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“Big Data” Changes Everything…What about Science?



Transforming Science: Finding Data



Scientific Workflow Today
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2031:	  
a	  science	  odyssey	  



Life of a Scientist in 2031

•  No	  personal/departmental	  computers	  
•  Users	  don’t	  login	  to	  HPC	  FaciliBes	  	  
•  Travel	  replaced	  by	  telepresence	  
•  Lecturers	  teach	  millions	  of	  students	  
•  Theorems	  proven	  by	  online	  communiBes	  	  
•  Laboratory	  work	  is	  outsourced	  
•  Experimental	  faciliBes	  are	  used	  remotely	  
•  All	  scienBfic	  data	  is	  open	  
•  Big	  science	  and	  team	  science	  democraBzed	  



Extreme Data Science

The	  scienBfic	  process	  is	  poised	  to	  undergo	  a	  
radical	  transformaBon	  based	  on	  the	  ability	  
to	  access,	  analyze,	  simulate	  and	  combine	  

large	  and	  complex	  data	  sets.	  	  	  	  	  



Goal: To enable new modes of scientific discovery 

Scien2fic	  
Discovery	  

Growth	  in	  
Data	  

New	  
Analysis	  
Methods	   New	  

Science	  
Processes	  
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DOE/SC	  has	  a	  par2cular	  
challenge	  due	  to	  their	  
user	  facili2es	  and	  
technology	  trends	  

New	  math,	  stat,	  CS	  
algorithms	  are	  both	  
necessary	  and	  enabling	  

Mul2-‐modal	  analysis;	  
re-‐analysis;	  pose	  and	  
validate	  models	  



Data in Astrophysics: The Challenge is Systematics

Example:	  Astrophysicists	  discover	  
early	  nearby	  supernova	  	  	  

23 August 24 August 25 August GB	  per	  night	  
Manually	  
analyzed	  

Graphical	  
models	  

Filtered	  

Crowd	  
sourced	  

Machine	  
Learning	  

New	  simula2on	  models	  
and	  AMR	  code	  (Nyx)	  



Identify Phenomenon using Machine Learning

•  Climate Analysis in 2031  
-  Machine learning for all events 
-  Automatic metadata generation 
-  Fusion of simulations,  
     sensors, etc. 
-  Real-time analysis  
     and response 

Detected	  
cyclones	  
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•  TECA Toolkit today 
-  Automatic detection of cyclones, 

atmospheric rivers, and more 
-  Analysis time years to minutes 

Atmospheric	  
Rivers	  



Filtering, De-Noise and Curating Data

Arno	  Penzias	  and	  Robert	  Wilson	  discover	  
Cosmic	  Microwave	  Background	  in	  1965	  

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



Re-Use and Re-Analyze Previously Collected Data
•  Materials	  Genome	  InitaBve	  

– Materials	  Project:	  4500	  users	  18	  months!	  
–  Scien2fic	  American	  “World	  Changing	  Idea”	  
of	  2013	  –	  what	  about	  2031?	  

Unbounded	  compu,ng	  
requirements	  for	  
simula,on	  and	  analysis	  

Experiment	  



Multi-modal analysis of Brain Connectivity
Analyze	  brain	  connecBvity	  at	  mulBple	  scales:	  
From	  cells	  and	  regions	  to	  complex	  neural	  circuits.	  
	  
	  
	  
	  
	  
	  

	  	  
•  Improve	  understanding	  of	  brain	  pathology.	  
•  Enable	  personalized	  treatment	  opBons.	  

Brain	  Connec2vity	  Graphs:	  Jesse	  Brown,	  Bill	  Seely	  (UCSF)	  



Science Data is Big (and Growing)
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Illumina	  HiSeq	  X	  Ten	  



Light Sources – It’s Not Just Genomics

source: D. Parkinson, LBNL	
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Data Growth is Outpacing Computing Growth
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“Big Data” Challenges in Science !
 Volume, velocity, variety, and veracity

Biology	  
•  Volume:	  Petabytes	  now;	  
computa2on-‐limited	  

•  Variety:	  mul2-‐modal	  
analysis	  on	  bioimages	  

High	  Energy	  Physics	  
•  Volume:	  3-‐5x	  in	  5	  years	  
•  Velocity:	  real-‐2me	  
filtering	  adapts	  to	  
intended	  observa2on	  

Light	  Sources	  
•  Velocity:	  CCDs	  outpacing	  
Moore’s	  Law	  

•  Veracity:	  noisy	  data	  for	  
3D	  reconstruc2on	  

-‐	  20	  -‐	  

Cosmology	  &	  Astronomy:	  	  
•  Volume:	  1000x	  increase	  
every	  15	  years	  

•  Variety:	  combine	  data	  
sources	  for	  accuracy	  

Materials:	  
•  Variety:	  mul2ple	  models	  
and	  experimental	  data	  

•  Veracity:	  quality	  and	  
resolu2on	  of	  simula2ons	  

Climate	  
•  Volume:	  Hundreds	  of	  
exabytes	  by	  2020	  

•  Veracity:	  Reanalysis	  of	  
100-‐year-‐old	  sparse	  data	  



High end computing has focused on simulation

Experimenta2on	   Theory	  

Simula2on	  
Data	  Analysis	  

Compu2ng	  
21	  



Data analysis is equally important in Science

Experimenta2on	   Theory	  

Simula2on	  Data	  Analysis	  

Compu2ng	  

Growth	  in	  Sequencers,	  
CCDs,	  sensors,	  etc.	  	  
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Are there Computer Science Research 
Challenges?



Network as Infrastructure Instrument 

SNLL	  

PNNL	  

LLNL	  

ANL	  

GFDL	  
PU	  Physics	  
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	  ALBU	  

LASV	  

	  SDSC
	  

10	  

PPPL	  

CH
AT

	  

10	  

100 	  

100 	  
10	  

10	  
100 	  

10	  

10	  

100 	  
100 	  

1	  

10	  
100 	  

100 	  
1	  

100 	  100 	  

100 	  

100 	  
100 	  

BNL	  

CL
EV

	  

1	  

10	  

10	  

1	  

10	  

10	  

100 	  

100 	  

100 	  
10	  

10	  
10	  

100 	  

100 	  

10	  

10	  

100 	  

100 	  

100 	  

100 	  100 	  

100 	  

So`ware-‐Defined	  Networks	  
•  Infrastructure:	  black	  box	  with	  complex	  internals	  
•  Instrument:	  fast,	  adap2ve,	  programmable	  

ESnet,	  Infinera,	  and	  Brocade	  
demo	  transport	  SDN	  	  	  



Data structures, Algorithms, and Speed

•  Fastbit	  &	  Fastquery	  
–  specialized	  compression	  and	  object-‐level	  search	  
–  bitmap	  indexing	  methods	  
–  Theore2cally	  op2mal	  and	  10x-‐100x	  faster	  in	  prac2ce	  	  

J.	  Wu,	  A.	  Shoshani,	  A.	  Sim,	  D.	  Rotum	  

Finding & tracking of combustion flame fronts 



Scientific Workflows

•  Tigres:	  Design	  templates	  for	  
scienBfic	  workflows	  
–  Explicitly	  support	  Sequence,	  
Parallel,	  Split,	  Merge	  

•  Fireworks:	  High	  Throughput	  
job	  scheduler	  
–  Runs	  on	  HPC	  systems	  
	  

"LightSrc" 
Domain 
templates

Base Tigres 
templates

Scale up

Application 
"LightSrc-1"

Application 
"LightSrc-2"

Create and
Debug

Share

Create and
Debug

L.	  Ramakrishnan,	  V.	  Hendrix,	  	  D.	  
Gunter,	  G.Pastorello,	  R.	  Rodriguez,	  A.	  
Essari	  ,	  D.	  Agarwal	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Split	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Sequence	  
Task2	  

Task1	  

Task45	  ...	  

Task3	  

Task40	  



Trade-offs in Utilization vs Response Time

•  95%	  uBlizaBon,	  but	  the	  users	  wait	  
•  Real-‐Bme	  analysis	  on	  streams	  
•  InteracBve	  access	  to	  data	  



Analytics vs. Simulation Kernels: 

7	  Giants	  of	  Data	   7	  Dwarfs	  of	  SimulaBon	  
Basic	  sta2s2cs Monte	  Carlo	  methods	  
Generalized	  N-‐Body	   Par2cle	  methods	  
Graph-‐theory	   Unstructured	  meshes	  
Linear	  algebra	   Dense	  Linear	  Algebra	  
Op2miza2ons	   Sparse	  Linear	  Algebra	  
Integra2ons	   Spectral	  methods	  
Alignment	   Structured	  Meshes	  



X-‐ray	  scamering	  
data	  analysis	  

	  
HipGISAXS	  400-‐1500x	  
faster	  analysis	  for	  X-‐
ray	  scamering	  data	  

	  
Now:	  Nonlinear	  
op2miza2on,	  gene2c	  
algorithms,	  pamern	  
recogni2on	  w/	  noise	  

Micro-‐CT	  Sample	  
Analysis	  

	  
Quant-‐CT	  provides	  

automated	  
quan2ta2ve	  analysis	  

	  
Now:	  3D	  image	  
segmenta2on,	  
pamern	  recogni2on,	  
classifica2on	  
algorithms,	  PDE-‐	  and	  
graph-‐based	  analysis	  

X-‐ray	  Nano-‐
Crystallographic	  
Reconstruc2on	  

	  
Indexing	  ambiguity	  
resolved	  [PNAS13]	  

	  
Now:	  Image	  
orienta2on,	  find	  
crystal	  shape/size;	  
address	  orienta2on	  
ambigui2es;	  data	  
variance	  reduc2on	  

Designing	  New	  
Materials	  

	  
Designed	  record-‐

breaking	  high-‐surface	  
area	  materials	  

	  

Now:	  3D	  porous	  
polymer	  model	  
assembly;	  	  
Zeo++	  porosity	  
characteriza2on	  ;	  
Op2mal	  high-‐
performing	  material	  
designs	  
	  

CAMERA leverages state-of-the-art mathematics to 
transform experimental data into understanding

CENTER FOR APPLIED MATHEMATICS FOR ENERGY RESEARCH APPLICATIONS!

Lead	  PI,	  DOE-‐funded	  

Sherry	  Li	   D.	  Ushizima	   J.	  Donatelli	  

J.	  Sethian	  

M.	  Haranczyk	  



Programming Challenge? Science Problems Fit Across 
the “Irregularity” Spectrum

Massive	  
Independent	  

Jobs	  for	  
Analysis	  and	  
SimulaBons	  

Nearest	  
Neighbor	  

SimulaBons	  

All-‐to-‐All	  
SimulaBons	  

Random	  
access,	  large	  
data	  Analysis	  

…	  o`en	  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	  

More	  Irregular	  
	  
	  
	  
	  
	  
	  
	  
Global	  Address	  Space	  Programming	  
Each	  start	  compu2ng	  
Grab	  whatever	  /	  whenever	  
	  
	  
UPC,	  CAF,	  X10,	  Chapel,	  GlobalArrays	  	  
	  



Partitioned Global Address Space for Convenience 
and Performance

PGAS:	  Par((oned	  Global	  Address	  Space	  
Global	  address	  space:	  directly	  read/write	  remote	  data	  	  
Par((oned:	  data	  is	  designated	  as	  local	  or	  global	  

pr
iv
at
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x: 1 
y:  

l:  l:  l:  

g:  g:  g:  

x: 5 
y:  

x: 7 
y: 0 

p0" p1" pn"
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Programming Models for Analytics

•  ComputaBonal	  Biologists	  buy	  large	  shared	  memory	  
machines	  to	  assemble	  genomes	  

•  For	  many	  problems	  (including	  metagenomics)	  these	  
are	  not	  large	  enough	  	  

Strong	  Scaling	  of	  Meraculous	  Assember	  in	  UPC	  

Work	  by	  Evangelos	  Georganas,	  Jarrod	  Chapmanz,	  Khaled	  Ibrahim,	  Daniel	  Rokhsar,	  	  Leonid	  Oliker,	  and	  Katherine	  Yelick	  



Communication Avoiding Algorithms on Sparse 
Matrices (aka Graphs)

•  Can	  do	  bejer:	  1	  matrix	  read,	  mulBple	  mulBplies	  
•  Serial:	  O(1)	  moves	  of	  data	  	  moves	  vs.	  O(k)	  
•  Parallel:	  O(log	  p)	  messages	  vs.	  	  O(k	  log	  p)	  	  

Joint	  work	  with	  Jim	  Demmel,	  Mark	  
Hoemman,	  Marghoob	  Mohiyuddin	  

For	  implicit	  memory	  
management	  (caches)	  
uses	  a	  TSP	  algorithm	  for	  
layout	  
	  

34	  



MulB-‐Step	  (Akx)	  Runs	  at	  Faster	  Speed	  than	  Simpler	  (Ax)	  	  	  	  

Speedups	  on	  Intel	  Clovertown	  (8	  core)	  

Jim	  Demmel,	  Mark	  Hoemmen,	  Marghoob	  Mohiyuddin,	  Kathy	  Yelick	  	  35	  



Matrix Powers Kernel (and TSQR) in GMRES
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Communication-Avoiding !
Krylov Method (GMRES)

Performance	  on	  8	  core	  Clovertown	  

37	  



Towards Communication-Avoiding Compilers 
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i 
Matrix Multiplication code has a 3D iteration space 
Each point in the space is a constant computation (*/+) 
 

for i, for j, for k B[k,j]  … A[i,k] …  C[i,j] … 
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2.5D MM on BG/P (n=65,536)

2.5D Broadcast-MM
2.5D Cannon-MM
2D MM (Cannon)

ScaLAPACK PDGEMM

These	  are	  not	  just	  “avoiding,”	  they	  are	  “communica,on-‐op,mal”	  
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Technology for Scientific Data
Data	  Intensive	  Compute	  Intensive	  

+	  +	  	  
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!

Spa2ally-‐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	  	  total	  

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:	  Maximize	  
computa,onal	  

capacity	  	  
and	  local	  bandwidth	  

	  

Goal:	  Maximize	  
	  data	  	  

capacity	  
	  and	  global	  bandwidth	  

	  



Scientific Data Initiative at Berkeley Lab

Leverage Berkeley Lab talent in math, computer science, 
interdisciplinary team science, networking, software engineering 
and our new infrastructure to enable new modes of inquiry and 
discovery from scientific data sets 
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where both the subscript t and the prime refer to differentiation with respect to t . By assumption,
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Using Equations (2.10-2.11), we have

(2.13)dt
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&
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(2.14)= −2 (g−1FKKs ) % s2(t ) + 2 (g−1FKKs ) % s1(t )

By assumption, K>0 for s 1(t )<s<s 2(t ), hence

Ks % s1(t ) ≥ 0 and Ks % s2(t ) ≤ 0

Assume FK ≥ 0 at K = 0. Then, since g−1 > 0, both terms of the right hand side of Equation (2.14)

are non-negative and
dt

dVar (t )_ _______ ≥ 0. Conversely, if FK ≤ 0 at K = 0, then both terms are non-

positive and
dt

dVar (t )_ _______ ≤ 0. If FK is strictly less or greater than zero and Ks≠0 at s 1(t ) and s 2(t ),

then the energy inequalities are also strict. This completes the proof.

By examining the case FK ≤ 0 and FK ≥ 0, we have the following, which applies to a front

moving along its normal vector field at constant speed.
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