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O yem noroBopum?

Tvnbl N aNTOPUTMbI PEKOMEHAATENbHbIX CUCTEM — KPATKO
Kak mbl cobnpaem gaHHble 0 AeNCTBUAX KIMEHTOB
ApPXUTEKTYPa Hallen peKoMeHaaTeNIbHOM CUCTEMD
CTaTUCTUKA NCNO/Ib30BaHUA

CoBeTbl Kak NMUcaTb CBOU pekomeHAaTe/IbHblE CUCTEMDI
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Tnnbl N aJITOPUTMbI pekomMmeHadaTre/IbHbIX CUCTEM

PeneBaHTHbIN KOHTEHT — «yraZblBaem MbICIN»
PeneBaHTHbIN NOUCK

[Mpeanaraem To, YTO KJIMEHTY HYXKHO KaK pa3 cenvac
YBennyeHme noAsbHOCTU, KOHBEPCUU

@2016
X CEE-SEC(R)



O6beM NpoAaXk TOBapoB

Best-sellers

Ton-npoaa...

C 3Tm TOBaApOM MOKynatoT
[lepcoHaNbHble peKomeHaaunu

4]32

«Mining of Massive Datasets», 9.1.2: Leskovec, Rajaraman, Ullman (Stanford University)
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KonnabopartmBHasa punbtTpauuns

® Mpepnoxun ToBapbl/Ycnyru, Kotopble ectb y TBOMX Apy3en (User-User)
® Mpepnoxu kK TBOMM ToBapam Apyrue cBAsaHHble ¢ HUMKM ToBapel (ltem-
ltem): «cyXxapuKu K nuBy»
yxap Y VLM, | M M| Ms |\ M

=] #

7

AR ARV IVARY
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similar B —
© Q"""Q (@) v v L/
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B0O3MOXHOCTW Kon1nabopaTUBHOM hunibTpaumm

[epcoHanbHasa pekomeHaauma (pekomeHayem nocMmoTpeTb 3Tn ToBapbl)
C 3Tum ToBapom nokynatoT/cmoTpsaT/... (rnobanbHan)

Ton ToBapoB Ha canTe

Apache Spark MLlib (als), Apache Mahout (Taste) + Hegenbka
Ob6bem AaHHbIX

O6bem moaenu, TpeboBaHUA K «Kenesy»

@2016
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Cosine Similarity

Content-based pekomeHpaunn 1+ g
ol 9 sim(A, B) = cos(0) = m
Kynun nnactukosble OKHa — Tenepb ux | %
npeanaraloT Ha BCex caiiTax u
cMmapTdoHe. | | —

Kynun Toyota, nily WnHbI,
npeanaratoT WKHHbI K Toyota

MounckoBbIM «aABMXKOK»: Sphinx, Lucene (Solr)
«0O6BaA3Ka» ANA AaHHbIX
XpaHeHune npodnna Knnenta

Peanusauma: HegenbKa. PUCKM — 06beM AaHHbIX, A3bIKWN.

7132
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THOHUHI pekoMeHaaTe/IbHbIX CUCTEM

® PekomeHao0BaTb MOCTOAHHO «BO30OHOBAAEMbIe» ToBapbl (MONOKO, HOCKW,

® PekomeHpoBaTb GUAbM/TENEBU30P — OAMH Pa3 A0 NOKYMKU

® YueT nona, BO3pacTa, pa3mepa, ...

2016
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Kak cobupaTtb gaHHble OT K/IMEHTOB?

Kak cobunpatb?

Kyga cobupatb?

Kak obpabaTbiBaTh?
[TOTOKOBbIE a/I0PUTMBbI...

@2016
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TexHonorum - RabbitMQ

1 "Hello World!"

The simplest thing that does

http://www.rabbitmg.com

* Python

* Java

* Ruby

* PHP

» C#

* Javascript

*Go

1.04epenun coobLieHnn

Ha BCE BKYCb

4 Routing
Receiving messages
selectively

2. AMQP =2
L]

* Python

» Java

: Ruby

* PHP
r a e
L] I I :
» Javascript
* Go
* Elixir
+ Objective-C

10/ 32

2 Work queues

Distributing tasks among
workers _

@ -
@ -.,_,®

* Python

» Java

* Ruby

* PHP

*C#

» Javascript
* Go

» Elixir

» Objective-C

5 Topics
Receiving messages based on
a pattern

* Python

* Java

* Ruby

* PHP

* C#

» Javascript
* Go

» Elixir

» Objective-C

3 Publish/Subscribe

Sending messages to many
consumers at once

ox 3

FO)
-

» Python
*Java

* Ruby

* PHP

* C#

» Javascript
* Go

= Elixir

» Objective-C

6 RPC

Remote procedure call
implementation

» Python

* Java

* Ruby

* PHP

* C#

» Javascript
* Go

x
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TexHonoruu - Apache Kafka

http://kafka.apache.org/
1."LinkedIn”

2.He coBceMm o4vepenb

Producers
3.CoBceM He Oqepeﬂ,b! App | | App | | App
4 KnneHtckoe npunoxeHune — \ l / App
p /
Connectors Kafka Stream

((D.ep)KMT» KprOp ﬂOTOKa . Cluster Processors

L
5.Scala

11/ 32 Consumers @ 2016
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| Qs |
TexHonorum - Apache Storm ébg%HﬁM

http://storm.apache.org

1.Task parallel
2.YNoOHble, rmbkue C
workflow / > C
&
&

2<D16

3.Clojure/JVM 0 \
O |
[ZEE-SECIRJ
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TexHonorum - Pinba
http://pinba.org

T,
Pinb

Arperaumsa BHyTpu coOCTB. 188 Top 10 (Countera)

[f:1¢]
amxka B MySQL
=}
—
o 480
[=]
i
1.WHTerpaumnsa ¢ PHP 5 =
. =
F
o 200
2.b ©
.DbICTPO, YO0OOHO .
Thu 12: 08 Thu 18: 08 Fri 08:08 Fri ©6:08
B fanketa.phtml i 136.87928 req/sec S 184,85353 / 330.09808
O fcommunicator/newfaces.phtml : 87.71192 req/sec J 103, 00720 J 227.06260
. a OO_CO' I I O fcommunicator/ws-post . phtml 1 136.72278 req/fsec / 194.26708 / 599.61354
W /entry/view.phtml 1 20.36740 req/sec = ; 37 o7
B /rating/vote. phtml 1 1,95892 reqg/sec !
B /index.phtml 1 205.55122 req{se 15 =]
13 / 32 W /search.phtml : 6,65668 reg/sec i .0
O fsignin. phtml : 41,78226 req/fsec 2
W /photos/view. phtml 1 79.B88356 req/sec g, ooa0s

M /rating/vote-ws.phtml 1 42,39296 req/secg CEESSECIR]
AT —



| Osmma
Apache Hadoop %

* Mnatdopma:
* - BbluncneHuna (MapReduce)
* - pannosas cuctema (HDFS) 7¢%

* - “SQL-3anpocbl” N0 AaHHbIM

(

.......
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| Orcamm
Apache Spark

* CKOpoCTb! Squ”(\z

Lightning-Fast Cluster Computing

* PaboTa B namaTtu
Sophisticated: can run today's

o KSLUMpOBaHVIe B NaMAaTu most advanced algorithms

Spark MLIib
Streamingl] machine
real-time learning

* [1poCcTOTa pa3BepTbiBaHUA

Apache Spark

=+ CEE-SEC(R!
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Mapapaurma MapReduce

2.3 Algorithms Using MapReduce . . . . . . .. ... .. ... .... 30
2.3.1 Matrix-Vector Multiplication by MapReduce . . ... .. 31
2.3.2 If the Vector v Cannot Fit in Main Memory . . . . . . . . 32
2.3.3 Relational-Algebra Operations . . . ... ... ... ... 33
2.3.4 Computing Selections by MapReduce . . . ... ... .. 35
2.3.5 Computing Projections by MapReduce . . . . . . ... .. 36
2.3.6  Union, Intersection, and Difference by MapReduce . . . . 36
2.3.7 Computing Natural Join by MapReduce . . . . . . .. .. 37
2.3.8 Grouping and Aggregation by MapReduce . . . . . . . . . 38
2.3.9 Matrix Multiplication . . . . . . ... ... ... ... .. 38
2.3.10 Matrix Multiplication with One MapReduce Step . . . . . 39

«Mining of Massive Datasets»: Leskovec, Rajaraman, Ullman

16 / 32 (Stanford University)
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Apache Spark

e 2016
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«Online» anroputmbl, oHU apyrue!

4  Mining Data Streams 131
4.1 The Stream Data Model . . . . . .. .. .00 131
A.1.1 A Data-Stream-Management System . . . ... .. .. .. 132
4.1.2  Examples of Stream Sources. . . .. .. .. ... ... .. 133
o KnaCTepM3aLIIMH 1.1.3  Stream Queries . . . . S K
4.1.4  Issues in Stream |)mczs'~lllg ................. 135
4.2 Sampling Data in a Stream . . . . . .. ... 136
4.2.1 A Motivating Example . . . . .. .. ... ... .. ... . 136
[ yH MKan bH ble 3neM€HTbI 4.2.2  Obtaining a Representative Saouple . .. . . .. ... . . 137
4.2.3  The General Sampling Problem . . .. .. ... . ... .. 137
4.2.4  Varying the Sample Sizge . . . 0 0 0 0 ... ... ... 138
4.2.5  Exercises for Section 4.2 . P B 13
4.3 Filtering Streams . . . . . ... Lo 139
¢ Arpe ra LIIMH 4.3.1 A Motivating Example . . . . .. . ... ... 139
4.3.2  The Bloom Filter . . . . . . ... .. ... ... ... ...140
4.3.3  Analysis of Bloom Filtering . . . ... ... ... ... .. 140
4.3.4  Exercises for Seetion 4.3 .. .. ... L. 14l
[ O 4.4 Counting Distinet Elements in a Stream . . . . . ... . ... .. 142
rpa H M LI e H Mﬂ I-I O 4.4.1 The Count-Distinet Problemm . . . . . . . .. . . ... .. 142
4.4.2  The Flajolet-Martin Algorithm . . . .. . ... . ... .. 143
4.4.3  Combining Estimates . . . ... ... .. ... ... ... 144
1.4.4  Space Requirements . . . ... ... ... ... ... ... 144
naN\ﬂTM 4.4.5  Exercises for Seetion 4.4 . . . . 000000 00000145
4.5 Estimating Moments . . . ... ... . ..o oL L 145
4.5.1 Definition of Moments . . . ... .. ... ... ... .. 145

° 3 SQL 4.5.2  The Alon-Matias-Szegedy Algorithin for Second

— ‘- Moments . . . . . ...
TO y)ll'(e H e ’ ) 4.5.3  Why the Alon-Matias-Szegedy Algorithm Works
4.5.4  Higher-Order Moments . . . . .

1.5.5  Dealing With Infinite Streams .
4.5.6  Exercises for Section 4.5

18 / 32 4.6 Counting Ones in a Window . . . . . .

4.6.1 The Cost of Exact Counts . . . §. . .
4.6.2  The Datar-Gionis-Indyk-Motwanf / Tt

«Mining of Massive Datasets»: Leskovec, Rajaraman, Ullman (Stanford University) 4.6.3  Storage Requirements for the DEIM, S,




y | Qs
BouHa cucrtem xpaHeHuUA

* SQL Ha MapReduce: Hive Pig Spark sQL Not All SQL on Hadoop is Created Equal

Batch MapReduce Remote Query Siloed DBMS Impaia

* SQL Ha MPP (massive parallel processing):

Impala, Presto, Amazon RedShift, Vertica L] (
* NoSQL: Cassandra, Hbase, Amazon DynamoDB ‘ .m I??I \
* Knaccmka: MySQL, MS SQL, Oracle, ...

_M vnqk

Cassandra 5 i

r: é redis O&;,?,E *TAJO ‘s

. mongoDB i cloudera
= IMPALA  pawa
19/ 32 2016
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| O |
Lambda-apxutekrypa

* llogen 3aBa/IMBaeT

e*
Speed (Real-Time} J o ﬂy3(1

Processing ——

I Responses >

AdaHHbIMMA. ..

 C 60/1bLLOW

. ‘_'
A uue,f -"E

R n >
_ esponses

Batch Processing

CKOpOCTbio ©

2016
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BigData — «<noa kanotom». Buabl coobiTUM.

Kyka lNonb3oBartens I Mpocmotp | | poGaenewne |

\ ToBapa B KOP3UHY |
* XL nuueHs3nm \ ,
N /
* [lomeH S _-
* |D ToBapa _
-~ ~x
7 \
* HasaHue ToBapa // \
\
» Kareropuu Tosapa | 3akas Onnata |
\ ,' ‘\ 3akasa I'
* ID pekomeHpgauun \ /
21 /32 AN P

* psia Apyrvx -=




BigData — «<nog kanotom». C nTnybero nonera.

22 32
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3anpocos/cek
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BigData — «<nog kanotom». Perncrpauua coobiTuUm.

23/ 32
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Apache Lucene L ucrne

® Doug Cutting: Nutch, Hadoop (Yahoo!)... ceituac B Cloudera
@ Lucene: Solr, ElasticSearch

® Lucene: rpaMoTHasA MHOrONOTOYHOCTb U3 KOPOHKM

% @ elast]
@ elastic

25132 2016
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Apache Lucene: +/- ZZ (U /2 a2,

(-) HeT HopmanbHOM NOAAEPHKKU PYCCKOTO A3bIKa
(-) HeT pycckon mopdonormnm
(-) JOKyMeHTauuA MHOrAa OCTaBASIET KeNaTb Ny4llero

(-) HeT peweHua gna 100% oHNanH MHAEKCALUM

(+) KomnaKkTHbIN nHaekc (rnrabantol)
(+) NakoHuuHoe API
(+) TpaH3aKLUMOHHOCTb

(+) Thread-safety
26 /32

2016
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Redis

&P redis

* [Mpodunnb Monb3oBaTena: AECATKM TIros
* CtemmuHr MNopTepa

* BbICOKOYaCTOTHbIE C/10BA

* ANropuTmbl BbITeCHEHUA TIroB

* Kyaa MOXHO pa3BuBaTh... (word2vec, glove,
CUHOHUMbI ...)

@2016
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ApxuTtektypa content-based pekomeHgauumn

~1000 cobbiTuii/cek

Amazon

0 b Kinesis
N4
(D (M
NN
()
W)

28 1 32

y/] (\‘,, ;: I\_/ l_ = _l\\
RYYS I"___v/
ANVAW,
) JI‘W _/
QO
QO
QO N
. . N
Java indexing -+ —— ~

\workers (16) /

OO
(AN AN A AN

Redis (profiles)

NN
N M
>
Ag—
Pasgatolmii - ———-_
Servlet =7
2
/ //\J
/

Index (disk)
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[1pouecchl

* MHoOronoToyHbIM nHAeKcaTop, java/lucene
* Amazon Kinesis — Kak byddep

* MHAEeKC B NanKe Ha AUCKe, BbITECHEHUE

* Kak peanmsoBaH “oHnanH”

* Paspatowinm Servlet

@2016
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Lindopbl 1 paHHbIe

* “NoTpebutenn”: necaTkM TbiCAY NHTEPHET-MAra3nHOB
* “MNoctaBwmKK”: BCce canTbl Ha butpukc, 6onblue 100K
* Taru NMpodwnnsa: HazBaHue cTpaHuubl, hl

* NHpaeKc ToBapoB: Ha3BaHME, KPaTKOe OnMcaHue,
paszensl

* NHpeKc: rurabamtbl, COTHM dannoB B NankKe

@2016
X CEE-SEC(R)



Lindopbl 1 AaHHbIE

Datasource: redis_stats - Keys ‘ e ) ¥
redis_stats - Keys
gomt P
60 M R f..__,vf_—
Jf Fa
40 M i
20 ]J

Oct Nov Dec Jan Feb  Mar Apr May Jun Jul Aug Sep Oct

B expired 128.88 Last 128.88 Max 0.00 Min
B evicted D.00 Last 0.00 Max 0.00 Min
HE total 76440040.32 Last 76440040.32 Max 1502906.41 Min

One Year 14.10.15 14:38 - 28.10.16 14:38

Datasource: redis_stats - Memory Usage ‘ S ) 12N
redis_stats - Memory Usage
50 k f
40 K et
30 k BT
[+=] . wr o
= 20k / -

10 k
/ :
Oct Nov Dec Jan Feb  Mar Apr  May Jun Jul Aug Sep Oct
B allocated 45211.03 MB Last 31 / 32

45211.03 MB Max 382.87 MB Min

B used 44210.20 MB Last 44210.20 MB Max  334.80 MB Min fri EEE_SEC[R]




Cnacmnbo 3a BHUMaHue!
Bonpochb!?

AnekcaHap Cepbyn

w @AlexSerbul
serbul@1c-bitrix.ru
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