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Overview of the Complete Research

Interactive Data Science at Scale

* Objective:

* One-stop solution for non-HPC users to ITr:féifC:é\;e
exploit massive data sets.
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e Data structures and algorithms
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Fundamental Constructs and Algorithms

* Framework:
 Arkouda

Arkouda

Q\/{— ‘\/{) Python

(NumPy/Pandas)

Framework

apkovda

NI

New Jersey Institute
of Technology

4 June 2021 Oliver Alvarado Rodriguez 2



Bill Reus' CHIUW 2020 Keynote

W hy A r ko u d a ? https://chapel-lang.org/CHIUW/2020/Reus.pdf

We want some
of our

scientints [Your package here]
o drive \
tan F22! = &\‘);)' o‘rﬁ\s

Jupyter allows
Data

« Scientists

to drive a
cool plane!

Image From Mike Merrill’s CHIUW 2019 Talk
https://chapel-lang.org/CHIUW/2019/Merrill.pdf
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Large-Scale Graph Analytics in Arkouda

* Why graph and what is the challenge
* Graphis a powerful tool to represent and solve widely available problems

* Real-world graphs have become very large

* billion or trillions of edges, regular computing at a local laptop level becomes more difficult, time
consuming, and possibly even impossible!

* What we have done
* A double-index based data structure
 Parallel and distributed (multi-locale) breadth-first search algorithm
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Double-Index Graph Data Structure

* Advantage
* O(1) time complexity
* Locate specific vertex from given edge ID 'SRC - DST STR NEI

* Locate adjacency list from given vertex ID (L I
--11000 3

Edge Index Vertex Index

N Sorted
Vertices

* Compared with CSR (compressed sparse m - | I
row) = | |
. Sim”arity g | Start Neighbour
* Value array <->SRC/DST, array size is NNZ é so 30| | 8
e column index <->STR, array size is | V| ig 17100 3 Neighbours

* row index <-> NEl, array size is |V|[+1 and | V|
 Difference

* We can search from edge ID to vertex ID, CSR
cannot N ] I

* We need a bit more memory (another NNZ array) .
than CSR R




Support Edge-Oriented Graph Partition

NEI

STR

SRC

DST

Vertex Array J

P1

P4

Computing
Resources
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* Imbalance in vertex’s degree

Power law degree distribution of real-
world graphs

* One vertex can have very different number
edges

Edge Array | e Edge oriented partition

Edge array is much larger than vertex

array
* Align vertices to corresponding edge

* load balancing N J I
W]ers:gnstitute
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Breadth-First Search (BFS) Problem

2 distance from
source vertex

@)
=
|-g.
1N
Current frontier
next frontier

source
vertex

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

Standard level by level BFS procedure
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High Level Multi-Locale BFS Algorithm

Input: A graph G and the starting vertex root
Output: An array depth to show the different visiting level for each vertex

Y

depth = -1 // initialize the visiting level of all the vertices
depth|root] = 0// set starting vertex's level is 0
cur level =0 //set current level

SetCurF = new DistBag(int, Locales) // allocate a distributed baMlS’tiFilb te d p a ra I I e I

current frontier

152}

SetNextF = new DistBag(int, Locales) // allocate another bag to hold vertices in the next

frontier

e e N
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22
23
24
25 end

Sercurbadd(roon e o e e Pea ra | le | Inext frontier search

coforall (loc in Locales ) do
// parallel search-on‘each locale

Parallel|new vertices insert

SetNeighbour = {k|k is the neighbour of i}

forall (jin Set Neighbour)do
if (depth|j] == ~1)then
SetNextF.add(j)

depth|j| = current_level + 1
end

end

end

end

end
SetCurF <=> SetNextF // exchange values N J I

SetNextF.clear()
current_level+ = 1; New Jersey Institute
odriguez 8 of Technology

26 returndepth



Low Level Multi-Locale BFS Algorithm

Input: A graph G and the starting vertex root

Output: An array depth to show the different visiting level for each vertex
depth = —1// initialize the visiting level of all the vertices
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36
37 end

depth|root| = 0// set starting vertex’s level is 0

cur_level =0 //set current level

Create distributed array cur FAr y to hold current frontier of each locale
Create distributed array recoAr y to receive expanded vertices from other locales
put root into curFAry

while (lcurFAry.isEmpty())do

coforall f{loc in Locales ) do

end

create Set Next FLocal to hold expanded vertices owned by current locale
create Set Next FRemote to hold expanded vertices owned by other locales
myCurF «current locale’s frontier in curFAry and then clear cur FAry

coforall (iinmyCurF ) do
SetNeighbour = {k|k is the neighbour of i}
forall (jin Set Neighbour)do
if (depth|j] == —1) then
if (j is local) then

| SetNextFLocal.add(j)
end
else

| SetNextFRemote.add(j)
end
depth|j] = current_level +1

end

end
end

if (!SetNextFRemote.isEmpty()) then

| scatter elements in Set NextRemote to recoAry
end
if (!SetNextFLocal.isEmpty()) then

|  move elements in Set NextLocal to curFAry
end

coforall (loc in Locales ) do

end

curFAry « collect elements from recoAry

current level+ =1

38 returndepth

Distributed parallel execution
Parallel next frontier search
Parallel new vertices insert

Explicit global communication
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Datasets for Experiment (Sparse graphs)

Name Vertices Edges Weighted CCs Biggest CC Size Diameter(>)
delaunay_n17 131072 393176 0 1 131072 163
delaunay_n18 262144 786396 0 1 262144 226
delaunay_n19 524288 1572823 0 1 524288 309
delaunay_n20 1048576 3145686 0 1 1048576 442
delaunay_n21 2097152 6291408 0 1 2097152 618
delaunay_n22 4194304 12582869 0 1 4194304 861
delaunay_n23 8388608 25165784 0 1 8388608 1206
delaunay_n24 16777216 50331601 0 1 16777216 1668
rgg n 2 21 s0 2097148 14487995 0 4 2097142 1151
rgg n 2 22 s0 4194301 30359198 0 2 4194299 1578
rgg n_2 23 s0 8388607 63501393 0 4 8388601 2129
rgg n_2 24 s0 16777215 132557200 0 1 16777215 3009

kron_g500-logn18 210155 10583222 1 8 210141 4
kron_g500-logn19 409175 21781478 1 27 409123 4
kron_g500-logn20 795241 44620272 1 45 795153 4
kron_g500-logn21 1544087 91042010 1 94 1543901 4
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Graph Building in Arkouda

Large Graph Building Efficiency in Arkouda
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Parallel data reading/generating+graph sorting
Almost the same building efficiency/resource efficiency for different number of
edges on the same resource
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Results of different BFS Variants

* High level data structure
e CoForAl e Distbag, set, and domain

—— ForAll

* Parallel construct
o forall/coforall

redundant calculation without idle threads

Execution Time(s)
D
o

sl G Sii SHie Dol Do no redundant calculation with idle threads

Different Methods

Delaunay 17

/X —+— CoForAll
ForAll

Execution Time(s)
N
wm
o

High level algorithm can compete with low level algorithm
» under the same algorithm framework N J I

M  BagL BagG SetL SetG DomL DomG
Different Methods
New Jersey Institute
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Optimization results

Employ reverse Cuthill-Mckee (RCM) algorithm as a preprocessing step

Graph Parallel Construct | RCM M Bagl. | BagG | SetL | SetG | DomL | DomG
CoForall N
Y
delaunay_n17
Forall N
Y
CoForAll I;I
delaunay_n18 N
ForAll
or Y
CoForAll I.;I
delaunay_n19 N
ForAll %
CoForAll N
‘ Y
delaunay_n20 N
ForAll Y
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Conclusion

* Arkouda (Python+ Chapel) can be used to handle large graph analytics with
two advantages:

* High productivity and high performance

* Chapel based high level parallel graph kernel algorithm development can
achieve high performance

* even better than low level message passing method for our case

* First step to evaluate the feasibility and performance of Arkouda-based large

graph analytics
ﬁitute
of Technology

* more graph algorithms and more optimizations in future work
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Typical Environment Set-Up

Chapel Server Python3 Implementation:
e Pdarray class

Or complexity

* Integrate with and use NumPy

Python3

Code Code Modules

| -
0
-
o
Q
| -
Q
O

Indexing
Arithmetic

Server Implementation:
* High-level language with C-

Distributed Array
Distributed comparable performance
Object Store e Great parallelism handling
| ’ e Great distributed array support

Platform MPP, SMP, Cluster, Laptop, etc. * Portable code: laptop --> HPC

Where can | get it?:

User Image: https://chapel-lang.org/CHIUW/2020/Reus.pdf
Software: https://github.com/mhmerrill/arkouda

Our Contribution: https://github.com/Bader-Research/arkouda/tree/streaming N J I
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Arkouda: Maximize the benefit of Data Science

* Barriers to exploit data science
* Interface barrier: low level programming->high level programming
* Resource barrier: PC resources->cloud/supercomputing resources

 What is the challenging problem?
* Interactive (enough flexibility) + Large-scale analytics (enough capability)
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