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Predictions are (quite O

No more bouts with the razor for man of tomorrow. Housewives in 50 years may wash dirty dishes—right
He'll whisk away whiskers with a chemical solution down the drain! Cheap plastic would melt in hot water

Inches-deep lake on roof already cools Southern homes and may b imp

Because everything in her home is woterproof, the housewife of 2000 can do her daily cleaning with a hose

(...) before a hurricane has a chance to gather much strength and speed,
oil is spread over the sea and ignited. There is an updraft. Air from the

surrounding region, which includes the developing hurricane, rushes in
to fill the void. The rising air condenses so that some of the water in the

whirling mass falls as rain.

Miracles You'll see in next 50 years.
Popular Mechanics, Feb. 1950



Technical Advances come (often) unexpectea

ImageNet competition results

ImageNet Classification with Deep Convolutional 0.5{ ©
Neural Networks

Alex Krizheyvsky Nlya Sutskever Geoffrey E. Hinton 0.4
University of Toronto University of Toronto University of Toronto
krizfcs.utoronto.ca ilyalcs.utoronto.ca hinton#cs.utoronto.ca o)
Q
(o]
Abstract Y034 o o
e
We trained a large, deep convolutional neural network to classify the 1.2 million !5 o 8
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dil- -
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5% w

and 17.0% which is considerably better than the previous state-of-the-art. The

neural network, which has 60 million parameters and 650,000 neurons, consists 0.2 1
of five convolutional layers, some of which are followed by max-pooling layers,

and three fully-connected layers with a final 1000-way softmax. To make train-

ing faster, we used non-saturating neurons and a very efficient GPU implemen- (o]

tation of the convolution operation. To reduee overfitting in the fully-connected i
layers we employved a recently-developed regularization method called “dropout™
that proved to be very effective. We also entered a variant of this model in the 0.14 O
ILSVRC-2012 competition and achieved a winning top-3 test error rate of 15.3%, )
compared to 26,2% achieved by the second-best entry,

Qo0 @O0

"Suddenly people started to pay attention to Deep Neural g °
Networks, not just within the Al community but across the 0.0 5012 2013 3018 2015 2016
technology industry as a whole." (The Economist, 25 June Year

2016)




Challenge #1: Growing HPC demands
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Source: C. Osuna et al., Designs for Efficient Weather and Climate Models , ENES HPC Workshop

Need for km-scale global climate simulations

2x resolution increase -> 8x computational effort

Tkm resolution requires:

97M node hours
840 simulation days
68m CHF

22GWh
3800 tons CO?2

Source; PASC 2018



Challenge #1: Growing HPC demands

The hydrological Bavaria: ~100.000 km?

* Disaggregated daily climate stations
Reference hourly climate stations
I Eastern Alpine Foreland

re(%? o AN ’1’,.1)"{/" S
o R i PVin i ) %

I — ilometers
0 256 50 100 150 200

ClimEx: modeling the effects of climate
change on meteorological and hydrological
extreme events in Bavaria and Québec

Model: CanESM?2 (ca. 200 km resolution)
integrated with CRCM5 (ca. 11km resolution)

50 transient runs x 150 years -> 7500 years of
modeled climate

Data: +500 TB

HPC: Leibniz Supercomputer Center



Challenge #2: Heterogeneity

METEO
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» Sharing climate models and data

- Different clusters based on different hardware
- Hard maintenance: multiple branches, complex dev test procedures
- Data movement/sharing challenge, portability challenge

What is your data strategy?

What are the challenges in such heterogenic and diverse ecosystem?
How do you expose/publish your models across Europe and the globe?
Where the models/data are located physically?



Challenge #3: Reproducibility

"14 percent of published research is false because data
analysis was inaccurate or misinterpreted.” [1]

In 2011 Bayer conducted its own reproducibility tests on
67 published experiments and failed to get similar results
on 53.

More than 70% of researchers have tried and failed to
reproduce another scientist's experiments, and more than half
have failed to reproduce their own experiments [2,3].

“We need to archive, store and secure these data so
that the steps taken in each experiment are traceable.”

—Alex Kolodkin, chair of the Task Force on Research
Reproducibility at Johns Hopkins Hospital.

[1] Could you Repeat That? Hopkins Medicine Magazine, Fall 2017.
[2] Scientific Rigour and Reproducibility, Special Edition, Nature, May 2017.
[3] 1,500 scientists lift the lid on reproducibility, Nature Survey, May 2016.



https://www.hopkinsmedicine.org/news/publications/hopkins_medicine_magazine/features/fall-2017/could-you-repeat-that

Challenge #3: Reproducibility

The Recomputation Manifesto

HAVE YOU ESTABLISHED PROCEDURES
FOR REPRODUCIBILITY?

Among the most popular strategies was having different lab
members redo experiments.

33% 349,
Within the No
past 5 years
1,976
researchers
surveyed 26%

Procedures have

7% - been in place
More than since | started
5 years ago working in my lab

eonanre

[3] 1,500 scientists lift the lid on reproducibility, Nature Survey, May 2016.

[4] Recomputation Intitiative

1.

Computational experiments should be
recomputable for all time [4]

Recomputation of recomputable experiments
should be very easy

It should be easier to make experiments
recomputable than not to

Tools and repositories can help recomputation
become standard

The only way to ensure recomputability is to
provide virtual machines

Runtime performance is a secondary issue
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“The Cloud” is a platform which allows you t

Write, run and use soft



Business is powered by applications

Line of Business
Applications

101010
DATA

101010

External-facing
Applications

Internal
Applications



Interoperability?

APIs

APl Management

iololo

Value added services DATA

lololo

1ololo0
DATA

1olol0
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DATA
101010




Application layers

- Code

1010 .
o0 Data + Intelligence

LA Infrastructure



Challenges

Code

Application resiliency
Extensibility

Future proof

1070
0!0l
1070

Data + Intelligence

Data growth
Performance
Rising costs

Confidentiality

Infrastructure

Hybrid/Global deployments
Security and management
Continuous monitoring

Cost management



Microsoft Value Proposition — some examples

1010
0101
1070

Data + Intelligence

Infrastructure
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Use Cases
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g MeteoSwiss

MeteoSwiss is interested in a failover and
devtest infrastructure in the cloud

Challenge:

Solution:

Outcome:

Effort

MeteoSwiss needs a failover location with a specialized HPC
architecture containing high-performance graphics processing units
to enable weather simulations in a high availability mode.

We used ND40s with eight V100 to run a docker container with
COSMO provided by NVIDIA. This setup simplified the GPUs were
interconnected with NVLINK Kubernetes in Azure Container Service
to handle back-end functions and increase the density of services
running across compute nodes.

With Azure, we managed to achieve very good performance. The
simulation time is extremely close to the DGX1 system on prem with
2-3% variation. MeteoSwiss engaged in follow up discussion on
more workloads.

5 commands, 1Th work

Fig. Visualization of COSMO-1 simulation.
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How Alaska outsmarts i JeiRey ¢ " ‘_
Mother Nature in the cloud e

Alaskans are notoriously resilient people, and they don't want
to be sidelined by the weather. To keep Alaska's highways open
and safe during severe winter weather, the Alaska Department
of Transportation & Public Facilities uses the Fathym
WeatherCloud solution and Microsoft Azure loT technologies to
make better, hyper-local decisions about deploying road crews.
By using the cloud to make better ground-level decisions,
Alaska saves lives and significantly reduces road maintenance
costs.

Road Weather Information System (IoT) data were transmitted
to Decision Support System while mobile sensors placed on
maintenance vehicles where transmitted to the cloud via mobile
phones.

Products and Services Organization Size Industry Country Partner
Microsoft Azure 3,100 Employees Government United States Fathym
Azure Data Lake Store

Azure Event Hubs
Azure loT Hub
Azure Stream Analytics



https://customers.microsoft.com/en-us/story/alaskadotpf-government-azure-iot

Architecture

Data Processing, Analytics and Management Presentation & Business Connectivity

Device C
4 h Field
Device gateway
hardware running
\_ Azure loT
Edge
[
.Device Legacy data
firmware

daccess

Device
emulator

Master data
management

Business

process &

app
integration

Data APIs

Real-time
optimization

Fathym Flow — Best Practices, DevOps, Provisioning, Testing, QC

Fathym enterprise
dashboards

Fathym enterprise
operations
applications

Fathym enterprise
business
applications




Al for Earth

Al for Earth puts Microsoft cloud and Al tools in the hands of
those working to solve global environmental challenges.

Areas of focus

Al for Earth awards grants to projects that use artificial intelligence to address four critical areas that are vital for building a sustainable future.

Learn about Al for Earth grants >

Climate

The changing climate threatens
human health, infrastructure, and
natural systems. Al can give people
more accurate climate predictions to
help reduce the potential impacts.

Agriculture

By 2050, farmers must produce more
food, on less arable land, and with
less environmental impact to feed the
world's increasing population. Al can
help people monitor the health of
farms in real time.

Biodiversity

Species are going extinct at an
alarming rate. Al can help people
accelerate the discovery, monitoring,
and protection of biodiversity across
our planet.

Water

In the next two decades, demand for
fresh water is predicted to
dramatically outpace supply. Al can
help people model Earth’'s water
supply to help us conserve and
protect fresh water.

goto: aka.ms/aiforearth



Land Cover Mapping

Al for Earth

Browse through sample images from across the United States. Click on an image to view the land classification for that region.

Location: kent island Location: kent island Location: kent island Location: north redmond

Year: 2011 Year: 2013 Year: 2015 Year: 2011
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Next Generation HPC

"A cluster (cloud!) for every HPC workload” "HPC is one building block”

Balg -+~

A Azé Nezork HPC Azurééﬁge .rm
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File

rastructure as code” ‘Al, ML, Data Analytics”

i

azuredeployjson
4 WORKING FILES
4 VORLONJS

Databricks for distributed deep learning (Horovod)
Tensorflow, Keras on Jupiter Notebooks
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HPC in Azure- Azure adds value to HPC workloads

Most performant
infrastructure

Fastest HPC and GPU instances in the Cloud

Specialized instances for Al Training, Remote
visualization, Accelerated Analytics

Only cloud providing ultra-fast, low latency
networking with RDMA and Infiniband

Azure capabilities for easily deploying and
managing scale for large, parallel jobs

i " Industry specific

| Watson Z ¢ IHS Markit

Open & Integrated

Lite sciences
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Granular cost control &
Governance

Flexible consumption and cost savings with
low-priority VMs on Azure

Per-minute billing for VMs

Granular insights into HPC usage & costs
helping with workload optimization

Built-in policy based governance for richer
collaboration

Largest global footprint & compliance
portfolio of any cloud



HPC in Azure: VMs with RDMA, GPU, FPGA + Cray

Entry Level VMs

Dev/Test
Workolads

L

D __ &

Storage optimized VMs

No SQL Databases
(Cassandra, MongoDB),
High Disk Throughput
and IO

p_ @& p_ @& p @

~80,000 IOPs
General Purpose VMs Compute Optimized VMs Large Memory VMs Premium Storage
Common Applications, Gaming, Analytics Up to 128 vCPUs and Low latency, high

Intel Haswell/Broadwell 3.8 TB RAM

W nfiniband _pu

D __ ¢ »___ @

throughput apps

High Performance VMs GPU-enabled VMs FPGA* Cray in Azure
Batch processing, fluid NV -Graphic based applications Virtual Machines — HP élrblﬁiGCgS?Setcc}fadge
dyrllam.lcs, |mc'mte NC2 - Advanced Sim (P100-X) FPGA Microservices — available in cloud
carlo simulation ND1 - Al Inferencing (P40) Al/Edge

ND2* — Al Training (V100/V100
SXM)



Cray in Azure = b

@ A dedicated Cray XC or CS-Storm system with
ClusterStor built to your specifications, running in an
Azure data center, and delivered as managed service to
your virtual network.

@ A scalable and powerful infrastructure to support
the needs of the most demanding codes in engineering,
climate, energy, and others in a way that no other
public cloud can approach.

€) Use Azure and Cray together. This allows for
smoother multi-stage workflows including dev/test,
visualization, Al, analytics, and data commons.

@ Because the Azure Cray system is supported and
maintained by Cray specialists, you receive
expert support on both Azure and Cray resources.

cmAY Ay crRAY

cReyY >xXC 50




Challenges with
on-premises HPC & o |~

Data analytics

Finite resources do not | o
) , Random, unpredictable spikes in demand for HPC can
SCale W|th the bUS| NESS come from any new or existing application workflow

Usage spikes creates
inconsistent RO that is
challenging to forecast

Demand for HPC infrastructure

oo
oo

On-premises

\ Updating HW is time
@ consuming and expensive



The HPC Cloud

Opportunity

The elasticity of the Variable

cloud provides the cemane

perfect accommodation

for variable demands of

compute resources. Fved
demand

Demand for HPC infrastructure

oo
oo

On-premises



The HPC Cloud
Opportunity

A ully native, cloud-
based HPC environment

ensures optimized
On

business agility by demand <

compute

accommaodating an on-
demand usage model
for compute resources

Demand for HPC infrastructure

oo
oo

On-premises



Azure Big Compute Platform

HPC End-users, IT Staff, Line of Business Developers App Users

SaaS / Client Azure
Solution Batch Al

A Azure CycleCloud =

Hybrid & Cluster Manager for HPC/Al

aojoiaiolalolol o
EEEERER -

Cluster templates to run existing, on-prem

Parallel R

VEX Plug-Ins

HPC applications, schedulers

Y Azure Batch
=RV Management & Job Scheduling




AI‘Ch |teCtu re 1. Connect to the Azure CycleCloud server to

configure the cluster.

B Microsoft Azure

Virtual Network 2. Configure and create the cluster head
| | node, using RDMA enabled machines for

o N e e MPI.
E | ﬁ Virtual Machines OR VI Scale Set

|
|
|
Azure — W (W] |G -~ | 3. Add and configure the on-premises head
E:*ﬁ'if'@ﬁf l C'Uﬂr}ierdHead VM VM WM L l node.
ode
i B} ------ |
gy | ] Avere VFXT 4. Autoscalin
| : g
-0 :
vy | 4 |
o | — | T -———< 5 Tasks allocated to the execute nodes.
N s  On-Premises e
e D o e e e " — — — — — — — ] e e — . .
™ " " 6. Data cached in Azure from on-premises
| Execute Modes | NFS server
Arure | | ’
CycleCloud oy W L L ¥ |
o | - 0w oW w ' 7. Data read in from the Avere VFXT for Azure
MR NFS I cache.
_ | Cluster Head |
*RDMA enabled WM 5.1395: are | Mode |
required for kP appllcitl-::ns | Wi Wi Vi | . .
N e T s 8.Job and task information relayed to the

Azure CycleCloud server.



Architecture

Upload input

’o files and apps

Download
output files |
' Download input
: files and apps Upload task output
|
E | Azure Batch
I e e L L L L
: ] L S P PP P B ST PP PP R PO
Application | F : Job e ol i
of service : E ::: o — |~x—| o —
* ) Task Task Task
| TSR SO OTTSRTSRTRRUUUUUONNT NN
Createpool, | : i A S
Job, tasks | ] Pool v v v
I :
: >
Monitor tasks : : Computer Computer Computer
| node node node
|

1.

Upload input files and the applications to
process those files to your Azure Storage
account.

Create a Batch pool of compute nodes in
your Batch account, a job to run the
workload on the pool, and tasks in the
job.

Download input files and the applications
to Batch.

Monitor task execution.
Upload task output.

Download output files.
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The concept of data gravity

Services Apps

Data Gravity
Number of
Data Application
( Mass Mass A Requesss par
second
Latency Average Bandwidth 2
( in == ( Request / in MBs per ))

seconds Size in MBs second

McCrory's Original Equation

66

Data Gravity is a theory around which data has mass. As data (mass)

accumulates, it begins to have gravity. This Data Gravity pulls services D d t d
and applications closer to the data. This attraction (gravitational force)

/s caused by the need for services and applications to have higher

banawidth and/or lower latency access to the data.



Cloud Value for Weather Modeling

S22 ® 6

Scale Elasticity Pay for use Reach & locality

. e S@

Hardware selection No infrastructure Known costs
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