























Giot L, Bader JS, ..., Rothberg JM, = EE
A protein interaction map of Drosophila melanogaster
Science 302: 1727-1736, 2003.
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Phylogeny

Orangutan Gorilla

-

Corbisictn

David A. Bader

Chimpanzee
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Computational Phylogeny

GRAPPA

Campanulaceae

* Bob Jansen, UT-Austin;
 Linda Raubeson, Central Washipdton O

BRCHES

CIPRES aims to establish

.. the cyber infrastructure

(platform, software, °

database) required to
attempt a

reconstruction of the e
Tree of Life

(10-100M organisms)*®

BACTERIA ELCARY A

The Tree of Life

David A. Bader

Genome Rearrangements Analysis
under Parsimony and other
Phylogenetic Algorithm
» Freely-available, open-source,
GNU GPL
» already used by other
computational phylogeny groups,
Caprara, Pevzner, LANL, FBI,
Smithsonian Institute, Aventis,
GlaxoSmithKline, PharmCos.
Gene-order Phylogeny Reconstruction
» Breakpoint Median
* Inversion Median
over one-billion fold speedup from
previous codes
Parallelism scales linearly with the
number of processors

Georgia Caollege off
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Homeland Security: Terrorist Networks

e C(Certain activities are often suspicious not because of the characteristics
of a single actor, but because of the interactions among a group of

actors.

* |Interactions are modeled through a graph abstraction where the entities
are represented by vertices, and their interactions are the gkected edges

in the graph.
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Figure Credit: Graph-based technologies for intelligence

analysis,T. Coffman, S. Greenblatt, S. Marcus, Commun.

ACM, 47(3):45-47, 2004.
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Figure Credit: Uncloaking Terrorist Networks, V.E. Krebs,
First Monday, 7(4), April 2002.
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Information Overload

Attributed Relational Graph

16 ® 13 5

Legend

28 ® Workplace Friends with
25 24 ® Town / Works at

® Person Located in

27 Lives in

e Semantic Graphs (or Attributed Relational Graphs) are one
way to integrate data from disparate sources

- Vertices represent people, places, locations, events, etc.
- Edges represent the relationships between the vertices
- Semantic graph encodes web of relationships

Georgia GCadllege off
David A. Bader Te%h Cenmpuidng 13



Simple Example

Attributed Relational Graph
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Advantages of Semantic Graphs

e Much smaller than raw data. Can fit in memory of large
computer
- Fast response to queries
- Pre-join of database

e Combine data from different sources and of different types

e Some common intelligence and law enforcement queries are
naturally posed on graphs
— Particularly for the terrorist threat

Georgia GCaollege off
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Query Example |: Short Paths
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Query Example II: Motif Finding

Pattern
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The Big Picture

Attributed Relational Graph
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Graph algorithms

e Driving applications are not traditional HPC:
- health care, proteomics, security, informatics, ...

e Fundamental abstraction

- Standard introductory material covered in a computer
science course on data structures and algorithms, but...

 There are few (if any) efficient distributed-memory
parallel implementations of even the simplest
algorithm for sparse, arbitrary graphs!

Georgia Cadllege of
David A. Bader 'Ibgch || Conmpuiting
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Informatics Graphs are Tough

e Very different from graphs in scientific computing!
- Graphs can be enormous
- Power-law distribution of the number of nelghbo
- Small world property - no long paths
- Very limited locality, not partitionable
— Highly unstructured
- Edges and vertices have types

Six degrees of Kevin Bacon
Source: Seokhee Hong

e Experience in scientific computing applications
provides only limited insight.

Georgla @@ﬂ ® off
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Architecture
e Challenges: .
- Runtime is dominated by
latency

e Random accesses to
global address space

* Perhaps many at once
- Essentially no

computation to hide
memory costs

— Access pattern is data
dependent

e Prefetching unlikely to help
. Usuall}y only want small
part of cache line
- Potentially abysmal
locality at all levels of
memory hierarchy

David A. Bader

Desired Features:
 |Low latency / high

bandwidth

- For small messages!
Latency tolerant
Light-weight synchronization
mechanisms
Global address space

— No graph partitioning required

- Avoid memory-consuming
profusion of ghost-nodes

- No local/global numbering
conversions

One machine with these
properties is the Cray MTA-2

- And its successor, the Cray
XMT (“Eldorado”)

Georgia Caollege off
Tech  Compuiding 21



How Does the MITA Work?

Latency tolerance via massive multi-threading
- Each processor has hardware support for 128 threads
- Context switch in a single tick
- Global address space, hashed to reduce hot-spots
- No cache or local memory. Context switch on memory request.
- Multiple outstanding loads
Remote memory request does not stall processor
- Other streams work while your request gets fulfilled
Light-weight, word-level synchronization
- Minimizes access conflicts
Flexibly supports dynamic load balancing
Notes:
- MTA-2 is 7 years old
- Clock rate is 220 MHz
- Largest machine is 40 processors

David A. Bader
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NSF Computing Research Infrastructure:
Development of a Research Infrastructure for Multithreaded
Computing Community

Using Cray Eldorado Platform

e The Cray XMT system serves as an ideal platform for the
research and development of algorithms, data sets,
libraries, languages, tools, and simulators for applications
that benefit from large numbers of threads, massively
data intensive, sparse-graph problems that are difficult to
parallelize using conventional message-passing on
clusters.

- A shared community resource capable of efficiently running, in

experimental and production modes, complex programs with
thousands of threads in shared memory;

- Assembling software infrastructure for developing and
measuring performance of programs running on the hardware;
and

- Building stronger ties between the people themselves, creating G R A
ways for researchers at the partner institutions to collaborate

and communicate their findings to the broader community.

: Collaborators include: Univ of Notre Dame, Univ. of
avid A. Bader, Pl (CSE) Delaware, UC Santa Barbara, CalTech, UC Berkeley,
firey Vetter, co-PIl (CSE) Sandia National Laboratories

http://www.nsf.gov/awardsearch/showAward.do?AwardNumber=0708307

Georgia GCadllege off
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SNAP:
Small-world Network Analysis and Partitioning

* An open-source parallel graph framework for analyzing
small-world interaction networks

e Parallel algorithms optimized for shared memory manycore,
SMP and multithreaded systems

Compact graph Optimized
representation graph kernels

N Network Analysis
7 ; Techniques

\ / §

Interaction data

Georgia GCaollege off
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SNAP Framework

 We have designed fast parallel algorithms and efficient
Implementations for several graph theoretic problems

Graph representation

Graph kernels: List ranking, Connected Components [ICPPO5],
Spanning tree [JPDCO6G], MST [IPDPS04], Graph traversal [ICPPOG],
Shortest paths [ALENEXO7, MTAAPO7]

Algorithms: Centrality analysis [ICPPO6G], community identification
[Madduri/Bader O7]

Applications: Protein-interaction networks [HICOMBOG6], social
network analysis [Madduri/Bader O7]

 We integrate these implementations into SNAP, with
optimizations for small-world networks

Georgia GCaollege off
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Sequential BFS: O(m+n)
using a FIFO queue

Recent algorithms and
implementations for
handling large-scale graphs:

— graph partitioning [Yoo et. al.
OOEE)] p g [Yoo et. a

- external memory [Meyer et. al.
2006]
Our design is a fine-grained
algorithm, suited for
multithreaded architectures

— All vertices at a given level in
the graph can be processed
simultaneously, instead of
just picking the vertex at the
head of the queue

- The adjacencies of each
vertex can be inspected in
parallel

David A. Bader

Execution Time (seconds)

BFS on Scale-free (SF-RMAT) graphs
(200 million vertices, 1 billion edges)

—%— Time
—A— Speedup
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Large-Scale Graph Results:

Breadth-First Search
Problem Graph Instance Result Comments
Multithreaded Random graph 2.3 s (p=40) | Works well for
(OUR RESULT) n=228 vertices 73.9s (p=1) |sparse real-world
m=230edges Cray MTA-2 graphs
External Memory | Random graph 8.9 HOURS State-of-the-art
[Ajwani et al., 2006] | n=228 vertices (MM_BFS_R) | external memory
m=230 edges BFS
Multithreaded Random graph 4.53s Largest arbitrary
(OUR RESULT) Scale-free graph 2.2s BFS known results
n=400 M vertices (p=40)
m=2 B edges Cray MTA-2
Distributed Random graphs 4.7 sec on Works only for Erdos-
Memory n=3B vertices p=32K Renyi random
[Yoo et al., 2005] | m=32B edges IBM BG/L graphs.

David A. Bader
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Case Study 2: Social Network Analéis

=

e Centrality metrics: Quantitative measures to capture
the importance of a node/vertex/actor in a graph

- Degree, Closeness, Stress, Betweenness

e |dentifying central nodes in large complex networks
IS the key metric in a number of applications:

Biological networks, protein-protein interactions
Sexual networks and AIDS

|dentifying key actors in terrorist networks
Organizational behavior

Supply chain management

Transportation networks

Georgia GCaollege off
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Our Contributions

* Graph-theoretic analysis of the Human protein
interaction network, comprising nearly 18,000
proteins and 44,000 interactions.

- [Bader,Madduri; HICOMB 2007]

e Parallel algorithms for analysis of large-scale
interaction networks
- [Bader, Madduri; ICPP 2000]

e Comparison of the yeast and human protein
Interaction networks, over time.

Georgia Cadllege of
David A. Bader Te%h Cenmpuidng



BC Multicore Algorithms

e Brandes [2003] proposed a faster sequential
algorithm for BC on sparse graphs

- O(mn+n?logn) time and O(n) space for weighted
graphs

- O(mn) time for unweighted graphs

» We designed and implemented the first
parallel algorithm:

- [Bader, Madduri; ICPP 2006]

Georgia GCaollege off
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Sun UltraSPARC T1

—@— Execution time

200 ~ —%— Relative Speedup [ 20

w
= 150
E o
S 3
(] (D)
K O
o o
£ o
= 100 - =
i) ©
= ©
a 04
Q
0
50
0

Number of threads

Georgia GCaollege off
David A. Bader Tech @@Gﬁﬂ@ﬂﬂﬁﬁm@

31



BC Analysis:

Protein-protein interactions

Betweenness Centrality

le+0

le-1 A

le-2

le-3

le-4 A

le-5

le-6 -

le-7

43 interactions

Protein Ensembl ID
ENSG00000145332.2

Human Genome core protein interactions
Degree vs. Betweenness Centrality

Kelch-like protein 8

T
10 100
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Sony-Toshiba-IBM Center of Competence
for the Cell/B.E. at Georgia Tech

/7

+ Mission: grow the community of Cell
Broadband Engine users and developers

e Fall 2006: Georgia Tech wins competition for
hosting the STI Center

* First publicly-available IBM QS20 Cluster
* 200 attendees at 2007 STI Workshop
* Multicore curriculum and training

* Demonstrated performance on
- Multimedia and gaming
-Scientific computing
- Medical applications
-Financial services

David A. Bader, Director

http://sti.cc.gatech.edu

Georgia College
David A. Bader Tech Coempuiing 33



IBM QS20 “CellBuzz” Cluster

e The Georgia Tech Cell/B.E. cluster CellBuzz contains a
publicly-accessible front-end cell-user.cc.gt.atl.ga.us and two
BladeCenter's containing 14 IBM BladeCenter QS20 dual-
Cell blades named cellO1 through cell14.

e An IBM BladeCenter QS20 blade features:
- Two 3.2 GHz Cell BE processors
- 1 GB XDRAM (512 MB per processor)
- Blade-mounted 40 GB IDE hard disk drive

- Two 1 Gb Ethernet (GbE) controllers that provide connectivity to
the BladeCenter chassis midplane and BladeCenter GbE
switches

- BladeCenter interface that offers Blade Power System and
Sense Logic Control

- InfiniBand (IB) option, supporting up to two Mellanox IB 4x Host
Channel Adapters

e Peak performance of 2.8 TFLOPS in a standard single-
chassis configuration,

- and over 17 TFLOPS may be possible in a standard 42U rack

http://sti.cc.gatech.edu Georsla | colsgs
David A. Bader Tech [m@ 34




Applications

e CellBuzz: Freely-available, open source libraries

optimized for the Cell/B.E.
http://sourceforge.net/projects/cellbuzz/

- /LIB & GZIP: data compression

— FFT: fast Fourier transform

- RCb: encryption

- MPEG-2: video encoding and decoding
- JPEG2000: digital content processing

* Financial Modeling
- European and American Options Pricing
- Risk Analysis

Georgia Cadllege of
David A. Bader 'Ibgch || Conmpuiting
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Cell/B.E. Libraries: FFT and JP

e FFTC: Fastest Fourier Transform on the Cell/B.E.

- 1-Dimensional single precision DIF-FFT optimized
for 1K-16K complex input samples

- Parallelize & optimize computation of a single FFT
computation

- Design high performance synchronization barrier using
inter-SPE communication

- Demonstrated superior performance of 18.6 GFlop/s for 8K
complex input samples.

 JPEG2000 on the Cell/B.E.

- Optimize coding/decoding by data decomposition / data
alignment / vectorization

- Demonstrated average speedup of 3.1 over
Intel 3.2 GHz Pentium-4

The source code is freely available from our CellBuzz project in SourceForge
http://sourceforge.net/projects/cellbuzz/

David A. Bader
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Cell/B.E. Libraries: ZLIB and MPEG-2

e ZLIB Data compression & decompression library

Vectorize compute intensive kernels and parallelize to run on multiple SPEs

Extend the gzip header format while maintaining compatibility with legacy gzip
decompressors

- Demonstrated speedup of 2.9 over high-end Intel Pentium-4 system

e MPEG-2 Video Decoding

First parallelization of a multimedia application on Cell/B.E.
- Demonstrated a speedup of 3 over Intel 3.2GHz Xeon.

Block

=1
|
-
:

) 21—

Sequence Macroblock
Video Stream q Pict

—

The source code is freely available from our CellBuzz project in SourceForge
http://sourceforge.net/projects/cellbuzz/

Georgia Cadllege of
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Cell/B.E. Apps: Financial Modeling

Objective: Demonstrate a competitive edge of the Cell/B.E. for Financial
Services.

European Option Pricing. Black - Scholes equation:

dS (t) = S (t)dt + oS (t)dW (1)

Collateralized Debt Obligation (CDO) pricing
Gaussian Copula, Monte Carlo simulation

Originating
Bank

Assets sold to
the SPV

Cash

Optimize various

random number generators : Mersenne Twister, Hammersley sequence, LCG.

Special

Purpose
Vehicle
(SPV)

Principal &
interest

Cash

Funding

Senior
30-70%

Mezzanine
5-30%

Equity
0-5%

Detachment
point - d

Attachment
point - a

normalization techniques : Box Mueller Polar/Cartesian, Low Distortion Map.
Georgia GCadllege off
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Cell/B.E. Apps: Financial Modeling

Performance Analysis : Random Number Generation

Performance comparison of RNG (Mersene Twister)
on various architectures

1.6 ]

BN Block
EZZ8 Sequential

14 39.9

1.2

Over 3 Billion
random numbets

1.0

0.8
per second from a

s single Cell/B.E.

Time (seconds)

0.4

0.2

0.0

Intel PM Intel P4 AMD_A64 IBM_PPC  Cell

* The performance results on the Intel, AMD and IBM PowerPC processors are from:
M. Saito and M. Matsumoto. Simple and Fast MT: A Two times faster new variant of Mersenne twister. In Proc.
7th Intl. Conference on Monte Carlo Methods in Scientific Computing, Germany, 2000.

Georgia Cadllege of
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Cell/B.E. Apps: Financial Modeling

Performance Analysis : European Option pricing

/Cartesian form

Version FPlatform Pertormance | Transformation Software

ECP-BMP (our result) Cell /B.E. 1040M /s | Box Mueller Cell SDIK 2.1
/Polar [orm

IBM SDEK Sample [2] Cell /B.E. 190N /= Box Mueller Cell SDK 2.1
/Polar form

BMCell-BMP Cell/B.E GO5M = Box Mueller Rapidhlind
/Polar form SDK 2.1

ECP-BNMC (our result) Cell /B.E. 1824M /s | Box Mueller Cell SDK 2.1

CUDA-BMC [1]

NVIDIA G0
(GP1T)

1200M /=

Box Maeller

/Cartesian form

CUDA SDK 1.0

[1] V. Podlozhnyuk. Monte Carlo Option pricing. (NVIDIA CUDA) White paper, v1.0, June, 2007.
[2] IBM Corporation. The Cell project at IBM Research. White paper.

1.5x over optimized CUDA implementation for NVIDIA G8O0.
2x over optimized implementation for RapidMind on Cell.

David A. Bader

Double precision will be essential

Georgia Caollege off
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Case Study: Irregular Scientific Applications

e Cell/B.E. performs well for applications with
predictable memory access patterns
[Williams et al., 2000]

 We demonstrate that the Cell/B.E.
architecture also performs well for
applications that exhibit irregular memory
access patterns

- Non-contiguous accesses to global data

structures with low degrees of locality

Georgia GCadllege off
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Manycore Challenge: List Ranking

e Challenge: Given a linked list stored in memory, find the
distance from each node to the head
- Sequential approach is trivial (2 lines of code, linear time)
- Linear speedup with the number of processors in theory (PRAM)
- No speedup has ever been reported using MPI

* Rationale: List ranking is the basis for many irregular parallel
algorithms, and is representative of many client applications

Ranks 1 8 7 2 9 3 6 10 4 5 12 N

Georgia Cadllege of
David A. Bader 'Ibgch || Conmpuiting
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List Ranking Examples

Ordered List
CNCONCNCNONCNCNCNCNONOD

Ranks 1 2 3 4 5 6 7 8 9 10 11 12

Random List
e

Ranks 1 g 7 2 9 3 6 10 4 5 12 11

Georgia GCadllege off
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Parallel List Ranking Algorithms

e SMP algorithm [Helman & Jala, 1999]

— Partition the input list into s sublists, by randomly choosing s sublist
head nodes, one from each memory block of n/(s — 1) nodes.

— Traverse each sublist computing the prefix sum of each node within
the sublists.
- Calculate prefix sums of the sublist head nodes.

— Traverse the sublists again, summing the prefix sum values of each
node with the value of its sublist head node.

 Multithreaded Algorithm [Bader, Cong, Feo, 2005]

e Efficient list ranking is an open problem on distributed memory
machines

Georgia College of
David A. Bader .Ibgc;h \f [m@ 44



A Generic Latency-hiding technique

e Cell/B.E. supports non-blocking memory transfers

 Requires identification of another level of parallelism within
each SPE.

e Concept of software-managed-threads (SM-Threads)
— SPE computation is distributed among these threads
- SM-Threads are scheduled according to Round Robin policy.

e Instruction level profiling to determine the minimum number
of SM-Threads needed to hide latency.

- Tradeoff between latency and number of SM-threads.

Georgia Coaollege off
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lllustration of the technique

SPE 1 SPE 2 SPE | SPE p

O

SPE computation
divided among
SM-Threads. 5

)

Round robin policy to schedule
the threads

SPE
computation

/N

Georgia GCaollege off
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List Ranking on the Cell/B.E.

o Step 1: Pick s head nodes in the list at random, assign
them to the SPEs

— each SPE will traverse s/p sublists.

e Step 2: Each SPE has s/p independent SM-threads,
divide among b DMA list transfers.

— Follow round robin policy. After issuing a DMA request we move
to the next SM-thread in sequential order, so that SPU gets
computation from other SM-threads.

— No DMA stall latency if we have sufficient number of SM-threads

o Step 3: Compute the rank of each sublist head node
using the PPE.

In practice step 2 dominates the running time.

Georgia GCaollege off
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lllustration of Step 2

Linked list for which list
ranking is to be done
Colored nodes here are
allocated to SPE(i)

View from SPE(i), it has
s/p sublist head nodes to
traverse concurrently

0( 0‘
o2 S
® L
y o ’ o
g0 KO

1% 126 o
S s This array is used to store
......... - ' Ems sublists in contiguous area
................................. >of memory. When this gets

full, we transfer it back to
the main memory.

Georgia GCadllege off
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Experimental Setup

Manual Loop unrolling, branch hints, multi-buffering.

 Two Classes of lists
— Ordered: Places each node in the list according to its rank
- Random: Places successive elements randomly in the array.

e Instruction level profiling done using Cell SDK 2.1

e We used a IBM QS20 dual-cell blade (two 3.2 GHz Cell/B.E.
Processors)

— Only one chip is used for this study and performance analysis

e Performance compared with
- Woodcrest (Intel Xeon 5150)
- Intel 3.2 GHz Xeon

- PPE-only implementation

Georgia Cadllege of
David A. Bader 'Ibgch Coemmpuriting
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Performance Analysis:

Running Time (PPE-only vs PPE+SPE’s)

Listranking on Cell - Ordered Lists
PPE-only vs Cell Optimized
140

Cell (PPE-only)
120 1 | mmmm Cell Optimized

100 +

80 -

60 -

Running Time (msec)

40 +

20 +

19 20

log(list size)

Running time (msec)

2500

Listranking on Cell - Random Lists
PPE-only vs Cell Optimized

2000 -

1500 -+

1000 -+

500

Cell (PPE-only)
I Cell Optimized

16 17 18 19 20 21

log(list size)

Performance Comparison of sequential implementation on PPE to our parallel implementation
of List ranking on Cell for Ordered (Left) and Random (Right) lists

David A. Bader

Georgia College of
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Performance Comparison

Comparison of List ranking on Cell with other Single Processors
for list of size 8 million nodes

Ordered
B Random

12.1

Running Time (sec)
W

4.15

Cell Intel_x86 Intel_i686 Intel_ia64 SunUS_III Intel_ WC
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Summary: Irregular Algorithms

We present generic Cell latency hiding and work partitioning
techniques to improve the performance of irregular algorithms.

— Can be used in many graph theoretic applications.

* Using these techniques we design and optimize a fast parallel
Implementation of list ranking on the Cell.

— Using instruction level profiling we determine the amount of concurrency
needed for hiding memory latency.

« 2.5 times faster than an optimized parallel implementation on a dual
core Woodcrest (Intel Xeon 5150)

— 4.6 times faster than single core.

« Overall speedup of 8.34 over an efficient PPE-only sequential
Implementation.

Georgia GCaollege off
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Conclusions

e “High-Performance Computing” is broadening to
include data-centric computing

- Impact to emerging areas such as life sciences and
informatics

e Several architectural features reduce the
programmer’s burden and enable high-performance
large-scale applications with irregular data
structures

 Manycore programming needs new paradigms
* Massive graph analysis solves real-world challenges
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