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Myth #1: DOE Computing = Modeling and Simulation


Experimenta+on	
   Theory	
  

Simula+on	
  
Data	
  Analysis	
  

Compu+ng	
  

Test	
  ban	
  treaty	
  

Petascale	
  Compu+ng	
  for	
  Small	
  
Number	
  of	
  Hero	
  Simula+ons	
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DOE Should Have a Balanced Strategy of Experiment 
(Data) and Theory (Modeling and Simulation)


Experimenta+on	
   Theory	
  

Simula+on	
  Data	
  Analysis	
  

Compu+ng	
  

Commercial	
  “Big	
  Data”	
  
Growth	
  in	
  Sequencers,	
  
CCDs,	
  etc.	
  	
  

Future	
  Performance	
  from	
  
Exascale	
  Technology	
  

Compu+ng	
  founda+on	
  includes	
  
research	
  (math/stat	
  and	
  CS)	
  and	
  
facili+es	
  (data	
  and	
  compute)	
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DOE has Big Data Needs 


Light Sources 

Particle Physics 

Genomics 

Astronomy 

Climate 

Materials Omics 
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Data Growth is Outpacing Computing Growth


•  Sequences	
  and	
  detectors	
  (used	
  in	
  light	
  sources,	
  parBcle	
  
accelerators)	
  are	
  growing	
  faster	
  than	
  processor	
  speeds	
  

•  And	
  all	
  are	
  growing	
  faster	
  than	
  memory	
  density	
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Solved Problems


Example	
  results-­‐to-­‐date	
  (and	
  case	
  for	
  more	
  Big	
  
Data	
  research)	
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DOE Data Requires Sophisticated Algorithms and 
Software: Extreme Climate Events


•  “Extreme weather events” 
are features hidden in large 
collections of data. 

•  Research on feature 
detection, tracking, analysis: 

•  Reduces processing time from 
years/months to hours/minutes. 

•  New software: Toolkit for Extreme 
Climate Analysis (TECA) 

•  Standalone tool (initial), deploying 
in VisIt for broader applicability. 

•  New data mining, image 
processing, and topological 
analysis techniques  
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Simulation is Key to Experimental Setup and Data 
Analysis


•  CMB	
  data	
  analysis	
  pre-­‐mission	
  
–  Quan+fy/correct	
  biases	
  and	
  
uncertain+es	
  

–  Validate	
  and	
  verify	
  methods	
  
•  Each	
  realizaBon	
  involves	
  simulaBng	
  

and	
  mapping	
  the	
  enBre	
  mission	
  
–  104	
  realiza+ons,	
  109-­‐15	
  samples	
  =>	
  108	
  
pixels	
  

–  Algorithms	
  &	
  implementa+ons	
  evolve	
  
–  Largest	
  simula+on:	
  250,000	
  maps,	
  10M	
  
CPU-­‐hours,	
  50TB	
  disk	
  

•  Planck	
  ESA/NASA	
  satellite	
  mission	
  
–  Simula+ons	
  handle	
  survey	
  inefficiencies,	
  
the	
  intervening	
  Milky	
  Way	
  galaxy,	
  and	
  
imperfect	
  detectors. 

Julian	
  Borrill,	
  LBNL	
  

Universe	
  as	
  an	
  Infant:	
  Fa>er	
  Than	
  Expected	
  
and	
  Kind	
  of	
  Lumpy	
  



Materials Genome Turns Massive Simulations into 
Data Analysis, Storage and Delivery


Atomic	
  posiGons	
  

Supercomputers	
  

CalculaGon	
  
workflow	
  

!

Today’s 
batteries 

Interesting materials… 

Voltage limit 

Materials	
  ProperGes	
  

Materials	
  
Data	
  

Submided	
  
Materials	
  

NSF	
  AMPLab	
  at	
  UCB	
  

•  >	
  3500	
  users	
  since	
  10/2011	
  start	
  
•  >	
  10	
  million	
  hours	
  in	
  <	
  6	
  months	
  
•  >	
  30,000+	
  materials	
  
•  Used	
  in	
  industry,	
  teaching,	
  

universiBes,	
  &	
  labs	
  (e.g.,	
  	
  JCESR)	
  
•  Machine	
  Learning	
  (MLBase	
  from	
  

AMPLab):	
  85%	
  accurate	
  
predicBon	
  of	
  runBme	
  



Biology in DOE is Data Intensive


• Biology	
  is	
  important	
  /	
  growing	
  area	
  in	
  DOE	
  
• DOE’s	
  focus	
  on	
  Metagenomes	
  
- IMG	
  Community	
  resource	
  for	
  compara+ve	
  analysis	
  
- About	
  10x	
  growth	
  in	
  genes	
  in	
  2012	
  (now	
  at	
  16B)	
  
- Data	
  streams	
  over	
  Esnet,	
  stored	
  &	
  computed	
  at	
  NERSC	
  
- Weeks	
  to	
  days	
  for	
  100M	
  gene	
  sets	
  

• BER’s	
  KBASE	
  Project	
  
-  Knowledgebase	
  enabling	
  predic0ve	
  systems	
  
biology,	
  e.g.,	
  microbes,	
  plants,	
  communi+es	
  

• Leveraging	
  UCB,	
  UCSF	
  and	
  others	
  
-  LDRD	
  on	
  graph	
  algorithms	
  for	
  biology	
  
- New	
  joint	
  postdoc	
  in	
  Simons	
  Ins+tute	
  	
  

Radial	
  Phylogene0c	
  Tree	
  

KBASE	
  
DOE Systems 
Biology 
Knowledgebase 

Simon’s	
  InsBtute	
  at	
  UCB	
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•  Big:	
  NERSC	
  imports	
  1	
  PB	
  per	
  month;	
  ESnet	
  transfers	
  10	
  PB	
  per	
  
month	
  and	
  this	
  rate	
  grows	
  exponen+ally	
  (2x	
  commercial	
  nets)	
  

•  Useful:	
  Over	
  9,000	
  data	
  users	
  access	
  “Science	
  Gateways”	
  at	
  
LBNL	
  &	
  NERSC	
  via	
  ESnet	
  

•  Hard:	
  Data	
  is	
  noisy,	
  incomplete,	
  unstructured,	
  and	
  
heterogeneous	
  

Data Science in DOE has Huge Impact


LBNL	
  scien+sts	
  use	
  NERSC,	
  ESnet	
  
and	
  CRD	
  sojware	
  to	
  define	
  
healthy	
  microbiome;	
  IMG	
  
variants	
  have	
  2500	
  users	
  

Materials	
  Project	
  stores	
  30K	
  
simula+ons	
  at	
  NERSC	
  in	
  web-­‐
accessible	
  database	
  (3500	
  users)	
  	
  

Materials	
   Biology	
   Environment	
  

AmeriFlux	
  &	
  FLUXNET:	
  750	
  
users	
  access	
  carbon	
  sensor	
  
data	
  from	
  960	
  carbon	
  flux	
  
data	
  years	
  

High	
  Energy	
  and	
  
Nuclear	
  Physics	
  

Data	
  from	
  Daya	
  Bay	
  (230	
  
users),	
  LHC	
  (1000),	
  STAR	
  
(500)	
  take	
  ESnet	
  to	
  NERSC	
  

antineutrinos 

Cosmology	
  

Planck	
  data	
  pipeline	
  (100	
  
users)	
  and	
  PTF	
  (50)	
  at	
  NERSC	
  

length,	
  Gme	
  



Successful Partnership Model for Data Projects


Select	
  Team:	
  Big	
  
and	
  Important	
  	
  

Iden+fy	
  
requirements	
  

Acquire	
  /	
  iden+fy	
  
compu+ng	
  

infrastructure	
  

Develop	
  
algorithms	
  

Look	
  for	
  exis+ng	
  
solu+ons	
  

Build	
  sojware	
  and	
  
share	
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Data & Simulation are Intertwined !
And Both need a Growth in Computing Performance


•  DOE	
  faciliBes	
  have	
  big	
  data	
  needs	
  
–  Growth	
  from	
  detectors,	
  sequencers,	
  sensors,	
  etc.	
  

•  FaciliBes	
  use	
  simulaBon	
  in	
  design	
  
–  Risk	
  mi+ga+on	
  and	
  engineering	
  

•  DOE	
  compuBng	
  generates	
  big	
  data	
  
– Massive	
  scale	
  and	
  massive	
  throughput	
  simula+ons	
  

•  Data	
  access	
  improves	
  science	
  
–  Community	
  data	
  sets	
  democra+ze	
  and	
  improve	
  quality	
  

•  Data	
  analyBcs	
  uses	
  big	
  compuBng	
  
–  Both	
  capacity	
  and	
  novel	
  architectures	
  

•  Data	
  requires	
  simulaBon	
  
– Missing,	
  noisy	
  data;	
  models	
  to	
  interpret	
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Take-­‐home	
  
message	
  



Open Problems


DOE	
  Data	
  is	
  not	
  just	
  Big	
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Tales of a Particle Physicist 

www.sciencemag.org    SCIENCE    VOL 331    11 FEBRUARY 2011 695
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particle physics data has grown more 
urgent in the past few years as CERN’s 
Large Hadron Collider (LHC) captured 
the world’s attention and a handful of 
other high-profi le projects—BaBar at the 
SLAC National Accelerator Laboratory, 
Japan’s KEK collider, and the latest DESY 
experiments—wrap up work and pre-
pare to disband. “In the past, 
experiments were smaller and 
more frequent. Now we build 
very big devices that cost a lot 
of money and person power 
over a number of years,” says 
Diaconu. “Each experiment is 
one application, built specifi-
cally for the task.” The LHC 
alone represents nearly a half-
century of work, with 20 years 
invested in design and construc-
tion and 20 years of scheduled 
operation. There will never be 
another experiment like it. 

The issue, experts say, isn’t 
data degradation. “The prob-
lem starts when the experiment is over, 
and the data used by one group of peo-
ple is only understood by those people,” 
Diaconu says. “When they go off and do 
other things, the data is orphaned; it has 
no parents anymore.” The orphan meta-
phor only goes so far: After a certain point, 
orphaned data can’t be adopted by later 
researchers who weren’t part of the origi-
nal team. Even given the raw data, only 
someone intimately involved in the origi-
nal experiment can make sense of it. “The 
analysis is so complex that to understand the 
data you have to be there with it, working on 
the experiment,” says SLAC database man-
ager Travis Brooks. “There’s a whole spec-
trum of things you need to keep around if 
you want petabytes [1015 bytes] of data 
to be useful.”

That spectrum includes everything from 
internal notes that explain the ins and outs 
of analyses, to subprograms designed to 
massage numbers for specifi c experiments. 
And then there’s the fuzzy-sounding “meta-
info,” the hacks and undocumented soft-
ware tweaks made by a team in the midst of 
a project and then quickly forgotten. 

Making it worse, particle physicists don’t 
usually share their data outside their collab-
orations the way most peer-reviewed scien-
tists do. “We don’t publish the data, because 
it’s something like a petabyte—you can’t 
just attach the raw data in a ZIP fi le,” Brooks 
says. As a result, there’s been no incentive to 

fi nd a standard format for the raw informa-
tion that would be readable to outsiders.

A data librarian

To give shuttered experiments a future, the 
DPHEP working group is looking for ways 
to keep data in working order long after the 
original collaboration has disbanded. Typi-

cally, software that can make sense of the 
data is custom-made to run on servers that 
are optimized for the experiment and shut 
down when funding runs out. And the con-
stant churn of technology can make soft-
ware and storage media obsolete within a 
matter of years. “The data can’t be read if 
the software can’t be run,” Brooks says. 

One option is to “virtualize” the soft-
ware, creating a digital layer that simulates 
the computers the experiment was originally 
run on. With regular updates and mainte-
nance, software designed to run on the UNIX 
machines of today could be rerun on the 
computers of the future the same way people 
nostalgically play old Atari games on new 

PCs, for example. 
To capture and preserve 

the less tangible aspects of a 
particle physics experiment, 
the working group has sug-
gested the job of data archi-
vist. The archivist would be in 
charge of baby-sitting the data 
and standardizing the software 
used to read it, helping to jus-
tify huge investments in the big 
machines of physics by making 
data usable by future research-
ers or useful as a teaching tool. 
The idea has been endorsed 
by the International Commit-
tee for Future Accelerators, an 

advisory group that helps coordinate inter-
national physics experiments. DPHEP is 
also pushing data preservation among fund-
ing agencies, arguing that the physics exper-
iments of the future should be designed 
with a data-preservation component to help 
justify their cost. 

Diaconu admits that the idea has a way 
to go before it captures the minds of young 
physicists focused on publishing new 
data. “Some people say, ‘Can you imagine 
how boring, to sit and look at old data for 
20 years?’ ” he says. “But look at a librar-
ian. Part of their job is taking care of books 
and making sure you can access them.” A 
data archivist would be a mix of librarian, 
IT expert, and physicist, with the computing 
skills to keep porting data to new formats 
but savvy enough about the physics to be 
able to crosscheck old results on new com-
puter systems.

The DPHEP group estimates that 
archivists—and the computing and storage 
resources they’d need to keep data current 
long after an experiment ended—would cost 
1% of a collider’s total budget. That can be a 
hefty fi nancial commitment: It would amount 
to $90 million for CERN. But keeping data in 
a usable form would provide a return on the 
investment in the form of later analyses, the 
group argues. Says Diaconu: “Data collection 
may stop, but it’s not true that’s the end of the 
experiment.”  –ANDREW CURRY

Andrew Curry is a freelance writer based in Berlin.

Down but not out. Siegfried Bethke works on the 

JADE detector in 1984 (above). A display screen 

(top) announces the end of the experiment.
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Sigfried Bethke working on the 
JADE detector in 1984. 

• Siegfried Bethke was part of the 
JADE experiment at DESY 

• 1986: JADE closed as DESY moved 
to a more powerful collider. 

• 1996: Bethke decides to revisit the 
data to confirm new theories using 
low energy data from JADE. 

• 1998: Data recovery completed 
• Dozen high impact publications 
• 2004: Work cited by Nobel 

committee 

Curry, A. Rescue of old data offers lesson for particle physicists. Science (New York, N.Y.) 331, 694-5(2011).	
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ALS Scientific Workflow today


Beamline	
  
User	
  

Experiment	
  



Simula+on	
  and	
  Analysis	
  Framework	
  

ALS Scientific Workflow envisioned


Beamline	
  
User	
  

Data	
  Pipeline	
  

HPC	
  Storage	
  and	
  Compute	
  

Science	
  
Gateway	
  

N
ew

	
  e
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t	
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  simulate	
  

Prom
pt	
  

Analysis	
  
Pipeline	
  

compare	
  

Experiment	
  



Real-time Image Analysis will have high-impact. 

•  3-D beam-time 
feedback requires 
stopping data 
taking for > 1 hour 
for data 
processing. 

•  Many users 
analyze a small 
fraction. 

Geologic	
  CO2	
  Sequestra+on	
  
Jonathan	
  Ajo-­‐Franklin	
  1/23/13	
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COSMIC	
  
Hybrid	
  (Real	
  and	
  
Reciprocal	
  Space)	
  

MicroXas	
  
(Spectroscopy)	
  

Small	
  and	
  Wide	
  
Angle	
  Scadering	
  
(Reciprocal	
  Space)	
  

HipGISAXS/HipMC	
  
parallel	
  Scadering	
  

Ptychographic 
reconstruction	
  

ShirleyXAS	
  (MSD)	
  
BerkeleyGW	
  (NERSC)	
  

Tomography	
  
(Real	
  Space)	
  

Arec3d,	
  QuantCT,	
  
CrunchFlow	
  

ALS Beamlines and Codes
 Real	
  Space	
  

Reciprocal	
  Space	
  

Spectroscopy	
  



JGI’s Compute Cluster  
JGI’s Isilon Filesystem 

JGI’s Web & Database  
Servers 

NERSC Control Room  

Magellan IBM iDataPlex  

Hopper Cray XE6 Supercomp  

6,384 nodes/ 153,216 cores 

IBM Global File System 

1.5 PB  

High Perform Storage System 

•  40 PB /4 Tape libraries 
•  150 TB disk cache 

ESNet Bay Area 
100 Gbits/sec 

Facility Impact: Moving Data to Computing for Efficiency




LCLS/NERSC… a model for grouping facilities?


6/12/13	
  

All	
  NERSC	
  
Traffic	
  

Photosystem	
  II	
  
X-­‐Ray	
  	
  Study	
  

There	
  may	
  be	
  an	
  “opportunity”	
  for	
  NERSC	
  to	
  be	
  the	
  compu+ng	
  facility	
  for	
  LCLS	
  



Unique data-centric resources will be needed


-­‐	
  22	
  -­‐	
  

Data	
  Intensive	
  Arch	
  Compute	
  Intensive	
  Arch	
  

+	
  +	
  	
  
5TF/socket	
  
1-­‐2	
  sockets	
  

5TF/sock	
  
8+	
  sockets	
  

64-­‐128GB	
  
HMC	
  or	
  Stack	
  

1-­‐4	
  TB	
  Aggregate	
  
Chained-­‐HMC	
  

1TB/s	
  

.5-­‐1TB	
  	
  
CDIMM	
  (opt.)	
  

200TB/s	
  
5-­‐10TB	
  Memory	
  
Class	
  NVRAM	
  

10-­‐100TB	
  SSD	
  
Cache	
  or	
  local	
  FS	
  n.a.	
  

Organized	
  for	
  
Burst	
  Buffer	
  

1-­‐10PB	
  	
  Dist.Obj.	
  DB	
  
(e.g	
  whamcloud)	
  

�/�!
(root)!

�Dataset0�!
type,space! �Dataset1�!

type, space!
�subgrp�!

�time�=0.2345!

�validity�=None!

�author�=JoeBlow!

�Dataset0.1�!
type,space! �Dataset0.2�!

type,space!

Spa+ally-­‐oriented	
  
e.g.	
  3D-­‐5D	
  Torus	
  

50GB/s/node	
  
10TB/s/rack	
  

100TB/s	
  

50GB/s	
  inject	
  
10TB/s	
  bisect	
   All-­‐to-­‐All	
  oriented	
  

e.g.	
  Dragonfly	
  or	
  3T	
  

~1%	
  nodes	
  for	
  	
  
Storage	
  Gateways	
  

~10-­‐20%	
  nodes	
  for	
  	
  
Storage	
  Gateways	
  

~1%	
  nodes	
  for	
  IP	
  Gateways	
   40GBe	
  Ethernet	
  to	
  	
  
Direct	
  from	
  each	
  node	
  

Compute Node! I/O Server!

Compute Node!

Compute Node!

. . .!
I/O Server!

Compute Node!

Disks!

Disks!

Disks!

Disks!Metadata Server (MDS)!

Interconnect"
Fabric!

RAID!
Couplet!

RAID!
Couplet!

50GB/s	
  inject	
  
0.5TB/s	
  	
  aggregate	
  

4GB/s	
  per	
  node	
  

Compute Node! I/O Server!

Compute Node!

Compute Node!

. . .!
I/O Server!

Compute Node!

Disks!

Disks!

Disks!

Disks!Metadata Server (MDS)!

Interconnect"
Fabric!

RAID!
Couplet!

RAID!
Couplet!

I/O Server!

. . .!

Compute	
  

On-­‐Package	
  
DRAM	
  

Capacity	
  Memory	
  

On-­‐node-­‐Storage	
  

In-­‐Rack	
  Storage	
  

Interconnect	
  

Global	
  Shared	
  
Disk	
  

Off-­‐System	
  
Network	
  

Goal:	
  Maximum	
  
ComputaGonal	
  Density	
  and	
  
local	
  bandwidth	
  for	
  given	
  
power/cost	
  constraint.	
  

	
  
Maximizes	
  bandwidth	
  
density	
  near	
  compute	
  

Goal:	
  Maximum	
  Data	
  
Capacity	
  and	
  global	
  
bandwidth	
  for	
  given	
  

power/cost	
  constraint.	
  
	
  

Bring	
  more	
  storage	
  
capacity	
  near	
  compute	
  (or	
  
conversely	
  embed	
  more	
  

compute	
  into	
  the	
  storage).	
  
	
  

Requires	
  soVware	
  and	
  
programming	
  environment	
  

support	
  for	
  such	
  a	
  
paradigm	
  shiV	
  



ESnet vision: discovery unconstrained by geography. 


ASIA-PACIFIC 
(ASGC/Kreonet2/

TWAREN)

ASIA-PACIFIC
(KAREN/KREONET2/

NUS-GP/ODN/
REANNZ/SINET/

TRANSPAC/TWAREN)

AUSTRALIA
(AARnet)

LATIN AMERICA
CLARA/CUDI

CANADA
(CANARIE)

RUSSIA
AND CHINA
(GLORIAD)

US R&E
(DREN/Internet2/NLR)

US R&E
(DREN/Internet2/

NASA)

US R&E
(NASA/NISN/

USDOI)

ASIA-PACIFIC
(BNP/HEPNET)

ASIA-PACIFIC
(ASCC/KAREN/

KREONET2/NUS-GP/
ODN/REANNZ/

SINET/TRANSPAC)

AUSTRALIA
(AARnet)

US R&E
(DREN/Internet2/

NISN/NLR)

US R&E
(Internet2/

NLR)

CERN

US R&E
(DREN/Internet2/

NISN)

CANADA
(CANARIE) LHCONE

CANADA
(CANARIE)

FRANCE
(OpenTransit)

RUSSIA
AND CHINA
(GLORIAD)

CERN 
(USLHCNet)

ASIA-PACIFIC
(SINET)

EUROPE 
(GÉANT/

NORDUNET)

EUROPE 
(GÉANT)

LATIN AMERICA
(AMPATH/CLARA)

LATIN AMERICA
(CLARA/CUDI)

HOUSTON

ALBUQUERQUE

El PASO

SUNNYVALE

BOISE

SEATTLE

KANSAS CITY

NASHVILLE

WASHINGTON DC

NEW YORK

BOSTON

CHICAGO

DENVER

SACRAMENTO

ATLANTA

PNNL

SLAC

AMES PPPL

BNL

ORNL

JLAB

FNAL

ANL
LBNL



new	
  waves	
  star+ng	
  	
  
Fall	
  2013	
  

Op+cal	
  system	
  
full	
  in	
  2020;	
  	
  
88	
  x	
  100G	
  

10x100G	
  on	
  all	
  
routes	
  by	
  2017;	
  
start	
  deploying	
  

ESnet6	
  

Internet2	
  
contract	
  expires	
  Add	
  routers,	
  

op+cal	
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ESnet	
  Needs	
  to	
  ConBnue	
  SupporBng	
  Extreme	
  Data	
  Flows	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Monthly	
  Average	
  Traffic	
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  Bandwidth	
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  Bandwidth	
  (Projected)	
  
	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Op+cal	
  Bisec+on	
  Bandwidth	
  
	
  

Terabyte	
  to	
  Petabyte	
  transfers	
  requires	
  
1)  Never	
  block	
  packets	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (80x	
  

slowdown	
  seen	
  with	
  blocking)	
  
2)  Bandwidth	
  reserva+ons	
  
3)  Endpoint	
  tuning	
  (hardware	
  and	
  configura+on)	
  



Computer Science Research Impact:!
Search/indexing Results


•  Fastbit	
  
–  specialized	
  compression	
  methods	
  	
  
–  Search	
  speed	
  by	
  10x	
  –	
  100x	
  than	
  best	
  
known	
  bitmap	
  indexing	
  methods	
  

–  Theore+cally	
  op+mal	
  (order	
  n)	
  

•  Fastquery	
  
–  HDF5	
  and	
  other	
  structured	
  files	
  indexed	
  
and	
  index	
  embedded	
  in	
  file	
  

–  Support	
  indexing	
  /	
  query	
  at	
  object	
  level	
  
–  Queried	
  50TB	
  dataset	
  in	
  ~10	
  seconds	
  on	
  
3,000	
  hopper	
  cores	
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Programming Challenge? Science Problems Fit Across 
the “Irregularity” Spectrum


Massive	
  
Independent	
  

Jobs	
  for	
  
Analysis	
  and	
  
Simula+ons	
  

Nearest	
  
Neighbor	
  
Simula+ons	
  

All-­‐to-­‐All	
  
Simula+ons	
  

Random	
  
access,	
  large	
  
data	
  Analysis	
  

26	
  

…	
  ogen	
  they	
  fit	
  in	
  mulBple	
  categories	
  



The Programming Answer is Obvious…

More	
  Regular	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
Message	
  Passing	
  Programming	
  	
  
Divide	
  up	
  domain	
  in	
  pieces	
  
Compute	
  one	
  piece	
  	
  
Send/Receive	
  data	
  from	
  others	
  
	
  
MPI,	
  and	
  many	
  libraries	
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More	
  Irregular	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
Global	
  Address	
  Space	
  Programming	
  
Each	
  start	
  compu+ng	
  
Grab	
  whatever	
  /	
  whenever	
  
	
  
	
  
UPC,	
  CAF,	
  X10,	
  Chapel,	
  GlobalArrays	
  	
  
	
  



Big Data needs advanced mathematics: !
statistics / machine learning / mining!

Querying	
   spherical	
  range-­‐search	
  O(N),	
  orthogonal	
  range-­‐search	
  O(N),	
  spa+al	
  join	
  O(N2),	
  

nearest-­‐neighbor	
  O(N),	
  all-­‐nearest-­‐neighbors	
  O(N2)	
  

Density	
  esBmaBon	
   mixture	
  of	
  Gaussians,	
  kernel	
  density	
  es+ma+on	
  O(N2),	
  kernel	
  condi+onal	
  
density	
  es+ma+on	
  O(N3)	
  	
  

Regression	
   linear	
  regression,	
  kernel	
  regression	
  O(N2),	
  Gaussian	
  process	
  regression	
  O(N3) 

ClassificaBon	
   decision	
  tree,	
  nearest-­‐neighbor	
  classifier	
  O(N2),	
  nonparametric	
  Bayes	
  classifier	
  
O(N2),	
  support	
  vector	
  machine	
  O(N3) 

Dimension	
  
reducBon	
  

principal	
  component	
  analysis,	
  non-­‐nega+ve	
  matrix	
  factoriza+on,	
  kernel	
  PCA	
  
O(N3),	
  maximum	
  variance	
  unfolding	
  O(N3) 

Outlier	
  detecBon	
   by	
  density	
  es+ma+on	
  or	
  dimension	
  reduc+on 

Clustering	
   by	
  density	
  es+ma+on	
  or	
  dimension	
  reduc+on,	
  k-­‐means,	
  mean-­‐shij	
  
segmenta+on	
  O(N2),	
  hierarchical	
  clustering	
  O(N3) 

Time	
  series	
  analysis	
   Kalman	
  filter,	
  hidden	
  Markov	
  model,	
  trajectory	
  tracking	
  O(Nn)	
  

Feature	
  selecBon	
  &	
  
causality	
  

LASSO,	
  L1	
  SVM,	
  Gaussian	
  graphical	
  models,	
  discrete	
  graphical	
  models 

Fusion	
  and	
  
matching	
  

sequence	
  alignment,	
  bipar+te	
  matching	
  O(N3),	
  n-­‐point	
  correla+on	
  2-­‐sample	
  
tes+ng	
  O(Nn)	
   

Source:	
  Alexander	
  Gray	
  



The Missing Middle: Software Engineering


•  2008	
  survey	
  
–  Most	
  scien+sts	
  are	
  self-­‐taught	
  in	
  programming	
  

–  Only	
  ⅓	
  think	
  formal	
  training	
  in	
  SW	
  Eng	
  is	
  important	
  
–  <	
  ½	
  have	
  a	
  good	
  understanding	
  of	
  SW	
  tes+ng	
  

•  For	
  example,	
  bug	
  in	
  SW	
  supplied	
  by	
  another	
  research	
  lab	
  
forced	
  UCSD	
  Scripps	
  Prof	
  to	
  retract	
  5	
  papers	
  	
  
–  Science,	
  Journal	
  of	
  Molecular	
  Biology,	
  and	
  	
  
Proceedings	
  of	
  the	
  NaGonal	
  Academy	
  of	
  Sciences	
  

“Computa+onal	
  science:	
  ...Error…why	
  scien+fic	
  programming	
  does	
  	
  
not	
  compute,”	
  by	
  Zeeya	
  Merali,	
  13	
  October	
  2010,	
  Nature	
  467,	
  775-­‐777	
  
	
  



Non-Problems


Big	
  Data	
  problems	
  that	
  are	
  not	
  DOE’s	
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  Area	
  



UC Berkeley AMPLab: Algorithms, Machines, People!
 Franklin, Jordan, Patterson, Stoica


•  Today’s	
  apps:	
  fixed	
  point	
  in	
  soluBon	
  space	
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Algorithms	
  

Machines	
  

People	
  

Need	
  techniques	
  to	
  dynamically	
  pick	
  best	
  
opera+ng	
  point	
  

search	
  

Watson/IBM	
  



AMPLab Applications involve Privacy Issues

•  Mobile	
  Millennium	
  Project	
  

–  Alex	
  Bayen,	
  Civil	
  and	
  Environment	
  
Engineering,	
  UC	
  Berkeley	
  

•  MicrosimulaBon	
  of	
  urban	
  
development	
  
–  Paul	
  Waddell,	
  College	
  of	
  Environment	
  
Design,	
  UC	
  Berkeley	
  

•  Crowd	
  based	
  opinion	
  formaBon	
  
–  Ken	
  Goldberg,	
  Industrial	
  Engineering	
  
and	
  Opera+ons	
  Research,	
  UC	
  
Berkeley	
  

•  Personalized	
  Sequencing	
  
–  Taylor	
  Si>ler,	
  UCSF	
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Path Forward
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Model of Success


Extreme	
  
Scale	
  Data	
  
Science	
  

Advanced	
  Math	
  
(Stat)	
  and	
  
Computer	
  

Science	
  informed	
  
by	
  Data	
  Science	
  	
  

Facili+es	
  re-­‐
engineered	
  for	
  
Data	
  flows:	
  Tie	
  
experiments	
  to	
  

compute	
   Partnerships	
  for	
  
data	
  intensive	
  

sojware:	
  generic	
  
libraries	
  and	
  

custom	
  solu+ons	
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A Data Strategy


•  FaciliBes:	
  Drive	
  and	
  deploy	
  the	
  best	
  technology	
  for	
  data	
  
science	
  in	
  collaboraBon	
  with	
  industry	
  
–  Networking:	
  for	
  bandwidth,	
  flexibility,	
  and	
  to	
  federate	
  facili+es	
  
–  Systems:	
  for	
  data	
  storage,	
  analysis	
  

•  Research:	
  Perform	
  basic	
  research	
  in	
  data	
  science	
  
–  Math	
  and	
  Algorithms:	
  Sta+s+cs	
  &	
  Machine	
  Learning,	
  Image	
  
analysis,	
  Graph	
  analy+cs	
  in	
  collabora+on	
  with	
  universi+es	
  

–  CompuBng	
  Systems:	
  Develop	
  and	
  evaluate	
  new	
  hardware,	
  
programming,	
  and	
  sojware	
  techniques	
  

•  Sogware	
  
–  Partnerships:	
  Leverage	
  Lab	
  staff	
  and	
  culture	
  to	
  develop	
  usable	
  
robust	
  tools	
  for	
  data	
  movement,	
  provenance,	
  analysis..	
  

–  Cross-­‐lab	
  organizaBon:	
  to	
  encourage	
  re-­‐use	
  and	
  sharing	
  


