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NoSQL databases are often compared
by various non-functional criteria,
such as scalability, performance, and consistency.
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This aspect of NoSQL is well-studied both in practice and theory
because
specific non-functional properties
are often the main justification for NoSQL usage
and fundamental results on distributed systems
like the CAP theorem apply well to NoSQL systems.
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At the same time,
NoSQL data modeling is not so well studied and lacks the systematic
theory
found in relational databases.
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In this article I provide a short comparison of NoSQL system families
from the data modeling point of view
and digest several common modeling techniques.

Ol 20IA=, NoSQL AIAEZS, UIOIE 222 2F 0 A 2t=fol Hlw oty
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I would like to thank Daniel Kirkdorffer
who reviewed the article and cleaned up the grammar.
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To explore data modeling techniques,
we have to start with a more or less systematic view of NoSQL data models
that preferably reveals trends and interconnections.
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The following figure depicts imaginary “evolution”
of the major NoSQL system families,
namely,
Key-Value stores,
BigTable-style databases,
Document databases,
Full Text Search Engines,
and Graph databases:
Ot = 2™ =2 NoSQL AIAEIZO 7&'5‘&%%4‘— i’iEP
0I83tH, II-&¥¢= AE M (Key-value store), 2HOI=SE GIOIEHHIOIA, IRHE

GIOIE B0l A, &2 (Full Text) ZAMA, )= IHIOIE1|2H|O|£ ;
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First, we should note that
SQL and relational model in general
were designed long time ago
to interact with the end user.

This user-oriented nature
had vast implications:

<&, 0|80l &==0lAt.
SQLJ_ 2HE E%% Qcf M0l 2AHEHAR=M,
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=
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e The end user is often interested in aggregated reporting information,
not in separate data items,
and SQL pays a lot of attention to this aspect.
ZISAEXR=E OHE OI0IE It OtLlet, 28 20t 210 2= 0l

00 20l =8 %510 UL
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e No one can expect human users
to explicitly control concurrency, integrity, consistency, or data type validity.
o L =& Q20| EEH, 24, 224, H0IH &t Hgds E&ol Mg = AT

=TS, 5 T BHEo= o
JItHoHAl 2 =Ct.

That’s why SQL pays a lot of attention
to transactional guaranties, schemas, and referential integrity.

ol
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Ol=LCh.
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On the other hand,
it turned out that software applications
are not so often interested in in-database aggregation and able to control,
at least in many cases, integrity and validity themselves.
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Besides this, elimination of these features

had an extremely important influence

on the performance and scalability of the stores.
1 SH0lS, Ol CIOIEHIOIA LHOIA CIOIEHE & Aot JlsS HAHE 42 HELAL 451t

S A0 °'01/H dEUN =s2st e DAL

And this was where a new evolution of data models began:
B2 Ol XIZWHA OI0IH 22 ME2 SZ0| AIAZACEH :

e Key-Value storage is a very simplistic, but very powerful model. Many techniques
that are described below are perfectly applicable to this model.
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e One of the most significant shortcomings of the Key-Value model is a poor
applicability to cases that require processing of key ranges. Ordered Key-Value
model overcomes this limitation and significantly improves aggregation capabilities.

o Key-Value Z2°| Jt& 2 B S0 otLt= Key RS2 Xclote A2 +ot= =0
CHEr Blotet MEA0ICH BEE Key-Value 222 0128t &HHIE IS0t EH s

o Nlet>> Key-Value 2€2| =& = otLi= Key B2 E XMcloliOF ot 0= &
HELX &E=C= EOILO

e Ordered Key-Value model is very powerful, but it does not provide any
framework for value modeling. In general, value modeling can be done by an
application, but BigTable-style databases go further and model values as a
map-of-maps-of-maps, namely, column families, columns, and timestamped
versions.
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Document databases advance the BigTable model offering two significant
improvements. The first one is values with schemes of arbitrary complexity,
not just a map-of-maps. The second one is database-managed indexes, at least
in some implementations. Full Text Search Engines can be considered a related
species in the sense that they also offer flexible schema and automatic
indexes. The main difference is that Document database group indexes by field
names, as opposed to Search Engines that group indexes by field values. It is
also worth noting that some Key-Value stores like Oracle Coherence gradually move
towards Document databases via addition of indexes and in-database entry
processors.
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Finally, Graph data models can be considered as a side branch of evolution that
origins from the Ordered Key-Value models. Graph databases allow one model
business entities very transparently (this depends on that), but hierarchical
modeling techniques make other data models very competitive in this area too.
Graph databases are related to Document databases because many
implementations allow one model a value as a map or document.
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General Notes on NoSQL Data Modeling
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The rest of this article describes concrete data modeling techniques and patterns. As a
preface, I would like to provide a few general notes on NoSQL data modeling:

e HIaEN HE CHoll £Hsetth 4, EIHAI HIO0IE
S0 CHEH LI ALSEO0ll CHoll &1 = oF 2L,

NoSQL data modeling often starts from the application-specific queries as opposed
to relational modeling:

e NoOSQL OIOIEt 2ELE 2 2HESE HOIEt 2E N Bt S SEZ2 130 SatAlz!

He 22 FH SYstlt.

o HO>> 22 HOIE 22YDE L2 NoSQL GIOIH 2LS & M= 55 S
SEZ2IWNAMS £ & U= F2BOZRH ST

o

Relational modeling is typically driven by the structure of available data. The
main design theme is "What answers do I have?”

o ZHE GOIEt 22E =2 2= Jts8 GIOIE R0A S 6ttt et ClXel el =He
Y2 Y S WO =0 AJL?” OICt.
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o NoSQL data modeling is typically driven by application-specific access patterns,
i.e. the types of queries to be supported. The main design theme is "What
questions dolI have'?"
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e NoSQL data modeling often requires a deeper understanding of data structures and
algorithms than relational database modeling does. In this article I describe several
well-known data structures that are not specific for NoSQL, but are very useful in
practical NoSQL modeling.

NoSQL OIOIEt 2EE=2 3
22| S0l e g o A
NoSQLOI st& XXl & Xl et

2Fg 210ICH

= 2 E H0IE 2LNAN RRASHE AL CIOIEH REQ
2 01312 ZLR2 &0} 0] 20AE ZIIX & LN, T
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& M2 NoSQL 22& 0l d&0l =g, UOlEt =0 CHol

o XMot>> ZHE GIOIE 2220l BloH, NoSQL OIOIH 2L & = otcA™ GIOIE 222
22| S0l Choll 201 AAl OloHolOF 8Ct. O 20l A= NoSQLOIZH ol & ot= X2 OFLIKIEE,
NoSQL 22&E = & Mol 0l =SotH, 2 248 Ul0le & 20/ CHoll £ ol A Lt.

Data duplication and denormalization are first-class citizens.
GIOIEt ==t Bl & #ste JHE S8t WEO0I0

Relational databases are not very convenient for hierarchical or graph-like data
modeling and processing. Graph databases are obviously a perfect solution for this
area, but actually most of NoSQL solutions are surprisingly strong for such
problems. That is why the current article devotes a separate section to hierarchical
data modeling.

AHE HOIEHI0IAE HISAHOIHLE A SHERS OIOIE 2E&E 0 Z2 Al 0l J1CHA

EelotAl 0 S OIOIEHHIOIA= O 20F0IA 2t et =820 20IX8H AXZ
2 =2 NoSQL £F480| =&k 0lclg 2XS0l ol ZE =S JHACH el A O
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=0AeE HSHEQ OOIE LN EX2 B8= £EHotAL.

o XMI2>> HSHOIHL O Hl=<otH GIOIEE 22& 6t HLE Xelotle 2R0= 2AH
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=S EO0ICH otX 2 R =2 NoSQL =8 0l =Ml =cts E=2 Z2=Hok0 Jh
Ol =0lA EX2 A8= S0, AAHAER OIOIE 220l CHoll Ct=ed1) stlh.
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Although data modeling techniques are basically implementation agnostic, this is a list
of the particular systems that I had in mind while working on this article:
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Key-Value Stores: Oracle Coherence, Redis, Kyoto Cabinet
BigTable-style Databases: Apache HBase, Apache Cassandra
Document Databases: MongoDB, CouchDB

Full Text Search Engines: Apache Lucene, Apache Solr
Graph Databases: neo4j, FlockDB

J|-¥= AEQ : Oracle Coherence, Redis, Kyoto Cabinet
t%'EﬂOIZ HOIE HIOlA: Apache HBase, Apache Cassandra
Gt 2 E Ol0IEHHIOlA: MongoDB, CouchDB

& Z(Full Text) ZM A&l Apache Lucene, Apache Solr
e = GIOIErHIOl A neo4j, FlockDB

Conceptual Techniques
e e Jizs
This section is devoted to the basic principles of NoSQL data modeling.

Ol #&80 M= NoSQL GOl 2&& 2| D= &0l tholl CHECH.

.I

(1) Denormalization
(1) Bl E 3t

Denormalization can be defined as the copying of the same data into multiple
documents or tables in order to simplify/optimize query processing or to fit the user’s
data into a particular data model. Most techniques described in this article leverage
denormalization in one or another form.

Hl&nate G2 &
Ct=3totHLE X H3
2OICH HR=2 I

ojg &= RULH FHel XMl S
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%E@ CIOIE 220 &=J] 2ol Al
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_I

totJl ?loi A, £= AFE XS] HIOIEHE
==2 HI"*?RHHI CHEr O 2MOUIA &
Net>> dHldHstet #Hel MelE S=stot HLU J&@@
Ciole 20l &=J] ?loll, SL¢et OIS HelHe
Cl0letlt. Ol 2AM0IA CHE JIEse HE=E Chafst &4
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In general, denormalization is helpful for the following trade-offs:
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Query data volume or IO per query VS total data volume.

o
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tE =2 X OtLIE OIoIe M&ES2t 28

ol

Using denormalization one can group all data that is needed to process a query
in one place.

HIZRSE AHSoHY,

& et 2= HOIHE (Hd =0l U= 22
glol) & =0l 20t= = =

O =30l =Ct.

Fcld FHClGOoleH(?) #Hel" IO VS &l GIOIEH AFOIE. HIEASIE A ESE 22 M oFLES
A0 ofLtel FHelet AHZo0FE 2= OIOIEtESE 22 == U T JACH??2?77??

This often means that
for different query flows
the same data will be accessed in different combinations.

012101 2IDIat= 212, Gi2JtX Hel Z2 20 oM, 22 GIOIE It CHY skl X8t el
SAIOR MIECHs 20IC
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=
o
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Hence we need to duplicate data, which increases total data volume.
Z2= HIOIEHE S AolOF ot Al &1 10, 1 2 &A GI0IE 2l 20| SItHStCt.

Metd BIEASHE Soll 2 220 = 282z HOIHSS 22t Z2= 22 HI0IEHE
e 8 =AtoOF ot 1) 11 210 Xl OI0IH H&ESZ2tS O 20l XX =

12122 (HIE A= <?loll) OIOIELE S=AIAOFetCt==d2 &M CIOIEH AIOI XS
SItAIZICE
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Processing complexity VS total data volume.
S&HHE XMelote A Vs 8Xl GI0IH2 &

Modeling-time normalization and consequent query-time joins obviously increase
complexity of the query processor, especially in distributed systems. Denormalization
allow one to store data in a query-friendly structure to simplify query processing.

fdee e =< UOIEH= et 2t H&Eots EatE HSotl) 22g I & (join)dt=s
dHS dEotH 22 Xl HAO| =&oiE =50 Sl Sol S&AAE0HA CEHS
S&oHACEH Al HIEH3tE H&otH 22 XelE =g = U= 7= UOIeHE MNEE =
ULk

Applicability: Key-Value Stores, Document Databases, BigTable-style Databases

AE Jtset HOoIH 28 @ J|-&8% AE0N, CGhAFYHE HOIEBI0A, 21E0I=E Ol 8l 0lA

(2) Aggregates (&t |20 BAAN Q| ot=H HLIR?
(2) & A

0l
0l

All major genres of NoSQL provide soft schema capabilities in one way or another:
NoSQLE =R == L HAOZE ATE AJ|0} J|s2 NSELILH

e Key-Value Stores and Graph Databases typically do not place constraints on values,
so values can be comprised of arbitrary format. It is also possible to vary a number
of records for one business entity by using composite keys. For example, a user
account can be modeled as a set of entries with composite keys like UserID_name,
UserID _email, UserID_messages and so on. If a user has no email or messages
then a corresponding entry is not recorded.

X HA = HIOIEHGIOIANAE LEHECZ gl M X242 2 X Z=CH el
oo HAOZ g2 AAE = UL L£8 otLtel HIELIA AHEIEION CHoll, =& 218 AtESH
gHoZ, HJ2E2 =2 HtE =& ULt HlE =0, UserID_name, UserID_email,
UserID_messages St 22 S&IIE AIE0I0 MEX HE S &3 E&(set of entry)2=2
2o & 4 UCH AFS XS Ol L =401 &L HIMIXIDE gl 2R0l= oY &=(entry)2
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e BigTable models support soft schema via a variable set of columns within a
column family and a variable number of versions for one cell.

e Document databases are inherently schema-less, although some of them allow one
to validate incoming data using a user-defined schema.

CHOIE CIOIEHIOIAE 2EXOZ AJ|0P} 8iC GHNIS CHRHE = YRUNE KKt
Holst AJIDIE AR A L5t HIOIED RSSNE ASE 45 UL

HIZ GIOIEIHIOIAS] YRS ALEX HOJS AJ|OE AB5I0] S0/ HIOIEE olg =
QUXISH, CHUE GOIEHIOIAS BRNO2 AJ|0FD}F H Lt

Soft schema allows one to form classes of entities with complex internal structures
(nested entities) and to vary the structure of particular entities.This feature provides
two major facilities:

|0tE AtS 0ot

ATE A3
U EF CEIEIS X

S&et W X2 Jtd dElEl(S&E = AEIE)S SHAE dE =
B 2

HIE = ASUILCH 0l JIs2Z2 2ol & It =2

Minimization of one-to-many relationships by means of nested entities and,
consequently, reduction of joins.

=& AEIEIN /o LOHCH 2tH 2 = A, eld ZUEOZ £019] 2hA,
e Masking of “technical” differences between business entities and modeling of
heterogeneous business entities using one collection of documents or one table.

These facilities are illustrated in the figure below.

This figure depicts modeling of a product entity for an eCommerce business domain.
Initially, we can say that all products have an ID, Price, and Description. Next,
we discover that different types of products have different attributes like Author
for Book or Length for Jeans.

Some of these attributes have a one-to-many or many-to-many nature like Tracks
in Music Albums.

Next, it is possible that some entities can not be modeled using fixed types at all.
For example, Jeans attributes are not consistent across brands and specific for each
manufacturer.

It is possible to overcome all these issues in a relational normalized data model,
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Applicability: Key-Value Stores, Document Databases, BigTable-style Databases

(3) Application Side Joins

Joins are rarely supported in NoSQL solutions. =22 NoSQLM S 20 A= Hel XA E X
2 =Ct. As a consequence of the “question-oriented” NoSQL nature, joins are often
handled at design time as opposed to relational models where joins are handled at
query execution time.

NoSQL J|=¢l X2 Qloll 012 FH2l AdAl =0 XK= 2HE 220 Zel
CIXFRIAION CF=OIXIAI = LIC.

Query time joins almost always mean a performance penalty,

Flcl AdHAIS X0z HANU &40 FotE JtHdSLICH

but in many cases one can avoid joins using Denormalization and Aggregates, i.e.
embedding nested entities. Of course, in many cases joins are inevitable and should
be handled by an application. The major use cases are:

OtXIBH X2 B2 AL HIEAAE SoiA £01= AMEBotAl %2 = USLILCH HIESH A2
SE 549 E2 B £2= AEoOretot) (HE2IA0lE AIEH M CGHEHH0F & LICH =2
MEBEZHX= 2= Oteli 2t Z=LILC

Many to many relationships are often modeled by links and require joins.
Ci-UH-Ct 2Hl= &8 =2t 232 223 T £010| 2 eHLICT

e Aggregates are often inapplicable when entity internals are the subject of frequent
modifications. It is usually better to keep a record that something happened and
join the records at query time as opposed to changing a value . For example, a
messaging system can be modeled as a User entity that contains nested Message
entities. But if messages are often appended, it may be better to extract Messages
as independent entities and join them to the User at query time:

o TS B2 UR 540l U= =8H0HE B2 5 &0 2)tsollELIL. 0|H2 ES
dZE2 RANE=AR0l HHEAGHD gt 2 HiRE AE20sE FH2l Al £10] &=20]
=sUC HE &9, HAME ANAEB2 S5 UM Sd= 2= 5422 H2E+
AUSAYLICH ot X 2F gher TIAIXIJF Xt== =0F &0, BIMXIE F2olA SEHC Sd2=
otal FcIAlN £C1= ot=A0] BteEA g AYLICH
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Ageregates loins

User User )

Message J
Message J

Message J

Message J—

Message J

[ Message J

User J

=i -

Static Drynamic
One-To-Many Many-To-Many

Applicability: Key-Value Stores, Document Databases, BigTable-style Databases,
Graph Databases

General Modeling Techniques

otAol a2l J|=

In this section we discuss general modeling techniques that applicable to a variety of
NoSQL implementations.

Ol MEANM f2l= CHYe NoSQL S0l B EJt=sgh LBHA
CtE 23 & LIC.

=

SEE Jl=0il CHol A

(4) Atomic Aggregates - 22 &S St JF 20| CHLIUIN;

Atomic aggregate: indicates that a router has aggregated several routes into
a larger block (=0 0|1 M=EHUIR)

Many, although not all, NoSQL solutions have limited transaction support. In some
cases one can achieve transactional behavior using distributed locks or
application-managed MVCC, but it is common to model data using an Aggregates
technique to guarantee some of the ACID properties.

MBS OlL|K|IBF S92 NoSOL =2M S 5t X Q|
— T —y L™ 2T L C o T

EHMAHAES XJotD ULCH St &
OlLt, application-managed MVCC E AMEdHA EcHM LS 52 E40t0 U= AT
UXIBH ACID £49| 2d2E E230t)| st HHIIEES Mol HIOIHE 222 6t= 20|

2 BtH 0| Ch,

One of the reasons why powerful transactional machinery is an inevitable part of the
relational databases is that normalized data typically require multi-place updates. On


http://highlyscalable.wordpress.com/2012/01/07/mvcc-transactions-key-value/

Update User Business Entity

Uzer {
Account

bs
Address

User_Profile P
Profile @ |

Maormalization

Aggregation
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2HItsgt Il

Perhaps the greatest benefit of an unordered Key-Value data model is that entires can
be partitioned across multiple servers by just hashing the key. Sorting makes things
more complex, but sometimes an application is able to take some advantages of
ordered keys even if storage doesn’t offer such a feature. Let’s consider the modeling
of email messages as an example:

= J|-gt LIOIHEE 2 =2 O0lF 2 IIE o4

P

ABO2E HNEZE 249

rir

Ol

dE82 =&ot BE == JL2LE, JiE HE2018 2 IS A&l XD O SEE kS0t
Xl ole H#8E J12 2= 2001 O OO0l JUCH A+ OIHIY HIAIKI 2o KHE S0
M2t 2 At

1. Some NoSQL stores provide atomic counters that allow one to generate sequential

IDs. In this case one can store messages using userID_messagelD as a composite
key. If the latest message ID is known, it is possible to traverse previous messages.
It is also possible to traverse preceding and succeeding messages for any given
message ID.

FZZE NoSQL MEA = 2SIt IDE MA0t= atomic counterE HEoiSLICEH 0 <0
3 X+S

Gl AlXIE userID_MessagelDcl= =872 MEE =+ JASLICH 2 JOHE =22 BIAIXl IDJt
FOXCHH, O Mo HMXE &2 == USLICH 01242 Est A st HIAX ID
2ol A D BEZ MOILE O B2 =2 HAXIE &= = AsLt

2. Messages can be grouped into buckets, for example, daily buckets. This allows one
to traverse a mail box backward or forward starting from any specified date or the
current date.

H Al XI= daily buckets2 2 &3t USLICH 0lH2 oldez ot 2

HYeHAE SHSH EMe S ENE AXStE HAXSS 2M4E S AAE

Applicability: Key-Value Stores

(6) Dimensionality Reduction

Dimensionality Reduction is a technique that allows one to map multidimensional
data to a Key-Value model or to other non-multidimensional models.

Ol JI¥= AtEotH G XHQC! HIOIEHE J|-8s RE0ILE OHXHEA0IX &2 220 (HEAIZ
= UL
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Traditional geographic information systems

use some variation of a Quadtree or R-Tree for indexes.

These structures need to be updated in-place

and are expensive to manipulate

when data volumes are large.

An alternative approach is to traverse the 2D structure and flatten it into a plain list of
entries.

HEHOl XclHEEANAHN A= indexE 22 Quadtreelt R-TreeE HE S 1S AIE S
Olgl = M2 HUIOIEE ol 0F o+, TIOIEH #2I1 2 ol CtF= Ololl 8l= 01 %0l

ormol ZaYozE 2D TAE JHRE2H(2?) BE0f LIZE SEHE HEG ;; s
:

One well known example of this technique is a Geohash.
A Geohash uses a Z-like scan to fill 2D space and each move is encoded as 0 or 1
depending on direction.

0l J1&2l JH& 995 A2 = GeohashJt QUCH
Geohashi= 2D 2212 0|S5H0 Z= 2SS ALZ5HH, 2 OIS Al a0l T2t 0 £= 1 02
01D BC}. (2AMSLICE)

Bits for longitude(Z&Z &) and latitude(%/ &) moves are interleaved as well as moves.

The encoding process is illustrated in the figure below, where black and red bits stand
for longitude and latitude, respectively:

Z2 OteHel 0l LHEHLE RJUCH HIIM Hd2 210 82+ 2
b

ot=

°| 0|

ro

22t Yot

HI

M
IUIHJ 00

40 o
9
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Geohash Index

An important feature of a Geohash is its ability to estimate distance between
regions using bit-wise code proximity, as is shown in the figure.

bit-wise code proximityE AtEZ0HA FSF 2+ HElE
SO0ICH. O 0lA proximity 222 & Xotct.

Jy
0z
ol
rr

Geohash?l =&t E&2
==0] 2= £

Geohash encoding allows one to store geographical information using plain data
models, like sorted key values preserving spatial relationships. The
Dimensionality Reduction technique for BigTable was described in [6.1]. More
information about Geohashes and other related techniques can be found in [6.2] and
[6.3].

rol

Geohash CIZE E Al=0otH €& J| &= 2= EEHS 0 0IH 22 (plain data model) =
AMEOHA Xl EE2E HEE == ULH 0 BESE OOIH S0l HA0 28 2dHEES

S && L BigTableE222 M= Dimensionality Reduction 7|82 [6.1]0A &Y 5tALH.
GeohashOfl CHSt 322 0|2 2&HE IS EHH [6.2]% [6.3]2 & 115tet.
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Applicability: Key-Value Stores, Document Databases, BigTable-style Databases

(7) Index Table

(7) 2l A glol2

Index Table is a very straightforward technique that allows one to take advantage
of indexes in stores that do not support indexes internally. The most important
class of such stores is the BigTable-style database. The idea is to create and
maintain a special table with keys that follow the access pattern. For example,
there is a master table that stores user accounts that can be accessed by user ID. A
query that retrieves all users by a specified city can be supported by means of an
additional table where city is a key:

Ol A HOI=Z2 M H&EQ0 J|EHO0IH, 0l JIHS AIESHH LHEHCOZ 0IS9A S X AGHA 2=
indexes in stores2| HE S AIEE £ Q.08 B9 JI& EQs SclA= BHOIESEE
HIOIEHIOIAOICH &2l= Ol &L keysIt =0 U= SEetHOISES 2= RASt= JOICH KO M
Il(keys)= LA A IHE(?2)2 GECHL WE SH KM IDEJIXLD SH HEW E2& = JA1D, S
HE 2 MEGt= OtAH HIOIS0| ACHD St S TAI FE2 2= RME HOE M, SAIE =2
ol= =JHHIOIES DX 0] el AEZEE 4= QL.

Users
Info
City:5an Francisco, email:alef@gmail.com
City:Mew York, email:jsample @yahoo.com
City:Seattle, amagjl:knovoselic@zmail.com
City:5an Francisco, gmail:jzray@yahoo.com

Cities

C

Index Table Example

An Index table can be updated for each update of the master table or in batch mode.
Either way, it results in an additional performance penalty and become a consistency
issue.

Index Table can be considered as an analog of materialized views in relational
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databases.

Applicability: BigTable-style Databases
HEZE : SHOIH-AEY OO0 A

(8) Composite Key Index

=35 | QA

Composite key is a very generic technique, but it is extremely beneficial when a store
with ordered keys is used. Composite keys in conjunction with secondary sorting
allows one to build a kind of multidimensional index which is fundamentally similar to
the previously described Dimensionality Reduction technique. For example, let’s take a
set of records where each record is a user statistic. If we are going to aggregate these
statistics by a region the user came from, we can use keys in a format
(State:City:UserID) that allow us to iterate over records for a particular state or city if
that store supports the selection of key ranges by a partial key match (as
BigTable-style systems do):

S8 Jl= S LerHol J|HOoIXI8, =2 9101 Y= ME3LAY M IR =200, 82X 20
Zeie =g Jle 20l £t AE 24 J|gHU Z2E2H2Z RAIe UXE Mols BHs =+
UCH HE SH, 2 2SIt AIZX SHQ dIZE2 &0l ULt GHA A EXNSZRH 2
XNag SHE SHSHCHH, (State:City:UserID) &40 I|E AIEE == JULH HELIF L2 I
OHXI(CIOIE-AEHY AIAEID Z22)0ll 28t I HRIe deis XRJEUH, K2t EF = £ =
CAO CHEE D=2 Soll Bt = A= o E &t

1 SELECT Values WHERE
state="CA:*"

2 SELECT Values WHERE
city="CA:San Francisco*"
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State:City:UserlD

AR:Little Rock:543211 Values
CA:Los Angeles:211123 Values
CA:Los Angeles:456546 Values
CA:0akland: 666634 Values
CA:5an Francisco: 756322 Values
San
Francisco CA:San Francisco:972321 Values
Users
CA:San Francisco:972321 Values
f CO:Denver:972321 Values

Composite Key Index

Applicability: BigTable-style Databases

(9) Aggregation with Composite Keys

SEIIE At=st B

Composite keys may be used not only for indexing, but for different types of grouping.
Let’s consider an example. There is a huge array of log records with information about
internet users and their visits from different sites (click stream). The goal is to count
the number of unique users for each site. This is similar to the following SQL query:

Sgdl= eldlaFot OtLlict O E 572 JEE of=ldk AA8e = ULH HE S0 2AL
O AtEXet OS2 UE AMOIEZRHS Y2 H It JIZEZHU= HUS HE 2 20t
UCHD otk SHE= 2 AIOIEDTS 7UIZ "M =5 Z0tUH= HO0ICH 0 B2R= US
FHelet gl==g 2Aolth

1 SELECT count(distinct(user_id)) FROM
clicks GROUP BY site

We can model this situation using composite keys with a UserID prefix:
Oldet ZSLE UserID S AIE AMEBollA S92 Bt== UL
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UserlD: EventlD Site
543211:324235 t-mobile.co.uk
R L e
623229:232773 google.com Frame for UserlD=623229 |
= = 1
1
1
623229:345444 wehehigh.com Unique visits { !
google.com, |
623229:562333 sf-police.org webehigh.com, |
sf-police.org
623229:979949 google.com 1
| BB3398:345438 | mongodb.org |

Counting Unique Users using Composite Keys

The idea is to keep all records for one user collocated, so it is possible to fetch such a
frame into memory (one user can not produce too many events) and to eliminate site
duplicates using hash table or whatever. An alternative technique is to have one entry
for one user and append sites to this entry as events arrive. Nevertheless, entry
modification is generally less efficient than entry insertion in the majority of
implementations.

0OlX2 2= dZEI FHEE &N N&EE = JAE= LICH Jcl1) o+ Bl0l=0lLt
HH= MM S== AMOIE BEE AHlst= =
SEOLXIS] HIZEE JXIAH StHLE AFOIEE FOtete & T E
FHOl UASLICEH OtKIEH S8 =32 dEtEOZ (HREE2 FEUM SE4 Bl=
=2

|2 S X YLICH

rol

0

T

Applicability: Ordered Key-Value Stores, BigTable-style Databases

(10) Inverted Search - Direct Aggregation

A4 AH _ RI N le;”
=R =

This technique is more a data processing pattern, rather than data modeling.
Nevertheless, data models are also impacted by usage of this pattern. The main idea
of this technique is to use an index to find data that meets a criteria, but aggregate
data using original representation or full scans. Let’s consider an example. There are a
number of log records with information about internet users and their visits from
different sites (click stream). Let assume that each record contains user ID, categories
this user belongs to (Men, Women, Bloggers, etc), city this user came from, and
visited site. The goal is to describe the audience that meet some criteria (site, city,
etc) in terms of unique users for each category that occurs in this audience (i.e. in the
set of users that meet the criteria).

It is quite clear that a search of users that meet the criteria can be efficiently done



Category-Men: | UsariDd, UseriD2, ] UseriD: Category-Men, Ciby-hY, Site-google.com
Category-Women: [ UseriDl, WseriDl, .. ] UserlD: Category-Women, City-5F, Site-yauru

Category-#ids: [ LiseriDl, LiseriD2, ... ]

City-NY: [ UseriDl, UseriD2, .. ]
City-5F: [ UseriDl, WseriDd, ... ]

poogle.com: | UseriDl, UseriDZ, _.

Sibe-faceboak.com: | UseriDl, UseriD2, .

Irverted Index Diirect Index

Report

—p [CHVSF ORCIV-NY) AND e | eI, Userl —

|5ite-google com) Category-Men - 20,010 unique vsers
Category-Wamen - 21 310 urigue
USRS




28

And as a final note, we should take into account that random retrieval of records for
each user ID in the audience can be inefficient. One can grapple with this problem by
leveraging batch query processing. This means that some number of user sets can be
precomputed (for different criteria) and then all reports for this batch of audiences can
be computed in one full scan of direct or inverse index.

Applicability: Key-Value Stores, BigTable-style Databases, Document Databases

Hierarchy Modeling Techniques

(11) Tree Aggregation

Trees or even arbitrary graphs (with the aid of denormalization) can be modeled as a
single record or document.

e This techniques is efficient when the tree is accessed at once (for example, an
entire tree of blog comments is fetched to show a page with a post).
Search and arbitrary access to the entries may be problematic.
Updates are inefficient in most NoSQL implementations (as compared to
independent nodes).



comments: [
{by: "Mike", message: "...", replies: [
{by: "5am", message: "...", replies: []}

11,
{by: "Elict", message: "...", replies: []}




, Wamen's
qu - r.l'r:

Category : Men's Shoes

Mame : 5lippers
Category : Men's Shoes, Shoss

Mame : Emu Slippers
Category : 5lippers, Men's 5hoes, 5hoes

MName : E
Location : E.BA

Query:
Location : E,B.*




#  Women Men Baby Kids  Schoolwear

| Toys  Emtertainment | Body + Bea



http://en.wikipedia.org/wiki/Nested_set_model
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(15) Nested Documents Flattening: Numbered Field Names

Search Engines typically work with flat documents, i.e. each document is a flat list of
fields and values. The goal of data modeling is to map business entities to plain
documents and this can be challenging if the entities have a complex internal
structure. One typical challenge mapping documents with a hierarchical structure, i.e.
documents with nested documents inside. Let’s consider the following example:

Mame : Jahn
— skill : rath, Postry
Lewel : Excellent, Poor

— Poetry: Poor False match for query

Skill:Poetry AND Level:Excellent

Nested Documents Problem

Each business entity is some kind of resume. It contains a person’s name and a list
of his or her skills with a skill level. An obvious way to model such an entity is to
create a plain document withSkill and Level fields. This model allows one to search
for a person by skill or by level, but queries that combine both fields are liable to
result in false matches, as depicted in the figure above.

HIZLIA MEIE 222 LTS 0183 Metd & = UCH 2 HIELIA AHEIEIN= & AFES
OIE1, O A0l JH8l D= =5, 2 JI=2 ==0| L2t JUCH Ol YEIEIE B2 E6t=
HEtst HHE Skilldt Level 2EJF S U= plain documentE EtE= 21 0ICt Ol Al
YDA i SkillOILt Levelz2= HEot= MRS 22 = AKX D, SKill Level 2EE
=0 Zgol= A2 E Eeld, ®f JdEM B0 2R 200t LI2C.

One way to overcome this issue was suggested in [4.6]. The main idea of this
technique is to index each skill and corresponding level as a dedicated pair of
fields Skill_i and Level_i, and to search for all these pairs simultaneously (where
the number of OR-ed terms in a query is as high as the maximum number of skills
for one person):



Mame : Jaohn

Skill_1 : math
Math: Excellent Lewvel_1: Excellent
Skill_2 : Postry

Level_2: Poaor

Poetry: Poor o

Query:

(Skill_1 : Poetry AND Level_1: Excellent)
OR

(Skill_2 : Poetry AND Level_2: Excellent)
OR

Mame : John
skillandLevel : Math Excellent Postry Poar .

Math: Excellent

Poetry: Poor Query:
skillandLevel : distance(Excellent Poetry)=0
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Applicability: Search Engines

(17) Batch Graph Processing

Graph databases like neo4j are exceptionally good for exploring the neighborhood of a
given node or exploring relationships between two or a few nodes. Nevertheless,
global processing of large graphs is not very efficient because general purpose graph
databases do not scale well. Distributed graph processing can be done using
MapReduce and the Message Passing pattern that was described, for example, in one
of my previous articles. This approach makes Key-Value stores, Document databases,
and BigTable-style databases suitable for processing large graphs.

Applicability: Key-Value Stores, Document Databases, BigTable-style Databases

References

Finally, I provide a list of useful links related to NoSQL data modeling:
OLXIZH 22 NoSql HI0IH 20l 2= £Ctet @38 SR &L


http://highlyscalable.wordpress.com/2012/02/01/mapreduce-patterns/
http://highlyscalable.wordpress.com/2012/02/01/mapreduce-patterns/

	작업 일지 
	번역에 참여하실 예정인 분 <- 다른 분들도 써주세요~ 
	참여하는 방법 
	함께 결정한 사항 
	NoSQL Data Modeling Techniques 
	General Notes on NoSQL Data Modeling 
	(1) Denormalization 
	(2) Aggregates (일단 원강민 찜^^ 이렇게 하는거 맞나요? ㅎㅎ) 
	(3) Application Side Joins 

	General Modeling Techniques 
	(4) Atomic Aggregates - 으으 적절한 단어가 생각이 안나네여; 
	(5) Enumerable Keys 
	(6) Dimensionality Reduction 
	(7) Index Table 
	(8) Composite Key Index 
	(9) Aggregation with Composite Keys 
	(10) Inverted Search – Direct Aggregation 

	Hierarchy Modeling Techniques 
	(11) Tree Aggregation 
	 (12) Adjacency Lists 
	(13) Materialized Paths 
	(14) Nested Sets 
	(15) Nested Documents Flattening: Numbered Field Names 
	(16) Nested Documents Flattening: Proximity Queries 
	(17) Batch Graph Processing 

	References 


