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Executive Summary

 Design Principles:
- Workload-Balanced Efficient Partition
- Fusion Workload Aware Format
- Shared Memory Aware Grouping

« Compared to SOTA Designs:
- 2.25%-3.39x end-to-end speedup over DGL/PyG on average
- 3.31x kernel-wise speedup over cuSPARSE on average
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« Background and Motivation

 Challenges and Solutions
- Partition: Workload-Balanced Efficient Partition
- Format: Fusion Workload Aware Format
- Writing conflicts: Shared Memory Aware Grouping

* Experiments
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Background and Motivation

« Various GNN applications
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Background and Motivation

* A prospective branch of GNN

- Capability of representing high-order structure

- Higher performance Cate gy
Dataset Metric MF GNN
(hyper)edge SoReg SocialMF | DifftNet NGCF LightGCN || DHCF
- ~ Precision@10 | 0.026% 0.026% 0.910% 0.699% 1.121% 0.958%
e ‘. P Vo) Recall@10 0.194% 0.168% 3.060% 0.446% 4.007% 3311% 3.848%
) e! @ Douban
K /,’__,f v @ NDCG@10 0.094% 0.093% 2.035% 1.642% 2.770% 2.204% 2.605%
,/'/@ : \ @ & P HR@10 0.168% 0.166% 3.449% 2.649% 4.250% 3.634% 4.111%
£ oy S = Y2) (e) Precision@10 | 0.033%  0.055% | 3.543% 4531%  6.039% | 4.637% 5.836%
L @ @ 1 @ - Recall@10 | 0.127%  0.204% | 2.588% 3.467%  4.598% || 3.563% 4.473%
e & X -l —~ P | NDCG@10 |0.080% 0.133% | 3.848% 5072%  6.742% | 5161% 6.572%
—— Vs) HR@10 0.123% 0.205% 2.422% 3.097% 4.128% 3.169% 3.989%
(b)
& e e Classification
Vo i ‘1’ 2 Method Accuracy
Vo Vi V2 V3 V4 Vi

Bll1 10 00 v, 010 PointNet (Qi et al. 2017a) 89.2%

e 01111 v; 01 1 PointNet++ (Qi et al. 2017b) 90.7%

0 S S S RS v 010 PointCNN (Li et al. 2018) 91.8%

HT: edge to vertex H: vertex to edge Ne i hen. and Lee 20 03.4%

(c)
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Background and Motivation

* Fusion benefits a lot in
- Saving memory accesses
- Eliminating the temporary tensor

N N

feature vector of vg feature vector of vy
feature vector of v4 feature vector of e feature vector of v4
feature vectorof v, ~X feature vector of e; Y feature vectorof v, ~ X’
feature vector of v3 feature vector of e, feature vector of v3
feature vector of v4 feature vector of v4
@ 1 0 o0 @
@ 1 1 0 0 o0 @ . 11 0 @ @
(v2) RN @) Aey el ) 1< )
@ 0 0 0 1 0 @ o 1 1 @ @ @
® w @
SPMM:'Y = WD, THTX (1) SPMM:X'= D, 1HY (2) Fused SpMM:

'X’=D,'"H WD, 1H™X (3)

memory write: 2 times memory write: once
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Background and Motivation

» Efficient fusion is hard for hypergraph neural networks
- Variable shape

- Sparse data attribute
feature vector of v,
« Sparse tensor feature vector of v;

feature vectorof v, »~ X’ Skewed distribution

 Imbalance feature vector of v,

feature vector of v4

©— o

density

Different hypergraphs have ® ®
varied vertexes and hyperedges @@ %

number % J||""Ilnm...mm--_

degree

_Fused SpMM:
'X’=D,"'H WD, 1HTX (3)
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Challenge 1: Inefficient Partition

:Read —:Write =+ :Atomic Rx : Reduction x times

() v
e o o ® O
® :: % R2 ¥
@0 g O @
'\‘A@ @ @ .:':’@
O % R4 \‘\'
O ® @@ 4
R IRC AL
) ®) v () —>®)
In;l):’utr:./t?rtex ,\ Ougu:t'\t/'ertex Hyperedge Partition
(b) Vertex-Cut Red:%gncy Imgelaj/nce
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Solution 1

« Edge-split workload balance partition

:Read —»:Write =+ :Atomic Rx : Reduction x times

threshold: g, = 2

v ()
@<’ O v
© @ @ @ R O (vy) T
® :: % R2 X % ::%
a V2 R2
:% ® W O, . ®
.\‘ @ @ :.:@ —_— @ —t @ Balance
OIS W—0-® &
ole ode N 2 e
e @ R R
@ ® ® O —6 -® 2
'”F;gr:i/ﬁgt:x ) OuE;:ti\t/ii:eX Hyperedge Partition Edge-split Partition
R d\ﬂ%ﬂ) | Kbﬁzelj/
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Challenge 2: Workload-Agnostic format

vertex Sand no workload identifier
\ﬂ:g:u/ for efficient partition

hyperedge 0 2 6 7

hyperedge

vertex g 1 1 2 3 4 3

Incidence matrix Compressed Sparse Row (CSR)

~
/ \
(vo),
I

-~ 1

)
partition, (for e4) { W //‘

|
/]

\
A\ /
. 7\
partition; (for e,) | @\(
l\ /

|

hyperedge 0 2 6 7

vertex 9 111 213 4| 3

Dynamic identify partition is harmful
to runtime kernel's performance

~ =0

® ©®© O

. I
partition; (for e;) '\ ‘\’4/ /
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Solution 2

» Workload-aware data format

partitions (for e5) ({3 \}

(\V3)1
AN
) =)
partition; (for e) '\V4//

-

hyperedge o0 2 6 7 (1)
vertex o0 1 1 2 3 4 3

CSR representation
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Solution 2

» Workload-aware data format

edge-split partition

4 \
{'.‘ O hyperedge o 2 . (2)
. ’@X partiton 0 2 // 6
partition4 (for e1)l ~c . - .
I @ vertex -

part|t|on1 for e,) partition, (for e;)

partitions (for e) (1 \
l( V3 /(

-

hyperedge o0 2 6 7 (1)
vertex o0 1 1 2 3 4 3
CSR representation
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Solution 2

» Workload-aware data format

edge-split partition

4 \

{' .@ ! O hyperedge o 2 (2)

/, \/ ,

>@ partiton 0 2 6

partition4 (for e1)l \_1//\, //

\@, @ vertex 0 1 -
part|t|on1 for e,) partition, (for e;)

partitions (for e) (1

( {

Py -
sartition, (for e:) \@/I workload calculation

\

=7 hyperedge 0 2 6 7
partiton 0 2 % 6 7
2 1

workload 0 1

hyperedge o0 2 6 7 (1)
(3)

vertex o 1 1 2 3 4 3
2N,
CSR representation vertex [0 1 %/// \
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Solution 2

» Workload-aware data format

3 edge-split partition partition index generation
! \‘ hyperedge o0 2 ®)
{/,\ I O yp g > (2) hyperedge o0 2 6 7
\]
)@\ partiton 0 2 / 6 partition o 2 6 7
partition, (for eq) \_1//, 7 [ ond 2 3 ;
\@I @ vertex 0 1 - workioad 0 1 2 1 store
).<z‘/ 1 part|t|on1 fore1 partition, (for e,) [ vertex 0 1 177 3 4 3
partitions (foreg)( \\( [destination partition o //// 2 2 3
F<= 7 source partiti
1 ) partition o 1 2 3
e (v workload calculation [ //
partition; (for eq) "\¥4//
=7 hyperedge 0 2 6 7
: " %
1 " V/ partiion o 2 74 6 7
hyperedge o 2z 6 7 (1) partion 0 2 747 6 7 (3) vrox o 1 AW s 4T
070
0 1 2 1 7 Z X
vertex 0 1 1 2 3 4 3 workload o destination partiton o 74/ 1 2 2 3
. . 7 7 7
CSR representation vertex [oR i %// NN source partion o 7177 1 2z 3
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Solution 2

« Workload-aware data format-Example

::'@ @ Pl @
e
& 2 v )

@~ Partition 1 Partition 2
@ partition o | 2 % 6 7 partition o 2 6 7
- 7 %
@) vertex o 1 //% 3 4 3 vertex o 1 %/% 3 4|3

() Vertexes 1&2 Vertexes ‘3&‘4

Overall Partition
mapping 2

§ ® OOOEOEOOOS
®

destination partition o /% 2 2 3
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Challenge 3: Heavy atomics operations

partition, (for e4)1

DOS
®
0009

i Overlapping

®

A
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—_—_—_—_\

7=, Destination
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| \ I
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Nt

Source partitions

—

®OOEOEO®
®
O

©®
&)

HyperGef



Solution 3

» Shared-memory-aware grouping

@
o9 ®
________________ L

@ atomic write to grouping atomic write to non-atomic write to
GPU device memory shared memory GPU device memory
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Experimental Setup

» Baselines

DEEP
- PYG 2.0, DGL 0.9 & PyG )5l <A cuSPARSE
- CUSPARSE (CUDA 11.3)
Models
- HGNN(AAAI'19) h®) = % ZE {x(l 1>} hgg;gél—ﬂ h(l)_\/ijZe{ )

- UniGNN(IJCAI'21) NN S { “ne) x§l>:((1+6)xé_l+ > hg))@ e 2 )
 UniGIN RE oo =K X = (1= )% +ox("" {1 - )L + O}

«  UniGCNII HGNN UniGIN UniGCNII

Platforms

Table 3. Hypergraph datasets used in our experiments.

- NVI D IA 3 0 9 O G P U (C U DA 1 1 . 3 ) Cora Citeseer Pubmed Cora-CA DBLP-CA Zoo 20News Mushroom NTU2012 ModelNet40  Yelp  House Walmart
. #Vertex 2708 3312 19717 2708 41302 101 16242 8124 2012 12311 50758 1290 88860
- Intel Xeon Silver 4210, Ubuntu 20.04  #edge 1579 1079 7963 1072 22363 43 100 298 2012 12311 679302 341 69906
4 #Feature 1433 3703 500 1433 1425 16 100 22 100 100 1862 100 100

#Class 7 6 3 7 6 7 4 2 67 40 9 2 11

Datasets max |e] 5 26 171 43 202 93 2241 1808 5 5 2838 81 25
- Datasets from [Allset (ICLR"22)]

HyperGef




Overall Performance

= HGNN DGL mHGNN PyG mHGNN HyperGef = UniGCNII DGL ~.UniGCNII PyG ~ UniGCNII HyperGef ~UniGIN DGL ~UniGIN PyG « UniGIN HyperGef

10 Training, feature size=32
8
6
4 . /
2 / 7~ I / v — I; N I 4 I 4 R / R AT / - d—
0 III'//\\‘ lll//,\\\ ] RS lII// T P/ 1| /NN | 7NN | 7NN |I|'/./\\ |l|’//.\\\ [ VIANN III/'/,\\\ "l PREARN ° - - -
10 Inference, feature size=32 2.25X 3.39X end tO end Speedup
8 y , ) , ; ; 8
6 — ; / , / ' ; / : ’ , / over DGL/PyG on average
/ / / Vi / /
2 Lo ab i il AT R LRGN R | R e b 3.31x kernel-wi d
/ / ~ ~ ’ / / / / \ ] -—
g III//:C\': T AR III’.I;.\‘: |II'/.;\‘: nl /a2 III ’;x\\ RN AR ||I~:;\: III’/:S\: W RN ||I</;.\‘: il . X Kernel-wise Spee up over
6 Training, feature size=64
o ® -, cuSPARSE on average
= ‘
© 3 / / ’ / , - ’ / ’ /
R 2| 2 P P PR PR PR I T N AN . N
8 0 45&\ 1| 2N |||<5:>:2 [ | 22NN IIl’/f\\ (1| AN T 7NN (| 2NN | 2280 1| AN W AR | ?511:\ [ AR
g 10 Inference, feature size=64 ;
8 / /
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/ A /
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Ablation Study

100%
80%

60%
NI
0.20 0.06
0%
® R &£ &

Normalized
memory access

& C’v Qv $ @“ P ooe 0
o <z°° ° Q‘b\’ 1/m & é\o@ob\e u o 0.16 0.05
= = 0.12 w/o grouping 0.04 w/o grouping
« 399%b global memory access average § oos 003
saving compared to cuSPRARSE-based 3 - Wi . -
SpMM ux.l : w/ grouping . w/ grouping
0.00 0.01
§_ 0 M edge split ™ hyperedge balance S S ,\QQ \‘19 ,@Q ,\Q)Qq:\QrﬁDQ(bQQrb@Q @Q S S \QQ '\q’Q '\(0Q '\Q’Q"L\Q‘]?Q%Qg‘bbg thQ
g 9 gs gs
H \I | ||
g . hlluh. . || . || L « Kernels using shared memory exhibit better
E Iy TS &Q\e & o performance compared to those without shared
= N memory grouping. In the overall kernel, we tune
. 1.53x average speedup brought by the t_hresh_old parameter g, to get the best
edge-split partition configuration.
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Summary

 The first framework targets HypergraphNN acceleration on GPU

« Make fusion kernel efficient on HypergraphNN
- Workload-Balanced Efficient Partition

- Fusion Workload Aware Format

- Shared Memory Aware Grouping Github Code
« Significant Performance Gains

- 2.25%-3.39x end-to-end speedup over DGL/PyG on average

- 3.31x kernel-wise speedup over cuSPARSE on average
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