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Abstract Many application domains give rise to multidimensional data that can be naturally represented via
tensors. The tensors used in most real-world applications that are extremely large and very sparse. The sparse
tensor decomposition is an effective approach to predict the unobserved data and is commonly used in machine
learning, text analysis, healthcare analytics, and numerous other applications. Sparse tensor-vector multiplication
(SpTV) is one of the most fundamental and time-intensive operations in computing tensor decomposition. In
order to improve the efficiency of related applications, this paper exploits the hierarchical parallelism for SpTV
on CPU-GPU heterogeneous parallel computing systems. First of all, we propose a multidimensional partitioning
method to map parallel SpTV to the underlying CPU-GPU heterogeneous and parallel computing architectures.
It utilizes the N—1-dimensional tensor partitioning to exploit the inter-node parallelism and the matricized tensor
partitioning to exploit the intra-node parallelism. Second, based on the multidimensional data partitioning, we
design a fiber-wise compressed storage format for sparse tensors to reduce the memory footprint and optimize
the computing and memory accessing patterns in parallel SpTV. Third, we design the parallel streaming SpTV
algorithm, by adopting the fine-grained data partitioning method, the parallel streaming execution scheme, and
the tensor block sorting technique, to overlap the data swapping cost and the computation overhead and further
leverage the computing power of GPUs. The experimental results show that the parallel and efficient SpTV

algorithm achieves the speedup of up to 3.28 compared to state-of-the-art (aeSpTV) on a CPU-GPU system.
Key words CPU-GPU; heterogeneous and parallel computing; hierarchical parallelism; sparse tensors; tensor
operations
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[

6. BLHU A HdE X A v,

7. UARR B 7k B AT 4L R e A s SO R R vk & X A3 EHL
WAFH

8. cudaMalloc(P;_Dev, ...); /IfE GPU %4 W70 IE X HIAF
it ]

9. cudaHostAlloc(Ind_Dev, ...);



it 5Pl E R

10. cudaHostAlloc(Val_Dey, ...);

11. cudaHostAlloc(v_Dev, ...); //{E GPU &&MNAFH AL v
A7 2 1)

cudaHostAlloc(Y_Dev, ...); //7E GPU B # NAEH /3L Y HIAF
it 2 A

12. cudaMemepy(Ps, P;_Dev, ..., HostToDevice); /144354735
JIT % Bt NN A AR R B8 % A7

13. cudaMemcpy(Ind, Ind_Dev, ..., HostToDevice);

14. cudaMemcpy(Val, Val_Deyv, ..., HostToDevice);

15. cudaMemcpy(v, v_Deyv, ..., HostToDevice);

16. SpTV(B, Ps_Dev, Ind_Dev, Val_Dev, v_Dev, Y_Dev, ...);
HIGPU LHIFHAT SpTV

17. cudaMemcpy(Y_Dev, Y, ..., DeviceToHost); /#5455
B WAL B EHLA A7
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f£55, mZRAENER, ZRIATEITHLEIFE
X ik B O AT S AR BE I . AR R SN Kl oy
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S n JRITHE R X FEFE RS I 4L FE 32 AE R n R A
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FERUG, TR subXPHEAT T ) GPU Z5 7%
FIEATRNA P B R 2 HAE, ¥ subX Pt — 414y
A B AR X0, A XO0E Mil(Px5)
B Rk, B n BIFAERE X &R N P>s AN
Kt X0, B je{1, 2, ..., P>B}, E55 j%P 4~ CUDA
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subY, fEgarlal A7, B 7 BoR T i AR AN

(¥ GPU Z AT AL EMLAHI <], H CUDA ¥
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RO B WA R BB = DR
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MovieLens

ratings-m1 6K 4K 5

M

MovieLens

ratings-m20 72K 131K 10

M

MovieLens+IMDb/Rotten Tomatoes

Last.fm

user_taggedartist 2K 19K 13K

186K

Kaggle

/

/
user_ratedmovies 72K 65K 10 / 856K

/

/

Submissions 3M 347K 2

2M

NYC Taxi & Limousine Commission (TLC)

Uber_Pickups 2K 1K 24 183 3M

6 MHREMINS 2

6.1 SKIGIME

ARSCHE T M AT A XS 2 IR AT I
SpTV Sk RERHAT A S 20 Hr, S5k FH () 5744
HiritEredh s 74 14 &1 E5-2680
CPU@2.40GHz #M1—“>W1¥y 16GB [ NVIDIA
Tesla P100 GPU. i s, Z4IF4T SpTV 5
A R 5Kk B A B R 1 AR,

ZRMIFATI STV BVEAE 6 N ZM sk &
s EA TR, EHE 5 A 3EEKER 14N 4
jkiE. K 1HRER TR 6 MURENGEE, HAd 1,
lov I3 F1 14 70 MR BARAEAE 4 DNERE ERIYERE R
/N, NNZ FoREdEEhdER o m 8. dase
ratigs-m1 Al ratings-m20 K H H ¥ i F R 4t
MovieLens H1 (1) 2 0r BLs2 VF 70 Edls , gk i T i
TR - 3 Mok &P s 4
user_ratedmovies 454 1 MovielLens % 45 J HAH
MR T Internet Movie Database (IMDb) ' Al Hi 52 1
#r %4t Rotten Tomatoes” H1 /¥ L%k dl, & TH
F-HE-UPAr ) 3Pk &L B4R user_taggedartists
8 THELEFRAS Last.fm® b 2 TN ook ok
ZARZF B bR E s, Bl — AR P -& R 2
RE-RZH 3 Froke. a4 Submissions K H
Kaggle * #: X F1iE ah i 86 1) 3= & B0l (L5 52 38
A =0 BMA B AL EE). &
Uber Pickups >k H NYC Taxi&Limousine
Commission (TLC)?, =&— > 4 ok, @f 7L
T uber ITHLR AR H AL WAl SRS R,

1 http://www.imdb.com/

2 http://www.rottentomatoes.com/
3 http://www.last.fm/

4 https://www.kaggle.com/

5 https://www.nyc.gov/site/tlc/index.page/

6.2 SEIMLER

NT 2 H/IFAT SpTV Bk R AT IHE
F& R BAIAR, Bl 8 BaR T 5HT SpTV
IBEAL, 29T SpTV EIEMIFATINE. £
PWIAT SpTV BIELEFTA MR B4 FPy3k1E T
7.34 fEHAT N L (B =i /£ Uber_Pickups |3k 15
10.60 f5HAT Ik Lt , FAKAE ratings-m1 _F3k 75 5.33
54T I EL).
6.2.1 Z4EFFAT SpTV Kl o HPFAlh
N T MEARZ HFHAT SpTV HIEX FATHHE AT S 4E
Ty, B 10 R 7 BEIEEA RS Rk
B ML, SEIME R ER, 5RA 1 AET
ML, ZIEAT SpTV BALE 8 NMHEA A LT
BI3RAF T 357 fEna bk, oA, 7E R 4R
user_taggedartists A1 Uber_Pickups _E /45 5 & b
(49 3.95 %41 4.58 1), £ Submissions |-
RIHRZER AT EE(L.64 f5inELL). X2&HN
I SpTV #E nig b, THilA T R IFATI N-1 45K
BRI AT n D) PI4E 5 ik &k T R4, R
In IRIK/NRLARFEAAR s [RIRE, TERATE S,
CPU LA73| GPU ¥ WAF MBI 7Kk
FER 1L BN IRI & v, FERET EA7 B % AR 2L
PGS, BT A v DAAh, FLAh B
BE A TH T AU I s PR, RIS [ A
HIFATHI N-1 45K 2RI 5k G 1799 s BEAE, (HAE
BEATEAT SN, ST v I EdE L5 T 89 2 R
RGBT R EE R R, ARYER 1 s
#5, user_taggedartists 1 Uber_Pickups [ 1, 1R/
(SEERM 2 SpTV B 1 3fefd, B n=1), Rif&%Hilm)
BV TR, IS SR FEAT AT 1 () PR
H%/N; 4RIM Submissions 1 1, E1R K, A4 & v
IS AE IS HIF A R i 7 ERAROR,  ERIRRR 1) T 2
R{IFAT SpTV HIEIEZEIRE LR S IFAT R o
1.
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ANRI 1) P28 DR B o AF N 48 S e B v K, TR
I, AR A SC R SR FH IR i 7k B 4 4 T 4 A7 fifi A
2, B4 2R /IN (R M) RO 27 D AR S 1 3t /) B 2H.
Ps IRR/INRIEE SRk &R/, ARSI A7
H®R&ENAZ IR MEIREEE. B, Mk
LT Y15 user_taggedartists Ji 740 4 f 35 15 R K1
I, AEEICRAEE EE PR AR, B TE
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Background

Many applications give rise to multidimensional data that
can be naturally represented via tensors. The tensors used in
most real-world applications that are extremely large and very
sparse. The sparse tensor decomposition is an effective
approach to predict the unobserved data and is commonly used
in machine learning, text analysis, healthcare analytics, and
numerous other applications. SpTV is one of the most
fundamental and time-intensive operations in computing tensor
decomposition. Therefore, there have been a considerable
number of researches on accelerating SpTV on heterogeneous
parallel computing systems.

Parallelizing and accelerating large-scale SpTV on
distributed CPU-GPU architectures faces three main
challenges. First, how to effectively map SpTV operations to
target distributed heterogeneous multi-core architectures and
leverage the multi-level and hybrid parallelism. Second, how to
compress the storage of sparse tensors effectively. The data
structure determines the memory footprints and data access
patterns in SpTV. Third, how to fully leverage the computing

power of high-performance heterogeneous parallel computing
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systems for SpTV, based on the given task division method and
sparse tensor compression storage format.

To alleviate the above-mentioned challenges, this paper
exploits the hierarchical parallelism for SpTV on CPU-GPU
heterogeneous parallel computing systems. First, we propose a
multidimensional partitioning method to exploit the inter- and
intra-node parallelism for SpTV. Second, based on the
multidimensional data partitioning, we design a fiber-wise
compressed storage format for sparse tensors to optimize the
data access patterns for parallel SpTV. Third, we design the
parallel streaming SpTV algorithm to overlap the data
swapping cost and the computation overhead on GPUSs.
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