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Winning with Al now

Financial services Government Energy Retail
Fraud detection, ID verification Cyber-security, smart cities and utilities Video surveillance, shopping patterns

Health Consumer tech Service providers Manufacturing
Personalized medicine, image analytics Chatbots Media delivery Predictive and prescriptive maintenance
—
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HPE puts Al in Action

N AONAS SEAGATE TEXMARK
FORMULA ONE TEAM
Shaving milliseconds Transforming manufacturing quality Automating worker safety and
off race times assurance using deep learning facility condition monitoring with
from edge to cloud predictive maintenance and video
analytics

—
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Accelerate Al adoption

Speed the design and Give your data science Build your Al models Execute your Al strategy
deployment of your teams instant access at scale with less fast, cost-effectively,
Al strategy to Al tools and data complexity with less risk

Expertise to accelerate Industry’s only turnkey, Most complete, Al- Pay-per-use consumption

your journey with container-based software optimized infrastructure, models that deliver cost,

HPE Pointnext Services platform purpose-built for from edge to cloud and at control and agility across
Al: BlueData every scale all of your clouds

—
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HPE Al Vision

Transform the deployment
and consumption experience
for Al and analytics
whether on-premises or in a hybrid cloud

e
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BlueData role within HPE portfolio

HPE

enaves POINTNEXT,

Edge

Core

Al/ML

Streaming analytics
using Edgeline

—
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Self-service infrastructure for Al and analytics

AI/ML using Apollo 2000 & 6500

Streaming, batch & interactive
——p analytics using Apollo 2000 & 4000

Bursting

Off ramp

HPE BlueData EPIC

Scale-out file & object storage
data lake using Apollo 4000

ot

T
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Systems of record
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Cloud

Analytics Data lake
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Operationalizing ML models is hard

Leal\rﬂnalfuzllr;iats b M | @N;:;: Scientific Computing
PyMC ; Research/Computational
@ . m ’ NumPy s clential
R t hea n.o L B \t mm il
Analytics ° Distributed Systems
" ~ Data Science - ;
ol R /[ spalE | PeErsneeny
' : '-.. Kafk
\ pandas i i ""‘"9’ s (U 0s0m,
_?Q_LAlchcmg ‘2 ’Scrapy b mrpo v

i | 530“" (‘135_1( by -

 django "2 - RDFLIb

Web

— A z00 of tools and frameworks for data
processing, model development, model
training, and visualization

— Not enough effort in standards and
processes for operationalizing models

— Multiple barriers to adoption at scale

Only operational ML pipelines deliver business value

—
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Challenges with ML in the enterprise

Security and governance

Data |
Build — Siloed (local) development
Prep

— Access to scalable compute
— Data duplication

— Inconsistent

processes
— Reproducibility
— Auditability
— Lack of standards — Setup of ML/DL environments
— Prone to errors — Access to scalable compute
— Interpretabilit — Support for multiple frameworks
p y Deploy pp p

— Inefficient handoff
— Scale

—
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I-%W does HPE ML Ops address these challenges

? | Enterprise grade security and control

Data _ — Containerized sandbox environments
Build — Choice of ML/DL tools, interfaces
Prep and frameworks

— Secure access to shared data

- Git integration — Containerized ML/DL environments
— Model registry — Elastic clusters
— Project repository — Python, Spark, TensorFlow, ....

— End-to-end visibility

— 3rd party integrations — Containerized deployment with scalable

Dep|0y endpoints
— Out of the box runtime engines
— Autoscaling and load balancing

—
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HPE ML Ops Architecture

Data Engineers Data Scientists ML Architects
HPE ML Ops i
Monitor
SEaEKS 8 kafka. e of. QP A g TensorFlow | | Spark®  TensorFlow  #es
) 3 Keras M0 Dyxnet A Q_
Data Processing Sandbox Training Serving
Data Prep Build Train Deploy
Collaborate

BlueData EPIC Platform

== — — | aws R |

| CPUs GPUs Wl icrosoit |

Compute : = = —= : ~—T Wl Azure :

8 8 < O

Storage | | I

= L NFS MWD 1 & == Googechuirarom |
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Future Proofed Big Data Architecture

O O O
‘I II ‘I II ‘I I. ‘I I.
Data Scientists Developers Data Engineers Data Analysts N
1 1 | 1
BlueData EPIC™ Software Platform ?
| kafkg wns H o ai o ;’:;:Sr ung ans % o
v Sb“af Ten'sor d -~ i i
Big Data ML / DL Data Science Tools Bl/Analytics Tools Bring-Your-Own
ElasticPlane™ — Self-service, multi-tenant clusters
IOBoost" — Extreme performance and scalability
DataTap' — In-place access to data on-prem or in the cloud
=1 cpys ==
Compute = PV = — amazon M 1o
= = = wepserices~ AzurL
g @ qfs 0
Storage | i5rs OBJECT NFS =] Cooge roan o
— On-Premises Public Cloud
Hewlett Packard
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Key Software Components (Turnkey)

Example Use Big Data App Dev Uparades Multi- Multi- Multi-
Cases Sandbox Lifecycle P9 Cluster Tenant Cloud
2
T Self-Service User RESTful App Store / Tenant Cluster
I5 Interface APIs Registry Management (ufi\c/yldaer:ggfﬁrgnsi?s&p)
c
T DataTa : .
O atatap IOBoost Big Data dentity App
E (Crosg: Igeglr? Secr:bte(r)ors,STDE) Caching Security & Access Workbench
o
5 Container Container High Resource Cloud Connector
E Networking Storage Availability - gf:htlecyluler .
m s , Memory, Node Storage
B> bluedata
Physical Servers Por/mate(ijlto%d Kubernetes (fﬁf'éccf'fzﬂi)
— ' ’
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Big Data Cluster Management
(Containers)

—
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| Create Cluster |

A 4

EPIC Controller

Schedules cluster
creation

Controller Schedules Container Creation

Controller verifies resource availability/quotas.
Imports image to physical node(s) from
Controller/registry, if needed.

Creates container using Host Agent.

Sets up container storage & networking

= = = L=

= L= = L[=
= = = =

Between Physical Hosts & Docker
Containers

EPIC Management copies the Node Agent into
the Docker continers.

EPIC Management SSH into containers and
runs Node Agent install.

>

& & | & &

On the Docker Containers

— Node Agent requests metadata copy from the
Controller.

— Extracts config metadata (appconfig.tgz).

— Runs startscript and starts registered services.

a00083321enw

All Hosts Run

— EPIC Management runs on the Controller
node.

— Host Agent runs on all nodes and manages
the container lifecycle.

Query Runtime Information

Containers query bd_vcli namespaces for:

— Host IP addresses and DNS names

— Service definitions, running services, status,
etc.

For HPE and Channel Partner internal use only
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App Store

— The App Store in BlueData e
EPIC includes a variety of =3
pre-configured Docker-
based application images \
PP | % kafka Rl AR cloudera

CDH 5.7.0 with Cloudara Manager

— BlueData provides an App L i T TN [ v ates |
Workbench to configure

custom images and modify

or upgrade existing Sporiz splunk> SpofllzZ % kafka
application images Spark 2.0,1 with Notebooks and Securty Sphunk Entorprise 8.3 Spark 2.1.1 with Notabooks Apache Katka 0.9.0.
T BT N | viates
. — ») Z N
@StUle jupyterhub w
S Cassandra
Rstuo-Sorvar with Spark 2.1.0 JupyterHub with Spark Kemels Datamear Sarver Cassandra 2.1.10
=== | viwated | BT | viuated |
—
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HPE “PROJECT ARTEMIS” CONTAINER PLATFORM

Data Engineers ML Architects App Developers DevOps

| | | |
v

HPE “PROJECT ARTEMIS” CONTAINER PLATFORM

Spnr'iz CLOUDZRA MAPR §rgkamn Twlrw e H,O hewdio é lava W NET @ @ Jenkins Q GitHub o Bitbucket
Big Data Analytics Al / ML and Data Science App Modernization Cl / CD Pipelines Bring Your Own / More

Self-service, multi-tenant containerized applications & services
(BlueData + MapR, with Kubernetes orchestration engine)

In-place access to data on-prem or in the cloud Multi-protocol, high performance persistent data services
(BlueData DataTap) (MapR Data Fabric)

Compute

On-Premises aws A\ Azure D Public Cloud

Crooge Tloud Aebonm

] [l

Storage

—
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Summary: HDFS vs. MapR’s “No NameNode Architecture” ™

el o e
) EE)
) EE)

Classic HDFS

Centralized Metadata Distributed Metadata

MapR-XD

—
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MapR is Architected for Scalability and Speed
CLASSIC HDFS MAPR-FS

CLDB Tracks Container Locations MapR-FS Design Benefits:

High Parallelism

: Extreme Scalability
Containers Up to 32GB (Self-adjusting)

Extreme Throughput
Simpler Multitenancy

128MB Default
(Configurable at setup)

Blocks

NameNode Centralized Metadata

m @ @

Chunks 256MB (Adjustable per directory)

P
«

8KB Blocks 8KB (Fixed)
HDFS’s NameNode is a single process containing an in- The CLDB stores the locations of Containers. Containers are replicated data structures which live in Storage Pools.
memory table which stores all file metadata and the Containers hold File Chunks and Directories and the locations of File Chunks. This architecture has an extra step of

locations of all Blocks in the filesystem. The 128MB

indirection, but it introduces scale and parallelism. Containers are infrequently created/moved, so the CLDB is relatively
Block size was selected for batch programs.

stable. Containers are also relatively large (and therefore, relatively few), so the CLDB is relatively small. The CLDB’s data

is stored in a Container and is replicated, so it is highly available.
Scalability = (# Blocks x Block Size)

Scalability = (# Containers x Container Size)
—
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http://bit.ly/2j2j8wx

MapR and HDFS — Other Similarities and Differences

Similarities:

Implement HDFS API
Distributed File System
Automatic Replication of Data
Commodity Servers

Local Disks

Differences:

: Fully Read/Write
: No Java, No JVM

: No Linux File System
: Direct NFS Writes
: POSIX client

—
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POSIX
Client

NFS Gateway

Security

Compression

Parallelism 1

Detailed video at: http://bit.ly/2AfAA8A

FiIe:[I I I [I File:

NFS Gateway

* Fully Read/Write « Write Once, Append
» Direct Disk 1/0 * Needs JVM and Linux FS
* Real-time NFS access « Byte-ordering issues with NFS



http://bit.ly/2Af4A8A

MapR FS Today

—

Patented distributed Exabyte scale filesystem

Read/write with POSIX, NFS, HDFS, S3, REST
Interfaces

Global namespace across locations, clouds, edge

Policy based tier into S3 object store while
preserving metadata, with transparent, auto or
scheduled recall

Designed for high-scale, high-reliability

Optimized for ‘in-place’ analytics, ML, Al
workloads

Data protection, point in time recovery with
snapshots, disaster recovery with mirroring

Data placement topology control
SSD, NVME optimized

Hewlett Packard
Enterprise

POSIX, NFS, HDFS, S3,
REST

MULTI-PROTOCOL STORE

S &
) '-#.‘;. "._:

GLOBAL NAMESPACE

EDGE CORE CLOUD

DISTRIBUTED
FILESYSTEM

HOT i
,’(
WARM
COLD

MULTI-TEMPERATURE

CONTAINERIZED



Overview of Storage Tiering in MapR

PERFORMANCE
OPTIMIZED

REPLICATION

Object HDFS File Tables

1 2 3
Frequently Accessed Dal:
Infrequently Accessed Data @ @ @

Rarely Accessed Data

Inactive Data Act as Pointers with
Data Residing in Object Stores

ERASURE CODING TECHNOLOGY (Exaeage) (Eranzen, FILE STUB

(o J (o J (e J
J, (o J (o pIC 2 @
(e ) C ) (e )

@L@LJ@ @L@L@
= ot kA =

_ . Optimized for Optimized for Uses 3rd Party
Data is Divided In Spread Across Performance Capacity Object Storage Encrypted Blobs are Stored a
Fractioned Storage Nodes Different Disks SSD/SAS Disks SATA Disks [via S3) Objects Using GET/PUT M’I .
CAPACITY OPTIMIZED COST OPTIMIZED
—
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Call to Action

1. Al HPC “convergence” still at infrastructure level. Work on going to go up the
tsack at workflow and application level

2. Co-design opportunity for h/w and s/w stack to make it possible to cater the
fast moving requirments in this space

3. HPE platform for Al and HPC will incorporate elements from BlueData, MapR
Cray and existing portfolio to create turnkey and vertical specific architecture

4. More accoucements coming at SC19 esp. around Cray. Please join us in
Denver and HPCast!

—
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Backup

BlueData/MapR
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Architecture: Remote Storage Access
DataTap + IOBoost (Caching) Service

User Interface hadoop jar cdh-examples.jar wordcount dtap://TenantStorage/tabl/tabl.csv

GO DI DI ECEDCED

Compute C|uster YARN RM Node Manager Node Manager Node Manager Node Manager
Resource Manager and Node Managers open up HDFS connections to get tabl.csv data

Client

“Where are the data blocks?”

I/O Caching | DataNode1 || DataNode2 || DataNode3 || Datanodes | “They are here!”
B b2t B20UBS L bl B3l h1B2 L

Data blocks (64MB or 128MB) from remote HDFS are read and streamed to I/O Cache
Read ahead caching (b1, b2, b3 cached) and write behind  vs. sequential read one block at a time

A
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Remote
Data Store Memory Maps ?-- |-||-|l-|

»

=

\
GO DI EDED

YARN RM Node Manager Node Manager Node Manager Node Manager

Blocks supplied to YARN cluster for computation using direct memory map — bypass virtual
network stack to get higher 1/0 throughput

*Protocol buffers: Protocol Buffers are a binary wire format which is compact, forward-compatible, and backward-compatible
HPE Restricted — HPE and Authorized Partner Internal Use Only

— Graphic: @bluedata'
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http://en.wikipedia.org/wiki/Protocol_Buffers

Storage Architecture

Cassandra vCluster

Hadoop vCluster

4

“"Hadoop vCluster (using external persistent volumes) ,

M/R & YARN & In-Cluster HDFS
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Spark vCluster

M/R & YARN & In-Cluster HDES

oo o———=SS =S

Spark RDD

P ——
-

-
Y,

Node Storage Pool (Required)

(N disks selected at install time;

Used as thin pool to create logical volumes
and surface to containers as block devices) - o

Local HDES Storage Pool
(Optional)

(M disks selected at install time; Accessed
by vClusters via DataTap)

External Persistent Storage Pool (Optional)
(Existing Block Storage and/or NFS)

Exterriz: HDFS Storage Pool (Optional) !
(Instead of the local HDFS storage pool) External HDFS or NFS (accessed via DataTap)

— Graphic: [55 bluedata
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