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Introduction to Big Data



Introduction to Big Data

Large
Datasets

Strategies
to handle
Large
Datasets
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Introduction to Big Data

A bit of history...
.?'l:.. 18.000 BC: earliest signs of humans ".°|:..
e @ storing and analyzing data - o 2006: Introduction of Apache Hadoop
':lo- (Ishango bone) .:lo-
- :. 2004: «MapReduce: Simplified Data .’l:' 2010: «The amount of data from the beginning
- = Processing on Large Clusterss by e & of human civilization to 2003 is generated
':'.- Google ':|.. every 2 days» E. Schmidt
i ! b,
@ @ )005: Theterm “Big Data” emerges e« & Today: ~15 ZB per year
Iy= Iy=
"::}'gg{gnlab ¢
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Big Data Systems Architecture



Architecture Overview

Top Level Abstractions

Distributed Processing Frameworks

Cluster Resource Manager

Distributed Filesystem

Cluster @ Cluster B Cluster @ Cluster B Cluster Cluster
Node Node Node Node Node Node
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Architecture Principles

oo Resource Pooling: combining of*
- [ ) oD ) . . . . .
& .5 storage space, CPU and memory o '& Data PeITS|stence. h.lgh replication factor and
'l.'.&’ for different use cases and ‘....&‘ automatic restoration
[ ] [ ]
frameworks
ofl® . . T o.‘
= Ye), HighAwvailability: fault tolerance for Py "é Data Ingestion: ability to import raw data,
?'. 5 source code execution and hardware *foass’ RDBMS data, etc.
ol components D
:0: " : - ] M |
-.? .é Scalability: horizontal with new g .é Parallelization: follow programming patterns
o'...éo machines, vertical with bigger' ..o..‘. that allow batch processing
¢ machines
=1, CERN
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Distributed File System

- :. A software framework that allows ] L
[ X J [ ] "X ) o . ope
? .? users to acess and Process ? '? Heterogenelty and Scalablllty
':lo- distributed data Iy=
ol® . . .'.
%),  Same semantics and interfaces as o V. , , ,
- o , e @ Usually centralized yet highly available metadata
*Joqe  Local Filesystems Yoo’
.'. 'Y LJ
Typical examples:
.":. Transparency everywhere: access, .‘.:. P P .
oo o : . oo o Hadoop FileSystem (HDFS),
& & |ocation, concurrency, failure, > = £OS
':l'. migration .:lo- ’
8 Windows DFS, etc.
"::}'gg{gnlab 12
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Cluster Manager

ol® ole®
V%) A software framework that runs ..-"l. High Availability, Scalability, and Resource Pooling
[ [ J . . ] [ J
..:'.6. distributely on cluster nodes 0.:..50 are usually handled by Cluster Managers
=¥y .":'
07' é Multiple software components, °?° é USU?}”Y foIIows.ma.ster — slave
§eq=  multiple execution locations feqe’ architecture principles
o'. 0"
_.':. - :. Typical open source examples:
& % Resource allocation and service &S o Apache YARN,
.'o - configurations ..o - Apache Mesos
o" ..o P ’
Kubernetes, etc.
"::}'gg{gnlab 13
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Distributed Processing Framework

"1, CERN
I,= openlab

A software framework that allows
distributed computations

Usually follows specific programming
models (e.g. MapReduce)

Code is automatically deployed in
multiple locations

Heterogeneity and Scalability

Most distributed processing frameworks are highly
interconnected (especially in the Hadoop Ecosystem)

Typical examples:
Hadoop MapReduce,
Apache Spark, etc.

Evangelos Motesnitsalis - inverted CERN School of Computing 2019
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The Big Data Ecosystem
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The Hadoop Ecosystem
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Apache Hadoop



Apache Hadoop

A Framework for Large-scale Distributed Data Processing

4Vs: Volume, Variety, Velocity, Veracity

._? .& Runs on commodity hardware and
e  based on Data Locality concepts

Apache Hadoop

.':'.
=, Hadoop Apache Hadoop Hadoop
?|. & Open source Filesystem YARN MapReduce
L (HDFS)
{:}'gg{gnlab 19
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The Hadoop Ecosystem
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Hadoop Distributed File System
The Filesystem of Hadoop

0.. :.0 .... :..
e @ [yt tolerant — multiple replicas e e Rack awareness
X fogos
.'. ole®
b, o =,
e e Scalable — design for high throughput e & Mijnimal data motion and rebalance
Iy= Iy=
-":. . . -‘.:. Consists of:
.?; .5. llil\lss.tcagnot b;m(()jdlclled T, .?; .‘. 1 or 2 Namenodes (2 in HA)
M L rite Unce — head lViany M L 1 Datanode per cluster node
=1, CERN
"i“_a’ openlab 21

Evangelos Motesnitsalis - inverted CERN School of Computing 2019
AR O O 2. & 5 h 5 O Shh B B D B D GEDD B B oSO 2&»




Hadoop Distributed File System

The Filesystem of Hadoop

HDFS Architecture
Metadata (Name, replicas, ...):
Metadatg_,gpg-"[ Namenode /home/foo/data, 3, ...
Block ops
Read Datanodes Datanodes
EHE - - Replication o = L
] 2 Blocks
- )
N
Rack 1
{:}'g?gnlab N
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Hadoop Distributed File System

1)One 1176 MB File to be stored on HDFS
B1 B2 B3 B4 B5

256MB  256MB  256MB  256MB  152MB 2) Splitting into 256MB blocks

NameNode
3 . : . o 5
3) Ask NameNode 4) Blocks with their replicas (by default 3) are distributed across Data Nodes
where to put them a ™\ e N ~
B1 B2
R3 R3
B3 B3
R2 R3
B4 B5S
R3 R3
B5
R2
- / \_ /L J
. DataNodel DataNode2 DataNode3 DataNode4
4.+ openlab
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Hadoop Distributed File System

Interacting with HDFS

=1, CERN
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Hadoop Distributed File System
Data Flow in HDFS

la. Reprocess
the data

2. Analytic
processing

Shell/Notebook

2a. Visualize

DATA

SOURCE Graphical Ul

3. Publish

1. Data Ingestion

"1, CERN - 25
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The Hadoop Ecosystem

2y | YLl
g ()8 o8 IR
- 0O = U
h mm GE aT
o 2 u_m
Q Ocu e
g e i e
© Q « o) "
o S g 2 | e &
M @
5 x3 |(ocsg| |25 |23 £
3} © 2 /) Na A » L wn =
[0} (@) O
oz | |8 Q 5 Q O
ES| |8 | |03 < | -
Q © g
25| | EC a B
L3S =0 ‘YARN Cluster resource manager \ Iz
HDFS Hadoop Distributed File System

=¥ CERN

*i, = openlab Evangelos Motesnitsalis - inverted CERN School of Computing 2019 26




Apache Hadoop YARN

Yet Another Resource Negotiator

ol® ole®
o~ *).  Manages cluster computing ..-.‘l. Utilizes different user queues and different
° >’ Had o ee schedulers: Fair, Capacity, and FIFO
.:|°- resources in Hadoop .:.._ : Fair, Capacity,
- :. Creates the environment for .’l:'
o0 ° . . o o L . . . . .
e @ Hadoop applications and deploys @& @ Fichapplication relies on an Application Master
" - 'o -
.'. them .'.
." . . . . ol® C H t f.
=%) Negotiates with the applications K 2dd K onsIsts oT.
?'. 5 the CPU and Memory resources ?.. 5 1 Resource Manager in the master node
O that will be assigned to them ol 1 Node Manager per cluster node
"1, CERN 97
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Apache Hadoop YARN

Yet Another Resource Negotiator

MapReduce Status ——»

Job Submission ------ -
Mode Status ——-— [
Resource Request ---------- -

=¥ CERN
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Apache Hadoop YARN

Interacting with YARN

=1, CERN
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The Hadoop Ecosystem
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Hadoop MapReduce

The First Batch Processing Framework

ol® ol®
"0, MapReduce is a programming ..-.'.. -
- o= , e @ Optimized for local data access
Joqe’  model for parallel processing T X
o" o.'
ol® o"
@ o. - o' . .
& @ Executes Java code in parallel S % Good for huge. data sets and offline analysis
‘Vop =’ °0.. & but does not fit every use case
.'. '.
.'o ofle
ol _ =U, _ _ _ _
@ @ (Contains two stages:Map & Reduce @@ @& Time consuming and not interactive
'o - . -
oj§°® ..o
"::}'gg{gnlab 31
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Hadoop MapReduce

Hello World — aka « Wordcount »

//MAP method body
map (String key, String wvalue)
// key: document name
// value: document contents
for each word w in wvalue
EmitIntermediate(w, "1")

"1, CERN
I,= openlab

//REDUCER method body
reduce (String key, Iterator values):
// key: word
// values: a list of counts
for each v in values:
result += ParselInt(v);
Emit (AsString(result))

32
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Hadoop MapReduce

Hello World — aka « Wordcount »

The overall MapReduce word count process

Input Splitting Mapping Shuffling Reducing Final result
Bear,1 ————w» Bear, 2
Deer,1 ——w» Bear, 1
Deer Bear River —» Bear, 1
River, 1
/ Car, 1
Car,1 ——wm» Car,3 —» Bear,2
Deer Bear River Car, 1 Car, 1 Car, 3
CarCarRiver ——w»{ CarCarRiver ——» Car, 1 Deer, 2
Deer Car Bear River, 1 River, 2
Deer,1 ——w» Deer,2 —
Deer, 1
Deer, 1
Deer CarBear ——w» Car, 1 /
Bear, 1 River, 1 ———m| River, 2
River, 1

"1, CERN
I,= openlab
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The Hadoop Ecosystem
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Apache Spark

Overview
[ ]
,?..'l Apache Spark is an open source
?l..‘é° cluster computing framework
[ ]
o) Brought fast, iterative, near real-time
..? ..6 processing with no strict programming
'l..é’ model — everything that MapReduce
¢ lacked.
]
[ X J [ J
@ @ APIsin Python,Scala, Java, R
'0'-
oll®
=% cERN
I, openlab

Spa

K

™

Compatible with multiple cluster managers:

Apache YARN
Apache Mesos
Kubernetes
Standalone

Multiple File Formats and Filesystem
Compatibility

Consists of multiple components:
Spark SQL
Spark Mlib
Spark Graph
Spark Structured Streaming

36
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Apache Spark SpQ "23

Basic Concepts of Apache Spark

of° RDDS: Resilient Distributed Dataset, the
- o.

ofl®
.,-.'l, Spark supports complex e @» basicabstraction of Spark is collection of
.o ing patterns based on DAG Vog=’ itioned data with primivite val
.:.._ processing patterns based on °ps partitioned data with primivite values
ofe Directed Acyclic Graph: A finite ofle
%" "% directed graph with no directed ol Spark supports two types of
- = grap - o e . .
Beg=  cycles f.q&’ oOperations: transformations and actions
o.' ".
.O-..:'. ..-..... T f H I h I
'0'.- .-.,— executed when we call an action
[ [ J
"::}'gg{gnlab 37




Apache Spark SpQ "Qz

B i

Driver and Executors

import scala.math.random -
cluster

val slices = 3
val n = 100000 * slices
val rdd = sc.parallelize(l to n, slices)
val sample = rdd.map { i =>

val x = random

val y = random

if (x*x + y*y < 1) 1 else ©

¥

val count = sample.reduce(_ + )
println("Pi is roughly " + 4.0 * count / n)

=1, CERN
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Apache Spark Spofg

Hello World — aka « Wordcount »

text file = sc.textFile("/user/emotes/datasets/")
counts = text file.flatMap(lambda line: line.split(" ")) \
.map (lambda word: (word, 1)) \
.reduceByKey (lambda a, b: a + b)
counts.saveAsTextFile (" /user/emotes/outputfolder/")

SQL on Spark

#defining dataframe with schema from parquet files
val df = spark.read.parquet("/user/emotes/datasets/")

#counting the number of pre-filtered rows with DF API
df.filter ($"llusername" .contains ("emotes")) .count

#counting the number of pre-filtered rows with SQL
df.registerTempTable ("my table")

spark.sql ("SELECT count(*) FROM my table where llusername like '%emotes%'") .show

*i, = openlab Evangelos Motesnitsalis - inverted CERN School of Computing 2019 39
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Apache Spark SpQ "Qz

Hello World — aka « Wordcount »

w1 w2 w3

RDD input w1 w1l w3
wl w3 w3

RDD words w1, w2, w3, w1, w1, w3, w1, w3, w3]

RDD words with [(w1,1), (w2,1), (w3,1), (w1,1), w1,1),(w1,1),
initial counts (w3,1), (w1,1), (w3,1), (w3,1)]

RDD words with [(w1,4), (W2,1), (w3,4)]
final counts

V1. CERN
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Standard Physics
Analysis Procedures



HEP Data Processing

Physics Analysis is typically done with the ROOT Framework which uses physics data that are saved in
ROOT format files.

At CERN these files are stored within the EOS Storage Service.

EOS Service ROOT Data Analysis Framework

A modular scientific software framework which provides
all the functionalities needed to deal with big data
processing, statistical analysis, visualization and file storage.

A disk-based, low-latency storage service with a
highly-scalable hierarchical namespace, which enables
data access through the XRootD protocol.

S
i - ROOT

Data Analysis Framework

V1. CERN
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WLCG

Worldwide LHC Computing Grid

The Worldwide LHC Computing Grid

ofe (WLCQG) is a global collaboration of
°_? .5 more than 170 institutions
1:.,5. in 42 countries which provide

resources to store, distribute and
analyse the PBs of LHC Data

WLCG

Worldwide LHC Computing Grid

V1. CERN
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LHC Data Flow at CERN

Event Processing,
Filtering skimming

Event

Analysis :
Y Selection

Reconstruction

Raw Data

L
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Big Data Tools
for High Energy Physics



Bridging the Gap

Physics Analysis is typically done with the ROOT Framework which uses physics data that are saved in
ROOT format files. At CERN these files are stored within the EOS Storage Service.

ROOT 5901(\3

Data Analysis Framework

jupyter
WI:{:(B ﬁ ﬁ ﬁ o -

Worldwide LHC Computing Grid

1. access data 2. read format 3. visualize

=¥ CERN
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Different Approaches for Physics Analysis with Spark

Column:
physics entity

\/
I [ N

Row:
collision event

Q\‘ Can be nested

structures
(tree-like)

=)

ROOT dataset stored in
one or multiple files

] K
-' '- 1:Apache Spark with Hadoop-XRootD Connector, spark-root, SWAN
{ L

] H
< :- 2:Apache Spark with ROOT Rdataframe, SWAN

LY
=1, CERN

*i, = openlab Evangelos Motesnitsalis - inverted CERN School of Computing 2019 4




The ‘Hadoop — XRootD Connector’ Library

Connecting XRootD-based Storage Systems with Hadoop and Spark

ol®
- ve .
&0 ._ A Java library that connects to the

l.'." XRootD client via NI

C++ Java

..:' Reads files from the EOS Storage
...." Service directly EOS Hadoop
Storage HDFS API
Service XRootD RIS
. Makes all Physics Data available # T Client C:)(EgzztDor §7
','.“ for processing with Spark tedesy

.?. ' Supports Kerberos and GRID

b
° o ." Certificate Authentication

Open Source: https://github.com/cerndb/hadoop-xrootd

V1. CERN
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The ‘Spark — Root’ Library Spa ROOT

Data Analysis Framework

- :l, A Scala library which implements .-?..'k Spark can read ROOT TTrees and
?... s¢  DataSource for Apache Spark °...6‘ infer their schema
o?.'..o Root files are imported to o?.'.o Developed by DIANA-HEP in
[ J - [ -
'..' .6’ Spark Dataframes/Datasets/RDDs ":. .é’ collaboration with CERN openlab
Open Source: https://github.com/diana-hep/spark-root/
"::}'gg{gnlab 49
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ROOT RDataframe

-
F@[ |f= 0S Executor
4 N\
Spark Backend Make ranges
Driver e e
Schedule tasks
Spark Cluster

ol Mol din Cit o Exploratory work to e
o ve), mplementedin o *), parallelize RDataFrame o> *).  Spark Dataframes tailored
e @ byt also interfaced - o . . - o
'..'.5' Pyth ° ,.é‘ computations with s é‘ for ROOT and HEP

* on Fython ° multiple backends ¢

{l}g?gnlab Evangelos Motesnitsalis - inverted CERN School of Computing 2019 20




SWAN Service and Spark Integration

Hosted Jupyter Notebooks for Data Analysis

oo o  Web-based interactive analysis s A :
- o : : e @ No need to install software
fogo using PySpark in the cloud Yoo
o" ’..
oll® i~ ol®
.?.'.. CoYer the need for user-friendly : ....". Combines code, equations, text and
e @ cpvironments that allow collaboration - e -
ogam : foqe’ Visualisations
ofe and sharing between researchers o
=1, U0 Fuly Inegrated with IT Spark and
“a ¢ Direct access to the EOS and HDFS o Y TEes P
Jogqe §sp& Hadoop Clusters
o" .o P
https://swan.web.cern.ch/
%ﬁggikhb ot

Evangelos Motesnitsalis - inverted CERN School of Computing 2019
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Overview

||Il| Jupyter ®®

accessed by

runs on I’UFIS on
APACH E

=l Spark

access data from

éggg MESOS
O

openstack.

kubernetes

access data from

o

I
EOS Storage Service

=¥ CERN
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Physics Analysis
with Apache Spark



The Use Case of the
CMS Data Reduction Facility



CMS Data Reduction and Analysis Facility

Performing Physics Analysis and Data Reduction with Apache Spark

ol ® . oll®
..-.'.. Investigate new ways to analyse ....'.. Main goal was to be able to reduce 1 PB of data in
@ @& physics data and improve resource - o
feqe LA . : fogo 5 hours or less
) utilization and time-to-physics o)

°ye Data Reduction refers to event °Ye ) . , )
=), , , K had A It offers an alternative for ‘ad-hoc’ data reduction
@ @ sclection and feature preparation based =  @»

. . . ° =  for each research grou
':lo- on potentially complicated queries ':". group

.":. We now have fully functioning .‘.:. Bridee th b Hish E Physi 4B

[ X ] [ J [ X J [

?' & Analysis and Reduction examples ?. = D” ge the &P .etween 'gh Enerey Fhysics and Blg
0" tested over CMS Open Data 4 L ata communities

._.-"=I6CERN 55
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CMS Data Reduction and Analysis Facility

Recorded and simulated Events centrally
produced Analysis Object Data (MINIAOD)

~4 X year

Ntupling

CMS Data
Group ntuples R&dUCtIOI"I
Facility

~1 x week

Skimming
&
Slimming

Group analysis ntuples

0 o

— = — "'5

7 o

> B > e

= © © =89

c P c « 8

(= a <

€ £ 2 _ :

3 = '® | machine learning

8 g E technique

I —

= a’) LN o ®

e brd = s

3 = B EC

&) = @ =

plots and tables

"1, CERN .
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Examples



Example on Physics Analysis

Test Workload Architecture and File-Task Mapping

Spark Cluster

{Physics Analysis Code} @@ .]

Executor
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Executor x1 x
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Example on Physics Analysis with SWAN

Spark clusters connection s 4

FILE EDIT VIEW INSERT CELL KERNEL HELP Not Trusted | Python2 O @@ ;oudare'yszt.)mgtoconnecno:
adalytic

B 4+ % @ B A % MW B C Makdown 3| (em) (=) (42
You can configure the following options.
Environment variables can be used via {ENV_VAR_NAME}.

Add a new option

Write the option name..

Bundled configurations
Include NXCALS options

Spark

Selected configuration

& spark.shuffle.service.enabled
false

Integration of SWAN with Spark clusters

& spark.drivermemory
29

& spark.executor.instances
4

This notebook demonstrates the functionality provided by a SWAN prototype machine that allows to offload computations to
an external Spark cluster. The Spark version we are going to use is 2.1.0 and we are going to connect to the analytix cluster (as
previously selected in the SWAN web form).

Step 1 - Acquire the necessary credentials to access the Spark cluster.

In [1]: Aimport getpass
import os, sys, re

print("Please enter your password")

ret = os.system("echo \"#s\" | kinit" % re.escape(getpass.getpass()))
if ret == 0: print("Credentials created successfully")
else: sys.stderr.write( 'Error creating credentials, return code: %s\n' % ret)
= o . 59
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Example on Physics Analysis with SWAN

In [11]: | val h = df.filter(_.muons.length >= 2).flatMap({e: Event => for (i <- © until e.muons.length; j <- 0 until
e.muons.length) yield buildDiCandidate(e.muons(i), e.muons(j))}).rdd.aggregate(emptyDiCandidate)(new Increment, new
Combine);
1 EXECUTORS 1 CORES 2 COMPLETED
Event Timeline Bshow task phases
10:25:57 10:25:58 10:25:59 10:26:00 10:26:01
B0O | (0D0O 200 400 600 BOO (OO0 200 400 600 800 ||oOO 200 400 600  BOO (OO0 200 400 | 600
Jobs: Zeolest  |scokst
Stages: 2ookect  Scolot
Bicolect |
Tasks: ] BRIV E A CRUATCIT A0 RO TPONT TR ERTREI A
driver AU EELCERAR TR PO OO LT RO AR fOLDRLRCLEAEMRTIELR AR RER TE T R
localhost LLE SO ITE] (T RN AR RS T AL
(LI 11 O 0
I (N 1 11| IATIE ||
[ 1§ | I 1l | ||
I | N
|
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Example on Physics Analysis with SWAN

1 EXECUTORS 4 CORES 2 COMPLETED
Job ID Job Name Status Stages Tasks Submission Time Duration
v 2 reduce COMPLETED 212 5 minutes ago 3s
Stageld Stage Name Status Tasks Submission Time Duration
5 reduce COMPLETED “ 5 minutes ago 25
4 coalesce COMPLETED 5 minutes ago Os
v 3 foreach COMPLETED 171 (1 skipped) “ 5 minutes ago 1m:20s
Stageld Stage Name Status Tasks Submission Time Duration
5] coalesce SKIPFED Linknowm -
7 foreach COMPLETED “ 5 minutes ago 1m:20s
=¥, CERN
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Final Result



[scala> val espty = Bin(40, 0, 100, {x: Float => x})

|lempty: org.dianahep.histogrammar.Binning(Float,org.dianahep.histogrammar.Counting,org.dianahep, histogrammar,.Counting,org.dianahep,histogrammar.Counting,org.dianahep.histogranmar.Counting] = <Binni
;ng nun=40 low=0.0 high=108.6 values=Count underflow=Count overflow=Count nanflow=Count>

|scala> val histo = muons.as[Seql[Float]).flatMap({case x => x}).rdd.aggregate(empty) (new Increment, new Combine)

|recoMuons_muons_ RECO

|[Lorg.apache.spark.sql.sources.Filter;@798f8f25

117/869/20 15:06:45 WARN ClosureCleaner: Expected a closure; got org.dianahep.histogrammar.Increment

117/09/20 15:06:45 WARN ClosureCleaner: Expected a closure; got org.dianahep.histogrammar.Combine

histo: org.dianahep.histogrammar.Binning(Float,org.dianahep.histogrammar.Counting,org.dianahep. histogrammar, Counting,org.dianahep.histogramnar.Counting,org.dianahep.histograsmar.Countingl = <Binni
Ing nua=40 low=0.0 high=100.0 values=Count underflow=Count overflow=Count nanflow=Count>

l

[scala> histo.println

9 8869.30

T o S A R B I e e SRR A R B e S .
|under flow [} | |
;[ a . 2_5 ) 8063 I--l"lluononn-oon-n--o.o...----a.o-u--no.--c-----n---c I
K 2:5:5 % ) 5173 |*esessssssssssssssnnnnannnsnnnnnnn |
:[ S 2 7.5 ) 1629 |-.--.-.---o |
It 7.5, 18 ) 379 |*== |
([ 10 , 12.5) 136 |* |
I[ 12.5, 15 ) 68 | |
{t 15 , 17.5) 26 | |
it 17.s, 20 ) 19 | |
It 20 , 22.5) 8 | |
{ 22.5, 25 ) S | I
[ 25 , 27.5) 4 | |
({ 27.5, 38 ) 7 | |
It 3 , 32.5) 2 | |
i 32:8, 35 ).3 | |
i 3 , 37.5) 2 | |
i 32.5, 48 ) 1 | |
il 40 , 42.5) 1 | |
[ 42.5, &4 ) 3 | |
I 45 , 47.8) 1 | |
Il 47.5, S8 ) © | |
[ s8 , S2.5) © | |
I 52.5, 55 ) 1 | |
it s , S57.5) 2 | |
[ 57.5, 606 ) @© | |
fl 88 , 62.5) o | I
[ 62.5, 65 ) © | |
Il 65 , 67.5) @ | |
Il 67.5, 76 ) o | |
it 70 , 72.5) 1 | |
I£ 2S5, 35:-)0 | |
i 75 , 77.5) @ | |
it 77.5, 88 ) o | |
Il 80 , 82.5) © | |
[ 82.5, 85 ) @ | |
il 8 , 87.5) ®© | |
Il 87.5, 96 ) 1 | |
it 9 , 92.5) 1 | |
it 92.5, 95 ) o | |
[ 95 , 97.5) o | |
Il 97.5, 188 ) @ | |
loverflow 7 | |
inanflow 0 | |
’ B e e e +
{scala> [ |

63

Evangelos Motesnitsalis - inverted CERN School of Computing 2019
AR O O 2. & 5 h 5 O Shh B B D B D GEDD B B oSO 2&»




OK, OK, one with
better graphics



Final Result

<matplotlib. legend.Legend at 0x7fd0a7f£308d0>
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That is what we will do in the exercises ©
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Projects beyond Physics Analysis



Next Accelerator Logging Service (NXCALS)

A control system with: |
=0 Streaming
S ¢ .
Iyy= Online System
API for Data Extraction .
3
5
oY . 2
&b, Critical for LHC ®
T . [a HDFS
{§ Operations i
Parquet
—
] .
& & Runson a dedicated cluster
= Meta-data service
"1, CERN
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Credits: BE-CO-DS
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Data Center and WLCG Monitoring Systems

Data Storage & Data
/ Sources \ Transport Search Access
T A Flume O ) R
LoAMQ AMQ
N \ % Kafka cluster S -
. T (buffering) * { ] 21| K Kibana
=0y, Critical for Data - Fume v o .
. o Il
TS Center operations | == ]| . l T [
o§® IRl A e i~ 1 el
and WLCG wre A4S Flume Flume e _
feed HTTP sink / \ >| ElasticS -
. . Processing earch >
|:| « e Data enrichment € | Elasticsearch ,é
-,':' Logs Log GW Data aggregati.on S
= = 200M events/day e Batch Processing N sm——
4= 500 GB/day Lo ] ™ << SIS SN gy
1 Lemon efic |\ SAAArrYc /| TrmmemeeeT - :
oz P e _ SparK Y, N
N / ) S 4 2 (influxdb)
3 ulég G&%g B —— N————
Credits: IT-CM-MM
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Computer Security Intrusion Detection

Data ingestion Data processing Storage and visualisation Incident response
X >
Sources of data Malware Information Sharing Platform > Incident
IDS systems: ) Intelligence framework ‘ Response
Bro, Snort / Suricata b l ’ ‘ Batch & custom jobs‘
s A \
‘ System logs ‘ Data Aggregation Stream
=»| enrichment Correlation processing
‘ Netlog ‘
Spark ’

‘ Execlog ‘ P L‘ Long term storage ‘ (:rl:)::::::::

- Kafka

‘ Active Directory / Krb ‘ Custom CLI

‘ Single Sign On logs ‘

parse & i’ ‘ Central data backbone ‘
‘ Web logs ‘ SRS : ’

Enrichment

Elasticsearch

I

U Real time indexing ‘

correlation and

‘ DNS logs ‘ ! ‘ Network database‘ ‘ Active Directory “ 1 aggration
‘AUtomatic scan results ‘ o ‘ DNS / DHCP ‘ ‘ Geo IP ‘ ‘Dashboards/visualisation‘ Remote
‘ Webhole logs ‘ forensics

L ) Sources of information
=¥ CERN

I, openlab

Credits: CERN security team, IT-DI
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Conclusions



Conclusions

® ([ ]
.?"'. There is a broad ecosystem of Big Data Frameworks, most of which share the same architecture
&8 AR Y g
°.,..4' principles such as resource pooling, high availability, fault tolerance, etc.

.-.."'é Popular Big Data Frameworks such as Apache Spark show great potential in bridging the gap
"...6’ between the High Energy Physics community and the Big Data community.

] R . . . .
&0 S There are now available tools and services to use these big data technologies in order to

l:.- perform analytics on physics, infrastructure, and accelerator data.
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