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CEDMAV

Center for Extreme Data Management,
Analysis and Visualization
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Research Future Technologies
for Knowledge Extractlon from

Deployment and Application of State
of the Art Tools in Data Intensive
Science Discovery

Education of the Next Generation
Workforce Supporting Data Intensive
Science and Engineering
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Massive Simulation and Sensing Devices Generate
SCI } Great Challenges and Opportunities
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A Cyberinfrastructure Requires Efficient

SCI } Data Management and Processing /“5@

— Data re-organization.

— Compression.
« Advanced algorithmic techniques:

— Streaming.
— Progressive multi-resolution.

— Qut of core computations.

— From laptop, to office desktop,
to cluster of PC, to BGJL. '

— Memory, to disk, to remote
data access.
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We Redesigned the Data Management and
sci ) Visualization Pipeline with New Principles /dﬁ@

« Basic core techniques:
« Slicing
* Volume rendering

* |so-surfaces

« Cache-oblivious out-of-core - Coarse-to-fine construction of
processing optimizing access multi-resolution models
locality for any size of data blocks

* Pipelines of progressive algorithms  Remote data streaming
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We Consider the Three Main Components
SCI } Defining a Computing Infrastructure %

INSTITUTE

REMOTE DATA ACCESS  MEDIUM AND LONG
AND ACQUISITION TERM STORAGE
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VISUALIZATION
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LOCAL FEEDBACK
FEEDBACK LINES
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We Characterize Algorithmic Classes
sCl i Based on Effect in a Processing Network %9

\1, Standard data access
(bricks, slices, row-major, ...)
\2. Linear Streaming
\3. Guided Streaming

4. Progressive Streaming
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The use of top-down and bottom-up processes

Speed

A : :
Progressive refinement:

have a strong impact on the data stream

Benefit: pipeline of progressive modules

coarse representation Input

Output
Immediately available 5
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Decimation:

Challenge:

minimize the quality differential v full resolution

/' %, data needed first

Accuracy
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We Introduced Multi-resolution Cache

SCU ODblivious Layouts for Image Data (ﬁ@
» Z-order curve used to * Improve access locality:
define a hierarchical —Interleaving hierarchical
sub-sampling over a grid levels
—Maintaining geometric
proximity
« Data layout is independent
N of the traversal of the data
() (b) I6ayout olf block[i,]zon disk3 A 5 I]G .
N
e (e
g‘ \‘K St
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We Introduced a Progressive Range Query
Avoiding Unnecessary Data Access

Y

Blocks touched by the region

Layout of blocks on disk

image AUETY data in the block
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iNstiTuTe - SO

We Introduced a Progressive Range Query
Avoiding Unnecessary Data Access i

Blocks touched by the region

Layout of blocks on disk
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We Provided a Fast Address Computation

SCI Based on Simple Bit Manipulation /15@

« Simple bit manipulations « 3D version (also nD):

to convert row major to basic Z shape replaced
hierarchical Z-order by a connected pair of Z
shapes

i J
% -

Step 1: shift right with incoming bit set to 1

_— r N
Incoming bit Shift QOutgoing bit (a)

A L I A

- | | ‘
|
| 7 Vit g
Loop: While the outgoing bit is zero ‘
shift right with iIncoming bit set to 0 \ ‘ _ LA o~
Shift - < V= L
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Cache-ODblivious Data Layouts Scale Well

INSTITUTE

32KB Disk Block Size

Formal analysis o | B
predicts performance o STy
and scalability SN
Performance improved  swsmpingee © &
by orders of magnitude, _  Desktop Performance
e
Independence of \ -
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and storage N
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We Demonstrated Performance and

sCl i)  Scalability in a Variety of Applications <m
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Server can be wrapped in Apache plug-in
Client can be run in a web browser

@
INSTITUTE
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One billion polygons to

€ = C O wwwsciutahedu/ne

SCI Home

The Scientific Computing and Imaging Institute D

SCI Home » News » Projects » One billion polygons to billions of pixels

SCI Home
About SCI
Research
Publications

WVedia

Software
Collaborators
People

Contact

News

Seminars & Events

Archived News and Feature
Stories

Sclentric Computing 30 Fmaging rsthte

&

Publications Media Software Collaborators People

One billion polygons to billions of pixels

Welcome to the first gigapixel, multi-view rendering of The Digital
Michelangelo Project’s David.

The David model consists of 932 million triangles from a Iaserscan of the
original statue created by Professor Marc Levoy and members of The Digital
Michelangelo Project at Stanford university. The model was sligned by
Benedict Brown and Szymon Rusinkiewicz using the non-rigid slignment
method desaibed in their 2007 SIGGRAPH paper.

Esach of the 4 2gigapixel sized frames (29280 x 70418 pixels) was rendered
using the Manta Interactive Ray Tracer. Manta is s highly portable
interactive ray tracing environment designed st the SCI Institute to be used
on both workstations and super computers. For these renderings, Manta
leveraged s recursive 4-level grid to scoelerste the rendering. In all, each
frame took 20 hours to render using 84 cores each (258 total) of the SCI
Institute’s 264 core SGI UV 1000 with 2.8TB of RAM and 2.67GHz Intel
Xeon X7542 cores. More information on Manta can be found at:

http://mantawiki.sci.utah. edu/manta/index.php/Main_Page

The final rendering was stored in the hierarchical, space-filling curve format
of the ViSUS visus the raw data
enabling efficient, streaming pipelines that process the information while in
movement. The results are then visualized in a progressive environment
sllowing for mesningful explorations with minimsl required resources. This

bl I-time of large datasets on a variety of
systems ranging from desktops and laptop computers to portable devices
such as iPhones/iPads. ViSUS has been deployed in a variety of large dsta
spplications such as the monitoring of large scientific simulations and the
editing of massive images and panoramas.

The ViSUS David viewer is currently available a5 s Windows web browser
plugin (Firefox and Chrome) or as a standalone application for Windows,
Max OS X, or OpenSUSE. Plesse follow the links below to scoess the
gigapixel David

D d and install ViSUS spplics
Download the ViSUS application f
Download the VISUS spplication fo
View David via web plugin

View David via web plugin (for slower connections)

n and plugin for Windows
0os X
OpenSUSE

n

[ visus \

€« C'  © atlantis.sci.utah.edu

Official Visus site  www.pascucci.org

Sci utah

Privacy Potcy

conta.

Project description

I
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= eospatial Data Rendering on 1Pad

Both client and SERVER run of handheld devices,
e.g. multiple iPhones can be clients and servers for
each other to share information on the field

Utah April 2008 Pascucci-18



iNsTiTUTE SO

Utah April 2008

We Address the Need for
Scalable Algorithms and Infrastructures i

Data formats that minimize I/O and memory
transfer for most frequent operations

New algorithms and data structures for
management of large collections of
time dependent information

New theoretical models that predict the behavior of
modern architectures

New algorithms that are “intrinsically scalable”
with respect to:

— Processing capabilities

— Diversity of hardware available

— Locality of data

Can benefit a variety of tools

Scalable system infrastructures

Pascucci-19



We provide real-time access to large scale

SCl & time dependent data and sensory data W

 Blue Marble Earth (next generation) provided by NASA:
— Twelve months in 2004 (11GB per month)
— Resolution: 86400 x 43200 pixels (500 meters per pixel)

* Lightning events from distributed sensing devices over
Central Europe (Blitzortung.orq)

Utah April 2008 Pascucci-20



We Are Moving Towards Support of a

SCH3 Combination of Different Data Types /%@

« Concurrent access to several information sources requires
similar techniques for a variety of data types.

= | -
= [ . gt

COMMERCIAL AIRWAYS AIRSPACE BOUNDARIES

Algorithmic directions:

— Integration with other frameworks

— progressive streaming infrastructure for
“vector data” (points, lines, polygons);

— uncertainty/incompleteness in the data

— progressive resolution of queries BOUNDARIES OF US COUNTIES
with quantification and visualization of error/confidence;

— on-line update of internal data structures to render
new data immediately available.

Utah April 2008 Pascucci-21



We Allow Distributed Computations at

SCUR Different Stages of the Data Stream il

* Progressive Image Differencing + Editable GPU filter.

i A Print
’QS@ m\\ZLDLHm m o  — =

Two data sources ‘l'
(11 GB each) %

Progressive differencing Streéming eage |
Computed in real-time. detection on the GPU.

S — =) mm | —
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We are Developing Progressive Scheme
sCl &  for Content Based Image Processing /‘[ﬂ@

ViSUS Eartl

* Hypothesis:

=) M =

el - A
A(LSTﬁ ||| e < I

sssssssssss
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Poisson Solver for Image Cloning in
SO Massive Image Collections %Sj

» Color correction of 600+ images in real time

Utah April 2008 Pascucci-24



Poisson Solver for Image Cloning in
Massive Image Collections

« Pasting a 300GB satellite image of a city In
background world map merged in real time

Utah April 2008



We Demonstrated Performance and

sCl i)  Scalability in a Variety of Applications /ﬂﬂ@

sive Image Analyst

e .

~— PdsCucci-26
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We Demonstrated Performance and
Scalability in a Variety of Applications /15@

US Progressive Image Analyst

5 BE 2 - g

y We are starting to redesign simulations based

on the new algorithmic techniques
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We Are Moving Towards a Distributed
Storage and Processing Environment /15@

 Distributed storage
« Data redundancy
e Security

 Heterogeneous collaborative
Infrastructure

 Multi-scale collaborative =
Interfaces accessing shared ‘\'l s 77 ¥ 00
data sources: =

_ data collection and validation — ~
— Interactive analytics )/ g &g
— decision making

Utah April 2008 Pascucci-28




We Focus on Quantitative Analysis

s & for Answering Science Questions i

Rayleigh—Taylor Instability
(fusion, super-novae, ...).

« What are the stages of the
turbulent mixing process?

e Over40 TB

mixing
transition

strong
turbulence
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We Provided the First Feature-Based
Validation of a LES with Respect to a DNS |
P

LES (Large Eddy Simulation) 25TB

SCl. 2
N\
INSTITUTE

Mode-Normalized
Bubble Count

Normalized Time
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Quantitative Analysis of the Impact of a
Micrometeoroid in a Porous Medium

=t}
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Many possible applications:

— NASA'’s Stardust Spacecraft

— National Ignition Facility Targets
— Light and Robust Materials

— many more...

b — — — — —

. wwwdCCi-31



We Use Topological Methods to Describe all
SCl ] Possible Reconstruct. of the Porous Medium _

Density of 2-Saddle-Maximum Pairs

RN
(&)

-
o
I

Maxima Function Value
g o O

25 20 -15 -10 -5 0 5 10 15

2-Saddle Function Value
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We Obtain a Robust Reconstruction of the
SCI 2 Filament Structures in the Material %9

o Density of 2-Saddle-Maximum Pairs
o 15

=10 L

C

Qo 5L

©

c 0

=

L 5 L

@®©

£-10 -

515

= 25 -20 -15 -10 -5 0 ) 10 15
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What is the Long Term Impact of Human
Activities on the Global Climate?

Utah April 2008
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What is the Long Term Impact of Human

SCHR Activities on the Global Climate? i

2100

1 0 1920 1940 1960 1980 2000 2020 2040 2060 2080 2100
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What is the Long Term Impact of Human

SCHR Activities on the Global Climate? i

cooling

2100

warming

1 0 1920 1940 1960 1980 2000 2020 2040 2060 2080 2100
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We Introduced Robust Topological
SCl i) Methods for Quantitative Data Analysis /\m

* Provably robust computation

* Provably complete feature
extraction and quantification & =

Hierarchical topology of a

* HierarChical tOpOIOgical 2D Miranda vorticity field
structures used to capture
multiple scales

’ o
* Error-bounded approximations )g >
)

associlated with each scale 5 |
. Ll y [ B
+ Formal mathematical definition “: ood [_!I'"I’”ULII'I"H“'
associated with each analysis "= 87 5%  vedumseale:
° Scalable perfOl’manCG in Molecular dynamics simulation (left) with
* ~ti - : abstract graph representation of its features
association with streaming 2t two scales (right)
techniques
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We Rewrote Morse Theory for Provably

SO - Robust and Correct Computations i
f(X):D—>R F(X):S—>R
Classical mathematical Simulation of
definitions differentiability
domain D smooth manifold S simplicial complex
function|  f infinitely differentiable F(x) PL-extension of f(X;)
critical | VI (p) =0 LowerLink(p) = B
point numerical combinatorial
7O
4
1D 2D 3D

Independent local computation yield globally consistent results
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We Introduced New Techniques

SChR for Critical Point Classification i
type | index The Morse Lemma
O Minimum | O There are d+1 types

of critical points

e Saiddle d:l \O/‘ ./.\’

@ Maximum| d Minimum Maximum

Minimum

vf(p)=0 © @

|

f(x)] —f(p)+Zx - Zx

j=d—-k+1

Minimum 1-saddle 2-saddle Maximum

numerical combinatorial
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We Introduced the Morse-Smale

SCH3 Complex for Complete Data Analysis /{E@

« The Morse-Smale complex \\
partitions the domain of f in |
regions of uniform gradient

* Generalizes the notion of
monotonic interval

+ Dimension of aregionequal -~ |~ 7 |

Index difference of source ® Minimum  © Saddle ® Maximum
and destination
« Remove inconsistency of

local gradient evaluations
1DY 2D
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We Mapped the Index Lemma to a
SCI } Morse-Smale Complex Simplification

INSTITUTE

ot}

Index Lemma: critical points can be created or destroyed in pairs
that differ by one in index

Approximation: error = persistence/2 (proven lower bound)

Multiscale: consistent gradient segmentation at all scales

3D | Time

Utah April 2008
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We Achieve a Theory of Provably-

SCH Correct Topological Computations i

* No approximation introduced when translating
mathematical definitions to algorithms

* The quality of the analysis does not deteriorate
when the data size increases

* New topological concepts that allow complete data
segmentations

« Multi-scale representation of the input data

« Explicit error bounds for any approximation

>
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Topological Constructs Allow Building
sCl 5 Effective and Succinct Shape Descriptors il
P P

The Reeb graph is the graph
obtained Dby continuous
contraction of all the
contours In a scalar field,
where each contour Is
collapsed to a distinct point.
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We Use Streaming Techniques to Achieve
scl &) High Performance Analysis of Shapes %

=
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We Develop Shape Signatures to Find
sCl i) Defects In Large Scale Geometric Models

Happy Buddha

number of loops
=

number of loops
number of loops

0.001 oo Y G 100
persistence

0001 0.01 0.1 1 10 100
persistence

persistence

Malaysian

Botijo

number of loops

number of loops

0.001 0.01 0.1 1 10 100
persistence
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Understanding Turbulence for Low
scl sEmission, High Efficiency Combustion

* Lean premixed H, flames

* Low Swirl Combustion
(LSC) Burners

« Low pollution in energy

production
« High Efficiency in fuel
OH PLIF - experiment | =au iz - 4_ , consumption
1cm s uesis sl o Scalable from residential

to industrial use
« Each variable 3.9-4.5TB

|
o T E—
- | -~ »
- X " -

Experiment  Simulation

-\ \_" ‘,," -

bR Y :
N —_— kb
[ ~ o
F. 29 w . A

L “* g v {1 1‘ l

1" burner (5 KW, 17 KBtuhr) 28" burner (44 MW, 150 MBtu/hr)
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We Take on the Challenge of Developing a
sci pJQuantitative Analysis Detecting Turbulence %9

Understanding combustion processes over
a broad range of burning conditions is an
important problem for designing engines
and power plants.

— Simulation with AMR mesh.

— Simulations of lean premixed hydrogen flames
with three degrees of turbulence.

— Can we identify precisely and track in time
burning regions?

— Can we discriminate the degree of turbulence
from a quantitative analysis?

Utah April 2008 Pascucci-47
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We Use Topology To Build

Abstractions From Raw Data =

101010111010001010101010010101010101010101101010101010
101001010101001010101010101010101010101010101010110101
011111101101101101010100101010100101010101010101010101
010101010101111010101100000000000000001101101101110110
101010101010010101010010101010101010101010101010101010
101101010101010100101010100101010101010101010101010101
010101011010101010101001010101001111110110110110101010
111111011011011010101010101010101010101011101010101010
101010111000110000010110000011111111101101101111111011
011011111110110110110101010110110100101111101101101111
111011011011111110110110110001101001010010100101010111
000000000011111111010010100010111101010101001010110101
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We build a hierarchical Morse complex of
H2 consumption on an isotermal surface %Sj
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We build a hierarchical Morse complex of
H2 consumption on an isotermal surface

SCl

INSTITUTE

hierarchy
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We build a hierarchical Morse complex of
H2 consumption on an isotermal surface

SCl

INSTITUTE

hierarchy
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We build a hierarchical Morse complex of
H2 consumption on an isotermal surface

SCl

INSTITUTE

hierarchy
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We build a hierarchical Morse complex of
SCl i) H2 consumption on an isotermal surface %Sj

hierarchy
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SCl &

INSTITUTE

We build a hierarchical Morse complex of
H2 consumption on an isotermal surface

/@@

N
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hierarchy
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We build a hierarchical Morse complex of

sCl i H2 consumption on an isotermal surface 4@

hierarchy
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We build a hierarchical Morse complex of

SCl g H2 consumption on an isotermal surface (ﬁ@

hierarchy

Utah April 2008 Pascucci-56



We track in time by interpolation in 4D and
SCHa contraction to a graph (Reeb Graph) %

Time

iy %
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We track in time by interpolation in 4D and
SCI 3 contraction to a graph (Reeb Graph) ‘%Sj

INST

t=1

/

-/ @V @
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We track in time by interpolation in 4D and
SCl i)  contraction to a graph (Reeb Graph)

t-/
ob 0
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We track in time by interpolation in 4D and
SCl i)  contraction to a graph (Reeb Graph)

Y%
-y

T ®
-/ @ W 0/
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We track in time by interpolation in 4D and
SCI 3 contraction to a graph (Reeb Graph) %9

t=3
t=2
t=1
t=0 :
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We track In time by interpolation in 4D and
contraction to a graph (Reeb Graph) /m

N
t=
t=
t=
o :

Time
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We track in time by interpolation in 4D and
SCH.3 contraction to a graph (Reeb Graph) 4@

t=3
t=2
t=1
t=0 :
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Each Set of Parameters Results in a Robust
sal ;Segmentation and Tracking of Burning Cells

Utah April 2008 Pascucci-64



We Allow Exploration of the Full Space
of Parameters Defining the Features

SCl

INSTITUTE

Region Count vs. Time
Strong Turbulence
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Topological Segmentation Allows to Quantify
sCl iJTurbulence as Slope of the Area Dlstrlbutlons%

L
<
=

Magnitude of Hydrogen Consumption

D
<< + )~ L aewsnt
208
©
206}
S af
8 [ == ow slope = strong turbulence
= 0.2 == Mid slope = weak turbulence
E | } high sIope no turbulence
= 0

O Cell S Low

Normalized Cumulative W P— b
distribution of Cell Area Topological Segmentation
« Combustion & flame into Burning Cells
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Visual Analytics, Decision Support
and Situational Awareness

(Or how to get the software out of the way)

Yarden Livnat, Ph.D.

Scientific Computing and Imaging (SCI) Institute

Rocky Mountain Center of Excellence in Public Health Informatics
Intermountain Healthcare

VA Salt Lake City Health Care System




Methodologies and Principles

Understand the stake holders

Focus on what the user need to know rather than on
what data is available

Separate between the user and the incidental form the
data is stored in

Empower the user to explore the data
Simple, direct and intuitive interactions

Reduce information overload




Epinome:
Anrinteractive web-based workbench
forepidemic investigation




Epinome

e Facilitate investigation infectious disease outbreaks
- High-fidelity and large scale simulations
- Multiple scenarios with multiple decision points

e Display evolves as the user focus changes




Epinome

e Coordinated multiple views

e Filter by example via drag-and-drop of displayed data
(textual or graphical)

e Per-view (local) and global filters
e Nested workspaces

e Facilitate multiple lines of thought




CommonGround:
Infectious Disease Weather Map

Aniinteractive Visual Exploration of Temporal Correlations




How do users Capture Information?

Whiteboard illustration of mental model map of influenza activity

(D 17 HospAiwt TS fyalley

VAR
Cfﬂ”’“;.tjl @ 207 Onildver @}lnﬁ'um‘tﬁt A

{8 x
cihy ! > - T\ T

C llull

E_.g‘l. E'\,‘nrf:j' .

@ 6,:,?‘\901_ {i_b‘;mle{ja UP - PU L If .
s [t P Soer o

Graphical cues:

Glyphs, size, clustering, relations, correlations, annotations




The Conceptual Model

An abstract representation

Visualization of meta-data (tags) not raw data

Number of tags is much smaller than number of data items
Automatic layout based on temporal relations

Suggests correlations between tags

Dynamic evolving queries

Employ information scent to reduce information overload




The CommonGround Prototype

database
Cons al
path: cg.db 3 8 .,m«ﬂeqa_rm .

Avallable dates: 2007-06-30 to 2008-06-30

V] Show background Map Hewslogsal
Show School Districts
|| Show Health Districts

Show Counties

Correlation lines

V| show/hide correlation lines

Correlation
factor: | S6i Throst

Cold ptoms

5 O
V| Show Selected Cases
Select cases assoclated only with
) ALL selected tags

okl 597
() ANY selected tag & 597 [563]

Select layout method:
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A Data Analysis and Visualization
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Cycle of Collaborative Activities /@@
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Tight cycle of :
— basic research,
— software deployment
— user support
Coordination among eight projects: V
— unified techniques for several applications §
Strong University-Lab-Industry
collaboration
Focused technical approach:
— performance tools for fast data access ,
— general purpose data exploration
— error bounded quantitative analysis
— feature extraction and tracking
Interdisciplinary collaboration with
domain scientists (from math to physics):
— motivating the work
— formal theoretical approaches
— feedback to specific disciplines
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