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Linux and Supercomputing: How My Passion
for Building COTS Systems Led to an HPC

Revolution

David A. Bader ®, Ying Wu College of Computing, New Jersey Institute of Technology, Newark, NJ, USA

ack in the early 1990s, when | was a graduate
B student in electrical and computer engineer-

ing at the University of Maryland, the term
“supercomputer’ meant Single Instruction, Multiple
Data (SIMD) vector processor machines (the Cray-1
was the most popular), or massively parallel multipro-
cessor systems, such as the Thinking Machine CM-5.
These systems were bulky—a Cray-1 occupied 2.7m x
2m of floor area and contained 60 miles of wires';
expensive, selling for several million dollars; and
required significant expertise to program and operate.

required a simultaneous development of scalable,
high performance algorithms and services. Otherwise,
application developers would be forced to develop
algorithms from scratch every time vendors intro-
duced a newer, faster, hardware platform.

By the late 1990s, the term “cluster computing” was
common among computer science researchers and
several of these systems had received significant public-
ity. One of the first cluster approaches to attract inter-
est was Beowulf, which cost from a tenth to a third of
the price of a traditional supercomputer. A typical setup

1998: Bader Invents the Linux Supercomputer
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Impact: Top500 Supercomputers Running Linux

N\
O ]an, 100% of the Top 500 supercomputers in the

world are Linux HPC systems
contributions and leadershipThis is one of the most
significant technical foundations of HPG.

¢ Steve Wallach is a guest scientist for Los Alamos National Laboratory and 2008 IEEE
CS Seymour Cray Computer Engineering Award recipient.
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Photo credit: Information Week, 2008
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wBig Data Analytics, Systems, and Tools
wCyberinfrastructure

Center for Big Data
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wPractical encryption
wPrivacy technologies
winformation Assurance

Cybersecurity
Research Center

The Structural
Analysis of Biomedicg
Ontologies Center

wMedical Informatics
wNIH / National Cancer Institute

Launched iduly 2019 with inaugural director
David A. Bader wFinancial Services
(~40 facu|ty in current Centers) SRl NETell[o S winsuranceindustry

A Urban sustainability
Vi A Healthcare analytics
Solving A Trustworthy, Free and Fair Elections
realkworld A Insider threat detection
challenges A Utility infrastructure protection

A Cyberattack defense
A Disease outbreak and epidemic monitoring N ] I
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Graph Data SciencRealworld challenges

All involve exascale streaming graphs:

A Health careA disease spread, detection and prevention of epidemics/pandemics (e.g. SARS, Avian
Fftdzz | mbm dagAySe Fi dz

A Massive social network#, understanding communities, intentions, population dynamics,
pandemic spread, transportation and evacuation

A IntelligenceA business analytics, anomaly detection, security, knowledge discovery from massive
data sets

A Systems Biolog, understanding complex life systems, drug design, microbial research, unravel
the mysteries of the HIV virus; understand life, disease,

A Electric Power Gridy communication, transportation, energy, water, food supply
A Modeling and Simulatiord, Perform fultscale economisociatpolitical simulations

REQUIRES PREDICTING / INFLUENCE CHANGE IN REAL -TIME AT SCALE

/wj;tsmmstitute
26 April 2024 David A. Bader 11 of Technology




Massive Data Analytics: Infrastructure

A The U.S. highioltage transmission
grid has >150,000 miles of line.

A Realtime detection of changes and anomalies in the grid is
a largescale problem.

A May mitigate impact of widespread blackouts due to
equipment failure or intentional damage.

Ehe New York Times
Thurzday, Septermnber 4, zoo8

Report on Blackout Is Said To Describe Failure to React

By MATTHEW L. WirALD
Fublished: Hovember 12, 20032

El E-malL
A report on the Aug. 14 blackout identifies specific lapses by various = PRINT
parties, including FirstEnergy's failure to react properly to the loss of a & sincLeE-Pace
transmission line, pecple who have seen drafts of it say. [® REFRINTS
. . , , Cg savE
A working group of experts from eight states and Canada will meet in
Iy sHARE

private on Wednesday to evaluate the report, pecple involved in the
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Network Analysis for Intelligence and Surveillance

AOYNBOGa Qnné t2aid dhkmm CSNNRNRAG bSis2
Analysis from public domain information /- ‘as——

APlot masterminds correctly identified from
Interaction patterns:

Image Source: http://www.orgnet.com/hijackers.html

Pattem/ %&m@ ﬁ “ @

AA global view of entities is often more Tw/l* [N
insightful - g | R
ADetect anomalous activities by =GR
. JRn - True , \buy
exact/approximate b T, A

\\
“ IHI Shonecall  Fertlizer
Bentioy Observed Activity N I
Image Source: T. Coffman, S. Greenblatt, S. Marcus, Graph-based tectfinologtes
for intelligence analysis, CACM, 47 (3, March 2004): pp 45-47
New Jersey Institute
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Massive Data Analytics: Public Health

A CDC/nationabcale surveillance of public health

A Cancer genomics and drug design
A Computed Betweenness Centrality of Human Proteome
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Human Genome core protein interactions
Degree vs. Betweenness Centrality
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Mining Twitter for Social Good

Tor 15 USERS BY BETWEENNESS CENTRALITY

ICPP 2010

Massive Social Network Analysis:
Mining Twitter for Social Good
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Atlaana, GA, USA
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comtrality of an artificlalls gemeraned (RAAT) S8 selilion
verten. N6 Slon edge graph m 35 minutes and & reade
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Arachne:
Interactive Property Graph Analytics at Scale

Image Credit: Matias Del Carmen
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Institute for Data Science Aims
to Democratize Supercomputing
With NSF Grant

High Performance Algorithm:
for Interactive Data Science|:

Scale

(Pl: Bader)
$2.2M

3/2021¢ 6/2024
NSF CGE109988

https://news.njit.edu/institute-data-scienceaimsdemocratizesupercomputingnstgrant % ute
17 of Technology
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Arkouda: Dedication tMichael H. Merrill

(June 2, 1964 ~ November 8, 2022)

AMIi ke was a dedicated civil serv
at the Department of Defense for 34 years and was recognized in

2022 with a Distinguished Civilian Service Medal. He loved

computers and technology, especially high performance

computing. Mike was a problem solver and innovative thinker; he

was recognized for inspiring and leading numerous large

projects over the course of his career. He loved to share his

knowledge and mentored many colleagues over the years 0
sometimes calling them his kids, sometimes his minions, but
always calling them his friend. 0O

.'} < 3 - (4 4 “v .
New Jersey Institute
26 April 2024 David A. Bader 18 of Technology



Productivity + Performance

Chapel Programming
Language




Connect with Chapel: the parallel programming language powerkigouda

ChapelCor free virtual event REGISTER FOR CHAPELCON
wJune %' ¢ Tutorial Day
wJune 6 ¢ Coding Day
wJune T ¢ Conference Day

Come code or chat with us!
wGitHub- https://github.com/chapetana/chapel
wGitter - https://qitter.im/chapel-lang/chapel
wDiscourse https://chapel.discourse.group

wStackOverflow hitps://stackoverflow.com/guestions/tagoed/chapel TAKE THE CHAPEL
COMMUNITY SURVEY
Follow us on social media [m] 4T e [m]
wLinkedIn https://www.linkedin.com/company/chapeprogramminglanguage Ey " "

wYouTube https://www.youtube.com/@ChapelLanguage
wTwitter/X - https://x.com/ChapelLanquage
wFacebook https://www.facebook.com/ChapelLanguage

E—
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Arkouda + Arachne Framework

Arkouda Arachne

Aan existing opersource Python Aan opensource extension to
framework that allows for array = Arkouda to convert massive

and dataframe operations on scaledataframesto graphs with
data that is terabytes in size but high-performance graph kernels
lacks graph processing and property graph capabilities
operations. while maintaining d\etworkXx

like API for new Python users to
easlly transition to utilizing It.

N J I

New Jersey Institute
of Technology




Arkouda + Arachne Framework

Chapel Server

éﬂ@ Overarching Dispatcher

Distributed Array
DistributedSeg(sraph

Jupyter Noteboo
o]
SUUONENZICEN  ode Modules

Indexing
Arithmetic
Generation

Distributed
Object Store

Platform MPP, SMP, C!uster, Laptap, etc.

Original image sourcéittps://chapetang.org/CHIUW/2020/Reus.pdfas modified for this presentation

A Arkouda has NumPwnd Panddike operations on arrays that aparallel and
distributed (pdarrays).
Arachne extends Arkouda with graph capabilities.

To T Do

Arachne can be thought of as a wrapper that creates a logical gra

26 April 2024 David A. Bader 22

This work extends Arachne to store masseale graphs. N ] I
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The ConnectomProject

Drosophila Auditory Circuit [Baker et al. 2022]
Video: Amy Sterling, FlyWire

A UsingArkouda we can covert connectome datasets with
one hundred million rows of JISON objects to distributable
HDFS5 files in under two hours.

A Using Arachne, a graph of this size can be queried in
seconds to create smaller subgraphs for deeper analysis.

Slide credit: JakobTroidl, Hanspeter Pfister, Jeff Lichtman (Harvard N ] I

University)

New Jersey Institute
26 April 2024 David A. Bader 24 of Technology
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Wiring Diagram of the Brain
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Spatial Neighborhood Analysis

. . . New Jersey Institute
Video Credit @ Daniel Berger of Technology



Using Graph Analytics to Understand the Brain

1 mnt of brain tissue

Motifs arerecurrent connectivity

patternsof neurons in the brain. N ] [
Slide credit: JakobTroidl, Hanspeter Pfister . ﬁitute
26 April 2024 David A. Bader 28 of Technology

HO1 dataset, [Shapson-Coe et al. 2021] Lichtman Lab, Google Research



Connectome: Requires Exascale Graph Analy

@ Full mouse brain
(1 Exabyte = 1 Million TB)

HO1 Dataset (1.4 PB) @

10° @® Microns mouse cortex
® Fruitfly Brain
107 = ° o100 TB) .
« oo | ® 5 orders of magnitude scale up
£ 107+ * o , : within the past 10 years
.E o ® e o ® o
£ 103 -
% Kasthuri b :
> (25 GB) @
10 =
@ @
10° = ' . . . .
2012 2014 2016 2018 2020
Chart adapted from S. Dorkenwald Year

Image credit: JakobTroidl, Hanspeter Pfister

New Jersey Institute
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Connectome: HO1 Dataset

~ 1.4 PB image data
~ 57,000 cells
~ 133 Million synapses

New Jersey Institute

Slide credit: JakobTroidl, Hanspeter Pfister Lichtman Lab, and Google Research
’ 30 of Technology
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Conqectivity motifs




Connectivity motifs

Image Credit: Wikipedia

Slide credit: JakobTroidl, Hanspeter Pfister
New Jersey Institute

of Technology



Motif finding

ALarge Networks=57,000 nodes and ~130 million
edges.

AExpensive Computation/erifying the existence of
a motif in a larger network is Nebmplete.

AComplex 3D structureNeurons span long volumes
and form complex branching patterns.

A Algorithms:

w Ullmann(2010) which is a recursive backtracking algorithm
for solving the subgraph isomorphism problem

w Cordella(2004) another algorithm based on Ulimann's, VF 2,
which improves the refinement process using different
heuristics and uses significantly less memory.

Slide modified from: Jakobrroidl, Hanspeter Pfister
. _ Image Credit: Amy Sterling @ FlyWire .
26 April 2024 David A."Bader o



Neuroscientists with to correlate motif
connectivity to neurormorpholog

Image credit: JakobTroidl, Hanspeter Pfister N ] I

New Jersey Institute
of Technology
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. inside central
complex (CX)
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Motif Sketch

Slide credit: JakobTroidl, Hanspeter Pfister
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O — Motif Instance 1—

O — Motif Instance 2— X
——{ O — Motif Instance 3—
O — Motif Instance 4—

‘ O — Motif Instance 5—
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Focus&Context

Connectome Network
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Firding Patternsin ClinicaPatientRecords

A Theadoptionof electronichealthrecord (EHR¥ystemshassimultaneouslichangedclinicalpractice.
A Indatafrom 2019and 2021,96%o0f generalacutecare hospitalshad adoptedEHR

* Officeof the NationalCoordinatorfor Healthinformation Technology.

Adoptionof ElectronicHealthRecordsy HospitalServicel ype20192021,
- HealthIT QuickStat#60. April 2022.

A Utilizecommunity detection algorithms

Arachne to identify groupsof vertices.
EFR Arachne 2 A Thesecommumﬂesm_aycorrgqunc_lto
subpopulationsof patientswith similar
Database . L :
Arachne clinicalcharacteristicor disease
e — trajectories.
Datapre-processedy different Vzrtex:l;atledr;tl_ calf N I
taskson multicore Arachneserver Edge:Sharecclinicalfeatures

New Jersey Institute
26 April 2024 David A. Bader 36 of Technology



Contact Tracing Networks (COVID, HIV, etc.)

« 1 & 2-shell
* 3-shell
* 4-core

[Serafino, Monteiro, et al. 2022]

Usual characteristics of graphs:
A million+ edges and vertices give

rise to graphs that take more Arachne Arachne Current;
than 2GB to store in memory A k-tI‘LIISS
A storage of iAbetween steps of Arachne Arachne A triangle counting

certain algorithms like Jaccard
coefficients can exceed 512GB

A triangle centrality N I
Planned:

A re-implementation ofbc New Jersey Institute
A k-core

26 April 2024 David A. Bader 37 of Technology




Population Health Data Analysis

Tabular Data

EE - -

A Arachne works with
Arkouda as an addn
for graph analysis.

A Data can be taken from
Arkouda and created
into graphs by
specifying columns as
edge sourceand
destinations.

26 April 2024

Arkouda Arkouda

‘ Analysis on terabytes of tabular data!
Arkouda Arkouda

1 build (property) graphs

Arachne Arachne ' A run graph kernels
Arachne Arachne A planned: property graph algorithms

Aseylnstitute
David A. Bader 38 of Technology




The ArkoudarachneNetflowData Pipeline

IPV4_SRC_ADDR.4_SRC_POF IPV4 DST_ADD L4 _DST_PORT PROTOCOL L7 PROT( IN BYTES OUT BYTES IN_PKTS OUT PKTS TCP_FLAGS FLOW_DURATION_MS Attack

192.168.100.6 52670 192.168.100.1 53 17 5.21 71 126 1 1 0 4294966 Benign
192.168.100.6 49160 192.168.100.149 444 6 0 217753000 199100 4521 4049 24 4176249 Theft
192.168.100.46 3456 192.168.100.5 80 17 0 8508021 8918372 9086 9086 0 4175916 Benign
192.168.100.3 80 192.168.100.55 8080 6 7 8442138 9013406 9086 9086 0 4175916 Benign
ak.stick ()
IPV4_SRC IPV4_SRC id IPV4_DST IPV4 _DST id
inteQer Id gen 192.168.100.6:52670 3473 192.168.100.1:53 3455
SOURCE . DESTINATION _ _
G By ( 192.168.100.6:49160 4234 192.168.100.149:444 3233
ak.GroupBy
IPV4 source addresses and ports ak.groupby.broadcast ()
together make up the source
vertex of the edge and respectively N
the same columns for the To Arach

New Jersey Institute

z%eég'rﬁ‘%'ﬂ[‘ vertex of the edge. David A. Bader of Technology




BackEnd Storage and Querying

0 A Relationships are stored in sets per edge.
Q 0 1 0 {1} = User specifies a query, and we search the
e g edge set in a massively parallel manner,
& 0 2 1 {0} ) probing the sets in amortized constant time
O = : :
= 1 0 2 1 o Properties are stored split by type and for
[ & each edgeaype pair that exists, we store an
o 1 2 3 {0,2} Ay associative domain where we extract the dz
2 2 4 {0} by simply doing an accesdge projpcol_id.
benign L7 PROTO FLOAT
theft 1 IN_ BYTES 1 INT
DDoS OUT_BYTES$ INT

A All searching is guaranteed to be

6 &7 since it only involves A All REFS point to arrays that are of the specified column type and that

the keyvalue pairs for column identifier to data.
A Query hits are returned in a Boolean array specified which edges matc/iie

iterating over the edge set in
parallel with each processor.




Code Example for Python Scripts & Jupyter

;- :mggg Zﬁggﬁgg i :‘: A Line 6 input is generated from input files

3. from types such as HDF5, CSV, Parquet, etc
4. ## Get src and dst from input file. ; ; ; ;

5. graph = ar. PropGraph() A Iflnes 9 and 10 input is generated from input
6. graph.add edges_from(src, dst) files as well.

7.

8.

9.

## Generate relationships_df and edge properties_df from input file. A Llngs 13 and 14 relatlonshlps and propertles
graph . add_edge_relationships  (relationships_df ) to find are generated by the user.
-graph . add_edge_properties  (edge_properties_df A Lines 1619 use Arkouda operations and
## User generates  relationships _to_find and property query . slicing to get the edges that are returned by
.returned_ edges_rel = graph. query_ relationship  s(relationships _to_find ) both queries
e e eettd (returmed o | e o ) A Lines 20 and 21 create a new Arachne
: = ak. return r , returned_edges_pro : :
b ol S retumed odgas o) Crned-edges el . retumed.edges_prop simple graph with the returned edges of the
. subgraph_dst = returned_edges [1] queries_
_subgraph = ar. Graph() A Lines 2225 run some of the other
. subgraph . add_edges_from ( subgraph_src , subgraph_dst ) algorithms available in Arachne!
.bfs = ar. bfs_layers (subgrap h) )
.cCc = ar. connected_components (subgraph) A Arachne can also return arrayS composing o
s = ar. triangles ~ (subgrap h) the edges which can be converted to Pythor
. squares = ar. squares ( subgraph) .
lists or NumPy array tth loaded
ndl

Into NetworkXfor further

. returned_edges_prop = graph. query_edge properties ( , 67, )

New Jersey Institute
of Technology



Arachne DI Data Structure [Du et al. 2021]

0
0

1 | o |[3a|] o0 0 1
YOO&8BYO® p p
1 | ] 69 | [ 2 1 2
o L2 || 8 || 4 2 1 0 ’
3 5 3 1 2
4 2 2

A Allows for simple, compactlistributable storage of vertex and edge sets.
A Given an edge index, all vertices that make up that edge are founohistant time,
avoiding a binary search into SRC (CSR offsets index equivalent).
A MAP allows explicitly storing original vertex labels, returning original graph involves
creating arrays and place values of SRC[MAP] and DST[MAP] into new arrays. N ] I

New Jersey Institute
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Property Graph Results
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I DT B
EED TS T 6
| orephe 2161664289 2500000000 /A

graph7 ~ 1,408,892,291  5,000,000,000 []

A Experiments conducted on a cluster where each compute node was
composed of 128 cores (64 per AMD EPYC 7713 CPUs), 1TB DDR4 RANM
and aninfinibbandHDR 200 GB/s node interconnect.

A Attime of results, some nodes had performance issues, hence the
weird elbows.

A Fifty random relationships were made and randomly assigned to edge
indices meaning some edges could be picked more than once and
some none at all.

A Querying involved searching for the edges that included three of the fifty
relationships, each list performed a set and operation with the search
space.

TakeawayBuilding a graph of five billion edges takes under 60 seconds,

running ETL to insert relationships takes under 4 minutes, and querying

under 10 seconds.
NJI
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Graph Algorithms IArachne

|[Du, AlvaradoRodriguezBader2021]]
Returnsanarrayof size¢ with how manyhopsawaysomevertexv isfrom aninitial vertexo.

A Connectedcomponents
Returnsan array of size¢ whereall verticeswho belongto the samecomponenthavethe samevalue a Thevalue of wis the

labelof the largestvertexin the component
[Du, AlvaradoRodriguezPatchett,Bader202]]
Returnsthe numberof trianglesin agraph

A TrussAnalytics[Du, Patchett,Bader202q[Du, Patchett AlvaradoRodriguezl i, Bader2022

K-trussreturns everyed%ein the truss where eachedgemust be a part of Q ¢ trianglesthat are made up of nodesin that
truss Maxtrussreturnsthe maximum'QTrussdecompositiorreturnsthe maximum Qfor eachedge

A Squarecounting [Burkhardt,Harris2023
Returnsthe numberof four-cyclesin the graph

A Trianglecentrality [Patchett,Du, Bader2023[Patchett, 2022
Returnsanarray of size¢ with the proportion of trianglescenteredat a vertexo.

A SubgraphisomorphismiDindoost,Bader,2023 in progress]
Findsinstancesf a patternin alargergraph N ] I

New Jersey Institute
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SharedMemory Parallel Breadthirst Search

2 distance from
source vertex

o _

E >
-
Current Frontier
Next Frontier

source
vertex

Output: D=1[0,4,1,2,3,1, 3,1, 2, 4]
source
vertex

New Jersey Institute

26 April 2024 David A. Bader 45 of Technology



DistributedMemory Parallel Breadthirst Search

Assume our edge list is split down the middle, then the neighborhood of some vertices will live on one
compute node while the rest live on another compute node.

o
-
=) [aB)
1 = QL
2 . s
Input : distance from LEL g
source vertex - C
Output : c -
Luiput / © 5
-
S prd
@)

source
vertex

Output: D=10, 4,1, 2, 3,1, 3,1, 2, 4]

Any crosscolor expansions are writes source
across the network; finegrained writes vertex
hold up execution, large coarsgrained

writes are better.
New Jersey Institute
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BreadthFirst Search Communication Volume Results

delaunayn2( get put
locale di [ [ di-nore

274919
19522 2¢ 101694
194283 96203

O |01 |B W N |- O

1951313 96220
1961557 96219
194068¢ 96243
192553¢ 96268
7 190475] 96341

di: 84 seconds

di-aggls: 3.36seconmds delaunayn20 is a graph with 3 million edges and a large diameter

TakeawayAggregating writes drastically reduces communication volumes, improving

performance, all done easily through Chapel by adapting aggregators for different u N ] I
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Minimum Search Triangle Counting
1. Given an edgedfy we

assume tha® Q ®@s Adiw) 4
©n x 1
D 0 lQS o— Adj(v) 6
- o~ 3 Adj(wl 7
2. Then,fod O N 0 Q@& ot
o Y Adj(w2) 2
we spawn®d A@)s-1 Adi(wa )
parallel threads to check if w3)
we can form a complete
triangle with(6hoh) ). Thread w: search fory ,in® ‘Q®, no match, kill.
3. If |O SX?Q) 3) Q TQ@ Thread w: search fory in6 ‘Q & , no match, kill.
we will check ib N
0 O  elsewe check if Thread w: search forb in 6 'Q ®, , match! Increment count.

’ L) T X
0N 6 QM. NJI
New Jersey Institute
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Minimum Search Triangle Counting Operation Count
Comparison

AAssumed ‘Ms |0 M) and we spawn threads for evetyN 9 DS
AMinimum search: ., 1 T ¢ E® M3 s
AList Intersectionl T & CIs

ASay we have the following information for our vertices:
Ao 1 and DA pmgr
AForeveryy) ino M, |0 M|
AList intersection4 threads amounting tl | @ md t p TOperations each

AMinimum search:4 threads amounting tdl | @ o operations each.

New Jersey Institute
49 of Technology
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Triangle Counting Results

A Our method outperforms with the Conte
32.000 256 method with a highest speedup of 385.8 and
% 8.000 an average speedup of 128.
oo ] )] :
£ 2.000 l o
g = \= S
5 (V]
E 0.125 Takeaway:Truss decomposition with
= 4 minimum search triangle counting
0.031 :
outperforms a C++ method coded with
0.008 Graph ID B OpenMP, with SSEcceleration, binary
searching on adjacency list, and no atomic
BN S B Intersection ==Speedup operations.

Graphs used were a variety of reabrld graphs available for view in paper. N ] I
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Major Contributions

AArachne a largescalegraphanalysisramework,extendsArkoudafor
productive graph analysis Arachneis built on a novel sparsegraph
datastructure.

AArachne leverages productivity through Python with high
performancebackedby Chapel

AArachne Arkouda,Chapehre all open-source

A https://github .com/BearsR-Us/arkoudanijit
A https://github.com/BearsR-Us/arkouda
A https://github.com/chapellang/chapel

AExperimentaresultson realworld and syntheticgraphsdemonstrate
that Arachneworksfor graphswith billionsof edges

/wj;tsmmstitute
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Publications

A Oliver Alvarado RodrigueZhihuiDu, Joseph Patchett, Fuhuan Li, David Bader (2022). Arachne: An
Arkouda Package for Largecale Graph Analytics. IEEE HPEC.

A Oliver Alvarado Rodriguez, Fernando MBuschmannzhihui Du, David Bader (2023). Property Graphs in
Arachne. IEEE HPEC.

A Soroushvahidi BaruchSchieberZhihui Du, David Bader (2023). Parallel Longest CorGub8equence
Analysis In Chapel. IEEE HPEC.

A Joseph PatchetZzhihuiDu, Fuhuan Li, David Bader (2022). Triangle Centrality in Arkouda. IEEE HPEC.
A ZhihuiDu, Oliver Alvarado Rodriguez, David Bader (2021). Large Scale String Analytics In Arkouda. IEEE HP

A ZhihuiDu, Oliver Alvarado Rodriguez, David Bader (2021). Enabling Exploratory Large Scale Graph Analytics
through Arkouda. IEEE HPEC.

A i]é)geéoﬂggghetzmhumu, David Bader (2021)-TKuss Implementation in Arkouda (Extended Abstract).

A ZhihuiDu, Oliver Alvarado Rodriguez, Joseph Patchett, David Bader (2021). Interactive Graph Stream
Analytics in Arkouda. Algorithms.

A ZhihuiDu, Oliver Alvarado Rodriguez, David A. Bader, Michael Merrill, William Reus (2021). Exploratory Large
Scale Graph Analytics in Arkouda. CHIUW.
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Conclusions & Further Work

AWe can design and develop high performance graph analysis
algorithms using Arkouda/Chapel quickly and efficiently.

AWe plan to work on optimizing all current methods to work as
efficiently as possible in single locale and multi locale environments.

AWe plan to implement new novel algorithms suchstringology a
communicationefficient triangle counting, largecale community
detection, and machine learning.

NJ I
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Bader Research Lab

Research Faculty: PhD Students:

= ! e T . i ! / \
Zhihui Du RFatemeh. Fernando FuhuanLi Mohammad Oliver Alvarado Asha Saxena  Soroushvahidi
amezani Vera Dindoost Rodriguez (coadvised with
Khozestani Buschmann BaruchSchiebey
(Fulbright
Scholar)
Undergraduates: M.S. students: Current & Past High School Interns:
E ¢ ' | g
; Palina iki : Naren ; :
Vanshika DavorPetrovikj A t Tanima .
A I Paulichenka ntonita Khatwani o Pranhav Anya SounakBagchi
grawa Rachael Majumder Sundararajan Ganeshan
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CommunityDetection

A In complexnetworks,nodes
clusterandform relativelydense
groupsc often calledcommunities.

A Community detectionisa
fundamentalgraphalgorithmwith
practicalapplicationdike fraud
detectionin Fintechandidentity
and accessnanagementin social
networks

Verticesare Faceboolusersand edgesrepresentFacebook
friendships.Communitiesrepresentedby different colors.

Image creditFortunato, S., Newman, M.E.J. 20 years of

network community detectionNat. Phys18, 848850

(2022).
New Jersey Institute
of Technology



OpenSource MassivBcale (Property) Graph Analytics in Python Anidichne+Arkoudgowered by Chapel

“lives-with
name Ann
label name born brand model bom  05-29-1990

name Dan

born 12-05-1975

query_node_label3

person Ann 1990 NULL NULL

lives-with NULL NULL

69

P M| & query_edge_relationshigs

29 69 34 lives-with NULL NULL I:>
1 | ® drives 2011 NuLL :> :> query_node_propertie§

69 89 drives 2011 NULL

69 89 owns NULL 2011 el BCocl

query_edge_propertig3 q
89 89 drives NULL NULL
. i isl
Load in terabytesized CSVs, HDF5s,  Convert tabular data to graph format with all Extract (multiple) Perform furlilher ans)lgl_sfls.
Parquets, etc. data closely maintained with vertex and edges. ~ Subgraphs by querying on Convert toNetworkX(i
attributes. small enough).
FEEEEE Kernel Time(s)
3.
g; e — Loading graph into memory 54
éj graph. add_edges from (src . cet) Node label ETL and storage 1.87
| iraph. add node tabels (el O ) atonstips_ Edge label ETL and storage 80.29
) returned_nodes = graph. query_labels (labels_to_find ) ] NOde querying 101
. returned_edges = graph. query_relationships (relationships_to_find ) .
. subgraph_src = ak.inld (returned_edges [0], returned_nodes ) Edge quel’ylng 139
. subgraph_dst = ak.inld (returned_edges [1], returned_nodes )
" kept_edges = subgraph_src & subgraph_dst Runs on any hardware, data stays in the bawcd, Subgraph building 1.22
. subgraph_src = subgraph_src [ kept_edges ] user calls API throuQHythpm pOWGI’fLﬂ and .
. subgraph_dst = subgraph_dst [ kept_edges ] productive. Server can run on supercomputers, Breadthirst search 2.45
. subgraph = ar. Graph() Python APl usable IocaIIy.
- subgraph . add_edges _from (subgraph_src . subgraph_dst ) Performance analyzing a Hillion edge graph on 16 compute nodes with 128

cores each and 1TB memory. Subgraph generated contaimedlibn edges.
BF S executed from the 5 highest degree vertices and the average was taken.

N

2 NJ

Easily usable througNetworkXxlike API. Data exchangeable between
NetworkX NumPy, SciPy, etc.

OPEN SOURGQHps://github.com/BearsR-Us/arkoudanijit
PUBLICATIONBtps://davidbader.net/publication/F A £ § SNJ ¢ A G K &! NJ 2 dzR | ¢

New Jersey Institute
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https://github.com/Bears-R-Us/arkouda-njit
https://github.com/Bears-R-Us/arkouda-njit
https://github.com/Bears-R-Us/arkouda-njit
https://github.com/Bears-R-Us/arkouda-njit
https://github.com/Bears-R-Us/arkouda-njit
https://github.com/Bears-R-Us/arkouda-njit
https://github.com/Bears-R-Us/arkouda-njit
https://davidbader.net/publication/

Modules ofArachne

file » pdarray| integer

» timings across trials, correctness

edge | vertex arrays N ] I
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Graphs for Testing

Realworld =

Synthetic -

values found by our algorithms

Experiments were
conducted on a high-
performance server
with 2 x Intel Xeon E5-

2650 v3 @ 2.30GHz CPUs

A with 10

| | cores per CPU and a RAM
Graphs Edges | Vertices | CCs | Triangles | Max K capacity of 512GB.
ca-GrQc 14484 5242 354 48260 44
ca-HepTh 25973 9877 427 28339 32
as-caida20071105 53381 26475 1 36365 16 few vertices, outperforms
facebook_combined 88234 4039 1 1612010 97 | ) some  alg orithms  less
ca-CondMat 03439 | 23133 | 567 173361 26 edgesbut more vertices
ca-HepPh 118489 12008 276 3358499 239
email-Enron 183831 36692 | 1065 727044 22
ca-AstroPh 198050 18772 289 1351441 57
loc-brightkite_edges 214078 58228 547 494728 43
soc-Epinionsl1 405740 75879 2 1624481 33
amazon(601 2443408 403394 7 3986507 11
com-Youtube 2987624 | 1134890 1 3056386 19
friendster 1806067135 | 65608366 1 | 4173724142 129
/\_____—/\/\ mmm) delaunayn10 delaunayni19
delaunayn20 3145686 | 1048576 1 2109090 4
delaunayn21 6201408 | 2097152 1 4218386 4
delaunayn22 12582869 | 4194304 1 8436672 4
delaunayn23 25165784 | 8388608 1| 16873359 4 N ] I
delaunayn24 50331601 | 16777216 1 33746670 4

26 April 2024

David A. Bader
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ArachneResult; RealWorld Graphs

[Alvarado Rodriguez, Du, Patchett, Li, Bader 2022]

10° 3
10 +
g .
c 1034
8 3
3), 5 1 /
~ 103 - Graph Construction
g : — BFS
= 10%9 = Conn-Comps
c | = Tricnt-Min
-8 10° | = Tricnt-Merge
O 5 Jaccard
S il w—— Trictr-Min
w 107" % . Trictr-Merge
1 . KTruss
1072 3 - Max-Truss
] « Truss_Dec
215 218 221 224 227 230
Number of Edges
26 April 2024 David A. Bader

KeyPoints

1. Graph construction is time consuming
but oncethe graphis built into memory
all the algorithmscan use it in a highly
efficientway:.

2. The structural properties of graphscan

significantlyaffect executiontimes even
for the samealgorithm

NJ I

New Jersey Institute
of Technology
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ArachneResult; Synthetic Graphs

[Alvarado Rodriguez, Du, Patchett, Li, Bader 2022]

3 J .
= { == Graph Construction KeyPOIHtS
% |- ‘z’;in o 1. Synthetic graphs demonstrate the
Lo o B e ; - .
- b THEREMIN scalability of our algorithms as the
Y ||~ Ticnt-Merge numberof edgesin agraphincrease
o 10%7 Jaccard 2 Th ' ts f h
S | - : e memory requirements for eac
UL Lo ] 7o TictrMerge algorithm differ, hence the Jaccard
z ET"J;S coefficient algorithm encountersout of
-': ] . ax-iruss
€ 10-1 ] e Tuss Dec memory errors when the graph getstoo
§ ‘ big. Jaccardrequires— memory and
% 1072 ; -
& : (—) — calculations
1077 3

2;12 2;.4 2;.6 2;8 250 2'22 2;4 2;6
Number of Edges N ] I
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BreadthFirst Search Improvements

ascaida 26,475 53,381 2.22 1.22 1.82
delaunaynl0 2,048 3,056 0.11 0.05 2.11
delaunayn20 1,058,576 3,145,686 90.49 47.61 1.90

Execution time in seconds on eight locales with 512GB memory and twenty processing units each.

while |SetCurFisEmpty() do
coforall loc in Locales do

A About 50% improvement in number of

I{ parallel search on each locale PUTS and GETS W|th'rmrebe
ity I - including full neighborhoods of each
g;:j:ﬁighiio;erzﬁik}ticﬂis ;ﬂneighbor of i Per‘formed twice In dI(OrlglnaI). vertex Contiguously in one array instead
if depthlf] —— 1 then while iterating over the edges in of maintaining reversed edges.
S bdd)) e — SRS Disne ERUDElie A No change in storage volume, 2m edges
A - get the full neighborhoods which still stored.
end can lead to twice the nu_mber of A Simil h d obtimize th ¢
end remote reads and writes! imilar changes could optimize the res

end
end

of our graph kernels.
SetCurF <=2 SetNextF [/ exchange values

SetNextEclear()
current_level+ = 1

end

New Jersey Institute
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STING Initiative: Focusing on
Globally Significant Grand Challenges

AMany globallysignificant grand challenges can be modeledpstio Temporal
Interaction Networks and Graphe 2 NJ a{ ¢ Lb De 0 &

AEmerging reaworld graph problems include:
A Detecting community structure in large social networks
A Defending the nation against cybbased attacks
A Discovering insider threats (e.g. Ft. Hood shodtékiLeak}
A Improving the resilience of the electric power grid
A Detecting and preventing disease in human populations.

AUnlike traditional applications in computational science and engineering, solving thes
problems at scale often raises new research challenges due to:

A Sparsityand the lack of locality in the massive data
A Design of parallel algorithms for massive, streaming data analytics
A The need for nevexascalesupercomputers that are energgfficient, resilient, and easyp-program

/wj;tsmmstitute
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STINGERTIMme Frame

Dynamidbetweenness Community detection in
centrality algorithm. dynamic networks. Sep
Sep 2012 2015

STINGER is officially

proposed. May 2009 Streaming connected

_ component, Dec 2013
Structure tracking of

streaming social
networks. Apr 2011

Pre1999 2009 2011 2013 2015 R
2010 2012 2014 2016

Performance evaluation
of opensource graph

First prototype, clustering data-bases. Feb 2014

coefficients. Apr 2010

PageRank for Streaming

High Performance Data
Graphs. May 2016

Streaming graph need Structure for Streaming
arises (over a decade Graphs. Sep 2012
ago) HPEC BEST PAPER AWARD N ] I
New Jersey Institute
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Hornet (GPU only) Time Frame

CUSTINGEfRr the GPU Faster triangle counting
IS released with Logarithm Radix
Quickly finding Binning

KTrussesising dynamic
graph algorithm

2016 _ _ 2016 2019

Anti-Section Transitive
Closure

2020

2017 2018

Finding maximal Kore
and kcore

Dynamic graph triangle N
decomposition

countingq using two
graphs

Dynamic Katz Centrality

Multi-GPU Breadth First

Search

NJ I

New Jersey Institute
of Technology




STING Extensible Representation (STINGER)
Design goals

AEnable algorithm designers to implement dynamic graph
algorithms with ease.

APortable semantics for various platforms

AGood performance for all types of graph problems and algorithn
- static and dynamic.

AAssumes globally addressable memory access

ASupport multiple, parallel readers and a single writer
AOne server manages the graph data structures
AMultiple analytics run in background with reaadly permisRi]or]s.I

New Jersey Institute
of Technology



STING Extensible Representation (STINGER)

EType Array High Water Mark Length
Len Hi Ptr Y /

L)
0 - EType0
1] 4+ ETyper \/
DR A

z [ ETypez /)
yA—

ASemidense edge list blocks . ... e
with free space e

2 (a2 T2W21 0 (1| =

ACompactly stores [N e

5 —/=

o
h | &

1\ 6 [a6]T6lwe| 1 [0 | =

timestamps, types, weights /7" |
AMaps from application IDsto*~~ "™ [

Edge Block Header EType
inter

storage IDs —F

ADeletion by negating IDs, 5 =
separate compaction | e e i

Vertex 1D

# L",d.gcs H gh
o r Marlf Smallest | Largesl
in this thh' TimestamtTir
) 1
Block BI - mp g

Edge 4

Edge X
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26 April 2024 David A. Bader 70 of Technology



STING: Higlevel architecture

26 April 2024

Shared Memory Mapped STINGER Data Structure

Templated
JSON
Parser

SMM SMM
Results BC Results

Templated
CSVv
Parser

SMM Comm. SMM
STINGER Results Det. Results

Server

aoepeu| d1IH

Templated
Text
Parser

SMM
Results

Random
Edge
Generator

Protocol Buffer Edge Batch over TCP

Key

- 3 Data flows from left to right. All stages aligned vertically execute on the data in
Stream Algorithm Monitor Shared ¥ 7 %
parallel. All processes in direct contact with shared memory have write access to
Process Process Process Memory e R :
that memory. Execution is synchronized by the server. Streams, algorithms, and
monitors can join or leave the workflow at any time.

—» Protocol Buffer via TCP — Shared Memory Reads

Server: Graph storage, kernel orchestration

OpenMP+ sufficiently POSIX-ish N ] I

Multiple processesfor resilience
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STINGER as an analysis package

http://www.stingergraph.com/

__;”/ZAnything that a static graph package

can do (and a whole lot more):

Parallel agglomerative clustering:
Find clusters that are optimized for a user
defined edge scoring function.

K-core Extraction:
Extract additional communities and filter nois
high-degree vertices.

Classic breadtHirst search:
Performs a parallel breadthrst search of the
graph starting at a given source vertex to fin
shortest paths.

Parallel connected components:

V)

Finds the connected components in a static

network.
| b5 X/

Streaming edge insertions and deletions:
New edge insertions, updates, and deletions in batches or individually.
Optimized to update at rates of over 3 million edges per second on grapl
of one billion edges.

Streaming clustering coefficients:
Tracks the local and global clustering coefficients of a graph.

Streaming connected components:
Real time tracking of the connected components.

Streaming Betweenness Centrality:
Find the key points within information flows and structural vulnerabilities.

Streaming community detection:
Track and update the community structures within the graph as they

change. N ] I
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Why not existing technologies?

ATraditional SQL databases

ANot structured to do any meaningful graph queries with any level of efficiency or
timeliness

AGraph databasesmostly ondisk

ADistributed disk can keep up with storing / indexing, but is simply too slow at random
graph access to process on as the graph updates

AHadoopand HDF®ased projects

ANot really the right programming model for many structural queries over the entire
graph, random access performance is poor

ASmaller graph libraries, processing tools
ACan't scale, can't process dynamic graphs, frequently leads to impossible visualization

attempts N ] [
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((Dz Al Lab (NVAIL) 2019, PI: Bader
NVIDIA Building the Future of Graph Analytics with RAPIDS

Gt N2FTP 5FFAR . FTRSNIFTYR KA&a fF06 X FNB fSFRSNA Ay Ff
both static and dynamic graph algorithms. With Prof. Bader and his lab, we will work on the design and
iImplementation of scalable graph algorithms and graph primitives for integratingcuf®&RAPH
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2019 Facebook Al Systems Award:
Scalable Grapbearning Algorithms

Project Aim Develop scalable graph learning algorithms and implementations
that open the door for learned graph models on massive graphs

~ o |1abel
1. Sample neighborhood 2. Aggregate feature information 3. Praddict graph context and labe
Image:http:/snap.stanford.edu/graphsage/ from neighibors ising agareqated intormation

Inductive Representation Learning on Large Graphs. W.L. Hamilton, R. Ying, and J. Leskovec arXiv:1706.02216 [cs.SI], 2017.

Deep Learning (Dbgs significantly impacted the tasks of speech recognition,  developing ascalable high performance graph learning systemsed on

image classification, object detection and recommendation GCNs algorithms, likBraphSageby improving the workilow on shared

. , " : memory NUMA machines balancing computation between threads,
Complex tasksseltdriving, supethuman image recognition, recommendation optimizing data movement, and improving memory locality
engines, me}chlne natural language translation, content selection, learning investigate graph |eamin? algorithrspecific decompositions and develop
patterns of life new strategies for graph learning that can inherently scale well while
Techniques used in Dtonvolutional neural networks (CNN%)applicable for maintaining high accuracy

Euclidean data es and does not apply for Graphs A Explore decomposition results from graph theory, for example forbidden graphs
yp PPy P an(FJI) the Embed%ing Lemma and det%rn?ine howyto apply SLIJOch results intg th%

Solution:embedding graphs into a lower dimensional Euclidean space, field of graph learning
generating a regular structure [ inst Ja WAnark
New Jersey Institute
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http://snap.stanford.edu/graphsage/

Graphs are pervasive in largeale data analysis

A Sourceof massive data: petand exascale simulations, experimental devices, the Internet,
scientific applications.

A New challenges for analysdata sizes, heterogeneity, uncertainty, data quality.

______________________________________________

Social Informatics
Problem: Discover emergent
communities, model spread of

Bioinformatics
Problem: Identifying drug target

_________________________________________

Astrophysics

\ Problem: Outlier detection. ! | proteins. et

. Challenges: massive datasets, ! . | |

' temporal variations | | quality. Challenges: new analytics routines,
' Graph problems: clustering, i + Graph problems: centrality, uncertainty in data. .

| matching. ! ' clustering. Graph problems: clustering,

i Challenges: Data heterogeneity,

shortest paths, flows.

______________________________________________

Image sources: (1) http://physics.nmt.edu/images/astro/hst_starfield.jpg

(2,3) www.visualComplexity.com
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Characterizing Grapiheoretic computations

Input: Graph
abstraction Graph
algorithms
@ Atraversal
Ashortest path
Problem: Find *** algorithms
Aflow algorithms
Apaths Aspanning tree

Aclusters j> algorithms
Apartitions Atopological sort
Amatchings €
Apatterns

Aorderings

Factors that influence
choice of algorithm

Agraph sparsity (m/n ratio)
Astatic/dynamic nature
Aweighted/unweighted weight
distribution

Avertex degree distribution
Adirected/undirected
Asimple/multi/hyper graph
Aproblem size

Agranularity of computation at
nodes/edges
Adomain-specific characteristics

Graph problems are often recast asparse

linear algebra(e.qg., partitioning) otinear

programming(e.g., matching) computations
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Streaming Analytics move us from reporting the news to predictive analy

Traditional HPC Streaming Analytics
ADNB I 0 F2NJ aail O MRequireslspetializédanalydes and
AMassive scalability at the cost of ~ data structures.

programmability. ARapidly changing data.
AGreat for dense problems. ALow data reusage.
ASparse problems typically AFocused on memory operations and

underutilize the system. not FLOPS.
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Graph Data Science

AAre there new graph technigues? Do they scale? Can the computational systems
(algorithms, machines) handle massive networks with billions to trillions of items? Car
0KS GSOKYyAIldzSa (2t SNI UGS y2Araeé RFEGIFZ YU

w Communities may overlap, exhibit different properties and sizes, and be
driven by different models

ADetect communities (static or emerging)

Aldentify important individuals

ADetect anomalous behavior

AGiven a community, find a representative member of the community
AGiven a set of individuals, find the best community that includes them
ACAYR O2y3SaidArzys 6SIF1 LIZ2A
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