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Abstract Resource description framework (RDF), officially recommended by the World Wide Web
Consortium (W3C), describes resources and the relationships of them on the Web. With the volume
of RDF data rapidly increasing, a high performance method is necessary to efficiently process
SPAQRL (simple protocol and RDF query language) query over RDF data, which can be reduced to
the classical problem—subgraph isomorphism. As an important class of subgraph isomorphism, type-
isomorphism helps many interesting queries over RDF data to get high performance such as star or
linear query structures. However, many existing approaches, which are proposed to solve type-
isomorphism, mostly depend on calculative capabilities of CPU. In recent years, graphic processing
units (GPU) has been adopted to accelerate graph data processing widely in several works, which
have better computational performance, superior scalability, and more reasonable prices. Considering
the limited calculative capabilities of CPU in handling large-scale RDF data, we propose an algorithm
that processes type-isomorphism problem on parallel GPU architecture over RDF datasets. In this
paper, we implement the algorithm and evaluate it in the benchmark datasets—lehigh university
benchmark (LUBM) through a mass of experiments. The experimental results show that our

algorithm outperforms significantly than the CPU-based algorithms.

Key words resource description framework; SPARQL query processing; subgraph isomorphism;

type-isomorphism; graphic processing units
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FE B M ey EZ3 5, £ A B M (type-isomorphism) £ 4 2 38 2 RDF & i), 4 2K F i) fo 4 K &0 5,
BB ZOMEE. BAT. LA MELER RN FEREZLEYRM T CPU g 4 h. L F k., BB L
#2 % 5T, (graphic processing units, GPU# X ER & T A #ELZ R4, 5 CPU AAL,.GPU $ 452
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R ey 76 R L RDF B4 48 F 04T i 30000 A 1) A6
RIE 5 TR — > KPR
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A 3 75T e B0 Y 3SR R AR SCHRE T4 IR AT
i GPU SZELX) RDF 2 7 [R] #4) 25 96 (9 5309 . AT
$& 5 RDF %4 46 19 £ i 1 g
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FEIE R X AR AT K A PERESE 00, SR g 45 R
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AT R ERRE.

% R A6k AE % SPARQL 4472 ;3 B Rl 45 £ 2 R4 5 B4R A0 32 3 7

AL

1 H=HiA

1.1 RDF 1 SPARQL

P AR HE 42 RDF J& W3C £ 2142 H 1918 X
Web A5 i £ 4 A5 AL & 02 I8 XLl ik Web %
U5 1) T B . RDF 3l 8 35 75 755 JUT 514k 500 4% X
(8 77 1 SR i AR MR A O X A5 B 54T S, RDF = o4
(S,P,0) /& RDF ¥ # iy A 50, — 4~ RDF %%
PAETE TIFZ RDF =04, xS = e EKnR T
PRR AR Z ] (B R o S A3 1 (subject)
B AR EIR, P LRI 1E (predicate) , £ /R &
PR — N JE S OC R L O R ETE (object) , IR R
PE1E.

72 RDF = Jodd 4 il i 5040 £ 45 15 L Web
(A B3R Bk — Al AR i 1A ] ] B RDF .
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EricMiller@w3. rog

Fig. 1 RDF graph
K1 RDF A&

fullName

Eric Miller
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X F PR “me”, H fullName” J& M A9 (B J& — N 745
{H “Enic Miller”.

SPARQL # i i & /& W3C 44144 (1) RDF
PRUEA A . i — 2 = e AL (uriple pattern) 26
. K Z 0 SPARQL A ) #f 2 Hi o T > BEA K X
(basic graph pattern, BGP) 4 Ji%,. SPARQL # ifi B[
Sy A VT T H A 3 09 2o F2 oy #0355 A = oo A
B VEIE 1) = JC 20 PR 3% 4% (oin) HA M 5248 5 (1)
IR R B R. 45 A 1, AR IR AT AR
FABAT R type” . [A] i B A7 & 1~ fullName” H;
{4 “Eric Miller” i % J5IF, F& AT AT LU &8 40 °F 1Yy
SPARQL 2 i 4845 , Hox i i A i an il 2 firs.

SELECT ?x WHERE({

7x  type ?y.

?2x fullName “Eric Miller”. }

fullName

Eric Miller

Fig. 2 SPARQL query graph
K 2 SPARQL # i

AR T AR o i 58 SPARQL 3 1 40715 Flif Y
Rk Il GPU L i 2 7 ) A 3032 ok 42
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KCENE 2 s #2318 55 RDE & (5~ [ [R] #4 D g

EX 2. THFM. %€ —1 RDF & G fil—1

fﬁiﬁP,P @‘/3\77 /I\Ei,"]—i(voa‘vlv'Uz""v'Unfl)-ﬁu
%GEP@@" /I\Ei)f—i(uoaunuza“'vuu 1)75PZ

[ AFAE— A B R f . PG fli G (TR S A S
P (A T0 SR —— Ve e, WA S B P 5] W] 4
THIKEG.

FHFE R 2 H LA G, ik A RDF B G
(R 2ok AR > T % JIT A IO et i S g A I g HE 37 it
AR TR S I HORE L 0 T8 A AT & 4% B AR 2 I, DT
Jic 2ok P 45 P

EX 3. ke R—ErhmAE=s A RF
HIW="_CvyseysVis€1sVss"ser 1s0)s S e &

FETR v, Mo XTI R 26+ 1, 855 R
k i E (k-edge walk).

EX 4. KRFEM. 4% —4 RDF B G=(V,,
Egopso)  HAHKRIK BB P= (Vo Epopso) s B
MZEAFTEARZ R A B X R p: V—>Ly flo:
E—Ly 43 28 SCT T0 85 F0 31 5 45 28 22 18] (1) e 55 56
Z A Ly M Le WARZSEA W Ly, CLy, fl Ly, C
Lg, . €L P WYk HEEN

Wp= (ol el sl el sob , oo seb 1,00 ) s
Hr,of € Vel €Ep. IBAXTF G 1Y b U#E
We=(05,e5 08 el suf oo el auf).

JESCHURF G R C, L C, LA W T80 3 2 5 DT
i, Hortp C, (vivv;) e Ly X Ly —>{0,1},C, (eive;):
LpXLg—{0,1}. Bi:UE P 5 RDF & G 522 A [A]
R M HALY C,(of voi) =1 H C, (el ,ef) =1 I} i
L H =001, k=1 e b

KA [F M AL ke S E S L 1A 1 RDE A [
] v 554 ] 1) 2 78 A D i 7 38 4. &1 3 (b)) T A
A HELAEN G 17 KB i e Py 2 B [6] 4.
AR ZAb7EF B 3Ch) & X P Ay I0 A R i 2 s i 28
R, B 4 (b)Y J& X P T & 38 i 249 31 24 72 [
A o 15 B 28 AR (] g S DG v A e B 1) T A5 5 30 L 5
ANEER R

IS Y [F) A4 2 — Pl AN K 1 1 - R DL JE S [R) T+
VT [ ) i) R 1) i 248 2R [) A A 5 2 4 31 [ 44 45 449 4
Kl 3 Ca) FTE 4 () JIr s B9 G X I 1 A [A] 14 28 A [R] 44
R R T AN R B - P R A4 an sl 3 Cod AT 4 Co) BT
. X SR R Y k9 E T B 3G AR 2 1 R
il DT 5 380 SRS B0 ) 25 5 8T 3 . IRSMGH

(a) Pattern graph

(b) Same type-isomorphism

(c) Different subgraph isomorphism

Fig. 3 Without constrained type-isomorphism of P

vertexes

B3 PRy T A 24 R A 2 Y [ 4
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Fi& 3 121 [R] ¥4 1] LAY figk T LA BT A DA 240 TR A% 26 28 [ 4
IR ARSI NS 1 N D) S S o N vl 1
DCTC (] B3, B Ak S RDE 8] 55 A0 B % I A5 =X P it i
Tl 249 SR 2 28 [] 49 DC i [v) A

unique unique V4=7;

(a) Pattern graph

(b) Same type-isomorphism

(c) Different subgraph isomorphism

Fig. 4 Constrained type-isomorphism of P vertexes

P4 Py IO A5 8 24 TR A 2 Y [ 44

1.3 GPU ZE#3#1 CUDA 4RF2HEE

K 5 Fiashy CPU 5 GPU ety n g8, 5 CPU
M, GPU 18 £ 7 8 R % %5 ¥ ¢ (arithmetic and
logic unit, ALU) i H 83 F 7 AL 0 &5 4 5905 B0
— W BAR AL B, BT GPU WARIE AL T GPU
22 [b PILE 1 IR BE A A, DL AR e LA Mk e

GPU i £ 2145 4 £ 8% i (single instruction
multiple data, SIMD)Ab#R &4 A%, SZHFECT NI &
LW 6 B A A GPU # 4% . Host 2 CPU
1 ¥ » Device i GPU % 4% ¥ig. Host i #2 15 19 4
1745 B #1710 65 (serial code)iz4T, K 6 72 i i Sk 45

@
ade
=5
e
e
=
e
=

(@ CPU (b) GPU

Architecture of CPU and GPU
CPU 5 GPU e /= &

Fig. 5
& 5

IR T FRIT ERAT BAT B I WY . 4 B (kerneD) 2
Friz i, WH GPU #4735, ¥ UL T 59 GPU
B TR g BEAT 5, R ZUE XA 6 iR, GPU £
B AR E T SC U0 AR R e R ] A9 R
GPU My FE w2 24 kA& 41 (thread group). [A] —
AR P T A AR S T SR ] I A A A
GiAF S AR A 2 A W BT ) B AE 2 b
ar BRI BE. GPU A HEA & 58 i U ) 42 3R
AR A XSRSl GPU B IS & T KL RDE %%
W AT 5

CUDA (compute unified device architecture) &
R TR NVIDIA 4 i 19— 35 T GPU 347 % 2
B4 4 A A5 7 API (application programming interface).
f& CUDA ", JRAT TAE S 8 L3 % (kerneD) 9
A FR IR BN R & AT, WA B9 & J7 42
BT AR B ST AT M. R TE EALR CPU B4 6 A
W B 32 58 FARAT . B L R 00 L e — B AR AT JF Ry
BT HE P B . LR AR AT H T 0 R A At
() A D A% 1 1 T 5. R AN B B 0T 2 TR] Y 8K
I A% a0 3 4 R A i A R SE L OF BT A R AR AT

Host Device
Grid
Sce&a:cl Block Block
(0,0) (1,0)
Kernel f1 ](35°§1)‘ ](311"‘1’1)‘ Block(1,1)
) =) Thread | Thread | Thread | Thread
e " 0,0) | (1,0) | (2,0) | (3,0)
) ‘\ Thread | Thread | Thread | Thread
Sg;;}cl oD @D | E@D]|ED
N Thread | Thread | Thread | Thread
0,2) | (1,2) | (2,2) | (3,2)

Fig. 6 Concurrent threads of GPU

Kl 6

GPU Wy If k&%
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AR AR AR DT R AR . (B2 CUDA % B2 45 R 42 41t
R BTN BT 2. XEWRE EPAT N Z
HiT 25 R 0 T T ) i o X

454 RDF B4 Al GPU 568 1 9 FR 1F L AR SC
E W R I R SR i S AR A T B — 8
A GPU B Mg IR R i —Fp2E T GPU 1y 27
T A A g A S A PRI A 1 £ 90 0O,

2 HXIE

1 7] ) 2 A5 A 1 T DG T 2 PR 850 90 A 5 v 7
—~ NP-5¢ 4 (NP-complete) [0] f. i 43 . 7 & 7]
el AT 2 7Tz B O IR Z s A ik T
27 1 R Mg el L rh i - I (R 4G [R) EL 1976 4F
Ullmann"* 45 1 48 1 T 5 H A9 1 B TR A 1 48 R
SRV R T I A SRR, Y o0 i e B8 AT
A7 B0 AT 15 B B 3R o8 B 0y i e 22 R
R i e Ty AT AT W K i 0k, BT, 2 A
— 95 g4 Ullmann & 3 0 45 ek, i 4 VE2L,
QuickSI®, GraphQLM', GADDI', SPath!' 4.
T S B R P AN () ) e 4 L B s A D) 5 4 B
SO BE A HE AT S B AT AR B A U 3k L DA i e 2D i
B E R s St e s Bk P e B i TR
AR BER X SR N IS T R A ASE IR e v o
Yis.

TR AR R AR R B 22 B R T R )
P EEAE , STwig FIE K A i) 1 o fff i — R 91 45 4
] PG B AS BT, X 6 R LT RE 8 R W 45 &) L AR
B 1 b 52 UG B (E R 7 AR Y R R s SR A G A
L U 5 L R AR R . B RSN R
FFD-Inde J& & 57— FfB #0109 R 51 55 12 1 g 298
P 1) A v Ab 3. FE B R A k) b 3K R 7 TR B R
BRI T B& e 7 ARzoR B2 R E4A
V) LR A 0 PRI — 4 TC R HE T 3 A i) Y —
1B B0, e TR [E] A (1) AE A 1 1 B[R A8 J2 H RS 5 1
P[] A 1) R A 9z Ak 51 A B 3 7 3 b 35 i 91 HL
Al LI R F 7 &[] 4 ) L Berry 46 AU R T
TR [RIAE) () AN HG B 1 I ) A [ A8 28 8 ) ) A
7 2R+ [ A — RE 254 52 A AR R]. AR5 RDF 240
() RRAIE , 25 R R TS AN 3 i AR 2 I 2R M5 2
] [ 44 ) A0 22 A B oy i 240 TR %) AN R A 1 25 78U () A
] i

ESEAE K AL FE E GPU 75 31 47 4b 3 Jy T B
/T T REMRS. BT AR T AE T g,

GPU & 235 i & J& i T 38 580 v H B B
AEFRERT . T GPU B R B I 17 Ak BEAE 48 B 42
L) ] T4k PR R ASE ] b ) REA PR 4 A T
JEOR e 18 R | e e AR RN R /N A R 7
RDF 4 % #4050 . Pan % AW 356 7E RDES B
R T A~ QN (SR =AU R e 11 v 2
GPU I 40kL B I8 47 . F LA AR 15 PE BB 10 32 . 1% 1
YEAXUSGHE T RDFS #0347 I8 KT TE IR 2 5L
5 A5 1) 2 1) 4b 38 A4 P k. Choksuchat 45 AP02 3
— T Jena ) RDF ib 3 2R 5t , 7 it 25 14 fff F 5&
F Cassandra ) Key-value 45 #5 fl1 5 F HDT f) —
P = 4H B R (binary triple pattern), 3F 32 T
T JCuda i X #F i#f]. Chantrapornchai &5 A2 4%
BT Bitstructure 48 59 57 125 4k B A 360 3 fdf i A
BT B LA /D B 5 UL 09 O 1k AR IE AT 4 R
Ffe Ak A7 R BE. TripleID & B F RDF £ if]
FIHE T 400 B AT HE 28 & F AR T — O AR TR 4
RDF 048 (%) SCAF % 20 DL GPU I 17 i o 24 4
AbFR. Fu % AAE 2014 442 H (1 MapGrapht™ & 5
F % PowerGraph's Gather-Apply-Scatter(GAS) 1
AU o 52 By AT A MapGraph S T 4
T UL i) IR 23 A B4« 98 L 5B 48 R (BES) , SR
I L AR (SSSP) . J% 2 24 fF (CC) Ml PageRank
(PR). 2015 4F, Yang &8 AV 48 T 76 3% 38 & - i
PR AT A 227 E R 4 B GPU B8k, (5 3% 38 & 1) B0
B AR 1 Jmy BRAEST f51) dn i A R A B b T
Hik DAY BT DA O v RIS T R ) RDF
B FRE XA B RS (4 RDF £ 11 2 7
[Fi) 4[] A1 Y5 AT v R 3 T GPU I R il 7 =X

XL T7 gk iy e [ 2 4 7R TR RDE =2l k17
Gt T 45 O % A ST R g1 LN A i A 3 A0
FE. AR SO AR RDF 1808 009 55 P, 4 ) — B ik 728
R[] ¥ 1 VT Be 38032, LAAE GPU 347 358 0 H
THE RDE [ 4021, I 4 i 5 & DT IC 1) 14 fE

3 RDF B FHEE

3.1 FHaMfE

AR SC £ L ER AT 1Y 5 2 AT SO R A PR R
. M RDF 48 (R . 4> = e oo R#F b &
W H AR 3 BB A OF B A TR AR AT
g (string) {H , 41 41 URI Cuniform resource identifier)
BT AL P TE N AF AR 3 o O BT AT AT R E
AR BUE . X FEORIUE T B AME AR 2 B e K B Ty
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5 SRR P X B AT AR B RIS  Hy T2 vh X
e B A% wi 2B A7 20 T . [ 5 KOEE AT LR IR GPU
A 52 A B2 4R e SR O P RE.

FHORAE CPU b gl 35 0 2 (9. A 5300k fif i
B St (Hash map) # 3 7 i, Hosl g2 — A G Bk
Adn 1T R Key KRR 55 Data 288 (1) %)
G AN WSS AT DL i A 4k Key fHIT R AR 12 H]
P — Lok A i 5 it i 9 J0 P = oo - it a] DL i
e by i 480 380 N A B8R it A T B SC AR L AR R BT =0T
AL, T RS T R A A 0 BT IR SRR R AT A
[F) 49 Ak . TR A 8 YR A B G AR B AR
Ff=or Y BN T Hotdl G=(S,P,0,ps0).
o WSS RRAR A5 B T (R =38 R 38D /Y %
oo WS R R RS -5 B (R T 1 5 &
3.2 EFGPUMEBEFMEE

BLAC R A ) SPARQL 4 ) 19 JiE A< =X
FI 274 SPARQL ity HoAth PR, Ik 4 45
2 (union graph pattern) | A] &4 X, Coptional graph
pattcrn)iﬁ‘r‘v%ﬁﬁ‘[u@ﬁ%ﬁﬁl‘ E"J4t§&]§%%?ﬁ%j‘7%
A P

i 2.2 755 v i AR A A A, 26 B[R] AR AR A B
(I E 42 W K5 Ia] RDF Hr T s Fidy . BEAE 50
A AL S I /NI E I A RRCR A SR A
TR AT L ph DR % A 4 i ) R R P A 3 L O B
A8 TR FIL 8 I 25 240 o TR 4 26 4[] 449 4 i gl 2
BEA PR A 9 (0 A (HRTE SE B 0 v o A R A
LA RS A 1) JC R R IRt L A5 )R] R T kR BR AT
] £ 2 DR B AR ) i A B AR T R T

A BB A 0] LA i 2 A AR R A . ke
§F (mapping) fl%E £ Goin) . fRIX p B E P iy
— BRI, RIEAR R AW A 1A = ou iR,
E, J& RDF [ b By 6 2 ¢, VC B0 2% 1R 1 = o0 4 i
Ve X AN B RE AR AL 2. 2 9 LT T[]
F R I L A A KB B B A SCRT R 9 RDF 26
TR i) A B e S ) R 5 20 B e A T S T 2 (] i ik
7 DR m AR VERE. R E M E] ' Z A7 7E 1
AR ) B R QIR Rt . 2 A = o2 AT U L 1
AWEE. B BT A E, AT LB 1 A & 2 i E B il
B I8 4 RDE B4 8] Hh BT A7 B A P14 X A i) ) 26 2
[Fi) Ay T BE 5 4k 5.

D BT GPU WIFA7 B Bk, 48 2 1 hitie
il GPU M CUDA 4 #2858 5 1 ¢ 1. i T GPU 7
AT B SAT R AR R B a8 B3l & N A7 B
DL ZER) FH BT i U 45 i FE 00T GPU 7 2

T A i A O A 25 2R 0 B A ). 2 GPU AT
e SPF H A I 0 2R = ST 4 6 T B ST SR A L DR i i —
JLH E, HCE TR fi 2% vh g b s 0 SRR TR O 2%
L DU 2 S a1 % e g A 4 3 () LA i e
] 5 5. DR K T A B S5 R R T R IR R
O, fEZz pp X AR =48 1D HEJP . DA > = oo 1k
ID &AL,

2) T GPU MR 2K 2 et
T5C 14 Jrg F VT TE 1 5 3 o o K DG T 1] A 48 1 G 2R
A IR A Fr e s AR o I 2 3R e G ) e o A
A 338 B it e v G R AR AR A A S A L T
DL AT 4T K 0 AR IR 2% T 2T R R ke 3
WA 2 AR = oA 1A AR A el
AL A IR 1 A T

h T FS A GPU AT A AL % R A
3B OIFATI A O ID HEp ;s @ L E. 1R
FEAT WS B B b A SR AR A 3 = AR A = oo b
(7 T B b s DA s Y B T AR R AR N
GPU Iy HLdi 4 22 B4l i 1R &R 28 4 5 s A B 7
R ILFR 171k,

AR SO A R A UL AR 1L 02 LAWD A AR E E
F 3 InitWalks F- 45 . DL E$E RDF ¥4 B 25 1 4>
ALV W T B 7 Be. AT O TF IR 18 35
Uk AR 2 38 3k VE 150 53 B 1 — 2D 97 R e 3 4 1) e
AP R R eSS R A 20 BT ATHUR TD
KT (Key)  ATQ UL T VL L 1y 52 8L, I H AR L
A7 SUE HE 7 725 (bitonic sort) Xif g #5:/E 19 45 5 1
A7 AT HE Y . A P s 2 o 3 =5 28 i T A ) O i
XU AL WA SR HE AT HE T . Sk 1 By H AR AR 4 R
AR RILBRm e B A ERAE. Bk 1 ]
YEAR W 19— 20 B ARG £ 55 43 B UG e /) T A
UL e v . AR L A i 4 SR v e B K (R )
ARG R BT AT R B[R A i i A RS Wl
JETE RDF 48 B b 58 )i 1 2 Y [m] 4 1) D g i 722

Bk 1. BT GPU M Rk 3 k.

i A :RDF ¥4l B o B A = e H AR X 19 5 &
S B3 BU b DA TFIIR T s

fai i /£ RDF P52 )L C2E S R.

@ InitWalks: #le S M Tp S HEEHI»Bs 5

@ if s BEREILHC Wp ThEgEE 1 00B (S, Pra O

® S BN A candidate walk & 1 [ f& ik

rp
@ ExtendWalks:
© for B —> Key {H/NT £ 2% do
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© S HEEC — B s AR T RR S IT
Bl We 5 1 AN B (S, PO 4
s BN A 1 B8 S ¢ A ik 4 L O
M\ 3T 17 7] 14 466 326 4 82 B candidate

walk;
@ end for
® i FH WL HE & % candidate walk #E47 9F:
T HET 5

@ for F4~%E 4 do

@  while CandWalkList 054 57

@ i R ILRAE=

@ ¥ s BINBER N ¢ kg
@ end for

@ return 4524 R.

4 SEWRITFERES N

AT AE GPU 28 E 528 T RDF K E (il 2 A
AR B3k OF et gk 47 T rE e K. &0t 5 CPU 42
P 1 28 78 [) b B 0% B 38038 % L L JF 4% gStore H R
T B RG 09 J5 1 5 % 30 i B8k 3R AT L AL iE W
T GPU ZE 44 figk P 245 R [R) #4) ] #1430 R A8 F CPU
ey i — L Uil GPU fE i e RDF %0408 A 16) [n] 5
FHEA R RE.

4.1 CPU 5 GPU ByLb& L6

1) 5 36 PR 45 R K0 4 42

ALK& MR E & NVIDIA GTX590
1. 35 GHz GPU [ 8 K 138 47 3 45 JR® Core (1) i7-
26001.35 GHz fy4 1% kb #L 3%. B 1E R LA K
Linux Ubuntu 14. 04, N fE K/N A 2 GB,GPU %
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Table 1 LUBM Datasets of Experiment
®1 SLIEMA LUBM HiEE

Datasets TripleNumber Datasets Size/ MB Entity

LUBMI1 103104 12.55 17191
LUBM?2 237210 28.90 38351
LUBM4 493 844 60. 19 78596
LLUBMS 1036 086 126. 30 163569
LUBM20 2782126 341.41 437572
LUBM40 5495742 676.19 864239
LUBM60 8287974 1020.73 1302481
LUBMS80 11108166 1372.16 1744943
LUBM100 13879970 1711.10 2179783
Table 2 Benchmark Test Queries
F2 BANKENIER
No. Query
Q SELECT?x WHERE{?x rdf: type ub: GraduateStudent. ? x

ub: takesCourse GraduateCourse0. }

SELECT?x,?y WHERE({ 7?2 rdf:type ub:Chair. 7y rdf: type
Q> ub:Department. ?x ub: worksFor?y. ?y ub: subOrganization-Of
University0. }

2) CPU Y5 GPU 34645 R F1 43 Hr
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Table 3 Query Response Time of O, over LUBM Datasets
®3 0 E LUBMEHEE LN ERWMARE ms

Query Response Time

Datasets

CPU GPU SpeedUp
LUBM1 28. 30 43.12 0. 65
LUBM2 66. 82 42.03 1.58
LUBM4 142, 63 55.02 2.59
LUBMS 306. 48 102. 05 3.00
LUBM20 826. 40 270. 86 3.05
LUBM40 1725.57 524.12 3.29
LUBM60 2781. 56 808. 58 3.44
LUBMS0 6088. 31 1744.51 3.34

LUBM100 4955, 43 1371. 61 3.61
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Table 4 Query Response Time of O, over LUBM Datasets
®4 0 7 LUBMEHEE LW ERMMARE ms

Query Response Time

Datasets
CPU GPU SpeedUp

LUBMI 56.96 114. 37 0.49
LUBM2 134. 47 112.55 1. 19
LUBM4 286.61 141. 03 2.03
LUBMS 616. 35 227.71 2.71
LUBM20 1660. 88 608. 44 2.72
LUBM40 3466. 52 1103. 94 3. 14
LUBM60 5587. 44 1599. 62 3.49
LUBMS80 7248.28 2208.06 3.28
LUBMI100 9616. 86 2616.41 3.67
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Table 5 LUBM Datasets of Experiment
£5 SIEMA LUBM BUR&E

Datasets TripleNumber Datasets Size/MB Entity
LUBMI0 1316 700 160. 56 207 443
LUBM20 2782126 341.41 437572
LUBM30 4109002 505. 10 645971
LUBM40 5495742 676.19 864239
LUBMS50 6890 640 848. 32 137216
LUBMI100 13879970 1711.10 2179783
Table 6 Benchmark Test Queries
Fo6 BAENKEHMER
No. Query

SELECT?x WHERE({?x ub:worksFor
http://www. Department0. University0. edu. 72 rdf: type
ub: FullProfessor. ? x ub: name? y;. ? x ub: emailAddress?

ys2. 7 ub:telephone?ys. }

SELECT?27y WHERE(?x rdf:type
Q: ub:Student. ?y rdf:type ub:Course. ?7x ub:takesCourse? y.
AssociateProfessor0 ub:teacherOf?y. }
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Table 7 Query Response Time of Q; over LUBM Datasets
®7 O ELUBMBESE LHNEBAMMN ms

Query Response Time

Datasets
gStore Our Algorithm SpeedUp

LUBMI0 6282 3877 1.62
LUBM20 10615 5596 1. 89
LUBM30 23178 12792 1.81
LUBM40 31696 21730 1.45
LUBM50 49821 35162 1.41
LUBM100 574950 304579 1. 88

Table 8 Query Response Time of O, over LUBM Datasets
*£8 0, LUBMBEE LW EHMARE ms

Query Response Time

Datasets
gStore Our Algorithm SpeedUp
LUBMI0 19165 8842 2.16
LUBM20 41031 14972 2.74
LUBM30 54126 19655 2.75
LUBM40 64730 24 368 2.65
LUBM50 73133 30755 2.37
LUBMI100 161380 64137 2.51
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