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Graph-Centric vs. Matrix-Centric Abstractions

® . active node
<> : neighborhood

* Active element e Bulk operations

* Node/edge where computation is needed * Matrix-matrix/vector multiplication
e Operator * Element-wise manipulation

« Computation at active element * Reduction

. Neighbo_rhood: Set of nodes/edges * Parallelism

read/written by the update * Inside individual operations

* Parallelism
* Disjoint updates
* Read-only operators, e.g. triangle counting




Galois: Graph-Centric Programming Framework

Shared-Memory Galois [1]
(C++ Library)

e Parallel data structures
* Graphs, bags, etc.

 Parallel loops over active elements
e for_each, do_all, etc.

e Support for
* Load balancing
e Scheduling
* Dynamic work

IrGL (2]
(Compiler)

* Translates Galois programs to CUDA
* Applies GPU-specific optimizations
* Iteration outlining

* Cooperative conversion
* Nested parallelism

[1] D. Nguyen, A. Lenharth and K. Pingali. “A lightweight infrastructure for graph analytics,” inSOSP 2013.
[2]S. Pai and K. Pingali. “A compiler for throughput optimization of graph algorithms on GPUs,” in OOPSLA 2016.



Advantages of
Graph-Centric Approach



Eliminating Barriers in a Round

Graph-centric methods:

Operator for edges
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Yes

( K-Truss begins >

\ 4

Enumerate triangles

\ 4

Count number of triangles
for edges

Do all edges
have sufficient
support?

No

Remove edges w/

insufficient support

—>< K-Truss done >

Matrix-centric methods:
Matrix operation for each step

~

Matrix operation for
triangle enumeration

Barrier in a round

Matrix operation for
counting # triangles for edges

Barrier in a round

Reduction to check for edges
w/ insufficient support
Barrierin a round
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Exploiting Domain Knowledge in Operators

( K-Truss begins )
Ll Early termination when edge
Enumeratetriangles |« Support reaCheS k _ 2
Countnumberof —
triangles foredges

Sorted edge lists to locate edges using

binary search when removing edges

Graph as Compressed Sparse Row (CSR)

Yes

mefnaent et EdgeRemoved - olojo|o|o|lo|o|lo|o|lo|lo|lo|o|o|o|o]|oO
> Knssdone ) EdgeDst - ol2|3|o0o|1|3|4]lof2|2|a|5]|2[3|5|3]|24
dge remove 2 EdgeRange . 3|6 [10]|15(18]20

he ble s Sorted edge lists to speed
ound, red o the up edge list intersection
ber of round from O(deg(u)*deg(v)) to
O(deg(u)+deg(v))




Avoiding Runtime Memory Management

Graph-centric methods: Load graphs and update node/edge data in the graphs

EdgeData e e e e e e e e e e e e e e e e e e e e -- Fixed after

EdgeDst 1|l2|3]lof2]|3|o|1|3]|]alo|1]|2|a]|5|2]|3|5]3]|4]- graphs are
loaded.

EdgeRange 0|3 |6 [10]15]18]2

NodeData nln|n|n|n]|n

Matrix-centric methods: Construct matrices at runtime

11111 11111 1({1)1212(2]1]1]1
1 1|1 1 1|1 12222 f2f1]1]2 .
Needs runtime
1)1 1)1 % 1 1 1|1 |22 af2f1]1]2]1]1
= memory
1111 1)1 1 1(1 1(1 2121121112112
111 1 1|1 1 1({1)1]112f|1|1]2]1 management°
1)1 111 1 1({1)1]2]11(1
Adjacency matrix Incidence matrix Product matrix



Advantages of Graph-Centric Approach

* Eliminates barriers in a round
e Exploits domain knowledge in operators

* Avoids runtime memory management



Experimental Setup

Platform
e CPU

Baseline from IEEE HPEC static graph challenge 3!
Triangle counting: serial miniTriin C++
K-truss computation:reference implementationin Julia 0.60

GPU

Broadwell-EP Xeon E5-2650 v4 @ 2.2 GHz
30 MB LLC, 192 GB RAM

g++ 4.9

1, 12 or 24 threads

Pascal-based NVIDIA GTX 1080
8 GB RAM

NVCC8.0

Parameter

[3]S. Samsiet al. “Static graph challenge: subgraph isomorphism,” in|[EEE HPEC, 2017.

Compute k.,,-truss for each graph.
Kmax: the maximum k for a graph to return non-empty truss.

TABLE I: Datasets used in experiments. Size is in bytes.

[4] ). Leskovec and A. Krevl. SNAP datasets: Stanford large network dataset collection. Retrieved from http://snap.Stanford.edu/data, June 2014.

[4]
Graph Name Vv E Size
amazon* 262111410236 8097022443408 16M-41M _
[ as20000102 6474 12572 248K Smallest )
as-cardaiutl T I Jilis Xin] hEE ] LTIV
ca-AstroPh 18772 198050 I2M
ca-CondMat 23133 93439 1.TM
ca-GrQc 5242 14484 268K
ca-HepPh 12008 118489 2.0M
ca-HepTh 0877 25973 484K
cit-HepPh 34546 420877 6.TM
cit-HepTh 27770 352285 5.6M
cit-Patents 3774768 16518947 281M
COMmM-amazon 548552 025872 19M
[ comdhbln 425057 LO49RAA 200 L t

com-friendster 124836180 1806067135 28G a r‘g es I
com-|] EUEWEL REGHI R 26UN
com-orkut 3072627 117185083 1.8G
com-youtube 1157828 2087624 55M
email-Enron 366092 183831 3.1M
email-EuAll 265214 364481 7.6M
facebook_combined 4039 88234 1.4M
flickrEdges 105938 2316948 ™
graph300-scale 18-ef16 174147 3800348 60M
graph300-scale 19-ef16 335318 1729675 121M
graph300-scale20-ef16 645820 15680861 245M
graph500-scale21-ef16 1243072 31731650 494M
graph500-scale22-ef16 2393285 64007004 007TM
graph500-scale23-ef16 4606314 129250705 20G
graph500-scale24-ef16 8860450 260261843 4.0G
loc-brightkite_edges 58228 214078 3.8M
loc-gowalla_edges 196501 050327 17T™M
oregon|* 1067T0-11174 21099-23409  428K-456K
oregon2*® 10900-11461 30855-32730  568K-604K
p2p-Gnutella0® 6301-10876 2077739994 376K-T12K
p2p-Gnutella2* 22687-26518 3470565369 1.1M-1.3M
p2p-Gnutella30 36682 88328 1.7TM
p2p-Gnutella31 62586 147892 2.8M
roadNet-CA 1965206 2766607 58M
roadNet-PA 1083092 1541898 32M
roadNet-TX 1379917 1921660 40M
soc-Epinions] 75879 405740 6.8M
soc-Slashdot0811 77360 469180 7.8M
soc-Slashdot0902 82168 304230 8.4M


http://snap.stanford.edu/data

Runtime



K-Truss Runtime
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End-to-end runtime after the
graph is loaded and before
the results are printed.

Speedup over Julia
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K-Truss Runtime
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K-Truss Runtime
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End-to-end runtime after the
graph is loaded and before
the results are printed.

Speedup over MiniTri

MiniTri 1.00
Cpu-01 163.23
Cpu-24 380.57
Gpu 1,760.47

Maximum speedup of
cpu-24 over cpu-01:
17.22X (~15.7M edges)
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Memory Usage



K-Truss Memory Usage
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Measurement
Julia: @time

CPU: Galois’ internal allocator

% over Julia

Julia
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100.00
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K-Tru

Lower is better
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Measurement
Julia: @time

CPU: Galois’ internal allocator

% over Julia

Julia
Cpu-01
Cpu-24
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Lower is better
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K-Tru

Measurement

Julia: @time

CPU: Galois’ internal allocator
GPU: cudaMemGetinfo
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Trlangles I\/Iemory Usage

Measurement

MiniTri:malloc _statsin glibc
CPU: Galois’ internal allocator
GPU: cudaMemGetinfo

S
% over MiniTri 9
i
5
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|
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Energy Usage



Measurement

Julia: Intel RAPL counters
CPU: Intel RAPL counters

GPU: nvprof

% over Julia

Julia 100.00
Cpu-01 2.27
Cpu-24 2.03
Gpu 0.48

Lower is better

K-Truss Energy Usage

Energy (Joule]

107 ¢

107

" -
[ ]
@ 8 @
3 % o e ] . E
[ ]
(]
L b ] &
3 . * 32 E
o, - *
i
L q:ll:l ‘
L o8 o B - i
] i
@

o L f 4 |
-. Gpog o ‘.‘l‘ * ‘ :h & a®g julia
! * o®gy pu-01 7
- .; oty Cpu-24 1
PEYN T U B e®s gpu |

gl gl ] el | | ] L il

104 10° 10° 10 108 107 1010

23



Measurement

MiniTri: Intel RAPL counters

CPU: Intel RAPL counters

GPU: nvprof

% over MiniTri

MiniTri 100.00
Cpu-01 12.95
Cpu-24 12.07
Gpu 2.55

Triangles Energy Usage

Lower is better
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Conclusions

* Graph-centric methods deliver two to three orders of magnitude
improvements over matrix-centric IEEE HPEC static graph challenge
reference implementations.

* Advantages of graph-centric methods over matrix-centric methods
* Eliminates barriers in a round.

* Exploits domain knowledge in operators.
* Early operator termination
* On-the-spot edge removals
» Sorting of edge lists for faster edge list intersections and edge removals

* Avoids runtime memory management.



Thank you!

Questions? Comments?



