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* Analytics introduction & Use cases
* Data analytics framework stack — Needs/requirements

e Data analytics stack - Components chosen, new enhancements
* Summary & next steps
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Big Picture — Analytics

: Pro-active e
Reactive Predictive

Continuous monitoring, act on

Acted on escalation, productivity alerts, little impact on end users, but Identifies and then attempts to
impact in hours may miss alerts due to volumes prevent SLA-impacting events

Need Al (ML/DL) analytics
Need Big data framework
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Use cases

Traffic
Prediction

(for dynamic resource
allocation and power
management)

Admission
Control

(Allowing new requests
based on available
resource prediction)
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Traffic
Classification

(for service
differentiation,
security etc...)

Fault
Prediction &

Localization
(for simplifying the
fault management and
oot cause analysi

Traffic
Routing

(for selecting best path
to optimize cost,
maximize link
utilization etc...)

Network
Security

(for intrusion
detection)

AND
Media and
other
Analytics




Big Data Analytics Steps

raining
apps

Data

Collection e . "
Distribution Storage Training Store Models
Agents
(Data Lake) DB

nhferencing

Apps Action

Controllers
- Action (External

Inferencing corelation controllers
such as K8S,

APPC,

SDNC)

Models
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Stack Goals - Decentralization

Central Analytics

Central Site

Distribute

Challenges:

* Petabytes of data need to be transferred
* Need for large storage

* High compute central site requirement.
* Not edge friendly
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Edge Clouds

Predict (s)
Action

Small Edge

Collect
Distribute

Private Cloud

Train

Medium Edge

Collect
Distribute

Predict (s)
Action

Public Cloud

Train

Large Edge

Collect
Distribute
Train (s)
Predict (s)
Action(s)




Stack Goals — Bulk Deployment & configuration

Automation & configuration

* Edges could be in thousands
Regional Regional Regional * Each edge would have its own site orchestrator

Predict (s) Train Train (e.g K85)

Action _ ,
* Need for centralized automation

* To deploy various parts of analytics stack in

Small Edge Medium Edge Large Edge multfple locations.
Collect Collect Collect * Configure them to make them work
together

Distribute Distribute

Distribute e Support for dynamic edges

Predict (s) Train (s)

Action Predict (s) . . '
Action(s) Goal: Deploy and Configure big data analytics

framework in hours instead of months
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Stack Goals — Use known big data frameworks
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INFRASTRUCTURE ANALYTICS APPLICATIONS — ENTERPRISE
HADOOP ON-PREMISE 1 HADOOP IN THE CLOUD STREAMING / IN-MEMORY DATA ANALYST PLATFORMS DATA SCIENCE PLATFORMS MARKETING - B2B MARKETING - B2C CUSTOMER SERVICE
cloudera IR AWS  Microsoft Azure AWS s databricks jstrim 8% Microsoft ‘@ pentahe  alteryx ERiTE data cHmrus | RADIUS  App Awie zeta @bioomreach M SendGrid @ MEDALUA zendesk
e M ntosohers | ent onacan il —— guw. . QUAVUS AYASDI g2 iku INSIDESALES.COM SUl-everstring iy oo | BlueYonder [pERSADO] MoLonaBRIDOS
ivota £ Google Cloud  Biginsights i 7 ) Roomine 1) rapidminer S o e iEiea . ACTIONIO SARTHRU @ siuscons | CANSIGHE NOWDATA
IBM InfoSphere @ iiasvee [@boe Ll dataArtisans ATTIVZCY, Detsmeer QuiRl: {incoma c Q] o Ssense DigitalGenius afiniti
» A B = hazel i inter|ana  ClearStory  Crigami CONTINUUM % aLcor O Dafrena
bluedata jethro A - = hazelcast TERcOM
ENDOR P MODE  Bottienose @ e
NoSQL DATABASES - NewSQL DATABASES GRAPH DBs - MPP DBs — CLOUD EDW 81 PLATFORMS VISUALIZATION T
£ Google Cloud 3WS . s o @neoyi VE'Y aws B= Microsoft 5 +ableau lsapd @ Ciphercioua
ORACLE Microsoft Azure Pivotal mitous : —B nveECTRA
= ® Cockroach Lans Warshouse Systems | & Google Cloud £ Google Cloud
- " cetonis % siftscience
® mongo MarkLogic | vemsal € influxc R i :
: = o o | EEcton : lobker atscave Qlik @ @) papiecor scorecad. g socune
DATASTAX = . & vourhi =% | ®ognitio Pivotal = G, ) P -
rteace Yo & = zai
@ AcangoDB  (®) Couchbase (2 citusdata splice o | Exasol e ARcADIAGATA N R plotly . - o~
redislabs SCYLLA. ¢ paradigm4 mmmnﬁﬁ Objectivity @ dremio | Infoworks G comone ADICSE SRERES G O a I S t O e Ve ra ge n OW n a n
DATA TRANSFORMATION DATA INTEGRATION DATA GOVERNANCE -| MGMT/ MONITORING CoMPUIERLISION HORIZONTAT AL Se
-talend ‘® pentaho 4> Informatica @) muteson | €@ Informatica AWS © New Relic actfio Microsoft Azure & Watson rtana. 25 3R 1
BR snopLogle s e alim @sailPoint | L. O APPOYNAMICS € sentient ) voyager O k
- g 3 ]
it S | S i | Ta S| St | | | & open source packages
<E B3AU™  alooma L collibra Splunk> SignalFx ©druua ' e Aronumenta  PEToum B Sou
N -8 ZALeN! £<7 Alstion S Moogsoft gl unvavel a S EVERAI @ deepomatic | naraiosics «CURIOUSA] o © . .
e e M — Choose rg ht versions
STORAGE ——— CLUSTERSVCS —— APP DEV — CROWD HARDWARE e LOG ANALYTICS 7 SOCIAL ANALYTICS DUSTRIAL ——
aws aws - SOURCING Google TPU CIrm A splunk> W Hootsuite ., i PREDIX
NAIETGE Astire . o | = amazonmechancaituk | (intelD A1 GRAPHCORE 3 movenmor | E3SUMOlOgIC NETSASE . . o UPTAKE
& exacenc e . .
s P brrag s oo o covio | (@Gory | §ewnmeno & tralning an s @
A arunio - - P ATTIV/O - =
< nimble © rotoress ef]§g{e Cnvien. pa— ] @ swiftype 110 D rimacs] et e SccRra
& aumuio ® scale | movidiusds @BLAZINGDB #alphasense A | KIDSAQ bitly - predsts
COHE=ITY il WHIVE WIS noe brytlyt PGswom omni:us  SiEOUA £) logz.io & similarweb . . Ay
inferencing
duetto
AWS M GoogleCloud B® Microsoft Y  teveneees §SAS  1010DATA  vmware TIBCS leraDATA ORACLE P
OPEN SOURS Make them work togeter
FRAMEWORK QUERY / DATA FLOW DATA ACCESS COORDINATION STREAMING STATTOOLS Al/ MAC fecuriTY
e |t Spaik’ SQL ﬁ (5‘.2 @nifi ®mongo =talend Spark @ [ & puthon | ¥ Tend B pache Ranges
= cassandra \ 3 Caffe {NOX
. B st e , Y Fo— @-inc 3 s aps an IXes
‘ YARN & "SLAMDATA BRILL l=. ,ASciDB §€ ot ) § ScalaLab Apache @ s °
Flink «riak [olo0s . Tl catiocs Rl = ry . Sentry
2 @ mesos : neor
Sparl @WCDAP sccurmuLo D rvache Ambans 5 sTorm & sciP O
DATA SOURCES & APIs
HEALTH 101 FINANCIAL & ECONOMIC DATA AIR / SPACE / SEA ~ PEOPLE / ENTITIES
.’ Vgase @ GE Rigltal Bloomberg THomson reuTers [3 | Dow Jones | O ommen (plinet % | acxiem  s¥xperian ebook research
B ~ = Airware AIREBOTICS S =< MIRI
&g Practice fusion 2 thingworx | % EAPITALIC  EBECBs: xignite ©Quandl aspire @ i ERSILON 2 InsideView ¢
o p ) s L8 Crimson Hexagon e o
& €D helium samsara E VSN =g pREMISE  (estimize  secono / » - - =% factua 7 VECTOR _ (il
fitbit carmii| @ & wne o, | Wocveon @S neis  Quantcast _ enigma frocskue: oo | riiiin @i s <
Shinsa | Lo s O | Bienone  Stocktwirs  EBriaw ) oromscvcior memanarn | S, @ cuetiq - Rex Butascing ESY Ad2 o

V1 — Last updated 6/19/2018

C1 THELINUXFOUNDATION

© Matt Turck (@mattturck), Demilade Obayomi (@demi_obayomi), & FirstMark (@firstmarkcap)

mattturck.com/bigdata2018 F I‘ R‘ S T M A R yK\



Stack Goals — Follow Cloud Native and Micro-services design patterns

Security

ISTIO CA, Envoy proxy for Mutual TLS among PODs.
ISTIO ingress for communication outside of clusters.
* ISTIO RBAC

> Security away from applications Operators

To bring up PODs.
To configure using CRDs

Load balancing & CI/CD

ISTIO Envoy with Cilium acceleration
Visualization and monitoring Functions
A/B testing & Canary

 To enable developer functions to get executed
in the pipeline
* Knative
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Stack Goals — Reduce training time

Distributed Learning with data parallelism

Leverage hardware accelerators for
performance
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Stack Goals — Federated/Distributed Learning

Distributed learning orchestration

Aggregator Aggregator .
* To honor Data sovereignty

e Data does not leave the site.

Data Data Data Data

Ownerl Owner2 Ownerl Owner2 ° Aggregatlon Server baSEd

model
 Tensorflow based DL
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Stack - Packages & enhancements to realize analytics stack

Deployment and Automation using ONAP-K8S Support

Collection Distribution Data Training

Agents torage An opinioned stack
(Data Lake) Spark, spark

Store Models Helm Charts
T operator

M3DB, M3DB Scikit learn b8 Container images

Prometheus

CollectD Operator operator TF 'II_'II?g)VOdt Customized DayO profiles
h erator ini
Node Exporter HDFS Writer Model Minio Day2 templates for
Dispatcher I GperEiey dynamic configuration

Deployed using K8S in

cAdvisor HDFS Operator
Collectd Operator

each site

Monitoring

Security via ISTIO

TF Serving AT Deploy with ONAP-KSS.
Tk Serving Sample applications

. ) _ Code:
Messaging Visualization https://github.com/ona

Grafana
Kafka Broker Kafka Operator Zookeeper demo/tree/master/vnfs

Hue
DAaaS

Inferencing Action Action
corelation Controllers
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https://github.com/onap/demo/tree/master/vnfs/DAaaS

Summary & Next steps

* Big data based Al analytics is a need for network and media analytics.

 We are leveraging K8S, Big data eco-system to create the stack.

* Leveraging ONAP service orchestrator to deploy various parts of stack at multiple
sites

* More automation opportunities still exist — Deployment in matter of hours require
enhancements at ONAP.

* Federated learning orchestration is yet to be done

* Model LCM and Model Security work is yet to be done.

* Proving with real Al application might expose few more gaps.

* Help us to improve the stack.
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