large tables...

warehouse 2

select * from clients, warehouse, shipping where ...

Wy
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Scalability - Problem

The 8 distributed programming fallacies (Deutsch, Gosling)
. The network is reliable

0]

o)

. Latency is zero
. Bandwidth is infinite
. The network is secure

o)

. Topology doesn’t change
. There is one administrator
. Transport cost is zero

o
00 N o ol B W IN -

. The network is homogeneous
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Outline

The NoSQL « hype »

Looking into NoSQL
° |nvariants

o

Key-Value Stores
Document Databases

(o]

(o]

Column-Oriented Databases

(o]

Graph Databases
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NoSQL

First use: 1998 (RDBMS)
“No SQL” - Relational databases not using SQL

Recoined: 2009 (Alternatives to RDBMS)
“Not Only SQL” - Relational databases are not necessarily a solution for all data storage problems

Wy
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Motivations behind NoSQL (1)

Unneeded Complexity

no need for all ACID features always
e.g. session data for large on-line communities

compromising reliability for performance
High Throughput
e.g. crunching the Google crawler data

Proof-by-Example of custom databases
e.g. many NoSQL solutions outperform RDBMS on standard benchmarks for specific configurations.

Need for flexible data representation
e.g. unstructured, incompletely structured, variable structure...

Wy
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Motivations behind NoSQL (2)

Horizontal Scalability

0]

cost reduction using commodity hardware
e.g. exponential explosion of data,

complexity/cost of relational data clusters
e.g. sharding

engineering and maintenance costs related to distributed and partitioning of centralized data models
cloud computing infrastructures

Wy
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Some Statistics

Source: http://db-engines.com/en/ranking categories

Number of Systems (Jan 2023)

Wide column stores: 13 Content stores: 2

Time Series DEMS: 38 Document stores: 55

Spatial DEMS: & Event Stores: 3
Search engines: 27 Graph DEMS: 39
Key-value stores: 67
Multivalue DBMS: 10
Native XML DEMS: 7
Relational DBMS: 162
Object oriented DBMS: 22
RDF stores: 20

© 2023, DBE-Engines.com

Number of Systems (Dec 2017)

Wide column stores: 10 Content stores: 2

Time Series DBMS: 23 Document stores: 44

Search engines: 17 Event Stores: 2

Graph DBMS: 27
Key-value stores- 63
Multivalue DBMS: 10
Relational DBMS: 138
Native XML DBMS: 8
Object oriented DBMS: 17

\

RDF stores: 18

© 2017, DB-Engines.com k“'}}
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Some Statistics

Source: http://db-engines.com/en/ranking categories

Popularity (Jan 2023)

Wide column stores 2.9% Document stores 10.4%

Time Series DBMS 1.1% Graph DBEMS 1.8%

Spatial DBMS 0.5% Key-value stores 5.7%
Search engines 4.4% Multivalue DBMS 0.2%
Mative XML DEMS 0.3%
Object oriented DBMS 0.3%

RDF stores 0.4%

Relational DBMS 71.9%

© 2023, DE-Engines_com

Popularity (Dec 2017)

Wide column stores 3.1% Document stores 7.4%

Time Series DBMS 0.4% Graph DBMS 1.1%

Search engines 4.2% Key-value stores 3.6%
Native XML DBMS 0.3%

RDF stores 0.3%

Relational DBMS 79.3%

© 2017, DB-Engines.com
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The NoSQL “Hype”

VISIBILITY

A

Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment

[ —

Technology Trigger TIME

Hype Cycle: Gartner, Inc. (1995) “
N\
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The NoSQL “Hype”

Hype Cycle for Data Management, 2022

Distributed Transactional Databases
DataOps Augmented Data Quality
Intercloud Data Management Private Cloud dbPaa$S
Ledger DBMS
Active Metadata Management
Lakehouse Cloud Data Ecosystems
Data Marketpl and Exch Data Hub Strategy
Data Di yand M
[22]
=z .
o Data Fabric Multimodel DBMS
: Wide-Column DBMS
IG iPaas for Data Integration
In-DBMS Analytics :
E Edge Data Management " . s Data Preparation Tools
> r;:?:::iﬁs&ewardshlp Data Integration Tools
w
Data Observability
Data Mesh SQL Interfaces to Object Stores
Event Stream Processing
Master Data Time Series DBMS
Augmented FinOps Management Data Classification
D&A G \ Application Data Manag
Platforms - Augmented Data Datalakes
Cataloging and MMS
Data Engineering ! DBN:S M
. Augl Data g
Augmented Transactions As of June 2022
Innovation Peak of Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
TIME
Plateau willbereached: O <2yrs. O 2-5yrs. @ 5-10yrs. A >10yrs.  ® Obsolete before plateau \\‘,-}j
UNIVERSITE
DE REIMS

Source: Gartner (June 2022) CHAMPAGNE-ARDENNE
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Outline

Looking into NoSQL
° |nvariants

o

Key-Value Stores

(o]

Document Databases
Column-Oriented Databases

(o]

(o]

Graph Databases
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Invariants

The CAP Theorem

ACID vs. BASE

Basic Techniques
> Versioning

> Hashing

o Storage

° Querying

Wy
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The CAP Theorem

Consistency:
execution of an operation is guaranteed to leave the system in a consistent/coherent state;

Availability:
every request is guaranteed to be answered with either success/fail return;

Partition Tolerance:

loss of network links between nodes, node failures or other partial availability incidents do not affect
continuation of service;

Wy
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The CAP Theorem

Consistency:
ACID
Transactions

Wy

UNIVERSITE
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ACID vs. BASE

-Atomicity -Basically Available
guaranteed success/fail with rollback the system provides best effort (possibly partial)
availability

.Consistency
database is in guaranteed defined state before -Soft-state

and after transaction the overall consistency state of the system may
evolve over time and persistence is not
Isolation guaranteed

concurrent transactions do not interfere .
-Eventually Consistent

.Du rability given sufficient time, the system will converge

executed transactions have persistent effects to a consistent state

Wy
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BASE Caveat

BASE-Systems are defined by what they are not
> Not quite available

> Not quite consistent
> Not always persistent

— Not All BASE-Systems are equivalent!
> Levels of Consistency

> Handling of Inconsistency
> Read/Write Availability
> Persistency Levels vs. TTL

Wy
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Consistency

Why thinking about consistency anyway? Is there a problem with consistency?

o Consistency is the “C” in ACID
o Is consistency always needed?
o How is consistency guaranteed?

o What is the cost of maintaining consistency?

Wy
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Consistency and Distributed Two Phase
Commit

Commit/Abort

Client S
Query commit
Ack
Ready/Fail
Server >

Prepare/Rollback Commit/Rollback

The two generals’ problem
(Leslie Lamport. "Solved Problems, Unsolved Problems and Non-Problems in Concurrency" 1983. p. 8.) &“}j
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Consistency

Strict consistency
Any read on a data item x returns a value corresponding to the result of the most recent write on x.

Weak consistency
Data is made consistent after explicit synchronization operations are called.

Eventual consistency
Data is made consistent over time, but can temporarily be inconsistent

Data-centred consistency

Client-centred consistency

Wy
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Data-centred Consistency

Sequential consistency

Linearisable consistency
Causal consistency

FIFO consistency

Wy
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Data-centred Consistency (sequential)

Sequential consistency

the result of any execution is the same as if the read and write operations by all processes were
executed in some sequential order.

Overall order may not respect absolute timing.

W(x=1)
P1 >
W(x=2)
P2 >
P3 R(x=2)  R(x=1) .
R(x=2) R(x=1)
P4 - \\J

DE REIMS
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Data-centred Consistency (sequential)

Sequential consistency

the result of any execution is the same as if the read and write operations by all processes were
executed in some sequential order.

Overall order may not respect absolute timing.

W(x=1) R(x=??)
P1 >
W(x=2)
P2 >
p3 R(x=2)  R(x=1) >
R(x=2) R(x=1)

UNIVERSITE
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Data-centred Consistency (sequential)

Sequential consistency

the result of any execution is the same as if the read and write operations by all processes were
executed in some sequential order.

Overall order may not respect absolute timing.

W(x=1) R(x=2)
P1 >
W(x=2)
P2 >
p3 R(x=2)  R(x=1) >
R(x=2) R(x=1)
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Data-centred Consistency (linearisable)

Linearisable consistency
o weaker than strict consistency, stronger than sequential consistency.

> operations are assumed to receive a timestamp with a global available clock that is loosely
synchronized.

> Qverall order respects relative timing.

W(x=1)
P1 >
W(x=2)
P2 >
R(x=1)  R(x=2)
P3 >
g B .

CHAMPAGNE-ARDENNE
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Data-centred Consistency (linearisable)

Linearisable consistency
o weaker than strict consistency, stronger than sequential consistency.

> operations are assumed to receive a timestamp with a global available clock that is loosely
synchronized.

> Qverall order respects relative timing.

W(x=1)
P1 >
W(x=2) R(x=??)
P2 >
R(x=1)  R(x=2)

P3 >

P4 R(x=1) R(x=2) _ U\\‘,-}j
; oy

CHAMPAGNE-ARDENNE
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Data-centred Consistency (linearisable)

Linearisable consistency
© weaker than strict consistency, stronger than sequential consistency.

° operations are assumed to receive a timestamp with a global available clock that is
loosely synchronized.

> Overall order respects relative timing.

W(x=1)
P1 >
W(x=2) R(x=1) or R(x=2)
P2 >
P3 R(x=1)  R(x=2) .
P4 R(x=1) R(x=2) _ U\\‘,-}j
- oy

CHAMPAGNE-ARDENNE
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Data-centered Consistency (causal)

Causal consistency
> Writes that are potentially causally related must be seen by all processes in the same order.

> Concurrent on causally unrelated writes may be seen in a different order on different machines.

Example :
Comments on posted articles/chats

Wy
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Data-centred Consistency (causal)

Causal consistency
> Writes that are potentially causally related must be seen by all processes in the same order.

> Concurrent on causally unrelated writes may be seen in a different order on different machines.

W(x=1) R(y=2) W(x=2)
P1 >
W(y=2) W(y=3)

Y

P2

P3 R(y=2) R(x=2) R(y=3)

Y

R(y=2) R(y=3) R(x=2)

UNIVERSITE
DE REIMS
CHAMPAGNE-ARDENNE
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Data-centred Consistency (causal)

Causal consistency
> Writes that are potentially causally related must be seen by all processes in the same order.

> Concurrent on causally unrelated writes may be seen in a different order on different machines.

W(x=1) R(y=2) W(x=2)

P1 >
W(y=2) /

W(y=3
P2 (y=3)

Y

R(y=2) R(x=2) R(y=3)

P3

Y

R(y=2) R(y=3) R(x=2)

UNIVERSITE
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Data-centred Consistency (FIFO)

FIFO consistency

Writes done by a single process are seen by all other processes in the order in which they were issued,
but writes from different processes may be seen in a different order by different processes.

R(x=1) W(x=2) W(x=3)

P1 >
W(x=1)
P2 >
= R(x=1) R(x=2) R(x=3) >
R(x=2) R(x=1) R(x=3)
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Data-centred Consistency (FIFO)

FIFO consistency

Writes done by a single process are seen by all other processes in the order in which they were issued,
but writes from different processes may be seen in a different order by different processes.

R(x=1) W(x=2) W(x=3)

P1 >
W(x=1)
P2 >
p3 R(x=1) | R(x=2)4 R(x=3) N
R(x=2) R(x=1) R(x=3)
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client-centred Consistency

Monotonic Reads consistency
Clients will only see more updated versions of the data in future requests

(e.g. email reads)

Monotonic Writes consistency

A write operation by a client on a data item is completed before any successive write operation on that item
by the same client

(e.g. software versioning system)

Read Your Own Writes (RYOW) consistency
Client sees his own updates immediately but not necessarily those from others

Writes follow Reads consistency

A write operation by a client on a data item x following a read operation on x by the same client is guaranteed
to take place on the same or a more recent value of x that was read.

Session Consistency
Client sees his own writes within a session scope (usually bound to one server) w}}
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Consistency protocols

Primary-based protocols

Replicated-write protocols

Recall: .
Commit/Abort
. Client >
Two Phase Commit
Query commit
Ack
Ready/Fail
Server >
Prepare/Rollback Commit/Rollback

Wy
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Primary based protocols

Each data item has a primary copy

Remote write

Local write

Wy
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Primary based protocols

Client Client

Primary server
A ~ foritem x A Backup server

w1l |ws \ R1| |R2 /

)

Data store
- %
W1. Write request R1. Read request
W2. Forward request to primary R2. Response to read
Wa3. Teli backups to update “
W4. Acknowledge update
WS5. Acknowledge write completed U
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Primary based protocols

Client Client

Old primary New primary
A for item x for item x A Backup server

W5 \
W4 Data store
/

W1. Write request . R1. Read request
W2. Move item x to new primary R2. Response to read
W3. Acknowledge write completed
W4. Tell backups to update ~. &“}j
WS5. Acknowledge update UNIVERSITE
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Replicated-write based protocols

Data is written simultaneously on multiple replicas

Active replication

Quorum based replication
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Quorum based protocols

Read quorum
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Assignment

Compare Oracle RAC and IBM DB2
> http://www.oracle.com/technetwork/products/clustering/rac-ds-12c-1898881.pdf

o https://public.dhe.ibm.com/common/ssi/ecm/im/en/iml14468usen/analytics-analytics-platform-im-
other-papers-and-reports-iml14468usen-20170804.pdf
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