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WHO AM1?

Assistant Professor in Computer Science

PhD Thesis at UC Berkeley:

System Design for Large Scale Machine Learning

Industry: Google, Microsoft Research
Open source: Apache Spark committer



CALL ME

Shivaram or Prof. Shivaram



TODAYS AGENDA

What is this course about!?
Why are we studying Big Data systems!

What will you do in this course!?



BRIEF HISTORY OF BIG DATA



GOOGLE 1997
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DATA, DATA, DATA

“...Storage space must be used efficiently to store indices
and, optionally, the documents themselves. The indexing
system must process hundreds of gigabytes of data
efficiently...”

The Anatomy of a Large-Scale Hypertextual
Web Search Engine

Sergey Brin and Lawrence Page



GOOGLE 2001

Commodity CPUs

Lots of disks

Low bandwidth network

Cheap !



DATAGENTER EVOLUTION

--Moore's Law

-®-Qverall Data

Facebook’s daily logs: 60 TB 10

Google web index: 10+ PB

0
2010 2011 2012 2013 2014 2015
(IDC report*)
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PARADIGM

DATA-INTENSIVE SCIENTIFIC DISCOVERY

“scientific
breakthroughs will be
powered by advanced
computing capabilities
that help researchers
manipulate and explore
massive datasets”

-- Jim Gray



' SCIENTIFIGARRLIGATIONS




SOLAR FLARE
PREDICTION

Working with data from Sola \P"Iﬁ'&
[Brown et. al SDO Primer 2010],

Solar Flare Prediction Using
[Jonas et. al American Geophysica
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Source: More Data, More Science and... Moore’s Law [Kathy Yellick ]



DATAGENTER EVOLUTION

Google data centers in The Dulles, Oregon



DATAGENTER EVOLUTION

Capacity:
~]10000 machines

Bandwidth: Latency:
12-24 disks per node 256GB RAM cache
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Outage in Dublin Knocks Amazon, Microsoft Data
Centers Offline

By:

Dallas-Fort Worth Data Center Update K2
|‘ z‘r:EJduir:f gth, 2009 by Lanham Napier

E W Tweet {0 (3 share C Ofﬂc|a| Gma” B|Og

Alic News, tips and tricks from Google's Gmail
team and friends.

for / Message from Rackspace CEO L:
mar July 9, 2009

Micr Rackspace Community.

- Some of our customers have been d

Worth Data Center Others of youm: MoOre on today's Gmail issue
interruption like this is not up toourl

such incidents from occurring in the ' posted: Tu

people rel
3 problem v

xdwere Aazon EC2 and Amazon RDS Service Disruption

“ M alist of th



The Joys of Real Hardware

Typical first year for a new cluster:

~0.5 overheating (power down most machines in <5 mins, ~1-2 days to recover)
~1 PDU failure (~500-1000 machines suddenly disappear, ~6 hours to come back)
~1 rack-move (plenty of warning, ~500-1000 machines powered down, ~6 hours)
~1 network rewiring (rolling ~5% of machines down over 2-day span)

~20 rack failures (40-80 machines instantly disappear, 1-6 hours to get back)

~5 racks go wonky (40-80 machines see 50% packetloss)

~8 network maintenances (4 might cause ~30-minute random connectivity losses)
~12 router reloads (takes out DNS and external vips for a couple minutes)

~3 router failures (have to immediately pull traffic for an hour)

~dozens of minor 30-second blips for dns

~1000 individual machine failures

~thousands of hard drive failures

slow disks, bad memory, misconfigured machines, flaky machines, etc.

Long distance links: wild dogs, sharks, dead horses, drunken hunters, etc.

JEFF DEAN @ GOOGLE
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Big Data Landscape 2016 (Version 3.0)

Infrastructure Analytics Applications
- - - . - - N
Hadoop Hadoop in Spark Cluster Services | [ Analyst Analytics Daraémence Visualization\ (" sales & Marketing Customer Service Humar; Legal
On-Premise the Cloud Platforms Platforms Platforms vy RADIUS' Gainsight Capital
) “amazon > cccomentleant itableau 5 4 MEDALLIA
Clouders o en g, || ez ot aue| [Sdatabricks | | 8 QPalantir | |E2 Microsoft|| conmyum & owaneset || o cor @bicomreach Zetd% || yrnnry o || g [ FAVES
Hortonworks - e OIEER || = ST [mE T | conminuy W soogle N ;
" © Googe B AYASDI QUAVUS | Alpine i, . || alik @ todker I} everstring hvefyre.a CLARABRIDG! g UDICATA]
ISR ©ivoral || mM mtosphers ||GridGaini | [, &5 . &*docker Quid - 3 Daameer it Ao - blueyonder “; Lattice || &2 cLickrox ||connectitier
TReAsuRe 2 MESOSPHERE ‘ [~ Peemesr || M mooe s Eroambl —Anfer SALTHRU || @Y steLiaseni ma || Everlaw
IBM InfoSphere’ | [c A 7 ¢ % 8452 TACHYON| | i Digtal —~ 4dataiku @tonian s==E= Zu0m &L ervice
N jeth X N E X U s||@ Coreos pepperdata .“‘“""‘"9 Bottlenbse ioomino  €psense & dotorama persado 6“ NG#HDATA Epreact || entelo || @Brevia
(Buesata jethro | @ atiscate Elok Sscce ) | EmmmEEm ) interlana J| “gnar psconmn J\ “chartzo ) | Blovwnmme AcTionig hig ||
s N\ = Soctal N \ fuse|machines  4NGAGIO eYappuri Wiseio Y,
NoSQL Databases NewSQL Databases Bl Platforms Statistical |[Log Analytics ocia —— - N N
P f Computing . Analytics ( Ad Optimization Security Vertical Al
dmazon, o € Google cloud Platform . Clustrix  Pivotal | | &0 Power 8l % amazon. splunk> ' Hootsuite | | apoN CYLANCE Applications
) ORACLE o paradigm4 SSaS ©@sumologic _ € [ [ Applexus [] CounterTack cybereason facebook
Microsoft Azure " MarkLogic © memsal nuo Wave Analytics Lba NETBASE criteol. ThreatMetrix.
£ { e i i ibana *.
0 mongo omTe TR vourly  splice G oo & birst one trg: xi]ATI.\SWT OpenX ~crocketfuet || AREAT (yionme
Q Couchbase JMOHODB . & citus platfora (J"‘ = ‘ " lpuvs\[s P “ Recorded Future '-'ﬁv'vjf\rﬂ'ﬁr: OO Clara
- n n ) Tre - <) MATLAB synthesio I here dsﬁter .
| Seauoian: redislabs @ influxiit Tiafedion § cockroach iass | | @ atscate - oo loggly J\__eresen )| L Y || romtscate wsiftscience || KASISTS
(" Graph MPP Cloud EDW Data |( Data ) (Real-Time|(Machine Learning|[ Speech & NLP ) Horizontal Al ) ((DataX0 Gppier 1O AT J{ @Keybase feedzai #CNFYD ata )
Databases Transformation | |Integration . 5 @BV " "
Databases e e amazon Narrativescience # || @150 Watson | "o picher™) (Govt / Regulation Finance )
TERADATA alteryx informatica ebsenvces- Cortana. € sentient ffi "
@neoy D Googecu i pntormancd | | @ wenmaners noance o || VIV Tools © Socrata A c|>rm , LendingClub
s crosoft Azure stalen: Py Gty v semantem | VIV EIERE | | ®utbrain nDeck > Kreditech
) i Mulesoft | | Tistriim y "
Fx? Pivotal @ TRIFACTA “ Loo N nara M £ Numenta 00 @ OPENGOV @n"ance LendUp 7 Kal
o Sksnowfioke A g5 o8t geanfiuant 1 simiat carnin %&‘mm e | | quantcast @FiscalNote tid 4, INSIKT
i S Roanitt e . " v pescoes clarifai idemark @)
OrientDs /5 kognitio S, eam %" Bedrod i o VISENLE b eniom
\" wintecap ) | DXasOL @éremio et )L xp{?mv ) | detortisans wrredictonlo £ sorfish , w“ll s m 7Chartbeat 0 oo 219 ]| 'z vora EiDataminr A¥% Lenddo
: A vieldt i~ .
- - - - r ——\ y arkd3 (| kKensHo iSENTIUM
(Management Security Storage App Dev [ crowd- | ([ Search )(DataServices)(For Business)(  Web /Mobile ) = auant ADYIA @ sentient
/ Monitoring @ TANIUM™ fimazon . sourcing @ ooy ORACLE @OPERA Analysts / Commerce \_ Yieldmo J\_ uantopian )
© New Relic. Rillumio e || dpigee B oeer || 2 origami Google ana ( —N\/" - " " N
APPDYNAMICS ||  tu ool ® 25 ExALEAD a " Origamil.ogic 3 1 Education/ Life Sciences Industries
. ) mixpanel
amazon o cotifio E‘g);;::ji: Microsoft Azure 8 . 2 Lucidworks i XEXL ClearStofj n _JP Learning zxmzn(u:rwe laﬁmﬂé OP@WER &Harmony'
Fnumerty || 5 y || panasas ) 35 elastic [\ meushisar| [ o1scence RJMetrics @ sLuscore S RnEwToN || agp COUNSY E (|9 Retitex
A splunk> preccioudt || < nimbleciorece || g Typesafe || crowamwer $ axitacens 27| Acaveuruoe € granify A Recombine S duetto
onmos ) WVECTRN || coHo N MAANA @swittypel |1 | OIRRO sumll 2w | | Clever || ot FLATIRON || STITOH Fix
° b ) S ' forkFusion
frocona e O )| S Asotin || &3 o oen ) \W\/orkmsuon | Algetia sicous | pataking import@ (o retention custora) | @eclara :mzymergze:l’:iilthToP TACHYUS __
X Eymerasiora ZEPHYR ¢  swiftkey 5220 FarmLogs
Cross-Infrastructure/Analytics \k"mw G@inger.io = womscrptic Glow || Fhoucond @ Hne
- now® enlitic @AiCure [, 2o || ygnstatmuse  B@XEVER
s'amazon Google B Microso FTY gsas ngg (D) | siom VERTICh vmware TIBC2 TERADATA ORACLE [} [ AN )

Ve

Open Source

Framework Query / Data Flow Data Access Coordination Real-Time Stat Tools Machine Learning Search Security
% { 5 apncue sceurnaacy Apache @ SINGA PR e Ranger
692,‘55!5 @ffgggdﬁ%ﬂmlgg @ ﬁg: HERsE .mongo talend co@BE || 5D sTorm So Qf‘;(? R m— @ - mnﬁhh, W csearch
YARN S8 MESOS ) IVE > e A Apache Scalala Caffe orch p A
L 2 -, 3 w&v ) &8 kafkal ookeeper . g CNTK rensorrs 1% | (Visualization
SPOﬁ(\I 7l o | seamonta R BRI l‘: a5ciDB§g nifi Toolecpe a:Fl"‘k ] e FeatureFu = Solr-
\__£°°°°° @®Flink @CDAP CouchDB firiark fi orenrona' rosene o || @ TACGHYON ") diridl)| G iy (VELES pimsum 2 DL | Sucons
Data Sources & APIs Incubators & Schools
(s Health . 10T Financial & Economic Data Air / Space / Sea Lo ation / People / Entities Other
JAWBONE GARMIN, ! Bloomberg [3 | Dow JONES acxiem xperian einsideview || LY
ThingWerx | THOMSONREUTERS  soo SEP a . = ataCamp NSIGHT,
wwapracticetuson i fitoit | |[@nein @ somsora || YeDLEE " PREMISE 9 EiFmaLio GARMIN STREETLINE @ esri " . P
Withings VY vatioic peatmo /7\‘/'”\ [elquandl xignite @&BCBnscHis ctvcarn] | 858 crimson Hexagon _*cwmna %= factual.  Place([8 panjiva <4 Datatlite
\_ Qkinsa @ Humanari Asourr wime ]\ 22 mattermere StockTwits Gestimize §§pam | | = Airware (7) pronedepioy || () CROULATE placemeter BASIS (Serse == DATA GOV & mheomainaaor | ST
Last Updated 3/23/2016 © Matt Turck (@mattturck), Jim Hao (@jimrhao), & FirstMark Capital (@firstmarkcap) FIRSTMARK



Applications

Machine Learning SQL




COURSE SYLLABUS



How much experience do you have in critically reading and evaluating

systems research papers?

27 responses

@® | am new to this!

@ | have evaluated a few papers before
but | am still learning how to do this

@ | have some experience in critically
reading papers but | can learn more

@ | have significant experience!



20

15

10

B Haven't tried it so far

Python programming

Bl Some familiarity

Java programming

W Very familiar

Apache Hadoop

I Expert

Apache Spark

Tensorflow



Operating Systems
Distributed Systems
Networking

Databases

Machine Learning
Optimization Algorithms

Parallel Programming, System
Software |I...

Data Science

0

3 (11.1%)

1(3.7%)
1(3.7%)
1(3.7%)
1(3.7%)

8 (29.6%)

10

15

18 (66.7%)
21 (77.8%)
19 (70.4%)
20 25

25 (92.6%)



WHAT DO YOU HOPE TO LEARN FROM THE COURSE?

To be able to evaluate the research papers more effectively...
| hope learn to design systems used for big data processing. ..

Learn about current day technologies that are used to manage large amounts of
data...

Learn how to implement a machine learning project on big data.

Both theory and applications of big data systems, i.e., how to design, how to
implement and how to evaluate.



LEARNING OBJECTIVES

At the end of the course you will be able to

* Explain the design and architecture of big data systems
* Compare, contrast and evaluate research papers
* Develop and deploy applications on existing frameworks

* Design, articulate and report new research ideas



LEARNING OBJECTIVES

At the end of the course you will be able to

* Explain the design and architecture of big data systems
* Compare, contrast and evaluate research papers
* Develop and deploy applications on existing frameworks

* Design, articulate and report new research ideas

Paper Review

Discussion

Assignment

Project




CLASS FORMAT

Schedule: http://cs.wisc.edu/~shivaram/cs744-fal9
Reading: | paper per class

Review: Fill out review form (posted on Piazza) by 9am

Discussion: In-class group discussion, submit responses

(Bestl5 out of 20 responses)



HOW TO READ A PAPER: EXAMPLE

The Google File System

Sanjay Ghemawat, Howard Gobioff, and Shun-Tak Leung

Google*

ABSTRACT

We have designed and implemented the Google File Sys-
tem, a scalable distributed file system for large distributed
data-intensive applications. It provides fault tolerance while
running on inexpensive commodity hardware, and it delivers
high aggregate performance to a large number of clients.
While sharing many of the same goals as previous dis-
tributed file systems, our design has been driven by obser-
vations of our application workloads and technological envi-
ronment, both current and anticipated, that reflect a marked
departure from some earlier file system assumptions. This
has led us to reexamine traditional choices and explore rad-

1. INTRODUCTION

We have designed and implemented the Google File Sys-
tem (GFS) to meet the rapidly growing demands of Google’s
data processing needs. GFS shares many of the same goals
as previous distributed file systems such as performance,
scalability, reliability, and availability. However, its design
has been driven by key observations of our application work-
loads and technological environment, both current and an-
ticipated, that reflect a marked departure from some earlier
file system design assumptions. We have reexamined tradi-
tional choices and explored radically different points in the
design space.



HOW TO READ A PAPER: SUMMARY

|5t pass: Read abstract, introduction, section headings, conclusion
2"d pass: Read all sections, make notes

Some key points

What is the problem being considered!?

What are the main contributions! How do they compare to prior work?
What workloads, setups were considered in the evaluation?

What parts of the claims are adequately backed up?



PAPER REVIEW, DISCUSSION

Examples

One or two sentence summary of the paper
Description of the problem or assumptions made
Comparison to other papers discussed in class
One flaw or thing that can be improved

Experimental setup and what do the results mean



ASSESSMENT

Paper reviews: 10%

Class Participation: 10%

Assignments (in groups): 20% (2 @ 10% each)
Midterm exams: 30% (2 @ 15% each)

Final Project (in groups): 30%



ASSIGNMENTS

Two homework assignments in Python using NSF CloudLab
- Assignment 0: Setup CloudLab account

- Assignment |: Data Processing/Spark

- Assignment 2: Machine Learning/Tensorflow

Short coding based assighments. Preparation for course project
Work in groups of three



COURSE PROJECT

Main grading component in the course!

Goal: Explore new research ideas or significant implementation
in the area of Big Data systems

Research:Work towards workshop/conference paper

Implementation:Work towards open source contribution



COURSE PROJECT EXAMPLES

Example: Research

How do we scheduling distributed machine learning jobs while
accounting for performance, efficiency, convergence ?

Example: Implementation

Implement a new module in Apache YARN that allows GPUs to be
allocated to machine learning jobs.



COURSE PROJECT

Project Selection:

- List of course project ideas will be posted around (9/12)
- Form groups of three

- Pick one or more ideas or propose your own!

- Submit project ideas, instructor feedback/finalize idea (9/26),

Assessment:
- Project introduction write up
- Poster presentation

- Final project report



COURSE LOGISTIGS

Instructor office hours: Mon | |-12am at 7367 CS

Ainur’s office hours: Mon 2-3pm and Thu 2-3pm at 4291 CS

Discussion, Questions:  Use Piazza!



WAITLIST

- Class size is limited to 60 for this semester
- Focus on research projects, discussion
- Course is offered both semesters

- Limited undergraduate seats

If you are enrolled but don’t want to take, please drop ASAP!

If you are on the waitlist and have a pressing case, send email



BEFORE NEXT CLASS

Join Piazza: https://piazza.com/wisc/fall20 | 9/cs744

Complete Assignment 0 (see website)



