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Abstract

Since graph analysis tasks often require compute-intensive operations, GPUs
have been widely used to accelerate graph analysis tasks. However, many app
lications, such as social networking, fraud detection, and network security, invol
ve massive and rapidly updated dynamic graphs. In these applications, the grap
hs have to be rebuilt again and again. This behavior greatly affects the perfor
mance of these applications. Many large-scale GPU-based dynamic graph proce
ssing technologies have appeared in industry and academia, but they usually fai
|1 to effectively utilize the computing power of CPUs while using the powerful

computing resources of GPUs.

Based on the high-performance GPMA+ algorithm, running dynamic graph
updating tasks on both CPU and GPU in parallel can further improve the perf
ormance of these applications and increase the resource utilization of the syste
m. This paper implements a system that utilizes both CPU and GPU for effici
ent dynamic graph update tasks. It uses modified GPMA as the low-level data
structure within a single device, and implements a device manager that support
s high performance CPU/GPU hybrid graph processing. Finally, the collaborativ
e work of both CPU and GPU is successfully implemented, and the performan
ce improvement of hybrid processing compared to single devices is verified. T
he experimental result shows that the system can make full use of the CPU an
d GPU resources of the platform, and perform dynamic graph updating and gra

ph analysis tasks correctly and efficiently.

Keywords: Dynamic Graph Processing; Big Data; Distributed Computation; G
PU-based Graph Processing; CPU/GPU Hybrid Graph Updating;
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TERBRI A, AR 2R 45 1 5 A R ) e B KU PR b BT 55
26 RN M 44 (180 Twitter FI Facebook), JI4UEN, HE# RGeEens Ik i Ui
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R, AEBA SR EES s H) GPMA % UM BB 2R E 2. X T CSR Hdfat
X, REHEZEAIEL VI H CSR HIH PR E M M cE . ROk
fE GPMA M B B A t e — M P8, 128415 CSR 5Bt B <8 i
IR R o R, FRATTRERS FH GPMA [ ER/E A Rkl B e DA S0 o6 CSR I #RAE

BT GPMA HELFHINAE, PIFRY, LR, LRAEA X
4N, SRR GPMA+REE R . XMEVERAG LR 3 MR AL

(D B et T, S5 /IR B GPU L2 LIRS HEFF I3 i 7 3t
ISR =

(2) ¥ )& T [F—rt B i SR 0 2 LAIEAT A0 3, GPMA +LLE R B 77 50
BT R

(3) ERHEE 2, R GPU JFiERIH F FTA tH 5 % U5 LA AT BEHE 3.

fELL BSR4 (1) R T GPMA R kAT Y A7 U il 1 1) R,

DN ST R RE AT T IR LS AR (3 T A%, A T 2 AEvERE . 20
(2) e B, AT 1 R PR E I A R R i o), B Jm s 24 (3)
FIFH GPU JFiEAE A GPU LR A1 SeBl TAE P17 . [EAEEIE, GPMA
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W ERE] 0 FIFTE AN TRE ZFNL.  EERDPTTUR, R4 S AK
4 Outgoing B¥ Incoming Edge-Cut[27,28,29,30]. FHFEFEFEAS I ARIERUL, XA
M AENSECAT (BFD. —4E5 Xl H TREE RN A R AR A6
A] DU [ BT A £ AL B K SO S 40 07 RORSEDTH B3P, 7E 2D
(153 X i, AR MRV PN B, I B BN 7 — ek, 5—
UE ST XA, e — AN 25 S BN B AT LA AR FEAS [ R ML T o 7E ]
MR, XA RIS SRS AR N Vertex-Cut. —#E4r X7 BVC, CVC, JVC %
H A

CheckerBoard Vertex-Cuts (BVC)# &R 56 Xl 73 B [ RN 8, 3F Hoay
FeZe REAS ML, BEABCH MU A& X AR A TG 15 5 ¥ master. Cartesian Vertex
-Cuts (CVC)REHT AL HRAT R — 4k oy X J7 V5 A AR I ML, AR5 1 0
FHUFE ST A1) master. 5 BVC AR, CVC 15 X AT AR ZSER /M.
Jagged Vertex-Cuts (JVC)5 CVC FEML, JRT IVC A4 BN FERE 4 A S5 R/
(o, TR — 47 0] DA AR ST I REAT 40 X, IR AT DAAS 31 3487 (1 5 40 G . 7E
Gurbinder Gill FIETEAMERH &I, CVC (143 X 77 30T LU MEAS R R[5
OB e, (A B RGBS AT 2R [13]

2.6 FENG

AENH T 5 CPU+GPU R & 317 BB R ORI 80K, B LS
P EE 451, DCSR BB EIE 451, GPMA+IERS ) K%, M
B XBAR . BATFEIITE 7SR S BRI A BB, Frm, %
ERREIEE
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3 CPU+GPU RA&BISELB RS ST

RITHEIA THEFH GPMA &5 GPMA+HRIEL, 5B E W&l Kb
T4 B BB AT . GPMA+RIRAEE 45 M 3G T a0 174k
71, AFHIESMAE CPU-GPU IR &SI K EREFSMIREFIEL —. AR
i TSNS RS, REBERAE A EIE R, IR ThRE BT =R
2 L& 1 ) RSO T S AT T R

3.1 INRETEXK

(1) & 7/t GPMA+EILIAEAL |, 58— > st BE I A AE CPU _ERYSEI.
DS S RFBE ORI CPU-GPU £ 15 % GPMA.

(2) B S IR 1 3 745 P BB 2R G0 e 0 v Mk B 119 5 RO PR B0 1 5, g
TENFIMBR G4 . B USRI R, FH BN 58 O AT AL .

(3) B SEIL I EhAS BT RGERENS 7850 F FH RGN 1) 2 1% CPU M GPU Bt
TR IR o XEEAR R B & b, I BAEHT I 780 R —4 CPU #%
O GPU #Z 0T RE

(4) B 7 Zhas BRI TE R RAESL, B ROAAE 5 X G B B SRz b — e F )
BISE%, HTIERYENNR. R F R R B Sk i 4 SRR g IE i e

3.2 RGRIEEit

321 BREgEFBUREHRMEEH

{EFAS GPU 8N CPU b4 45 /% H EL 40 8 GPU _EMERE U 1Y GPM
A+. B B GPMA+EIE 45 MR an b 3.1 FTw




non-zero entry

balanced

Level 2 rebalanced

Level 1
Up

Leaf
s [ ST B T ol R o [ ]
Round 1 4§ Isisiazi fasjazi | Ja3i | | [ezizsi | [Isaf | | [zai37}az] Jasisaje2} |
Original |21 | | |sisiazi Jwelaz] | 230 | | Jezlesl | 310 | | [3aisziazl Jaeisilez} |

3.1 GPMA-+HHs 45 4 HE B 18]

GPMA+HUE 451 72 H PMA B4 8514550 GPU BEATALAL TR . PMA @i
FE—MHRF BT FEA T, RAOVFEEKIFATHEANEE. PMA 2—FfHF
B = XA, X AR R S B R (B 2 TR R — A segm
ent), PMA 183K [ IX— segment [ FEAd R 1 AR 5L, IR0 EL
BEAT re-balance #:4F. 1EU— M) H P — XRIBFE, X Fh re-balance #5:4/E <> i
HF [ AR AT A, A 05 BN ml ek~ 2 A B30 2H 1) A ] o

FERXMPEAR S, — BB B RS, AR EIR AR E RS AL R
HANAF 56 re-balance #:AF AT A IFATAL, W LABUAS BT B AT L .
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Algorithm 4 GPMA+ Segment-Oriented Insertion

1: procedure GPMAPLUSINSERTION(Updates U)

2 Sort(U)

3 Segs S < BINARYSEARCHLEAFSEGMENTS(U)
4 while root segment is not reached do

5: Indices I +
6.
7
8

Segs 5™ + 0
(5%, I) + UNIQUESEGMENTS(S)
: parallel for s € S~
9: TRYINSERT+(s, I, U)

10: if U =0 then

11: return

12: parallel for s € S

13: if s does not contain any update then
14: remove s [rom S

15: § — parent segment of s

16: r < double the space of the old root segment

17: TRYINSERT+(r, 0, U)

18: function UNIQUESEGMENTS(Segs S)

19: (57, Counts) «+ RUNLENGTHENCODING(S)
20: Indices I + EXCLUSIVESCAN(Counts)

21 return (5%, 1)

22: procedure TRYINSERT+(Seg s, Indices I, Updates U)

23: ns + COUNTSEGMENT(s)

24: Uy + COUNTUPDATESINSEGMENT(s,[,U)
25: if (ns + |Us|)/capacity(s) < 7 then

26: MERGE(s, Uy)

27: re-dispatch entries in s evenly

28: remove U, from U

3.2 GPMAHBAL LS, Fkr R

X GPMA+EHE S5/ I B &4l NI A2 P 3.2 s Updates &2 —MH Ke
y, Value XHIRLIIEA . BRI, X B key /& HIAEIRZ LT A1) ID
FAIRE, FRon—200 AR . T value FI 1 FoRHEN, 0 R MHBR.

GPMA+HEANRE, BRIESE 2 17K W% key HEATHET, RJEAES 3 1T
HAT B R BT S TR N B . Bl S GPMAAAE 4-15 17, iZ22% 3 # segments, 58/
A, Hd, 55 7 47/ Uniquelnsertion K& T [F]— 4> segment 58 73 &
I S*, IHAE Trylnsert ST FEFHEE segment [ % B2 i 2 B FRER, Wif
T A L SRAAE X — 2 56 X — St ST PR 4 N BB

7t UniqueSegments FJSEILHT, 1A 7i& & GPU HJ RunLengthEncoding 1 Ex
clusiveScan. X F 1% CoHCEAHNGT A1) CPU, A A& LA [R5 BB AR B X — B4
e X TR OEEMR SR GPU, fiH 1 NVIDIA CUB FEK 58 X P4 .
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X741 IndexSet, #4% 1% F] Trylnsert BREH AN T 7 GPU i BhidkAT [H

&

)5, WS Trylnsert It A2 T segment % B ANFF & BRI KM, GPMA+2
B A) BE R AR T A AT I ) . SR OB T BIRR T s, U B R AT i 2 )
TR B0, B A& S BT W AR A .

GPMA+HE N 5 M B A AR A 12 4 . AEFRATISEd T, @il fhi A — val
ue N 0 KRR MR, 0 BAASE I S U /N o

3.2.2 CPU M GPU WZE&ZEEH

TEX 2 %% GPMA BHTHIAES, ATAR — &L — 1 GPMA %
PEaEr) . — ROk, BATNAEAD CUDA #4(GPU)SEL— GPMA 45K, FEN
A CPU 0 0 BE—1> GPMA 45t IR R 44 H N /> CUDA %, M4 C
PU #0», WIFEZE 3L N A GPU BRI, A1 M-N A CPU BRIl fEE, &
x4 GPMA S HEATHIRAAL .

ERATIENE, & 3.3 fisn, GPMA multidev 43 55 KX — 46 A\ #2708
HISEN 7 i Za 5 — 1> GPMA 24l e, nRan®E, K CPU LY buffer #% D1 %
GPU, 4RJEFFATII R ShEF— A SEHI ) update gpma . 2R — AN 1 update
BAELEHS, BRI TR BAE N SE R T

update batch

3.3 %% GPMA A TREE
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323 BEgFHNEEZX

T GPMA [M¥da g5t 5548 CSR AAMEIE, PR S48 CSR BEiHK
HFERE] GPMA . Wi 3.4 Fin, GPMA 2% CSR —#fit3% Row Offsets
K, IERA Row Offsets Kyl xt Mim#s & Eic®. s, fEIFT GPU &
G BRI NULL G5 (XA 5 9017, BFIIEAE GPU _BARTR), BRI CSR
— AT T
2 5 Row Offset [0 2 3 6]
| ol £
Example Graph CSR Format

Row Offset? 4|8 |14 [«

-
-
-

(0,0)1(0,2) (0,)1(1.2) (1,22)1(2,0) (21) 1 (2.2) }(2,2)

K 3.4 GPMA 5 CSR £5147R =&
GPU LHEATH) GPMA 5k AWy fEPEIA Y, Sl gather #:4E,
4 node queue I ATA 1 fIAR R LRAZTE edge queue 7, 28 J5 8 1d contract #/F,
¥ edge queue FHIFTA N —H T AT ARE, EHHARHET A, FREL leve
1, HH ikt node queue. FifiJ5 B IXMEIR, HE| edge queue HBA LA H 1 A5,
BFS #AE4R . XA R 3.5 Fior.
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P A #H K F ¥ Lk & H

Single device BFS

——

If BFS done

Kl 3.5 M) BFS i s s K
41X gather A1 contract #AE /3 TFHIMGE, 40 T BILMIFATE, HEEAE G
PU 3R18 7 R4 RIPERE. XTT CPU EHEfE, AT H OpenMP ¥ contract fl g
ather #/EIFATALED AT .

3.2.4 CPU 1 GPU %R &EHE

T HEBERA % LR BFS FIESCN LR 2 N, BM1E T 2w LI
1T 551 BES 1L F%

| 14
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Controller

Spawn CPRU threads

One CPU/GPU worker Another CPU/GPU worker
|
P .
* *
Kl 3.6 % &M BFS idfEn
PAHEZ A Ve EHEATH) BFS I RE A1 3.6 Frm . JATE Jeh s —4> GPMA
SeilFEE—A CPU £RE2, SRIGH— CPU LFEHAT — LI gather 1.
7t gather #RE5E UG, BT B LAEAT —IR[FED, FERHEAS S 7= A2 1) edge queu
e BATE IS
HF IR EHUEEZTL A CPU by, N T G KERIASIEAT &
FEAr R PEREIT 4, IRATTAE A 1) CPU S£41 3L FH [R]— ™ node FAZI 1 edge BAF,
CATH CPU LR FHEAEREAT TR FHFATHEN - A GPU L — A 22 3L =
WATZE I (BRAE ] cudaManagedMemory), Ti#L# L (¥ GPU 24—t A — |
A, FTLAAE—AS GPU S #5547 — M7 node BAFIAN edge BAI S 549t
1f edge queue B IFTERUE, BE—SLHI4kEEHAT H O 1Y contract #1F . #1E

SeRE, FAFEI) 7755k E 9 node queue A1 results £4H. BffE, 415 node BA%)
RN, FTHELIES T DLW, TS

IH

If BFS done

325 BE9XKEE

FEARSCH) AR R 75 RS 2 B0 2182 45 1) 0 BC SR X PR RERZ i | 7 B 22
H5G, GPMA BRI H AR 2. AT — D& Ia — A 0, K
— AR SR KBS, (NSRS B FIR, R A

15
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HCRE AN, 7> BCEAE B S S Be s O [RII , n] DUIB B H A% s 1 £
BAEOL, JF HJ W] BE I I B N i

BoE, RGEME DR HRFREA GPU B4 5 CPU B 5711
POfE . XA REORYE AR S 4 ERREMFRC B, AT TERE R AT E . e, 70
Fio e AT AR P IS R B DL R SRS L, AR IS AT IR S R B 1 23 e O

FEIRATH) GPMA H¥laghity, AR, MERZRRSLEld, 7 RIEX A
BEAT BRI, MIERERAE RER M FE B S A X AR R T Rl B B, — i iiss
—ANBE R, B A SCRRIER AR

3.3 FENG

AEVETEER T CPU-GPU IR GBI SE B ARG+, REEIR AT IEA,
BFS, K7rXSERMEIRA BT, X B RER AT 1 PR . IRt
B IIRERH TN R B2 18 I 1)l K i o 0 SR AT 1T

16
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4 CPU+GPU R&EBIESEIE RS SCE

PA TR Beih— DS E B R 5. R GEESEH) GPU B B AN S 1
St b, MARMT ARG B, b2 CPU E B3 2178 70 Al
o FATSEI T RN CREZ A CPU/GPU JHATIHR IS #2148, MBCER
— B

4.1 GPMA+EERYIE I

AT ZR GPMA+REE 45 M A, sSEBUABEREAE CPU B TAE, X EEAE
GPU _I TAE MR R el AR /572, DA A G TH ) 2 % % GPMA+HR LA S .

4.1.1 CPU/GPU BJiEF GPMA BURLEH

template <dev type t DEV>
class GPMA {
public:
NATIVE VEC KEY<DEV> keys; /| FZIESEHIF G 1) Key
NATIVE VEC VALUE<DEV> values; // 1Z#ZSEHH 75 19 Value

SIZE TYPE segment length;
SIZE TYPE tree height;

/N BHIEE LIRFTFIR, R #1T re-balance

static constexpr double density lower thres leaf = 0.08;
static constexpr double density lower thres root = 0.42;
static constexpr double density upper thres leaf = 0.92;
static constexpr double density upper thres root = 0.84;
thrust::host vector<SIZE TYPE> lower element;

thrust::host vector<SIZE TYPE> upper element;

/| X CSR 15 T A1 T A WIHT BTS Ik A

| 17
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SIZE TYPE row _num;
NATIVE VEC SIZE<DEV> row _offset;

2

H 4 LA L B keys Al values, 1X BLAFAEE K 3.1 BT
JRE M . AEHER SRS, Biaf —A 4 DT RS WMEEEAE] keys/v
alues 1. row_offset il i3 2> FEARF— AN ST I R gl 44, XA A 4 T
CSR [ row offset {1, 7£ BFS BiLigiTd iR A3 EEA/EH . segment length
A tree_height 103% 7B I &, FT segment 1K, B/ 147E update_gpma i
R AEY . AR, S5HF IS THE re-balance H 2 F 2 i 45 FIRIE &

18
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412 GPMAHENILTE

begin update_gpma

sort_by_key(updates)

locate_leaf_batch()

updates.size >= threshold

True False

level =0

significant_insert()

updates.size > 0

True

y

end update_gpma compact_insertions()
False
compress_insertions_by_node()
rebalance_batch(level++)
level is ROOT
True

resize_gpmal)

4.1 GPMAHEASFIE TAERER

£ GPMA+H LR B Bt #2, KRB E 4.1 fios. H5EH sort_by k
ey B N BT HEE , ARG E AL key BTG RLFIHF-45 5o B i Xz KT 2461
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R

gpma & ) E R H A TR R A FE, @i significant insert SRR, B E A4
GPMA HlE 451

E—REET, Bl NG ZERMIER , EW & —E 22 BT
A segment [ FHEATIEAN o WIS segment (175 P AL PR, TSR SR A BE
BI7E updates B2, IFTE T —IRPER T, & BEHREALCHE. &%, W
RHBIAZRN A, U R ARG S IF, Uil GPMA 4T A=A L
DAL 7B GPMA (AR 45023 /), VA resize_gpma 58 BUHT 25 A1 I 43 AL«

FESHd i, rebalance batch s R HIKIHI S . B AT EEHEIE S
J& segment 4T A . £ GPMA<GPU>[] rebalance batch SZHLH, 40 5 53 )
K/N/INTF- CUDA SCHFIF block £, wh BLHKG TEH4% [ e 11 77 N B gh
uda block. 1A T/ b b FH/INGEF I IR R BETF A5 o AR SE T ECR O, g H
rebalancing_kernel B%L, H1) cub FEIMFER), HE R TTAKN cuda #o05>
BiAT:55

M 7E GPMA<CPU>f] rebalance batch SZHLAT, i FIS{bL ) B % 37 Sl
GPU E##a 5 KT block (BT 5 #1i2 4, M B OpenMP JHAT LI rebalancin
g_impl_cpu, 58/ re-balance #:1f .

4.2 %i%E GPMA FE S XE9Cm
421 REFEEBIRSEW

GPMA_multidev fXFE—N M1 2 N4 LI GPMA %514, dispatcher {3
PITHAT U BE AT (5 o Fe BRI S5 R a0 R S .

template <size t cpu_instances, size t gpu_instances>

struct GPMA_multidev {

private:
Static constexpr size t instances = cpu_instances + gpu_instances,
/P 1 B A LT GPMA SEBTE £ -
std::array<GPMA<CPU> *, cpu_instances> ptrs_cpu,
std::array<GPMA<GPU> * gpu_instances> ptrs_gpu,

public:

20
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/| RERH LI GPMA SEH75Ef -
GPMA_multidev(size t row _num) {...}
~GPMA_multidev() {...}
/) JHRAEA [T 6 45 1] 77 BEZ 19 92 2 27 B s o

gpma_impl::dispatcher<cpu_instances, gpu_instances> dispatcher;

template <size t cpu_instances, size t gpu_instances>
struct dispatcher {

private:

static constexpr KEY TYPE hashSize = 1024,
/) XAgE A vector ZIHHIIG T, TR TR IR -
quick Iway hash _table<KEY TYPE, size t> mapKeyToSlot,

public:
dispatcher()
. mapKeyToSlot(hashSize, (size_t)(-1)) {}
Static constexpr size t gpu_factor = 7;

[[gnu::always inline]] size t select device(const KEY TYPE &k) ;

5

& GPMA_multidev 45438 1 & I P MR S B0HAT SLlb . 7R LS5 M B
WG, BN AN RS GPMA HUESiH . BIEE&H — dispa
tcher 544, XA 7 BTLE update batch I ¥ & key FiT & 1% 4% .

i T dispatcher fl GPMA multidev B fE#A 11, X B AL —FhEC T HL 11 dispat
cher SZ¥. 7£ dispatcher £ 1H, select device BREUH THiE 1 key ikt
WA T« FEFATHI I ERSLI T, A —ARIR GPU MHEL T CPU HIARXS PEREH &R
¥ gpu_factor, &8I SEFRINAKIEATHE . mapKeyToSlot f&—/> A {ERS A5 R Al
FIHE @ H2H, & hashSize Ml &> key MU 3—ME L, AEHEN
FAE R dev_id, RFIRXPIZAEXS R key HEAT 5 53 I BAR R & O 5 o
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422 HREFEEHNESE

begin update_batch

create N buffers on CPU

spawn N cpu threads dev_id = dispatcher.select_device(update)

this DEV is GPU buffers[dev_id].push(update)

move buffer from CPU to GPU

update_gpma
X _ buf
single device update... IEE EERERE R update_gpma

barrier

exit N cpu threads

end update_batch

4.2 2R R EHRAEE

2B B, i H— update_batch {8 4 ) update_gpma. fE
update_batch 2, IR E TR I EIRL#S dispatcher #EAT T, ARJE R
oy JE B E BT R IE S R, AT IR — B Y update_gpma 5
% SEREBIRIE R . XA R 4.2 FiR.

fE dispatcher LRI AT BESEHL T, FATZK T 2 FARB > X7 HEZ,
FER| 2 W4 BFS WS, fAE—/NMEZ W& AP node queue Fl edge que
ue MR, (A S 200 B SE TR E L KT BFS #EFER . Bk, AT
Hh g3 X SR B A AR R 2 AN B, JRATT 48 1 onf BT A 8 A R ) 4y X 7
Fav

TEIAERISEIL A, BT B e SR A, Bk isr—L%
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ST AR5 A BB MM AR SR AR, 3% gpu factor RECRBEAT
So TN EEETEUE S AR, R SHAREERX N ER K. XA RIE
SR PERER RIS, 8/ 1 AR S5 70 BU I R R (T4

43 %% GPMA-BFS I

431 %% BFS HEHIBEH

template <size t cpus, size t gpus>
struct multidev_bfs data {
private:
native_vector<CPU, SIZE TYPE> cpu_ results, cpu_bitmap, cpu_nodeQ,
cpu_edgeQ;
native_vector<GPU, SIZE TYPE> gpu results, gpu bitmap, gpu nodeQ,
gpu_edgeQ;
SIZE TYPE cpu nodeQ size = 0, cpu_edgeQ size = 0
SIZE TYPE *gpu nodeQ size, *gpu_edgeQ size;
std::atomic<bool> select one_thread;

Barrier barrier;

public:
multidev_bfs data(size_t node_size, size t edge size);
void iteration_barrier I(size t dev_id);
bool iteration_barrier 2(size t dev id),
2
BFS It H 8 B 454 £ 2, Font— 1 R 2 801 results K041, FIR
KR Be BT EE 1 bitmap, K78 N —JZ71 £ H node queue, FINAZE AT AL
T E S0 edge queue, JII b barrier %5 H TR I BIEE S5 . 1E results
Bd, B— A 0 RoRARVIE, 1| RoRWIE R ERNE, RIS
P barrier BAUH T ANF ¥ BFS REMIF, TRAHZARM 4.3.2 AT
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3 oM
432 %1% BFS BiASLH
begin gpma_bfs(multidev) initializations...
mgr = multidev_bfs_data()
spawn N cpu threads
node_queue.empty()
gather() exit N cpu threads
sync_1

sync threads EEEEEEENS b end gpma_bfs

sync edge_queue of CPU and GPUs contract()

sync_threads NS .

sync node_queue and results

K] 4.3 £ 4% BFS MifEE

Z W& BFS FE R, FATEIT 8R40 BES 3R E, i

L EE SE R . (EH 4 BFS i, AT gather Fl contract i$ 2. 57T
JFEB T REFIIFATE, BATRA T GPU L fr ESE, Be it
FNAE LRI

FERARSEI F, i 4.3 FoR. BAVES— % 58 gather H:1E 5, TR H
multidev_bfs_data [¥] iteration_barrier 1 J77%, 4 i FH & A2 55 R HoAth e FE43 4 72 o

Bt ) »

2 WA MG M BHR AR, IFE S BUa BT Je SR 55 . [FIAE,

TER— N & 5EK contract #21EJ5, iteration barrier 2 JVEE TR, &
IF results AR (A1 E PR 4544, FIWT BFS 225 58 ko

| 24
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Device 1 Device 2
@ — )Q
/ :

Kl 4.4 2% 4% BFS [nl @A AR &R
EAERERE, R BFS A M, IR — o n B Eeak
BT, BRSBTS RE O TELE. & 4.4 PJosmEed,
N Devicel 7EFERUE —IX BFS Ja KIIAW & F O A BAES MR H . A%
Bk 1 B R 2 SIS, Bl R BUES o AL ER I LS 5% .

4.4 BRING

o

AT BARN T AT 2 B 532 B B R G i B SC LAy, DAS e o]
[FINAI ) CPU A GPU TSI, d3hAT I EEg AR A AT . RN, A4
TSRO BES iR A 2 1 B AR & 4T 5 R AT S
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5 RGEMNASoH

51 MRAIFEE

ATE S A R AT TR, MIASF S 1 BCE: CPU A Intel Cor
e 15-6500 4x 3.6GHz, 8GiB DDR4 A {¥, Samsung 860 EVO M2 SSD, NV
IDIA GeForce GTX 750, 1GiB GDDRS 47, #{ERGifH %% T CUDA 1
0.2 ) ArchLinux. Jaf# H] Pokec #1252 W28 HitlsAF il i g, XABHE S H
HEA Pokee #HAZMILEHIR R FRAMEHILH T soc-pokec-relationships.txt 3C
i, AT AR Z MBI AR R B —4T “3 57, BRI
FUSEA 3 AN A

B 5 FA TR B A PR REREAT VAL . B 7 B B R B & 1 40, |
TR G 1 1 EAFA R LU AT SR RIMHRFES], FATSAE N ST oL R
RS %% LRI T & 2: CPU A Intel Xeon Platinum 8255C 8x 2.50GH
z, 32GiB W7%, NVIDIA Turing T4, 16GiB GDDR6 17, ##AF RSk %
%7 CUDA 10.2 1) Ubuntu 18.04 Server.

5.2 ThRER

TEDREIR R, AR AP H T VIR GPMA B 454,
I8 i 4 T 0 4 B — UM FH GPMA+E R NI b, B S, RATZEAT—k
BFS BI& 2, tHEAE 0 S5 aii 7 BIFNY mid, ARt . SR JA TS S
B0 N ASTENEES, AWISE BT Mk — L 8350 2 B S i Ak
— b 2B A BRI IR N U, BB 3 0 Bt 4 5 A e B AR B T
PFR N HAREE . BEI, FRATFEREAT — O 0 T RSUIFIR BFS ik, itHS A
TSR . IR TR, T DUEAR R AR AT B B0 E .

N T IAESE R IERRTE, FATHES 1 i\ A I IEH THEAE N baseline. bas
eline /£ CPU &4y, AN K& CUDA, f#H PMA U 45 f R A7t BB -

IRATLE > B & B0 B N 1GPU F1 1CPU, FEAENNAF & 2 bxf 528 p
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okec AHELHAT LA LA MERAE, S5RINE 5.1 Prorn. XRY, RGHHEILK
CPU SEHLAT GPU SEHLEI LR, 1M H 2 st JFAT R D RE B RE LIz .

*®5.1 MXES 2 LWRGIERMENR

fil & Baseline 1CPU 1GPU 1GPU+1CPU
5 — Ik BFS 453 1333870 1333870 1333870 1333870
% VK BFS 4531 1334630 1334630 1334630 1334630
AT Rt 53.28s 51.09s 8.9s 8.9s

CPU FH % BT 100% BT 100% BT 100% B 170%

EN, FRATBAENRFEES 1 EX GTX 750 & -RIE4T 7 IR, iFEH 2480
BATE R WRIER . BT RS 2L, thAbeg 2.
5.3 MEEEMNR SMERED
53.1 CPU FH{THEMR

T 58 O FRATTARHD 1IE A M Bt i, FRATT S 5 B B il 4 AR RS B AT B
# 52 RN & 1 _L#AT R, BEAFEER GPMA<CPU>SLHf5, X Pok
ec MREAZ AT B HATE S HMNRSE B . FEE RN, W74 1 LIt 44
CPU #Z.y, BT HIN &8 IR 5 3h 21 45 R Frim M i) 85 B [a], CPU A H &
FRFEFFAE ) cpu user time ANK%_E B [a] (K] EL AR

%< 5.2 %t 4 ¥ CPU BYE & #im)ixk
ZAT RS CPU FI|FH %

1 CPU 43.08s 111%
2 CPU 25.79s 192%
3 CPU 22.70s 261%
4 CPU 18.55s 308%
5 CPU 24.32s 251%
6 CPU 22.66s 270%
7 CPU 21.47s 287%
& CPU 20.89s 305%
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b A # X

#

¥ o2 &

M 5.2 BIFFATREMNRSS R AT LLE Y, RIMER A —4 GPMA<CPU>SE4,
FEFPA R — 2 AT RE, AT LUAE] 111%01) CPU M . MFEFH ) GPMA<
CPU>SEI 4, Z i B HAL Y CPU R, R PP AR A2 It $ i o 4
P GPMA SEGIHGE S Y PAZ O8O, PR INEE PP GPMA. e 805 AN 7

AVERETRTT T .

FATHMFE KT, X CPU LB sy, CPU EAEARMIMAT G 2 #47
TRFERIATEENNG, BRIMAIR AR 5.3 Pron, RIH T AHAR B

% 5.3 % 8 #% CPU HIE = #iimix

ZAT RS CPU F| %

CPU
CPU
CPU
CPU
CPU
CPU
CPU
CPU

00 9 N L AW N

50.53s
32.16s
28.70s
26.51s
21.62s
20.58s
20.05s
19.60s

104%
170%
223%
231%
273%
291%
307%
314%

PATRR 5.2 158 5.3 BEREATL K, K 5.1 aTUE W, AP CP

U SEGIECN 1 85 BB A% O B0, R PP APk

RERENS LU AL FE B 5 345 2192

 RGEH) CPU A A B MR . SRTIAE CPU Sk B id My B O B 15 0
N, W2 il AR EEIT 8, &R 1 PERESR A% CPU M T I, AR
FERATRIREF o, CPU SEBIE S 5 - CPU LR fius SCHEAAMEL, AR —1
CPU SEI#RAE— > B B 2R P AT AL B Ay X K
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SEATE ()

CPUR R (B EL)

5.3.2

E5.1 H17E 5GPMA CPUSEBIE I X R == E

(2]
(@}

a1
(@]

N
o

w
(@}

N
o

=
o

(@}

ERUE S

(0]

== AEEHMIXFEL ==L EIXF A2

350
300
250

200

=
a
(@)

[EN
o
o

a1
o

(@)

1 2 3 4 5 6 7
K%

[e¢}

——4ZE EHMIAF Rl == EHNHXFE2

SR EMREMIR
AT Z CPU Beit 5 An s AR R 2RABL,  ANEAL ST N ARAE,

FERE P IS A B 2 T 2 2k, 27, R AR R s A0 17 ikt AT OF
ik
MA SEB, RAE S i (2 IR EREAT IRATAANEE o BRI H T A A )2 BT A 5

; TRASTEA GPMA BURLE A 2 MK, JF 44 MR BL > GP
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J&, FRATR MG T REA L Gl Be i, (A A T e it R R AR
AR, EIArik GPU, H&HAh BN AN 2 B i —E > .

HI TR & 1 1 B AR S B AT 8NN, IR pokee dfi £
BT 700M A7 Fr BEAL PR ) e R EHE F(100000 N9 5, 176 J34M4). kil
FEHRA 1A GPMA<GPU>3E41, i | 3 4~ GPMA<CPU>5E6, i GPU 4 As
I AE &, MHREE SR 5.2 Fow.

E5.2 BN RS MEXREIKTERL)

2.5

A 8] (Fb)

S5 {7 18]
[

0.5

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
GPU Factor

—0—E 1T [E]

5.2 FIAREE KB, £1X5K GTX 750 GPU 5 Intel i5-6500 CPU [#) 14 A
ST, BAEM GPU factor 34N 4 Kidi . IXEWRE, B4 NIXTK GPU /rALH
UTHAS CPU BTSN RGuB RI B AR

A, FATATLAEES], 100000 479 s fy /N s &4, CPU 5 GPU X
55 AN [ 43 e LG A8 3 B PR M R 22 BEAS K o DRI G 3RAT TEE 30 B R A7 (R AT &
1 FAEH] 75880 Pokee #E&EBEAT 7K, HERWE 53 Prox. BT UE
H, Tesla T4 GPU [Iit B AE/IMILL GTX 750 EiRfI%, HAMATF G 2 et
[¥) GPU factor {E 18 A4«
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A5.3 AR SMEARENRT )

et B ()
= N N w w
a1 (@) (@x] (@) (@]

E17
-
(@]

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
GPU Factor

=0=— iz {7HT[a]

ZPEREBLE AN SE R b, BMFE D RILI GPU factor {H, {73 CPU AN
GPU HMES D ECil Bl e . X R, ASCHRZ W RIEh S B B R gtk A
IZF 7k CPU M GPU HLSAES AHII H T, RIhIIH 2 MREERA M THR B
o KRBT RIS BB T AR S, IF Bl LUEE Y GPU factor, K3k
35 GPU Y SR E AT CPU AL 5 By s AT 55 7 BT LE 1«

54 ARG

AR A A BB RGHEAT 1 e E R IR AR I, IR R 1R R
FEARFIAEL, AFBCE TRIETE; RN, EXsEEER RS0 CPU #2Q
PR AT BEREAT TEREDA. RIS, AREA R HI BT Hix, #4772 &
FIPERENIR, 7R T GPU factor FIRL S, UEBAASCBETI [ R G RENS ik BI0Rs
3> IAERS CPU/GPU I Z N3 LRI B xR
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6 SHEERZE

RS 25 ) ST 2546 B A DR B30 P A ) 38 R T Aok b o 8 0 A S &
TEILA (1 GPMA+SEE LA b, $2 0 T —Fh A & 2R FH &2 4e 1) CPU 5 GP
U ZHE AT AN B B F K 02, k3 7 v R IR R A e, e T
NENSEE I RALMMERE . /£ CPU+GPU IR A Z R &SI SRAFAE S+, FHF
LHRREATI R 08 55—, WA AR v A 4 4L e P e 1) Pl B v s
S, WR N AR R ITRY, AR T B AN T4, AR A 1 1)
ERR AT B 20 X =, WX AL o A K R ot Rk SRR
JUASRIRR,  ASSCHCT R LS 7 A0 T A%

1) BB TEAR CPU By GPMA HIEEWE GPMA+REE. AT
CPU 5 GPU 1E N & & MM S 5AF s, Bh ISl T R8s e CPU b
BT GPMA ¥l 454 5 %1 GPMA+STI%, H4RFE N 5 RAFSEHLE PMA 3R
FAL, AL EE GPMA TAEHT F T RIFH5EaE.

2) I’ TH GPMA BHEEW A A T2 ME ER—FITEE. AIEE T3
SETEPAES ISR, =R T & S ETEHERER S, S ITRIERDMEE K
FE4T CPU+GPU R & BRI 7%, SRS T RIFHIIFAT R .

3) I’ TEL RS GPMA LR ABASELE B3 K —F 5. JAT8HsE
T — PR 2 & GPMA U ICNE, KR T AT 55 5 T 2
4% CPU 5 GPU RGBT, LAMERIN 7870 #H CPU 5 GPU 5 BRI H
.

4) LB T AT £ %% GPMA B K BFS BHE.

AR R KRN S B TE B R GUHEAT T A s R R . S AR S
W LA R e, AdE:

- R BA R SN 43 AT 7 SR AR B 2 B AT X AL o

- BB KBNS 4y X3 R 1 BB 5 SN 43 AT A 25 R B M RE T4

- PR R R 2S5 T R SRR AT I A X

b5 REAR A, B SRR, AN RIHEE 2 ) AR ELIE AR 1 4 FE Bk
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SRR K, SR B 28 T R 55 20 M 2R GUHs 2 O AR B ) T IR ) R i B i
LR, A RAMEBN S E RGNS MR AT £ REGEERNEE T, 72
A GPU B AT REFIFATYE, —ERARMHA . BRFHLE AL
AR SRS A BE T e NATIAE R Edfa i AR B s A7 5 0 K
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B

WO bR, B ST BRI S IM Ik 7 #03% . MbubEERUR AR, A
WG, B 7 TAREBIRAN, BESCIES, A4S B LAAN SN 5 A Bk
R, (S FRAR LRI TR 58 i T CPU+GPU YR & 3 BIAL B R 5. SR T
PP IR A AN IR AN — 22 AR 1) TAEE R 2 4 BB T AT
KL

AT RBOR AP FE R, 132 7 V2 ZIMAE AR RIS R, £
VEFORTRIR N R o U AT, [R5, JUHR A FHBA AR 220 e 5L A
e BATRFILF BIE R RAFR) ARG, 0 H A AR IE B 2 7 R 3 Bl
fEM .

B e, BERRHUEIB I 57 —2F, w3, 47 T RNEFRTITARA KIS
FFE A MR FERGET TR EBSRAF A2, B AR 1 TN Tk
SRR IR, B AR SE R 1 B 1R SO 5 i L . o1t 2 4 DUE JAN 145 R anfer
i AR AR B 2B, BONERA A SRLF R .
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