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Pr_imor_dial Web

Kepner & Beaudry 1992, Visual Intelligence Corp (now GE Intelligent Platforms)

Browser (html): httT put Server (http): S%L Database (sql):
< Y
htlp get \ 2

Language:

periY

Server Database
n- L e

* Browser GUI? HTTP for files? Perl for analysis? SQL fordata?
* Alot of work just to view data.

 Won’'t catch on.
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Cambrian Web

Browser (html): e put Server (http): S%L Database (sql):

p get h@ E w data @ SYBASE

ApaChe WlndOWS Server ORACI_G
Language:

¢ a )2

= pe rl‘m 61 server R
Java python (A% Ml_.lSQL
Server Database

sl =

* Browser GUI? HTTP for files? Perl for analysis? SQL for data?
* Alot of work to view a little data.

.
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Modern Web

Game (data): huf put Server (http): jaja_ Database (trlples):
htp get u@ EJ :data o
Apache Windows Server
( Language:
( e
periY CE 11
Java python (% Cassandra TBASE

Server Database

|
[
lb
|
|
[l FEEEE
1 H

. Game GUIl HTTP forflles’? Perl for analysis? Triples for datal
e Alot of work to view a lot of data.

* (Greatview. Massive data.
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Modern Web

Server (http):

M% fj d

Game (data):

Apache windowsServer
Language:
python [EY% MM | Cassandra
Server Database
o Sa —

* Alot of work to view a lot of data. Missing middle.

e Great view. Massive data.
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Future Web?

Game (data): graphs Server (files): graphs Database (triples):

|

Language: Nl'iCl k

Cassandra ¥BASE

Database
= | :

e Game UI! Fileserver for files! D4M for analysis! Triples for data!
e Alittle work to view a lot of data. Securely.

e Great view. Massive data.
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D4AM: “Databases For Matlab”

) 4 .. A
Triple Store D4M 4\ Associative Arrays
Distributed Database Dynamic i Numerical Computing Environment
[ - T Distributed
H N Dimensional
I\I/ID(?:JIaeI R B
g Query:
: :
i D
A D4AM query returns a sparse matrix
a8 H or graph from Cloudbase...
[EEEEENENEEE NN J._!'.'." I i 1 O G
s:m IW‘ ‘;
: : Moo
Triple store are high performance R
distributed databases for E R J
heterogeneous data I
...for statistical signal processing
or graph analysis in MATLAB
. Y,

D4M binds Associative Arrays to Triple Store, enabling rapid
prototyping of data-intensive cloud analytics and visualization
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Recap: Cloud Computing Concepts

Data Intensive Computing
* Compute architecture for large scale data
analysis

— Billions of records/day, trillions of
stored records, petabytes of
storage

o0 Google File System 2003
o Google MapReduce 2004
o Google BigTable 2006
* Design Parameters
— Performance and scale

— Optimized for ingest, query and
analysis

— Co-mingled data

— Relaxed data model

— Simplified programming
e Community:

__ YaHoO!
/(\j Google
‘Cloudera S

Utility Computing

* Compute services for outsourcing IT

— Concurrent, independent users
operating across millions of records
and terabytes of data

o IT as a Service
o0 Infrastructure as a Service (laaS)
o Platform as a Service (PaaS)
o Software as a Service (SaaS)
* Design Parameters

— Isolation of user data and
computation

— Portability of data with applications
— Hosting traditional applications
— Lower cost of ownership
— Capacity on demand
e Community:

Google: /fore

[ <, .
eell')lsgﬁgeg i3 Windows Azure D_lol-'d I
iTricity
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Recap: Cloud Computing Concepts

/Data Intensive Computing

N

5

Compute architecture for large scale data
analysis

Billions of records/day, trillions of
stored records, petabytes of
storage

o0 Google File System 2003
o Google MapReduce 2004
o Google BigTable 2006
Design Parameters
Performance and scale

Optimized for ingest, query and
analysis

Co-mingled data
Relaxed data model
Simplified programming
Community:

YaHoO!

Utility Computing

T fcebooi

‘Cloudera /

APAaC

* Compute services for outsourcing IT

Concurrent, independent users
operating across millions of records
and terabytes of data

o IT as a Service
o0 Infrastructure as a Service (laaS)
o Platform as a Service (PaaS)
o Software as a Service (SaaS)
* Design Parameters

Isolation of user data and
computation

Portability of data with applications
Hosting traditional applications
Lower cost of ownership

Capacity on demand

e Community:

ﬁrce

cloudrin

Google

Apps

amazon

amazon o3 ! Windows Azure "

| Ivl‘.,

o
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Advantages of Data Intensive Cloud

Traditional: Cloud:
Data from central store to compute nodes Data replicated on nodes, computation
sent to nodes

* Cloud computing moves computation to data

— Good for applications where time is dominated by reading
from disk

* Replaces expensive shared memory hardware and proprietary
database software with cheap clusters and open source

— Scalable to hundreds of nodes

1951-2011
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Distributed Cloud File Systems on
TX-2500 Cluster

Service Nodes

Shared
network
storage

E—1- Pt
Distributed
File System

LSF-HPC
—resource
manager/

| Distributed
| File System
| Data Nodes |

schedule

Rocks Mgmt, 411,
Web Server,
Ganalia

To LLAN =

432 DAL
PowerEdge 2850

| Distributed
| File System
| Data Nodes

e 432+5 Nodes

e 864+10 CPUs

« 3.4 TB RAM

* 0.78 PB of Disk
» 28 Racks

Number of

nodes used el
F_|Ie system 298.9 TB
size
Replication

3
factor

MIT-LL Hadoop Sector
Cloud DFS

350

452.7TB

2
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Multi-Dimensional Associative Arrays

* Extends associative arrays to 2D and mixed data types
A("alice ","bob ") = "talked "
or A("alice ","bob ") = 47.0

e Key innovation: 2D is 1-to-1 with triple store
("alice ","bob ’,"talked )

or ("alice ","bob ",47.0)
bob talked
alice[ o o alice bob
®
® C
° ®
® ®
® ®
®

* Associative arrays unify four viewpoints into one concept

1951—2011
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Composable Associative Arrays

e Key innovation: mathematical closure
— all associative array operations return associative arrays

* Enables composable mathematical operations
A+ B A - B A & B A|B A*B
* Enables composable query operations via array indexing
A("alice bob ",:) A("alice ",:) A(Cfal*™ ",:2)

A("alice - bob ",:) A(1:2,:) A == 47.0

* Simple to implement in alibrary (~2000 lines) in programming
environments with: 1st class support of 2D arrays, operator
overloading, sparse linear algebra

* Complex queries with ~50x less effort than Java/SQL
* Naturally leads to high performance parallel implementation
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Associative Array Algebra

e Keys and values are from the infinite strict totally ordered set $

* Associative array A(k) : 8¢ —» 8, k=(k,...,kd), is a partial
function from d keys (typically 2) to 1 value, where

A(k) =V, and < otherwise

* Binary operations on associative arrays A; = A; © A,
where ® = Uy, or Ny, have the properties
— If A(k;) = vy and A,(k;) = v,, then As(k;) is
Vi Upy Vo = T(Vy,Vp)  OF Vi Ny Vo = 1(V4,V5)

— IfA(k;) =vordandA,(k)) = D orv, then As(k;) is
VU D=V or VN O=9

* High level usage dictated by these definitions
* Deeper algebraic properties set by the collision function f()
* Frequent switching between “algebras”

1951—2011
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Universal “Exploded” Schema

Triple Store Table: Ttranspose

Input Data 0101 | 0102 | 01-03
Time src_ip | domain | dest_ip src_ip/a 1
2001-01-01 a a src_ip/b
2001-01-02 b b |::> domain/b
2001-01-03 C c domain/c 1
dest_ip/a 1
@ dest_ip/c 1

src_ip/a | src_ip/b | domain/b [ domain/c | dest_ip/a | dest_ip/c
2001-01-01 1 1
2001-01-02 1 1
2001-01-03 1 1

Triple Store Table: T

Key Innovations
e Handles all data into a single table representation
* Transpose pairs allows quick look up of either row or column

1951-2011
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Big Tables AlB[C[D] E | F | G | H | I I ) | K
— 111234 Code Name Job Date $ in bank
(e ) — W’—-\ 2 12123 A0001 Alice scientist 2000 Jan 01  $11,700
313212 B0O002 Bob engineer 2001 Jan 01  $10,600
“— . 4 (1 3 2 1 C0003 Charlie mathamatician 2002 Jan 01  $10,200
HRsgionServer Hf fons 5 12003 Jan 01 $8,600
® ”T“ 5 6 2004 Jan 01  $10,400
% Siore (Marmzione ) | | Stare (TemEtos ) | ‘ 7 : . 2005 Jan 01 $10,600
@ E,ﬁl,:_’f“?%‘ o[ | e 5 8 y=10 6 12 18 2006 Jan 01 $10,900
9 y=8 5 10 15 2007 Jan 01  $12,300
[ ! ‘ = 10 y=6 4 8 12 2008 Jan 01  $12,600
[TI11 WLl T T e 2 11 y=4 3 6 9 2009 Jan 01 $9,000
—— 12 y=2 2 4 6 2010Jan 01 $10,600
-1 S . 13 y=0 1 2 3 2011 Jan 01 $11,700
v ~ 14 x=0 x=5  x=10
g Doogoo || Ogooss -"E‘E-'_ —
n [ ]
| M e oSy Spreadsheets
T Daisoge Detatioe Daishock ) \___ Daistoce Daitiode

e Spreadsheets are the most commonly used analytical structure on Earth
(100M users/day?)

* Big Tables (Google, Amazon, Facebook, ...) store most of the analyzed data
in the world (Exabytes?)

e Simultaneous diverse data: strings, dates, integers, reals,
e Simultaneous diverse uses: matrices, functions, hash tables, databases,

MIT Lincoln Laboratory
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o Text Query
e Insert Performance

* Demo

* Summary
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Stats Diagram

>
Yo o O v PR v QO v .9
' LR Q & & &S LR &7 NI N
Triple Store Table: T O o7 oV oY LS LFL > & & P AT
P Fs s 8T FEE T L L

Row Key (time)
1 2001-10-01 01 01 00
2 2001-10-01 01 02 00
3 2001-10-01 01 03 00
4 2001-10-01 01 04 00
s
6

2001-10-01 01 05 00
2001-10-01 01 06 00

* Copy aset of rows from T into associative array A

* Perform the following statistical calculations on A
— Column count: how many times each column appears in A
— Column type count: how many times each column type appears in A

— Column covariance: how many times a each pair of columns in A
appear in the same row together

— Column covariance: how many times a each pair of column types in A
appear in the same row together

* (Good for identifying column types, gaps, clutter, and correlations

1951-2011
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Stats Implementation

* Define aset of rows
r = "2001-01-01 01 02 00,2001-01-01 01 03 00, 2001-01-01 01 04 00, "
e Copyrows from table to associative array and convert "1" to 1

A = double(logical (T(r,:)))
A = A(:,"src_ip/ *,domain/ *,dest ip/ *,")

®* Find popular columns counts
sum(A,1) > 200

* Find popular pairs
A * A > 200 or sgqln(A) > 200

* Find domains with many dest IPs
sum(double(logical(sgqin(A))),2) > 3

1951—2011
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Count

www.ggg.com (IS S e
wwwiff.com | S S
cee.net | S S——
e —
app.ccc.com | I S S s
—
———

ad.bbb.net

www.aaa.com

0 50 100 150 200 250 300
Events

* Very easy to get elementary count info necessary for finding clutter
and anomalies

1051—2011
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YEARS

Covariance
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* Adjacency matrix a natural result of covariance calculation
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STRUCTURED

Facet Search

KNOWLEDGE SPACE

earch Uplaad File Status Cictionary Update

DOCUMENT SEARCH

|afghanistan

|[ Search l

PEOPLE

AHMAD SHAH MASOOD (B0)
ABDLUL RASHID (95)
QSAMA BIN LADEM (14)
CHRIS BIRD {12)
ALEHANDER LE {11}

13 more...

4
d

LOCATIONS

AFGHAMISTAM (257)
KABUIL (1473
PAKISTAMN {134)
TAJIKISTAM (BB)
MOSCOWY (E4)

19 more. .

4
d

ORGANIZATIONS

LIMITED MATICKS (1045)
AFGHAN ISLAMIC PRESS (31)
MORTH ATLANTIC TREATY ORGARI... (25)
THE TALIBARM {22}
LIMITED MATIOMS HIGH COMMISSI.. {17)
LIMITED MATIOMS SECURITY COURK... {17)
AL QAEDA (16)
INTERMATIONAL RED CROSE {16)
CEMTRAL INTELLIGEMCE AGEMCY {15)
LIMITED STATES ARMY (14)

0 more...

4
d

SELECTORB

SELECTORC

SELECTORD

SELECTORE

SELECTORF

SELECTOR G

BECKY.SIU@MMD-B.ARMY.MIL (1)

ERAD AMNDERSOMN@EIRAD. CENTCON M.

BRIAN.SMITH@UNDP.ORG (1)

BUSCHM@EISAF-HC MNATOINT {13

COSTAP@CFC ARG ARMY.MIL (1)
15 move...

Core analytic of SKS

Gives keyword distribution of a set
of documents that share a common
keyword(s)
— Provides useful guide to what
keyword to select next

Currently implemented with several
hundreds of lines of Java/SQL

Associative array implementation
has 1 line

LLGrid 25
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S st Associative array relates documents to
> O Sizim 0ig place, org and person entities
a.txt|[ ¢ e : o
b.doc o :
............................................................................ Facets y,=UN, y,=Carl
epaE] T e oo S
annle | L |4« Documens thatcontan both
:e-ppL | . ® . @ ol A(: & Al
P o e A(LY1) & A(LY,)
g-doc| e ;. Entity counts in the above set of
1 2 12 documents obtained via matrix multiply
(A(!yl) & A(’yZ) )t A
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Graph Analysis/Graph500 Benchmark

Scalable benchmark specified
by graph community

Goal

i ® O ©® CraphAnalysis.org: High Performance Computing for solving large-scale graph problems

HPC Graph Analysis

Home
— Stress parallel computer News
architecture Benchmark
Results

Key data

— Very large Power law graph

Kernels
— Data Generator
— Ingest

Top 10 (une 2011)

Rank Machine
Intrepid (BG/P,
32768 nodes/

131072 cores)

Jugene (IBM, 32k
nodes)
Lomonosov (MPP,
4096 nodes/ 8152

Publications
People
Links
Contact

Home Complete Results

The Graph 500 List

Brief Introduction

Data intensive supercomputer applications are increasingly
important for HPC workleads, but are ill-suited for platforms
designed for 3D physics simulations. Current benchmarks and
performance metrics do not provide useful information on the
suitability of supercomputing systems for data intensive
applications. A new set of benchmarks is needed in order to
guide the design of hardware architectures and software
systems intended to support such applications and to help

Benchmark

We present a graph theory benchmark representative of computational
kernels in computational biology, complex network analysis, and national
security. This benchmark is based on the HPCS Scalable Synthetic Compact
Applications graph analysis (SSCA#2) benchmark. SSCA#2 is characterized
by integer operations, a large memory footprint, and irregular memory
access patterns. It has multiple kernels accessing a single data structure
representing a weighted, directed multigraph. In addition to a kernel to
construct the graph from the input tuple list, there are three additional
computational kernels to operate on the graph. Each of the kernels
requires irregular access to the graph's data structure, and it is possible
that no single data layout will be optimal for all four computational kernels.

= SSCA#2 v2.0 Specification: pdf doc
m Sequential code: C
= Parallel code: C/OpenMP

m Matlab version: ssca2v2-061107.tar.gz

procurements. Graph algorithms are a core part of many
| cores) analvtics workloads
LLGrid-27
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Single Node Insert Rate

x104
5‘7 '
=l g} D4AM -
5_ _
O
0 4r y
(0]
23 -
% 5| DAM+Triple Store |
E /
1- _
O . Ll \ AT | . L 11
10° 10° 10’ 10°

Entries

111111111
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Parallel DAM + Single Node Triple Store
Graph500 insert rate

_¢ 1000000
] .
Parallel D4AM .
&)
)
%) 100000 S
n e
-
b /
n :
c Parallel DAM+Triple Store
10000 | | |
1 2 3 4 5

Number of Inserters

Parallel D4M provides 500K memory inserts/sec on 1 node
Parallel D4M + Triple Store provides 100K disk inserts/sec on 1 node
Parallel DAM enables exploiting full power of Triple Store from D4M

LLGrid-29
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* Book: “Graph Algorithms in the Language of Linear Algebra”
* Editors: Kepner (MIT-LL) and Gilbert (UCSB)

* Contributors Edited by N
— Bader (Ga Tech) Jeremy Kepner and John Gilbert
— Bliss (MIT-LL)
— Bond (MIT-LL)
— Dunlavy (Sandia)
— Faloutsos (CMU)
— Fineman (CMU)
— Gilbert (UCSB)
— Heitsch (Ga Tech)

- Hendrickson (Sandia) Graph Algorithms in the
— Kegelmeyer (Sandia .

" Kepner (,i’,”T_(LL) ) Language of Linear Algebra
— Kolda (Sandia)

— Leskovec (CMU)

— Madduri (Ga Tech)

— Mohindra (MIT-LL)

— Nguyen (MIT)

— Rader (MIT-LL)

— Reinhardt (Microsoft)
— Robinson (MIT-LL) CONTRIBUTORS

— Shah (UCSB) Bader, Bliss, Bond, Bulug, Dunlavy, Edelman, Faloutsos, Fineman,
Si , Kegelmevyer, Kepner, K Leskovec,
Madduri, Mohindra, Nguyen, Rader, Reinhardt, Robinson & Shah
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Summary

* Web evolution has resulted in a new class of technologies for
— Display (game interfaces)
— Analysis (D4M)
— Storage (triple stores)

* D4AM is a novel technology that allows complex analytics to be
Implement with significantly less effort that traditional approaches

* D4AM is built on composable associative arrays which admit linear
algebraic manipulation

1951—2011
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