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mn What this lecture is about

= Data analytics — general view
» Data analytics workflow structures and systems

= Enable quality of analytics (QoA) for data
analytics

= Quality of data in data analytics workflows

= Data elasticity management
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mn What this lecture is about

= After this lecture
= Apply and revise the analytics part in your project

= Deal with quality of analytics and see how you could
offer quality-aware analytics in your project
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mn Big Data

= Big volume, Big velocity, Big variety, Big
Veracity

= Sources

* Internet of Things, human participation, social
networks, software services, environment monitoring,
advanced science instruments, science discovery,
etc.

= Several challenges in terms of data gathering,
integration, and analytics

H. V. Jagadish, Johannes Gehrke, Alexandros Labrinidis, Yannis Papakonstantinou, Jignesh M. Patel, Raghu Ramakrishnan,
and Cyrus Shahabi. 2014. Big data and its technical challenges. Commun. ACM 57, 7 (July 2014), 86-94.
DOI=10.1145/2611567 http://doi.acm.org/10.1145/2611567
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mn Data Management/Delivery
Systems

= Static data — data at rest
» Hadoop file systems

» Large scale storage data systems
= jRODS, NoSQL

= Web services for Data-as-a-Service (e.g., GIS)
» Real time data — data in motion

= Cloud data platforms, e.g. Xively

= Several MOM (Message-oriented Middleware)
= E.g., Apache Kafka

» Domain-specific streamming systems (e.g., images)
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mn Data Processing Framework

= Batch processing
= Mapreduce/Hadoop
= Scientific workflows

= (Near) realtime streaming processing
= 54 & Storm

= Hybrid data processing
» Summingbird, Apache Kylin
= |mpala, Storm-YARN
= Apache Spark
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mn Conceptual View

Data Analytics

Data Analysis

. ~ .

Streaming/Online Batch Workflow Hybrid Data

Analytics,

Tools, Data Processing Data Processing Processing
Processes & . —
Models ', T ;
Data Processing Framew’o’st~
(Near) Static data

realtime data
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mn Data analytics processes — a bird view

Important notes: Structures
and resources
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mn Data analytics processes

= Main categories
= (Batch) workflow-based processing

= Stream data processing

= Hybrid data processing
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mn Workflow-based processing

Workflow <parallel>

<activity name="mProject1">
‘ <executable name="mProject1"/>

</activity>
Workflow Region n

<activity name="mProject2">
‘ <executable name="mProject2"/>
</activity>

Activity m

I,

Code Code Code

Hong Linh Truong, Schahram Dustdar, Thomas Fahringer: Performance
ASE Summer 2016 10 metrics and ontologies for Grid workflows. Future Generation Comp.
Syst. 23(6): 760-772 (2007)



mn Different views of (data analytics)
workflow systems

View
Domain Data/Computati System ):ﬁgg e'?n
view on view view o
. - D H - . . - - . .
Business Cs"ca:inelnlc?e inteﬁsziave noimggs?vlg intlgrrl]:iCe Grid Enterprise baosue t?;\s/gg Batch job Interactive
Workflow Norkflow vorkflow vorkflow vorkflow workflow workflow vorkflow vorkflow workflow workflow
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mn Stream data processing

A keyless event (EV) arrives at PE1 with quote:
BV Quote ‘I meant what | said and | said what | meant.”, Dr. Seuss

" P roceSSI n g i L‘ QuoteSplitterPE (PE1) counts unique
VAL quote=Tl... - words in Quote and emits events for

elemen tS/ ope rators T ] each word
a re a rra n g e d i n EV  WordEvent

KEY  word="said"

graphs S
u Stre a m i n g d ata EV UpdatedCountkv

KEY _ sortiD=2

comes to prOCGSSing VAL _ word=said count=3_
elements SortPE (PE5-7)

continuously sorts partial
lists. Emits lists at periodic

= Results from an N

element are passed to T

another WD eName ey Tuple

IPE1 QuoteSplitterPE null

EV  WordEvent
- KEY _word="{"
" VAL count=4

WordCountPE (PE2-4)
keeps total counts for
each word across all
quotes. Emits an event
any time a count is
updated.

PE2

. EV _ UpdatedCountEy
“ KEY _ sortiD=3

VAL  word="I" count=35

MergePE (PES) combines partial
TopK lists and outputs final
TopK list.

Source: Neumeyer, L.; Robbins, B.; Nair, A.; Kesari, A., "S4: IPE2 WordCountPE  word="said"
Distributed Stream Computing Platform," Data Mining Workshops ﬁa@i """"" WordCountPE word=""
(ICDMW), 2010 IEEE International Conference on , vol., no., PEs SortPE sortiD=2
pp170,177, 13-13 Dec. 2010 ﬁj_E"?""""" SortPF sortiD=9
PES MergePE topk=1234

Check also: http://www.infosys.tuwien.ac.at/teaching/courses/socloud/ws2011/slides/streamprocessing.pdf
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mn Hybrid data processing

Combine batch processing and streaming processing
e.g., https://spark.apache.org/

batch layer serving layer

balch view
master dataset “'_} ) .
/ balch view |--===-==f--=""

—
new data
.
-

N speed layer I - query
Treal-llrﬂn VI Lr&al-hmc ViaW ’.

i
3
L] a
o .-I C
% ¥ i
#
5§ 2 [
e

Source:http://lambda-architecture.net/
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mn Applications

= \When we have different problems required
different data processing models for different
workload/performance

= Near realtime monitoring + predictive analytics

= Support many phases in data integration and
analytics with the same framework

= Dealing with static and realtime data in decision
making
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WORKFLOWS
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IS Data analytics workflow execution
models

workflow m===)  Execution Engine
(o (=)
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IS Data analytics workflow execution
models

Execution Engine

it —

A

| Web service
Local || MapReduce/Hadoop P
Input | syb-Workflow DAL
data MPI Results

N~

Other solutions
Dockers/VVMs/Servers/Cloud/Cluster
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BEEl Representing and programming
data analytics workflows/processes

= Programming languages
» General- and specific-purpose programming
languages, such as Java, Python, Swift

= Programming models
» such as MapReduce, Hadoop, Complex event processing, Spark

= Descriptive languages

» BPEL and several languages designed for specific
workflow engines

= They can also be combined
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mn Examples of systems and
frameworks for data analytics

workflows
ASKALON TRIDENT
KEPLER Apache ODE +
TAVERNA WS-BPEL
ADEPT JOpera
MapReduce/Hadoop Pegasus
R Swift

Airflow
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Pros and cons of (data analytics)
workflow systems

lan J. Taylor, Ewa Deelman, Dennis B. Gannon, and Matthew Shields. 2006. Workflows for E-Science: Scientific
Workflows for Grids. Springer-Verlag New York, Inc., Secaucus, NJ, USA.

Bertram Ludascher, Mathias Weske, Timothy M. McPhillips, Shawn Bowers: Scientific Workflows: Business as
Usual? BPM 2009: 31-47

Mirko Sonntag, Dimka Karastoyanova, Frank Leymann: The Missing Features of Workflow Systems for Scientific
Computations. Software Engineering (Workshops) 2010: 209-216

Lavanya Ramakrishnan and Beth Plale. 2010. A multi-dimensional classification model for scientific workflow
characteristics. In Proceedings of the 1st International Workshop on Workflow Approaches to New Data-centric
Science (Wands '10). ACM, New York, NY, USA, , Article 4 , 12 pages. DOI=10.1145/1833398.1833402
http://doi.acm.org/10.1145/1833398.1833402

Jia Yu and Rajkumar Buyya. 2005. A taxonomy of scientific workflow systems for grid computing. SIGMOD Rec. 34,
3 (September 2005), 44-49. DOI=10.1145/1084805.1084814 http://doi.acm.org/10.1145/1084805.1084814
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mn Some examples (1)

—=| Wrangler

> Storage
|| System

ﬂ Pegasus

? __|,|| DAGMan
CKA/; Condor “é

WMS

Virtual Gluster

Submit Host Amazon EC2

Source: Gideon Juve, Ewa Deelman, G. Bruce Berriman, Benjamin P. Berman, Philip Maechling: An Evaluation of the
Cost and Performance of Scientific Workflows on Amazon EC2. J. Grid Comput. 10(1): 5-21 (2012)
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mn Some examples (2)

ur»:ﬂ_l. ﬁ_u_'mrkﬂﬂw Enmnﬂfﬁm Runtime Middleware Services
| , | P Resource
Manager
;'-u.u.:u I'.F"eri

"Pi'!."ii‘l"i.

Source: http://www.dps.uibk.ac.at/projects/brokerage/
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n Some examples (3)

B Wpera Desan - ex_densn sl - Bripse S0E =101 =]
Bl [ot Ve hWevigae Saamh Propct Bun Windea Hep
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F0|C [y B85 0% |50 | B o of |70 o2 o | M B0 |55 oo
= cutina S0 e _sorwo. ol =0
-k Prooammd 1)
a@-h-m~m:{|5
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Source: Cesare Pautasso, Thomas Heinis, Gustavo Alonso: JOpera: Autonomic Service
Orchestration. IEEE Data Eng. Bull. 29(3): 32-39 (2006)
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Mn Some examples (4)

Data analyst running R

e = function(p, @) {
jaqlSHUE{..-. P]
jaglSave(..., @)

® jaqlTable("read.. ®)

) @
m= optim(..., &, ...) ®

Model

(1) Issue guery to compute gradients
(@) Forward query / parameters to Jagl

(3) Execute the query in parallel on cluster

R-Jagl bridge

read( ratings)
== L.,

-

transform ...
-> group by

(4) Fetch result

(5) Format result as R data frame

® Use the resultin R

Hadoop

Worker
node

—
i

—_

Worker
node

——
P

Worker
node

J

Source: Sudipto Das, Yannis Sismanis, Kevin S. Beyer, Rainer Gemulla, Peter J. Haas, and John McPherson. 2010.

Ricardo: integrating R and Hadoop. In Proceedings of the 2010 ACM SIGMOD International Conference on Management

of data (SIGMOD '10). ACM, New York, NY, USA, 987-998. DOI=10.1145/1807167.1807275

http://doi.acm.org/10.1145/1807167.1807275
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mn Airflow from Airbnb

=  Workflow is a DAG (Direct Acyclic Graph)

= Task/Operator:

=  BashOperator, PythonOperator, EmailOperator,
HTTPOperator, SqlOperator, Sensor,

= DockerOperator, HiveOperator, S3FileTransferOperator,
PrestoToMysqlOperator, SlackOperator

with DAG('my dag', start date=datetime(2016, 1, 1)) as dag:
(
dag
>> DummyOperator(task id='dummy 1')
>> BashOperator|(
task id='bash 1',
bash command='echo "HELLO!"')
=> PythonOperator(
task id='python 1',
python callable=lambda: print{"GOODBYE!"))
)

Source: http://pythonhosted.org/airflow
ASE Summer 2016 25



mn Mapreduce

map(String key, String value):
/| key: document name
/| value: document contents

for each word w in value:
EmitIntermediate(w, “1™);

reduce(String key, Iterator values):
/| key: a word
/1 values: a list of counts
int result = 0;
for each v in values:
result += Parselnt(v);
Emit(AsString(result));

Source: Jeffrey Dean and Sanjay Ghemawat.
2008. MapReduce: simplified data processing on
large clusters. Commun. ACM 51, 1 (January
2008), 107-113. DOI=10.1145/1327452.1327492
http://doi.acm.org/10.1145/1327452.1327492
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User

Program

(1) fork "
" (1):fork

@) .~ 2
assign assign
_~map reduce

split 0 ‘/4 (6) write _ | output
: file 0
splt 1 ) read (4) local write
split 2 e @
split 3
i output
split 4 file
Input Map Intermediate files Reduce Output
files phasr (on local disks) phase files

Fig. 1. Execution overview.



QUALITY OF ANALYTICS

ASE Summer 2016 27



mn Quality of Analytics (QoA)

= Characterize the results of analytics processes

= Different elements of QoOA
» Performance
= Data quality
= Cost
» Form/data format of output results
= Etc.

= Customer: expects QoA
= Provider: offers QoA and enforces QoA
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mn Performance and Data Quality
Aspects

Is the data good enough
to be stored and shared?

Analytics
Processes

Is the data good

enough?
How bad data
impacts on
performance?

Data quality metrics and models are
strongly domain-specific

ASE Summer 2016 29 29
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SO HOW DO WE ENABLE
QOA-AWARE ANALYTICS?
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mn Solutions

Computational resources provisioning?
= Replication of analytics ?

= Performance and cost measurement and
optimization?

= [mprove quality of input data ?

= |mprove the quality of output data?
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mn Well-addressed concerns --
performance

o o

Workflow performance monitoring and analysis

File RoORitoring Workrow BExperirments | Amdlysis
C5ac8265_dcEd0170-06b1-11db-81de- 83 Execution Phases | Zoomstd | Zunmln| Zoomout | Update| 100% :I Time
| d\w’l | Load Imbalance :
A A Srorkflow 1Dz csacS265_dcBd0170-0604-1 1 dn-ELde-BaTfhEca00n: Active Acivities
Mean Execution Time :
CCurrent Statie: aciive d ed jun 28 Led8: 39 CEST 2006
Instances Distribution : ] computeSsSPcsacd 265 _doBdoly
Activity Execution Workmow: Execution Time (s)
WorkHow Dvertiead 1] 5 10 15 20 2_5 3_0 3.5 4-_D 4-_5 5_0 Lo
Severity
sreptlen T FPerform Problems ; ] IT‘ [»
) ISk = lnitializing = Gueueing ~ PreProcessing ' 'Processing Analyze WS Operation |
.-..qu O T LA Ty i R ) .
1 FostProcessing = Suspending Restarting
thtartZun:PuI'f J e runnpu =CimEndZone Polyg &
Ty umpi; —.L_rlm ErATan s st : Ulsemnds llllm 2|5,ﬁll 3:3,40 5|1.1l1 [ compLaesssPcsac B2E5 _deBd 0170
| ) retfileloot : I 1 I I i ¢ CElamsed Time: 15,537 €
leslra:zr ;'Llfm_ asriied - g:rn:ﬂu If:ﬂ;g - Cj : initSSSP(Cs aC8... D Initialization Tirme: 0021 5
Biln anern [0 PUTECTFIMa 0 esInERdZa ne Pl g ; S
T - D;mmmrmu.«u:lu:ndhrilun gReturs ;| computeEnedz... L Queueing Time: 0.019 5
|| computestanz.. ]l [ PreProcessing Time: 0.018 s
ISR PRET U TR wegrll | computeEndh... [ Processing Time: 15,454 =
e ——— = g computestart.. [y PostProcessing Time: 0021
It arrde ¥ 2Rl
- = n!)J‘.TSlartNl:ll:lE__ . .
o ]
M deslaftznt T og e Pely, vy — J-J:l:lI1‘l|:lu'tES»5&\':-F(_. . -
7 nexistanmNode..,
t"ﬁ ompuleSSsPe..
ir_ﬁcmru
| Qe rEtE Ne 1A o deld |
tra o At e Y1k Hk D oF b ?Hrateuex_b;[jnﬂpde.ldﬂf fm L
1] 1 DEEE Il (N Il | [v]
hitp ffpeg Le3-c/03 vibk . a9 25 Dfwerlisericesf kafaric /DI AxFactory

Hong Linh Truong, Peter Brunner, Vlad Nae, Thomas Fahringer: DIPAS: A distributed performance analysis service for
grid service-based workflows. Future Generation Comp. Syst. 25(4): 385-398 (2009) -
ASE Summer 2016 32 7 e

. a
DiSTRIBUTED SYSTEMS (GROUT ]



IS Well-addressed concerns —
performance/cost

| Query _ | Immediate
" | Parser - Data
Query e A

| o
4
3 =
: La

........

User
A

." --------‘IF------- sEEEEEIEEEEmEmE

=z

| g ¢
\ LB

| >

; 1

; i

; |

} ]

- I_
sajepipuen
MOIHIOM

1\——- QoS Workflow
; Candidates —
E """"EHECU[IGH

Result

Source: David Chiu, Sagar Deshpande, Gagan Agrawal, Rongxing Li: Cost and accuracy sensitive dynamic workflow
composition over grid environments. GRID 2008: 9-16

-
. a
DiSTRIBUTED SYSTEMS (GROUT . *



QUALITY OF DATA IN DATA
ANALYTICS WORKFLOWS
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mn Very little support

= Qurator workbench

= “Personal quality models™ can be expressed and
embedded into query processors or workflows.

= Assume that quality evidence is presented
= Kepler

= A data quality monitor allows user to specify quality
thresholds.

» Expect that rules can be used to control the execution
based on quality.

P Missier, S M Embury, M Greenwood, A D Preece, & B Jin, Managing Information Quality in e-Science: the Qurator
Workbench, Proc ACM International Conference on Management of Data (SIGMOD 2007), ACM Press, pages 1150-
1152, 2007.

Aisa Na’im, Daniel Crawl,Maria Indrawan, llkay Altintas, and Shulei Sun. Monitoring data quality in kepler. In Salim Hariri
and Kate Keahey, editors, HPDC, pages 560-564. ACM, 2010.
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mn Research questions

= What are main QoD metrics, what are the relationship between QoD
metrics and other service level objectives, and what are their roles
and possible trade-offs?

= How to support different domain-specific QoD models and link them
to workflow structures?

= How to model, evaluate and estimate QoD associated with data
movement into, within, and out to workflows? When and where
software or scientists can perform automatic or manual QoD
measurement and analysis

= How to optimize the workflow composition and execution based on
QoD specification?

» How does QoD impact on the provisioning of data services,
computational services and supporting services?
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mn Approach

Core models, techniques and algorithms to allow
the modeling and evaluating QoD metrics

QoD-aware composition and execution

QoD-aware service provisioning and
infrastructure optimization
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IEIE Modeling and evaluating QoD

metrics for data analytics

workflows

activity 1

Data Service

Udilal

Evaluated QoD Metrics

QoD Models

Evaluated QoD Metrics

metrics
QoD Evaluation

Tools

QoD mefrics specification

metrics

modeling and evaluating QoD metrics for workflows

ASE Summer 2016

38

JISTRIBUTED 5 MS R0




mn QoD-aware optimization for data
analytics workflow composition
and execution

activity 1 activity 2

activitys

QoD-aware dynamic composition and
Evaluated/estimated QoD Metrics | execution for workflows
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HOW TO INTEGRATE QOD
EVALUATORS? AND WHICH CONCERNS
NEED TO BE CONSIDERED?
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mn QoD metrics evaluation

= Domain-specific metrics

» Need specific tools and expertise for determining
metrics

= Evaluation
= Cannot done by software only: humans are required

= Complex integration model
* Where to put QoD evaluators and why?
= How evaluators obtain the data to be evaluated?

» [mpact of QoD evaluation on performance of
data analytics workflows
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WHAT KIND OF OPTIMIZATION CAN BE
DONE?
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I QoD-aware optimization for data
analytics workflows

* Improving quality of analytics
= Reducing analytics costs and time

= Enab
= Enab
= Enab
= Etc.

iIng early failure detection
Ing elasticitiy of services provisioning
Ing elastic data analytics support

ASE Summer 2016 43



EXAMPLE: QOD-AWARE
SIMULATION WORKFLOWS
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mn QoD-aware simulation workflows

Preprocessing Phase

o [T | |2 -fkw| (g R

material FEMimpl + initial boundary initial solver type +
parameters FEM grid type FEM grid condition condition error tolerance
i Ad ' YR WY
! A | P Pl P
”””””””””” S L A b P P
O “\_ﬂl\_r:\ _______ b AV AN ) 1 o | !
,,,,,,,,,,,,,,,,,,,,,,,, S N P N O N N S B B S
(A Ab e A Ll Pl
___________________ H 1 [ [ Lo |
C - 1 At 'l P |
b P eh L [ O S S R R
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, T S S N N N
] | [ I !
1 [ Ay |
T ! | !
U |
|
postprocessing
WtXUt Legend:
A A Control flow
+ (intermediate) —»
Results Postprocessing Data dependencies
© e
—
Time Loop (8)0 fori=1ton Postprocessing Phase

Solvingwlr:’hase

Michael Reiter, Hong Linh Truong, Schahram Dustdar, Dimka Karastoyanova, Robert Krause, Frank Leymann, Dieter

Pahr: On Analyzing Quality of Data Influences on Performance of Finite Elements Driven Computational Simulations.
Euro-Par 2012: 793-804

Michael Reiter, Uwe Breitenbucher, Schahram Dustdar, Dimka Karastoyanova, Frank Leymann, Hong Linh Truong: A
Novel Framework for Monitoring and Analyzing Quality of Data in Simulation Workflows. eScience 2011: 105-112
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S Hybrid resources needed for
quality evaluation

Challenges:
Subjective and objective evaluation
Long running processes

Our approach

Different QoD measurements
Human and software tasks

T4 _
> >, |»> Interpre - |05
tation
— — e — —
Data Analysis Metric Result Evaluation Data Quality
(Characteristics) (Goodness)
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lJ Evaluating quality of data in
workflows

Workflow Engine —_—

Activity C ﬁ
Activity D +.J
/

new control flow for

/ . QoD evaluation sy
1 QoD Activity Extension

\ passing QoDMetrics
new control flow
/ for QoD evaluation

/
Maped to QoDExtensic
| ctivity
1‘ v T
AN / \ QoD metrics — — — —
Invoked Application/ / \ '
Service i |

Data/Data ReferencQoDMetrics

QoDMetric \ I |

ation P ¢ -
\ Wor/lléﬂow QoD Evaluation Framework

Q d V

N e QoD Monitoring, Analysis, and . QoD Visualization Tool
QoDMetrics — > Interpreation Service —QoDMetrics
QoDMetric Catalog | QoD Evaluation Task
Management Manager
QoDMetric QoD Evaluation

Evaluation Plug-ins Plug-in Manager

Michael Reiter, Uwe Breitenbucher, Schahram Dustdar, Dimka Karastoyanova, Frank Leymann, Hong Linh Truong: A
Novel Framework for Monitoring and Analyzing Quality of Data in Simulation Workflows. eScience 2011: 105-112
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mn QoD Evaluator

= Software-based QoD evaluators

= Can be provided under libraries integrated into
Invoked applications

= WWeb services-based evaluators
» Human-based QoD evaluators
= Built based on the concept human-based services

= Can be interfaces via Human-Task

= Simple mapping at the moment
= Human resources from clouds/crowds
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How to support QoA driven analytics with
tradeoffs of multiple criteria?

QoA: QoD, performance, cost, etc.
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Quality-of-analytics driven
workflows

= How to support QoA driven analytics?

= Some basic steps
= Conceptualize expected QoA
= Associate the expected QoA with workflow activities
= Use the expected QoA

» to match/select underlying services (e.g., data sources,
cloud laaS, etc

= Utilize the expected QoA and the measured QoA and
apply elasticity principles for
» Refine the workflow structure
=  Provision computation, network and data
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mn Using Data Elasticity
Management Process to ensure QoA

DAF 1

ata asset z

T

monitor - _ - A

/adjust i monitor/adj :
- dml-ma—i S i

Monitoring 4= : | . Adjustment o

monitor/adjust

T
LLE L L LY |

Resource

Control .. lg-..multiple service instances of a .
(O Q) i} scalingin L . ) === () () () scaling out
Plan J monitoring/ adiustment action

Tien-Dung Nguyen, Hong Linh Truong, Georgiana Copil, Duc-Hung Le, Daniel Moldovan, Schahram Dustdar:
On Developing and Operating of Data Elasticity Management Process. ICSOC 2015: 105-119
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mn Exercises

» Read mentioned papers

= Discuss pros and cons of descriptive languages - and
programming languages — based data analytics
workflows

= Examine how QoD evaluators can be integrated into
different programming models for QoA-aware data
analytics workflows

* |Implement some QoD evaluators

= Develop techniques for determining places where QoD
evaluators can be performed in your mini projects

= Support data elasticity management in your mini project
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Thanks for
your attention

Hong-Linh Truong
Distributed Systems Group, TU Wien

@linhsolar
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