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ACM SoCC Topics Over the Past 10 Years
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ACM SoCC Topics After Filtering “data” and “cloud”
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Going Digital

1 million/hour 12 years average 60% computing
new devices coming age of S&P 500 in the public cloud
online by 2020 corporations by 2020 by 2025

dl > &
O, Ng &



% of enterprises

80%

60%

40%

20%

0%

Cloud share of companies >1,000 employees

r +8pts —l

59%

CY17

Rightscale Survey—Public Cloud Market Penetration

+17pts j

68%

+dpts —
nEE

CY18 CcY19 Y17 CY18 cY19 cy17 CY18 CcY19
aws =@ Microsoft Azure &) Google Cloud

Source: RightScale 2019 State of the Cloud Report from Flexera



Hybrid is the prevalent strategy

Private
3% cloud only

712%

Public
cloud only 22%

91%

Source: RightScale 2019 State of the Cloud Report from Flexera
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Carbon Footprint of Cloud Computing

(o)
TRADITIONAL 77 ./o.
DATACENTER more efficient

Large,
high-end
deployment

o
TRADITIONAL 71 4).
DATACENTER TRASE efficient

Dedicated
storage,
high-end
deployment

(o)
TRADITIONAL 52 4).
DATACENTER more efficient

Virtualized
servers, high-
end deployment

Azure Compute

Azure Storage .
Exchange Online

Electricity/core-hour Electricity/TB-year Electricity/mailbox-year

(o)
TRADITIONAL 22 4).
DATACENTER more efficient

Large, l

high-end
deployment

SharePoint Online

Electricity/user-year

http://download.microsoft.com/download/7/3/9/739BC4AD-A855-436E-961D-9C95EB51DAF9/Microsoft Cloud Carbon Study 2018.pdf



http://download.microsoft.com/download/7/3/9/739BC4AD-A855-436E-961D-9C95EB51DAF9/Microsoft_Cloud_Carbon_Study_2018.pdf

Al in Operation & Optimization

loT and big data platforms make it increasingly
easy to optimize datacenters
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Journey to the cloud

-
H. Dat > 171

On-premises EEN Serverless Code/Low code
Infrastructure Platform Infrastructure Platform  Managed Container Platform Application Platform

“Lift and shift”

Migrate Innovate



A Public Cloud Ecosystem

Edge Devices

Azure Stack  Azure Data Box

Serverless

Web

Mobile

Mixed Reality
Containers

Events + Integration

Infrastructure

Compute Networking

Azure Sphere

BEIE] NN

Analytics

Al + Machine Learning
Internet of Things
Media

Storage Security

Azure Kinect

HoloLens

|dentity

&

Tools

Visual Studio
GitHub
PowerApps
Power B



Ubiquitous Data

- What if you could see data describing everything you
care about, all the time, in any detail, in “one place"?

- That “one place” is the continuum from cloud to edge

- All data interactions must be governed and tracked—
security, privacy, compliance



Cloud-Native Data
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The Changing Landscape of Data

Cloud

Elastic compute

Network
latency

A\ 4

Elastic storage

Analytic complexity

A Scale

)» Heterogeneity

)» Many engines

Data silos

’» Many workloads

OLTP challenges

Size-of-data operations are slow
Long recovery times are painful

Independently scale storage vs. compute costs



esaoe —

Azure SQL DB
||||| Analytics-optimized

@ Update-optimized

. OPERATIONAL ANALYTICS
Meta data

Meta data

< B8 xACT STATE
EFU XACT_STATE z $67B $20B

< v

< Governance
a Governance o~

|
Azure Cosmos DB <Zt

=
% Document model '<T: $7B $21 B Spark, Hive, ML...
. EJ 71 Data Lake
- Meta data OZF

cZJ Meta data

BB XACT STATE
a Governance

a Governance



Big Picture: Separation of Compute and State

Big Data (Data lake) Data warehouse Database
Cloud Spark, Hive, ML... Azure SQL DW Azure SQL DB
native
il C
Data Lake Analytics-optimized Update-optimized
Meta data Meta data Meta data
g g

XACT_STATE XACT_STATE

Global apps

Azure Cosmos DB

=

Document model

Meta data

XACT_STATE



Microsoft's Internal Big Data Service

Microsoft's internal data lake Azure Data Lake Store

HDFS as a PaaS cloud service

« A data lake for all teams Enabling business arowth:
@Mlicrosoft ’ ’ .

*  Microsoft's serverless Big Data platform

* Fully aligned with Hadoop ecosystem
and standards, with full support for

Office productivity revenue (45%YoY)*
Intelligent Cloud (100% YoY)*

Bing search share doubles

* Good developer tools
« Batch, Interactive, Streaming, ML

» Used across Office, Xbox, Azure, Hadoop tools and engines as well as
Windows, Ads, Bing, Skype, ... unique Microsoft capabilities

Production jobs and experimentation R - Migrated to ADLS

ojiffex[kl ° 1P =3P
By the numbers o tve
* 9+ Exabytes of data, 8+ billion files e ¢ BING J. Zhou et. al., SCOPE: parallel databases

«  100Ks of physical servers S meet MapReduce, VLDBJ 21(5)
Skype
« Millions of interactive queries o

* Huge streaming pipelines
* 100Ks of daily batch jobs Malware Protection LMHM
* 15K+ developers -

« 300+ teams

MSR/GSL Collaboration

Exchange g s 4 svre R. Ramakrishnan et. Al., Azure Data Lake

Store, SIGMOD 2017

Apache YARN Federation

2010 2011 2012 2013 2014 2015 2016




Traditional MPP DW Architecture

n Transactions

DQE communication channel

Data movement
channel

Compute

« DMS
« SQL
e SSD Cache

Adaptive cache

Remote storage

Snapshot backups Data = "I"I

Log Premium Standard



Cloud-Native Scale-Out, Data Heterogeneity

= Data and state separated from
compute

» Fault-tolerant scale-out
= Online scaling

= Data heterogeneity

» Converge DW and Lake

Centralized services

Meta data Standard

Data movement
channel

=Y-¥-
Lo

Compute

« ES

« SQL

» SSD Cache

Remote storage

« Distribution-less

am
u Transactions I I I I I I
[ ] an

Columnar files



Polaris Concurrency — Workload Aware Schedulinc

Task Ri
ri= [ 0 (0 S
Pi Qi
Workload Tasks

Agg ‘ X ‘ h
(o) ‘ X ‘ > Query 1

State Machines:
* Guarantees precedence constraints are satisfied
* Defines a formal model on how we recover from

failures
Statelchine Execution

B State

—p Transition

Workload Task Graph

\ Ec~es are precedence constraints

Global Workload Graph that enables for
(o) . workload optimizations across queries

Task-cost Driven Scheduling

Resource Aware Task Placement



Scalability: All TPC-H Queries at 1PB Scale!

Elastic DQP — Unlimited Scale

TPCH 1PB

Il|l|-||||l-ll II
12 3 4 5 & ¥ & & 1> 11 12 13 14

16 17

[
L

m Cuery time in minutes

https://azure.microsoft.com/en-us/services/synapse-analytics/

18 149 20 21



Socrates (Azure SQL DB HyperScale)

P_Antonopoulos, et. al,., Socrates: The New SQL Server in the Cloud. ACM SIGMOD 2019
High level design choices

- Separate compute, storage, and log

o _ - Partition at page server (low MTTR)
OLTP Application Fail-over target - Stateless compute with cache

I Read/write I Read - Primary compute orders xacts

Primary Scale-out read secondary Data fl
atla TIow

- Primary commits log
- Page servers apply log (for partition)

- Secondaries apply log (for cached pages
RBPEX pply log ( pages)

Advantages

- Constant time size-of-data
operations (e.g., recovery)

- Flexible read replicas

Data a nd Tra nsa Ctio na I State - Cost vs. peak availability trade-offs

. Syncronous interaction =3
M S R CO I Ia bo rat | 0 n Asyncronous interaction ---___)


https://dblp.uni-trier.de/pers/hd/a/Antonopoulos:Panagiotis
https://dblp.uni-trier.de/db/conf/sigmod/sigmod2019.html#AntonopoulosBDS19

Cloud Native Data Architectures Emerging Across the Board

OLTP Data Warehouses Big Data / Lake NoSQL

Reporting, Bl, Tooling Reporting, Bl, Tooling Reporting, Bl, Tooling Reporting, Bl, Tooling
Querying Querying Querying Querying

Data and Transactional State




Unified Data Suite and Governance

Complex tools must be simple to use

n eo
glass for u Governance
vernance



Big Picture: Must Simplify Usability and Governance

Cloud
Elastic compute and storage is transformative

« But compute-storage latency and bandwidth is key challenge
Edge blurs cloud/on-prem separation

ML
« An integral part of data processing, with a rapidly growing community of its own

Implications for Data Management
Rethink what belongs in a "DBMS"—ML, data governance
Rethink data architectures from the ground up—OLTP/Analytics/HTAP



A. Agrawal et al., Cloudy with high chance of DBMS: a 10-year prediction for Enterprise-Grade ML, CIDR 2020.
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other data y’ 5
3 & | |
> - Model Data  Model Tracking
featurization == Model Model ; O_ et' Catalogs & Provenance
Trainin optimization
r_ —l g T P |
offline featurization. )
- . Logs & Access
c S
qE, offline Telemetry Control
>
- s e - 2 ———————————————— \ p -
: e A e B
X orchestration policies
i, . . —
Featurization
. y || B Dad
Live Data ..
policies Model
< —
Decisions

GSL Collaboration




Unified Governance

A single pane of glass to...

Manage data lifecycle
Data & (collect, cleang, publish, discover, czlrate, )
Operational

Systems Ensure Data Quality & Correctness
Assess data compliance, privacy & protection

Al and ML

Author & manage data policy

(access, use, retention, location, sharing)

Across Cloud, Edge, On-Prem



