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HET X SpMV Hvgy A [i] d F1Y H 1) 32t 17 7] 19 Jey 38
P
2.4 2000 -2010 5 :SIMT 5830

2000 4FJ , B T HESE DLAE B 5T #ON, GPU AE
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WU T B 2 BRI 4 20 Ai )R

SpMV P& P15 TR 3% — B 301 8 1A 1 X 3 A s
AT DT R) A, B i IS 2 e R e A
PRESH A, Intel SRR (Xeon Phi, SIMD) Ppik
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ARAT BRI 5 AT (2R 5 1 R C BT AE F (94 T 7
EHE PR ALE, VI TR — R 5 25 | AR UIAT
H=JR AR FERT, 225 | ARG B TiAL B8

B AT HERE I T 47 AR e 8O o A 4 KL
P MR SEIRR P Bt Tk S T PEREERTHAO L 2
MEERA LAtk TR PERESR TG 1. 1817 BT
BT ATHEF AE SELL XML ) 2 F47 BT A 3X
HEPET, B AR P R oA g S 24, Iy
AR U AR B — . A @R MR Z
PeHFE ) AT, IR R AR T,
SELL R A 2 A [ 72 1) [ i 1) 73 g — AN 4517
I H BT iR B Zon, 154
— MR R AT ST B AT TR R 2
FIARSE (Jr SCRE 2B SR e Bt Ik AR ) .
B AEZ e B T R AT I — ke, A A T s —
M P RRGE R B . B AT
HORSM TR TR JI TSR E5 R B sk, 50
(4 7R 2 AT ISR THAERE
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3.3 BIREE

N T IBATEIFAT VAR PF L, s i R ) AR 2
TLH BTG BRI AT 400 i3 o, Y
BOrk g5y 5 R AT HIg )
SEARTE T ] FR DTS X 28 D) B R B 8 4R U
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B, Behh ARPEH AR ERA R AT B
AN[Al, NVIDIA GPU A7 2 fi b | e e R M2 A 3 A4
AT ; CPU A ) i ML FE 2 D IFATHO0N . %L
a8 B S VTR D7 5 IS 7 iR B AL

K7 BB T AT V1B — 540, SELL 4% [ [ 42
FATCERE AR R0 T B X M AT AT VIR O — AT
SR WSS 25— 1) B T e E R R I — D
TP g — T s — ek, K8 (HK T —
B R IR L B AR T TR B R R Ze N,
PN R TT ) Ze M e B T VI S8Ry 2 #9514
BBy, xRV KTV 2 B H A — B
AR LA Z T 2, [ 8 AL T [ E R
JClEIFRIE, XA UISRESREARSRAY 3 R ICHE
— MR

1 2 1 2

6 4

B8 ZFIyIsRFniziREFT T iEMERI IR

SRR TR A A AT UTBRGAIE TATHY
SEREME kSR TR YU 2 5 (H R AT DT HR A A A
AT R (47T B [ 46 et Bl S 38 58 7 ey | S ) 57
TR, SIVISRSE I TR AT RO TR A A
TAREBRARAT  H 277 A A XIS ) 224> B B 2 1]
A2 (DR SRy 04k e 2 e S B A ) 9 3 58 B0
b XEWRE B2 A T W AR ) o B E AR
F T 18] B )R] UCRAEAR X B 4 14 67 4 4 5 (HLR:
X7 3o T OB P 320 5 AT 6 AR X 5
AT B B B 2 Bk R Bt

Xof F 2R TP = B 2 A DT HRAR 8RB B A %o F 2
HR TR 2 SO FE PR AT DI, 31X 2 Fh DI Tk 3
TN RT A A RT3 24 H ) F R 8 R A 1) 45 B A B
(I 6 FiR) o
3.4 HERERSXHEFME
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B BRAE PR RER S 1 R A R P B LA

TR G, 1 e BEEAT LA 2 Ol B 1 3 1)
e R I5 BATTT(FERMFRIE N « 7)) P sE 814
Paderh (AR BE R R ST A B U A Bl
FAHIE

1 1] *
2 *
3
4 4| *
5 S|t
6

7 7] *

8{olto]ir[12]13f14] 15 8 9-12 13]14] 15

B9 —ANEIMRZEHITEXTTERRIRG

BH I e 25 1 AR IR SR FOTAR I . (H
S, EALREH R P aR o JH— 2 T A0 ) A5 A HE
A AR T g R A U AR AT RS . Lo, 7E SELL
o B AT AR T R AT R TR B AR [ T
LR EE SR — M A AT T R (AEE o i
KEIT) B 1A T A7 B — AT AR ol
{RILALE row-grouped CSR ™7, BFANELHE L K/ T LA
FLE A R AR, TN 75 226 A0 B P A
KA R BRI E R . R8s
3 AT LA R SRR AR BIL 2 o

B T I AFAET SpMV A AR =X P i 152
T, FORE Wi 3 ] — A~ 2 R A k) it BROT IR
[Fi) AR R A R e b 18 0 3R S R s T s i R A =X
b T4 1 SIMD H1 SIMT B3840, LIE 7
SELL #%CRy ], PA o i 2R 7 S AR 3 T Wi 3 2 A ol
AT 260 B L R AE 2ot T 38 B A7 6k =2 5 A6 It
J¥ o PURTE— A2 o B ] 2 5050 0 0 1 A7 4500
o AT AR R B R T R R R A K AT
FHTRIO B 0 F R 31— ] LR i fg > Ze R il
H I IR A R AR, NI B T PERE . IR
PRI AR RT (4 /2, 22 5 A7 it 7 2 A 500 o8 2 JE 0T
HEA , S5 ok — 2 I TR BEF45 .

3.5 BHFEMIE

B SCRT 6 SRR PP ik = 8 O A i i
(AR T NAE T I HEAT LA R ST AT e 59
JEFZ IO OC ZR % T it A =X s i A
[ EESP R Sl il 5| 2o ST ol ya u - NP5

ANGEA ALY P 7 A g v ) 45 i g ey Aoy e T R
gl —i, AT SpMV BIER AR, Sk A
TRFHEATTEAE 10 Fian 4 28 TR
VA2 FETAT WA 0 I 29 JE T e 05 24 0 2
T4 Bl ( segmented sum) fYIH 2y, ElH SHAH®
B R ARG AE R R oo ) = T R AR Y
GORBCE EAHATIHZY " A 45 1 I AR A5
) I 2 T B U 24 1 v ] 45 SRR B AT 55
B £ AR X AN B L A TE M s i A% b ic e
AIE R o X LLIH 25 v EIRTE A ] A R A4 4 i A
B AT A AR S B E 2 A 38 A [] 7 P 7
wh,

BT MRS 10 (a) B, X284
LR H— A7 R il sk R 25 R 3 A T A
B — A LERERT R — A 2 5R . AT R
e ol FTEAE 0 7 Tty B W= R R o B A g e Ty
0, XAVHABE DR BT IA 7 — DG ER i [R] f
3 73 i A e )5 45 SR AL BT X B R TE L
FEOLN O I IS /T B9 45 2R 78 R 2 1 i) i
Ak g AR (W46 A T LA R N Y a7 A7 4, 24 2200
M F A A BT — AT I IH Y 25 Rl X — 25 L) |
FEFFEXF—17 By rh Rl EE R AT 2, 7EX N H2
TR T A Y B — AT BB T R R —
URESES I A I VR DA Kl e s E vayS N 1 R ot
FATTHE K H O Y R 45 5 S = e S 3 ) — A7 Y
X FEREOL A 1 BTG AR S RE A R
A R A AR, T T Z [ 3 2 v [E) 45 3R 55
LI WA, FEA o T AR R R )
2007 RIS 1A R TR shuffle JSRAEDS 784
FER A g AR AR R RE R o Oy O
HR G RAF RN A 5 SR B T R
AL T2 BOR i I3 2 75 208 AT DLAE H IR A o
fift 3k 2 Py ORI TR BRI 2Z (A A BE sS4t

TR ME 10 (b) Fis, X2k
A2 5% 1 75 L4 A 29 3 [F] — 47 (4 v ] 45 2R 193
Fil PRI S [ —A7 b Rl 25 2R, K,0.2.6.8
BT AR R R, BEE 0 4,
26 MR ATE ARG R AL E M
8 S A Hh | 45 R B (eI RN IrE S
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CSR MIRARARZICAT S BTHRTTIERML) . XA
LY B H AT AR 2 AE— 3R ol Dy R 1) o A
7, 91 BARGE A e 45 2R 1 S 1 SR — 1T A 428
TEIXANTT LRI IEATRRA A TR B 35 B0 22 73 3l
b HAS )4 1) F TS5 SR 14 220
HET I R 24 s B AR v ) 25

FRAT 5 H T 235 SR 0 20 PR A B 1 6 8 X 7
BEE, QA 10 (o) B SR BRAE DR UE T X 1] f
SE 7 B RN L RE 2 42 2 HEE R IFAT 8 1A

e 0 1 2 3 4 5 6 7

s @)

A

AT RE A Z A7 3%
ATE AT
g R A A
T4 RS it

WA

(d)
E10 4 EXERWMEATZE

— 814 —

Arid, BT IR TEAER AR PRI TR
BT SCRAE A 000 B BT 44

BT 43 BOIN A VA 249 75 500 7 DA X D) e i
AT AL AN X B B0 ( HE g2 IR 2
JLEBEAOIER) . FEX AR O T, AT R 2P
AR R EE R S5 RO AR R A XTI S &R ok
I [R]— 47 B Fp a2 SR 3% A [Rl — S5 Boe
K A [Al—A7 i PRl 5 R 25 2 A AR YT o0
=R T T RS — AT R P RIZER  — N
HHITAE T 2T RIZS R . BT BOE I 15
2977 AT DU — 2512 5k P 40 0 B9 3k LE X IV S R
WP 10(d) T, 3 A AH AR B ] 45 28 1 o0 e 21 7]
— AT A 1 AT SRR T 3 M
BRI, FTXTHTIPA RS 1 RSO, 26 2 17
H4RAS SITRRITZ MR R I8 2y, T
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DAFEAL & T3k S8 5 1 A s g s v, 28 47 1 40
TR

R P A T LRIV 7 1) £ 8 45 A ok AR
FTVEM TAE R WISE™ | HA% MR L1 |12 cache FJK/
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FUNTERR R 0 2 AR (BT R i A 7
2 AP RUREE) PERERI /NG R

AR LE TR ARSI S %
PGIT A0 H A i, i AL, 2
TR AR T S P S E 2 SR T AR ——2%
B, X AR T TR LS Rl 8 R A0 B T 3
Wtk L EMETURARE RS NS

1)

BRI 5 B K AL S
5 4% 4 . TACO

TACO"™ ) J& 30 SEAF B4R L A — %ot 46 i 5
IR B, 58 W0 BRI g i 4% — 3K,
TACO T Z AR SRR LAL R A 3717
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N LRI N R EAE IS AT TR i AR 1 R P A U
h SpMV 2T B s 2 s =X (an SR =38 —5, W og 4
WA WAL BRTFAS ) , BT LATRAL S (] 55 1K A sl
BT e — MR R IRy B2 [ AR RS/
B R P48 2% TRUAL BT B) 55 55 5 I SO 25 NG i
Ui bR TS S ] B] 22 A 38 43 A 4G 2 i A
P 436 1) S T RIRR 7 2 126 1) s T 002 A1) ) o A 2
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WY 4 SRFORBR LML MBS, AT LAAS H LA F 3
S,

(1)SpMV WF5R 21 T — & MW T3 A 3l 153
BIRER K& RISAT, 7221 TRl 20, N TR P4 Tt
SpMV & JFPERERY T BT k. H BE & 75 5 X (4 4E
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A survey of high-performance sparse matrix-vector
multiplication programming

DU Zhen" ™ , TAN Guangming ", SUN Ninghui "
( " Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)

( ™ University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

Sparse matrix-vector multiplication (SpMV) are fundamental operations in scientific computing, graph compu-

tation, and data analysis. They have been an enduring and challenging research topic since the birth of modern

computing. This paper systematically reviews the development of SpMV from 1970s and the representative work at

each stage. It analyzes and compares four technical routes in this field; manual programming, automatic tuners,

sparse compilers, and automatic programmers. These are the popular approaches today. On this basis, the paper

makes predictions on the future trends of research on SpMV programs. It aims to provide useful insights to learners and

researchers.

Key words: sparse matrix-vector multiplication (SpMV) , sparse matrix format, auto-tuning, sparse compil-

er, high performance computing, parallel computing
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