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ECAS, EOSC-hub and
Ophidia




ENES Climate Analytics Service (ECAS)

v The ENES Climate Analytics Service
(ECAS), is a Thematic Services in EOSC-
hub to supports climate data analysis

v' Enable server-side analytics workflows for
Earth system researchers and beyond

v Induce cultural change: No more “download
and process at home”

v" Involved institutions: CMCC and DKRZ

ECAS builds on top of the Ophidia big data
analytics framework integrating components
from INDIGO-DataCIoud, EUDAT and EGI The E‘uro.pean Commission Iaun.ched the Eu.ropearT Open SC|enceC‘Ioud |I’Tll'lal'lve to
capitalise on the data revolution. EOSC will provide European science, industry
and public authorities with world-class digital infrastructure that bring state of the
art computing and data storage capacity to the fingertips of any scientists and
engineer in the EU.

—- EOSC-hub receives funding from the EU’s Horizon 2020 research and innovation programme under grant agreement No. 777536.
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Ophidia: a scientific big data analytics framework

Ophidia (http://ophidia.cmcc.it) is a CMCC Foundation research
project addressing fast and big data challenges for eScience

It provides support for declarative, parallel, server-side data
analysis exploiting parallel computing techniques and database
approaches

It provides end-to-end mechanisms to support complex
experiments and large processing workflows on scientific
datacubes
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Ophidia in a nutshell

v Big data software stack for scientific data analysis

v Features: time series analysis (array-based analysis), data subsetting (by
value/index), data aggregation, data intercomparison, OLAP support, etc.

v Use of parallel operators and parallel I/O

v’ Support for complex workflows / operational chains

v Extensible: simple API to support framework extensions like new operators
and array-based primitives
v currently 50+ operators and 100+ primitives provided
v Multiple interfaces available (WS-I, GSI/VOMS, OGC-WPS).

v Programmatic access via C and Python APIs

v Support for both batch & interactive data analysis




Big data and HPC convergence as a paradigm shift to large-
scale data analysis experiments

« Volume, variety, velocity are key challenges for big data in general and eScience contexts too

* High Performance Data Analytics solutions are becoming key to manage data analysis at scale
* In-memory analytics can help reducing time to solution

« Workflow management has to orchestrate millions of analytics jobs
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S. Fiore, A. D’Anca, C. Palazzo, I. Foster, D. N. Williams, G. Aloisio, “Ophidia: toward bigdata analytics for
eScience”, ICCS2013 Conference, Procedia Elsevier, Barcelona, June 5-7, 2013




Server-side paradigm and the datacube abstraction

g

Oph_Term: a terlminal-like commands
interpreter serving as a client for the
Ophidia framework

Ophidia framework: declarative,
parallel server-side processing

Through the oph_term the user can
send commands to the Ophidia
framework to manipulate datasets

Three interaction modes:
Operators, Workflows, Python Apps

g

User metadata
information

-

‘ Metadata provenance

--> https://ophidia.cmcc.1t:8443/162/169 (ROOT)
https://ophidia.cmcc.1t:8443/162/170 (oph_reduce)
L https://ophidia.cmcc.it:8443/162/171 (oph_merge)
https://ophidia.cmcc.1t:8443/162/172 (oph_aggregate2)
System https://ophidia.cmcc.it:8443/162/173 (oph_rollup)
https://ophidia.cmcc.1t:8443/162/174 (oph_reduce)
metadata Of.the https://ophidia.cmcc.1t:8443/162/175 (oph_reduce)
datacube (s/ze, https://ophidia.cmcc.it:8443/162/176 (oph_aggregate)
. . . https://ophidia.cmecc.1t:8443/162/177 (oph_aggregate)
distribution, eftc.)




Ophidia architecture 1.0

Storage model, primitive & operators




Ophidia Architecture (sw stack view)

* Declarative language
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Storage model (dimension-independent) & implementation
Array-based support and hierarchical storage
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Array based primitives (single chunk level)

oph_boxplot(oph_subarray(oph_uncompress(measure), 1,18), "OPH_DOUBLE?”)

Single chunk or fragment (input)

INPUTTABLE 5 tuplesx 50 elements

ID MEASURE
1 . 10,73
2 | 22,85
: | 19,89
4 . 11,6
5 : 13,9
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12,43
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Single chunk or fragment (output)

OUTPUTTABLE 5 tuplesx 5 elements (summary)
ID MEASURE

1 1,95 8,64/ 1047 11,87 16,11
2 14,81 18,14 19,93 21,66/ 24,35
3 19,89 22,74 24,24/ 26,45/ 30,17
4 6,87 10,99 12,85 14,28 16,93
i 5 9,23 13,87 15,05 16,61 2041
i

ID=2

ID=3 ID=4 ID=5
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Analytics operators (datacube level)




Analytics operators (datacube level)

Data Operator

OPH_CONCATNC
OPH_DELETE
OPH_DUPLICATE
OPH_EXPLORECUBE
OPH_EXPORTNC

OPH_IMPORTNC

OPH_INTERCOMPARISON

OPH_INTERCUBE

OPH_MERGECUBES

OPH_PUBLISH
OPH_RANDCUBE
OPH_REDUCE
OPH_SCRIPT
OPH_SUBSET

Description

Concatenates a NetCDF file to a data cube.

Deletes a data cube.

Duplicates a data cube.

Shows the content of a data cube.

Exports a whole data cube into a single NetCDF file.
Creates new a data cube importing data from a
NetCDF file.

Generates the difference value-by-value between
two homogeneous data cubes.

It executes an operation between two data cubes
and returns a new data cube as result of the
specified operation applied element by element.
Merges the measures of n input data cubes creating
a new data cube with the union of the n measures.
Generates web pages representing the data stored
in the fragments.

Creates a new data cube with random data.

Applies a data reduction operation along one or
more implicit dimensions.

Executes a bash script.

Extracts a subset from a data cube using the values
of the dimensions.

Metadata Operator

OPH_CUBEELEMENTS
OPH_CUBEIO
OPH_CUBESCHEMA

OPH_CUBESIZE
OPH_FIND
OPH_LIST
OPH_LOGGINGBK
OPH_MAN

OPH_METADATA
OPH_OPERATORS_LIST

Description

Computes and displays the total number of
elements contained in a data cube.

Shows the provenance of a data cube.

Displays the metadata and dimension information
associated to a data cube.

Computes and displays the total size (on disk) of a
data cube.

Finds a data cube.

Displays the list of data cubes and containers
available.

Shows session and job information.

Shows a description about an operator or
primitive.

Manages metadata information.

Displays the list of available operators.

About 50 operators for data and
metadata processing




Pipelining analytics operators to reduce data
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Ophidia architecture 2.0

Workflows management, python
applications, in-memory analytics
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Runtime perspective: managing analytics workflows

s




Workflows design

v A Data Analytics Workflow Modelling Language (DAWML) has been defined

v Extensible schema jointly defined with application-domain scientists

v The schema allows the definition of abstract workflows
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C. Palazzo, A. Mariello, S. Fiore, A. D'Anca, D. Elia, Dean N. Williams, G. Aloisio, “A workflow-enabled big data analytics software

stack for escience”, HPCS 2015: 545-552
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Workflow design

(case study on fire danger analysis - Italy-Greece pilot area)
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See presentation by A. D’Anca (CMCC) tomorrow



Architecture 2.0

Workflow support on
the server side

Separation of concerns
between framework and
I/O components

Support different 1/0

servers

Native I/O server with
parallel execution engine

Multiple storage systems
supported
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Analytics workflows support and interfaces




T
Analytics workflows support and interfaces

22
and more...
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Iterative interface: oph_for

Three steps:

1. An initial task used to import data in Ophidia

2. An iterative block used to evaluate a spatial reduction over data
related to the same month

3. Afinal task used to delete data loaded in the first task.

23



Parallel interface: oph_for, parallel=yes

Operator oph_for »
(parallel) |

24



Parallel interface: nested for loops

—
—
—
—
—

Youtube video: https://www.youtube.com/watch?v=PTZkw60YCNU
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Parallel interface: nested for loops (execution)




Operator oph_wait (type=clock)

Pause Import data
oph_wait oph_importnc

Operator oph_wait (clock) »

Import data »




Operator oph_wait (type=file)

Check for data
source availability
oph_wait

Import data
oph_importnc

Operator oph_wait (file) -

Import data -




Interactive workflow and inter-wf dependencies
operator oph_wait (type=input) and oph_input

oph_wait and oph_input interfaces can be effectively used to setup interactive
tasks, namely tasks that can be completed only after the user sends additional data

Besides interactive workflows, the operators wait and input can also enable inter-wf
dependencies

It is also possible that more than two workflows interact in this way.

Workflow A

oph_wait

oph_input

oph_input oph_wait

Workflow B



- 0_00000___]
Centralized multi-model analytics experiments

(CMIP/ESGF context)

B The ESIWACE project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement No 675191 http.//www.esiwace.eu

See presentation by A. D’Anca (CMCC) tomorrow



Distributed analytics experiments
(Two-level workflow strategy)

A first experiment across sites was demonstrated at the
INDIGO Review, November 2016 in Bologna

* Strong synergy with the ESGF Compute Working Team
* International collaboration across the Atlantic

S. Fiore, M. Pldciennik, et al.: Distributed and cloud-based multi-model
analytics experiments on large volumes of climate change data in the Earth
System Grid Federation eco-system. BigData 2016: 2911-2918

See next presentation by M. Plociennik (PSNC)




Looking forward
Workflow IDE
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The analytics workflow IDE

Analytics IDE - main page




I ————Sssssssssss—————
Easy and automated generation of JSON code

4 )
OPH_FOR
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Deployment of Ophidia on HPC clusters and path towards
large scale workflows

So far we had a dedicated cluster hosting Ophidia permanently for data analytics
purposes/experiments.

v Our latest development relates to automated deploy of Ophidia on the Athena HPC Cluster
at the CMCC SuperComputing Centr

v A user can submit a deploy task on the cluster and get his/her own instance running

v From the Ophidia terminal he/she can start running an analytics session, run workflows,
produce output and store them persistently on the storage

v After that h/shee can undeploy the cluster with a separate undeploy task and release the
resources

v Such feature is still in alpha stage and we’ll released once further tested in production by
our scientists

v Ongoing: to replace the available software components with containers

o




Useful resources and
final remarks
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Ophidia documentation and social/multimedia content

Website: http://ophidia.cmcc.it 37
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Conclusions

v ECAS represents the community evolution of Ophidia
v One of the thematic service in the context of the EOSC-hub

v OLAP approach for big data — multidimensional data model
v It provides access via CLI (end-users) and API (devel users)
v Programmatic access via C and Python APIs

v' Workflow support to build very complex analysis experiments
v Design language
v Conditional and loop statements
v Parallelism support
v Interactive & batch
v Inter-wf dependencies
v/ CLI and web- based tools
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Thanks

Do you want to join?

ECAS/Ophidia is an open source effort

Feel free to get in touch with us
sandro.fiore@cmcc.it

http://ophidia.cmcc.it @OphidiaBigData www.youtube.com/user/OphidiaBigData
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