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A 4
What 1s the optimal data design for a given dataset and

a query load?

The design alfects
performance @ The decision 1s not trivial
|Atzen1,20106]




A 4
Benefits of Finding the Optimal Design(s)
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Data Design Problem
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Multicriteria Optimization for Data Design

Considers several alternative solutions

Contradicting requirements

Find the optimal or set of Pareto-optimal
solutions

Applied 1n different domains
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Inittal Focus on Document Stores

contact document

{

_1d: <ObjectId2>,

//,user_id: <ObjectId1>,

phone: "123-456-7890",
user document : " "
/////// email: "xyz@example.com
{ | | i } . .o
_id: <ObjectId1>, Has multiple characteristics
username: "123xyz" access document
J { * Semi-structured

_id: <ObjectId3>,
user_id: <ObjectId1>, .
level: 5,  Heterogeneous collections

group: "dev”
} * Allows nesting

{
_id: <ObjectId1>,

username: "123xyz",

contact: { | Later extend to other data
phone: "123-456-7890", :>Embﬂﬁedum-

-7 . n " document
, email: "xyz@example.com” | stores
’
access: { \
level: 5, Embedded sub-
group: "dev” document
) /

www.mongodb.com
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Worktlow of the Approach

- Process
‘ Data tlow * (Cost

* Execution time
Objective e Storage Space

Solution space r
unctions e Degree of
schema
/ Canonical

heterogeneity
representation
MongoDB \ Multicriteria \
- optimization Queries Work Load
New schema

Optimal schemad(s)

Physical design
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Search Space

Alternative data designs Design dimensions Based on existing work
* Structuring « SOS Model |1]
 Grouping * NoAM [2]
 Nesting

I. P. Atzeny, F. Bugiotty, and L. Rossi. Uniform access to NoSQL systems. Information Systems, 43, 2014.
2. F. Bugiotty, L. Cabibbo, P. Atzeni, and R. Torlone. Database design for NoSQL systems. In International
Conference on Conceptual Modeling. Springer, 2014



Represent heterogeneous
designs

No formal model
available

Based on search space
dimensions

Data operations

Queries over the design

Schema operations

Generate alternatives

Constraints

Based on the data store

10
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A hypergraph-based Canonical Design Model

M. Hewasinghage, J. Varga, A. Abell6, and E. Zimany1. Managing Polyglot Systems Metadata with Hypergraphs.

Edge

% {Disjoint,Complete}

Atom
1
‘? {Disjoint,Complete}
Attribute Class Relationship
Representative ~
URI URI
DataType URI

HyperEdge

{Disjoint,Complete} l,

505 Constructs

Group Node | Struct Set
Member | 00— E OIS
________________________ V.
*

In International Conference on Conceptual Modeling. ER, 2018.

Struct Set ‘
______________________________________ |
N
|
Data Store
A
| |
Relational Document Wide
______________________________ Store Column *
1 ____________________________________________________________
41 11 First Level
* * *
Relational Collection Wide table
table | |
—— 1 1
1
* *
Es
Document Row
Tuple
|
Y
Second
Level
_______________ |

11
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A hypergraph-based Canonical Design Model Cont.

________ === * RDF exemplars 1in a graph

* Build generalized hypergraph representing

different design constructs
* Represent heterogeneous data models

e e e e e— e— —

|
|T ack
I
I
I
|

Name,String "
O‘ Record
|_ T

| Track I
| I
| I
| I
| I

Title,String

e Relational

e Document Store

e Column Family

e Identihed constraints over different data
Relational | e | models

________ - Document Store * Simple query generation over the design
O v * Schema operations in the solution space

- o j _ for alternative designs (transformations)

O record | | * Modily the query algorithm to calculate

other measures (size, frequency, runtime)

| Title,String

— — — — ]

Column Family https://github.com/modithah/ESTOCADA-CATALOG 12



Storage Space
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Objective Functions

Query Cost

e (alculated from the design  Disk I/O

e Affected by
 Number of collections
* Nesting
 Number of objects

Ixecution Time

e Parallelism

* Memory usage

Degree of Heterogeneity

* Within objects 1n the collection

13
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Cost Model tor Queries in Document Stores

M. Hewasinghage, A. Abello, J. Varga, and E. Zimanyi. In International Conference on
Data Engineering (ICDE) 2020 (Under review).

No existing cost model
* Primitive approaches for query

processing

‘ Based on disk I/O
e Similar to RDBMS

* Extended by including memory
management

MongoDB and Couchbase

e Different cache policies

Random access queries

* Access a document by primary
1dentifier

Key parameters

e Document size
 Number of documents
* Probability of access

* Memory size

14
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Overview of the Cost Model

Cost |
£ r I

Cost Model | Dncumentﬁtpre

Implementation

A i r | Specific
p . Query Access Pattern
Query Type Memory Usage [
Storage |
Metadata *”AI : Cache Policy
Access Through Sequential Access Access Through | ,
Primary Index q Secondary Index Physical Storage
| Model

I S S . S I I I I I I I A I I A S T A I I A A SIS S s
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Generic Cost Model

M Total memory available for the document store
Bsize, Block size for data
Bsize; Block size for index
T, T'ime to read a block from cache
T, Time to read a block from disk
C A collection
Sizeq(C) | Average document size of a collection
Size;(C) Average mdex entry size of a collection
|C| Number of documents 1n a collections
R;(C) Average number of documents 1n a block
R;(0) Average number of index entries m a block
B,;(C) Total document size 1 blocks
B;(C) Total index entry size in blocks

Bsize;

SlZég .
Ra(C) = f. [Slzed(C) R;(C) = f-[
Ba(©) = |z, B(O) = a5
M4(C M;(C
PO =550 RO =5

T * Pi(C) 4+ T4+ (1 — F;(C))

Sizei(C)

Cost Rand = 9

N T+ Pa(C) +Tq = (1 — Pa(C))

2

T*.rn * (P?{Cj + P.:E(CD + Td * (2 _ {P?(C) + Pd(c}”

2

2

16



Cache allocation (MB)

50

40 r

30
20
10

v

Parameters Affecting the Memory Usage

Data ——

(a) Access frequency

Index B
01 02 03 04
Frequency

Cache allocation (MB)

50

40
30
20
10

Data ——1
Index

40 80 160 320 640
Size (bytes)

(b) Document size

Cache allocation (MB)

50

40 r

30
20
10

Data ———
Index

;

;

2

4

8 16 32 64

Count (millions)

(¢) Document count

17




Cache allocation (MB)

Cache allocation (MB)

v

Memory Usage Estimation

100

| | | | |
Data ——

go | Metadala =2 _ B * Predefined memory size in Couchbase
60 | % %E B (buckets)

40| : * Keep metadata in memory

20 1 1 e Full eviction

0

40 80 160 320 640

Average Document Size (bytes) * [LRU-like cache policy in MongoDB
Memory utifization i Couchbase Server  Cache policy biased towards collection name
(https://nra.mongodb.org/browse/W'1-4732)
e [solated the 1ssue, made fixes, notitied
developers

* Iix will be released in WiredTiger 3.2.1

movies1 movies2 movies3 movies4d moviesh
Collection name

MongoDB cache policy prioritizing the collection name

18
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Cost Model Parameters

Memory blocks used for the documents of a collection

M Total memory available for the document store M3 (C) : :
at saturation point
Bsize, Block size for data Msat(C) Memm}f blm;ks used for the index of a collection at
t saturation point
Bsize,; Block size for index M4(C) Memory blocks used for the documents of a collection
T Time to read a block from cache M;(C) Memory blocks used for the index of a collection
T, Time to read a block from disk f Fill factor of the B-tree
N Number of collections R4(C) Average number of documents in a block
C A collection R;(C) Average number of index entries in a block
Sizey(C) Average document size of a collection Ba(C) Total collection size in blocks
Size;(C) Average index entry size of a collection B;(C) Total index size in blocks
C| Number of documents of a collection P,(C) E;gl?zblm}f of queried document block being in the
K Total size of non-leaf nodes of all the B-trees P;(C) Probability of queried index block being in the cache
Q| Overall number of queries in an eviction cycle Shotsi*(C) Eﬁgﬁe; t?;;fi?]i]%xfﬂﬂtglwks that are in memory
P(C) Probability of querying a collection Shots2 () N}lI]‘{bE!I’ G.f quer}ed data b.IGCkS that are not in memory
d within a time window (misses)
PI(C) Probability of data block in cache being requested P(C) Probability of index block in cache being requested

19



Memory (MB)
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Results Obtained - Couchbase

80

70

60

50 Data —+—

40 | Metadata
Data—pred —=—

30 | S Metadata—pred —=—

20 t S TT———a

10 F TTE—

U 1 1 |

40 80 160 320

Average Document Size (bytes)

(a) Couchbase cache usage prediction

1

' ' Estin'llate - * -
Actual Runtime —e—v0
o 08
g
2 06 F
i)
B
2 047
(=]
= 0.2 r
Correlation 0.979
n 1 1
100 150 200 250 300

Bucket Size (MB)

(b) Time estimate with different bucket size

Es'tirnate - e -
Actual Runtime ——

MNormalized Value

Correlation 0.974

40 80 160 320 640
Document size (bytes)

(c) Time estimate with different document size

20



Memory (MB)

Memory (MB)
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Results Obtained - MongoDB

200 . .
180 ¢ .
160 s
140 ¢ .
=L
= —e—————
80 ¢ .
60 r |Edaéi . ]
40| paam -
2{] i 1 1
40 80 160 320
Size (bytes)
(a) Document size
200 Datal —+— I
Index1 —=—
Data? —e—
150 1 pthed  ° I
Index 1-pred
DataZ-pred —e—vo
100 + Index2-pred —a— -
50 } : —i
U. ]
[40,1024] [80,640] [160,320]

Size (bytes)

(a) Document size

Memaory (MB)

Memory (MEB)

200
180

160 1

140
120
100

40
20

80 | — :
60 }— Dz — :

Data-pred —a— -
Inde:-:—pred —8—

2

200

4 8 16 32 64
Count (millions)

(b) Document count

Single Collection

150 r

100 r

T
Datal —+—
Index1
Data?d —e—
Index2 —= .
Datai-pred
Index1-pred
Data?-pred —e—v
Index?-pred —a— -

—_—

0
[1,64]

[2,532] [4,I1 6]
Count (millions)

[8.8]

(b) Document count

Two Collections

Memory (MB)

Memory (MB)

Count (*1000)

13000 6500 3250 1625 8125
200 ; . .
180
160
140
160
80 [ pus i 1
60 - D mﬂﬂé o EHEH -
e e e
40 80 160 320 640
Size (bytes)
(¢) Size and count
EUU T IDﬂ‘tal T T T T T
Datalndrgé .
150 Index:Emd L]
100
50
0

Frequency

(c) Access frequency

21
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Runtime Lstimates - MongoDDB

0.8
0.6
0.4

Normalized Value

Acei Fnine — » - - 1 Aoulfume T 1 Pl Betme 2~
S 08¢} S o8¢
= S
> 06} - 06t
N N
T 047 s 047F
E E
S o2} S 02} ]
Correlation 0.995 0 p—= Correlation 0.998 o + Correlation 0.994 T :ﬂ‘.‘_“-.r
40 80 160 320 640 2 4 8 16 32 64 0.04 0.08 0.16 0.32 0.68 0.84 0.92 0.96
Size (bytes) Count (millions) Frequency
(a) Document size (b) Document Count (c) Access frequency

* Cost model for document stores using disk I/O, memory,
storage size (size, count), and access frequency.

* Predicting the memory usage with average error of 3% for
Couchbase, 9% for MongoDDB

e Accurately predict the time estimation trend with high

correlation (0.97 Couchbase, 0.99 MongoDB )
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Publication Strategy

Managing Polyglot Systems Metadata with Hypergraphs (Published ER 2018)
A Cost Model for Queries in Document Stores (Under review ICDE 2020)
Cost-based Data Design for Document Stores (DASFAA 2020)

e Iixtend the algorithms for cost parameters

e Storage size
*  Query cost

e Access probability

e Lvaluate pre-defined designs to choose the best one

A Framework for Optimal Data Design in Document Stores (SIGMOD Demo - Jan 2020)
Multi-criteria Decision Making in Data Design for Document Stores (TKDE - March 2020)

e Lxtend the hypergraph model transformations

* Implement multicriteria based data design framework

Data Design for NoSQL Systems (ICDE 2021 - July 2020)

e kxtend to another data store
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Planned PhD Courses

Spanish Language (Al, A2) 2.5
4th International Winter School on Big Data
Big Data analytics

Semantic Data Management (SDM)

Seminar on Crypto currency

Seminar on Text Analytics

French Language (B1)

I'T4BI Summer School

Project management for PhD candidates
Dutch-Belgian Database Day

Academic Writing

Academic Communication

ER 2018 Participation

I'T4BI-DC Doctoral Colloquium

Research group seminar

— = N0 DNO DO

26/30 Completed
14 Project
10 General

2 Project - Informal activity

NO
G

DNO — — — DN QO DN DN DN — — N

Offered seminar
Oftered seminar
Offered seminar
Contference Presentation

24



Optmal Design for a Given
Droces Dataset and Workload

s
‘ Data flow e Cost

e KExecution ttme

. Objective 5 Sarmae O
ge Space
Schema - Solution Space Functions . Degree of
. heterogeneity
Canonical
Representation
MongoDB \ Multl Crlterla \
Implementation Optimal Schema(s)
Physical Design

[ﬂ? @ moditha@essi.upc.edu 25
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Constraints & Rules — Document Store

EDoc = EDoc

EDoc = ES ocC 1

EDOC = AC(A‘ Sl‘)eotc SI?if?‘iLCt
Eé’e‘%" = Egiuce +

Doc Doc Doc
EStruct = (A‘ Set Struct) +

Svinbol prefix sufhix path
Eoc “db.” + E7 % .name + “ find({}".{ “1yr
F”f"’ deleteCommal()
Féﬁaﬂr{;mt; Set path + F'“{'J[I:'ll":hf"‘t-." Set-TMAME T =
A(path = &) T _path + A. name —|— " L
A(path = @) A.name + °

26
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Query generation on hypergraph

Svinbol prefix sufhix path
test P! Ef_:"”ﬂ “db.” + Ef,:j”ﬂ.:rmmft + “ find({}". “H
EZ°" deleteComma()
ES Tuct/set path + ES0% . gor-name + ©.7
A(path # &) “Tpath + A.name + <" 17 :
A(path = @) Aname+ = : 17
db.test.find :1,b:1,"x.d":1
C ° e S ° I n ) a ° ) ° ) X ° °
N
. o a
b'””
X "
N
d e C

y 4
X:{d :IIII’e:II”}}

27




Defimitions

A polyglot catalog C =< A, E > 1s a generalized hypergraph where A 1s a set of
atoms and E 1s a set of edges.
The set of all atoms A 1s composed of two disjoint subsets of class atoms A, and
attribute atoms A .

A=Ac | Ay
The set of all edges IZ composed of two disjoints subsets of relationships LKy that
denote the connectivity between A, and hyperedges Iy that denotes connectivity
between o their constructs of C.

E=Eg | By
A relatonship E ;C Y is a binary edge between two atoms A, and A, and a URI u
that represents the semantics of K. At least one of the atoms m the relantonship
must be an Ag.

Ey” =< AX,AY,u > |A%,AY €A N (A€ A, VAY € A,)

28



Defimitions

. The transitive closure of an edge E is denoted as E™, where
Ee€eET Vee ET:e € e'.incidenceSet > e’ € E*
A hyperedge E} 1s a subset of atoms A and edges E and it cannot be transitively
contained 1n 1tself
Ey € AUE AEy.incidenceSet N Eff = @
A struct E¢ppq,0 18 @ hyperedge that contains a set of atoms A, relatonships E'g, and
or hyperedges Eg. All atoms within Eg;,,.,must be connected by a set of E that
also belong to Egyyy,ct
Estruce €S Eg U AU ER|VAy, Ay € Edipyce: HER L ERY 2, o ER™} € Ediriet
A Set E¢,; 1s a hyperedge that contains a set of arbitrary hyperedges E g or/and
atoms A.
Ecot SEEFUA

29



Algorithm 1 Query over polyglot system algorithm

Input: A Subgraph of & including the query Atoms and Relationships
Output: A set of multi language queries (J corresponding to data store queries
1: Q«0
: M +— newHashmap() < N, Set >
p Q +— newQueue()
: for each Atom a € G do
for each FEpy i € a.incidenceSet do  // hyperedges containing an Atom
Q.enqueue(< i,a >)
end for
end for
: while Q@ # 0 do
): temp + Q.dequeue
current + temp. first

DE IS TN

for each FEp j € current.incidenceSet do
). engueue(< j, current =)

end for

: end while

: for each Ep [ € M.keys do

18: D.add(CreateQuery(f,”"))

19: end for

20 return ¢

—] OO e 0 B

Algorithm 2 Create Query algorithm

M.addToSet(current, temp.second) // adds the second parameter to the set

Input: source Fy, path of Fy (adjacency list M from Algorithm 1 is also available)
Output: A data store query g

1:

T e Q0 D

g +— prefizO f(source, path)
for each child € M.get(source) do
q +— q + CreateQuery(child, pathO f{source))
end for
g+ q+ suffirOf(source)

return g

30



Rel Rel
Ep™ = E5™ *
Rel Rel

Er"" = E¢
ERel = ALA *

Constraints & Rules - RDBMS

Svimbol prefix sufhix path
EFEI “FROM?” - EFE!.JIH.]HF‘
EE‘EE! “SELECT” deleteCommal()

A A.name L

31



Constraints & Rules — Wide-Column Store

ECOl — ECOl Syvinbol prefix suflix path
F'f...-:l.!' T Y AT F{.IGE _ _
= SCaATL Vg .mame +
ECol ECOl «! fCOLUMNS => |
B deleteComma() + *]}7 |
ECOl : A ECOl Firﬂ-rftmz j‘JﬂIh + Ef‘;‘ftﬂvfu pr - HATNE T L
C~Struct A “ L path + A.name + 7 “oT

Col +
EStruct = A

32



PostgreSQL Cost model background

Measured on an arbitrary scale

By default based on the cost of
sequential page fetches

Other variables are set with reference to
that

Can use and edit for a different scale
"No well-defined method for
determining ideal values"



Cost model constants

seg\ page\ cost (1.0): cost of disk page fetch that is part of a series of
sequential fetches
random\ _page\ cost (4.0) : cost of non-sequentially-fetched disk page

raising it will make index scans more expensive

* usually random access is more than 4 times expensive 4 is used under the assumption that majority
of random access to disk like index reads are in cache

e The default value could be thought of as random access is 40 times slower while expecting 90\% to
be in the cache

C
C
C
f

oL
oL

oL

\ tu
\Ir

ple\ cost (0.01) : cost of processing each row during a query
dex\ tuple\ cost (0.005) : cost of processing each index entry

\_operator\_cost (0.0025) : cost of processing a each operator or

Jnction

parallel\ setup\ cost (1000) cost of launching parallel worker process



Cost Model Constants

parallel\ tuple\ cost (0.1) : cost of transferring
one tuple from a parallel worker process to
another process
min\_parallel\ table\ scan\ size (8MB):
minimum amount of table data that must be
scanned for a parallel scan to be considered
min\_parallel\ index\ scan\ size (512kB):
minimum amount of index data that must be
scanned In order for a parallel scan to be
considered

effective\ cache\ size (4GB) : effective size of
the cache available for a single query



Other cost models

« XML

 Tree traversal from root
e Page numbers from root to the value

* In memory database

e Memory cost is difficult because its managed by the OS not the DBMS
e Rely on number of tuples processed per operator



M Total memory available for the document store
Bsizey Block size for data
Bsize; Block size for index
T Time to read a block from cache
T, Time to read a block from disk
N Number of collections
C A collection
Sizeq(C) Average document size of a collection
Size; (C) Average index entry size of a collection
|C| Number of documents of a collection
K Total size of non-leaf nodes of all the B-trees
Q)| Overall number of queries in an eviction cycle
P(C) Probability of querying a collection
PI*(C) Probability of data block in cache being requested
rsat Memory blocks used for the documents of a collection
M3 (C) : :
at saturation point
Msat(C) Memory blocks used for the index of a collection at
i saturation point
My (C) Memory blocks used for the documents of a collection
M;(C) Memory blocks used for the index of a collection
f Fill factor of the B-tree
Rd( ) Average number of documents in a block
R;(C) Average number of index entries in a block
B4(C) Total collection size in blocks
B;(C) Total index size in blocks
P, (C) Probability of queried document block being in the
cache
P;(C) Probability of queried index block being in the cache
: Number of queried data blocks that are in memory
Tn
Shots*(C) within a time window (hits)
Shots2ut(C) N}m‘{ber D_f qu&r}ed data b_l-::rcks that are not in memory
d within a time window (misses)
P(C) Probability of index block in cache being requested

v

Cost Model Contd.

Req(C) = Q] % P(C

'l — 1 Req(C)
E(C)=|C|+ (1 - (%) )

Pi(C)=1-
PiT"EE}'(C_f) — _I_ o

(1 —SF(C))fale
(1= SF(C))"H)

- MongoDB

— C_f .
Jirsat(cfj _ | P?“E’@'((—f} N
Rd((—')—‘ M = Z(Jfq“f{('-"’j)*Bﬁi:ﬁd—l—ﬂff“t(C})*B,ﬁ:i:f?i)—i—ﬂ
_ C‘1| _}_1
() = [ I T4 preage
1O = || O
_ _ M4 (C)
Shots;, (C') = P(C) - =
) ' Shotsin (C') ) _P(C)|Q] Wi picksd(C
Ed(c):ﬂfd(c)(l—%) ~ My(C)e Baor | V) = e iz
My(C") _ N } . My(C) - Bsizeg
s Wa(C) - E,(C) picksq(C') = queue size - 7
P ( ) - N r ~y ~ T - o ]“r( } Bsize
Sn(Wa(C)) - Ey(C5) + WalCy) - E(Cy)) | -wy(o) = MalC)Botzea
in C)-(1— Fa(C
P.:I (C) — & ( ) (f d( ))
> =1 (P(C5) - (1 = Pa(Cy)) + P(C5) - (1 — F(Cy)))
YO - PY(Cy) = PY(Cy),  PM™M(C;) = PONCy)

N

M = (Mg(C;) = Bsizeq + M;(C;) * Bsize;) + K

j=1
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MongoDB B-trees
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