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Abstract  The rapid development of the Semantic Web has produced massive amount of the RDF
data. The major challenge for large scale RDF semantic reasoning is that it involves huge amount
of computation. This makes the whole process very time-consuming. It is obvious that the
traditional semantic reasoning engines are not efficient when dealing with the massive amount of
RDF data. On the other hand, the state-of-art distributed semantic reasoning algorithms built
with MapReduce lack of optimization for reasoning process in a distributed and parallelized
environment. Thus, this still makes the reasoning process relatively time-consuming. In addition,
most of existing reasoning engines lack of scalability. To solve these problems, we design and
implement YARM, a new parallel semantic reasoning algorithm and engine that built with the
MapReduce parallel model. YARM includes four major optimizations: first, it adopts a well-
designed data partitioning schema and a corresponding reasoning algorithm to minimize the

amount of data transferred among computing nodes; second, it optimizes the execution order of
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the reasoning rules to improve the computing speed; third, it uses an efficient way to remove

duplicates yielded in reasoning process. This avoids the need of extra MapReduce jobs to do this

work; forth, based on the optimizations above, we design and implement a new parallel reasoning

algorithm on the Hadoop MapReduce framework. Experimental results on both real-world and

synthetic datasets show that YARM is about 10 times faster than the latest MapReduce-based

reasoning engine and also achieves better scalability.
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AP

»  Ardf:type E

K3 S HOE (e D I B R AR N R
7 B0 R R A
H1 5% 2 B 0. RDES ALY i A7 A8 4 FRisiat
(DR 1 rdfitypes?y), BIEE R rd f:
type W) =JC4
) 22, rd f5: subPropertyOf, 7y), B
181RH rd fs:subPropertyOf I =JG4H ;
IR 32z, rd fs:subClassOf . ?y) , Bl 1F i)
N ord fs:subClassOf B =JC4H ;
(4) #5558 4 (22, 2subPropertyRelated , 7y) » R
BRI EA rdfs:subPropertyOf J& 1R =04,
Horp, S0 1 FEsX 4 PUie iy =0 2 AT Ak
RS =0 s SR 2 MREE 3 Ly = o R
Al RE A = oA
A UL, RDES A0 i 4Gt 328 A0 [ 7 /Y 8 =X
I Hs 5 iR RDF &) A G JE ok 88 458 5K f4 38 70 4 4
PEAT BEAE B el A5 0t BIr A 5 )5 G RDF = e A7 7
AT A HE R A X b 7 32 i R R A A Y KR
I 12 i o 0T i T4 3 e 3 AR L
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5 YARM Wit 5L
5.1 MapReduce FITHHBH EZITELH

MRS 4 5 0 4 B 5 Wk R AT A g U O &2 HE
YARM t RDFS fij [a] 4 3 7] 154 454 3 4~ Fir B 76 By
B 1rp o /NS ORHE &2 ) 20 A U N A
Hh [ B S R R 43 A BN B S 4 X
AT R A A AR B R0 43 S B L A A
FRENAT 1A v B AN 5 22 A LAty R 15 2 Bl

LAt 4 A7 5 05 B e 2 B A L S Y T LA
FHAT AT HE B AR B 1T R & R AT
X A 3t 5 A I A B 5 0 A L % B B A BT
S R DU ARSI X i A\ S50 IO P LR D) 2 47 4 B Aok
FRL B B A7 53 %0 48719 i B4 RS R IR AT 59 IR
BREG R o i A K. T LA L B B 1A S T 3
)53 B B B B 1A 25 4 B 5 Br B i B B AR
HTEIFpr B X 3 ABir Bl PLJ7 4 F Map-
Reduce JfA77H 58 B0 LA BE. YARM 417 HE 42
i 4 fros.

—— YARM
S5 AR >  Mapper: R ’O;l, Bgler'
SR " e
e AU E ST R
: Reducer:
1 103
| 4 JR T S A
4?_» Mapper: | Cor*rz}lgi?ner: MR E R (schema triples ) H &
oy R . MR TR BRI, IS A
- A F AR (instance triples) H & [y 522k KR
A3

4 YARM:%:T MapReduce 1347 1b 4 R 23 5 40 39 o 72

5.2 HiES

7E YARM o F A1 € % A~ RDF =50 21 £ 4
EEARATAA A AE HDFS w52 51 50 40 085 X K30 43 531
Yo — A3 fF. i 55 K A Hadoop MapReduce
Y Distributed Cache #Li] s 78 map O W setup O
) ey A e 50 o A5 B SR 3 T R AR
FErb s SR H SN BURAE S map O R B i A X
FERTLAFI ] HDES H B 1 77 i AL ] 48 B3 46 D0 >
S 5E RN N AT P CBRIA Sy 64 MB) , X 2
TR Y A e R A TR 1 A

TN AR B S A I ) R A i S ] FRATT S
RDF = JC2l #EAT 1 2 it T 4 o 5 X = 50 20 0 52 1) =
TCZH A 2 4 B B3 i it B A ] 0 S [ i) L 2%
BN AR 19 52 B A7t SOk T Hadoop SequenceFile
2 B 55 7 91 DL S(E Ckey-value) XF 1 X A7 fif
BV = e HAE N i (Rey) B (value) BEE %5
TR =02 /N G B by A T A B S R Ot 4%
TR B = 02 B A AR R PRAIE T & 5 )
) 1 33 8 1

Hk, Sy 7T Map B By 40 2L 4K 405 By DG 1]
R T ) A2 K AT i 4 2k D 2K A 7 1Y Y A B 4
Fy. Horp 5 R0 2 UG EC A = oo 20 CRIIB R 2 rd fs:

domain W = JCH) 1FAE domainMap B8 &
B, = Jc H (masterDegreeFrom, rd fs: domain,
Master) 38 1) S rd fs: domain, W) CmasterDegree-
From ,Master) $f 7% 1 8] domainMap ;5 5] 3
VERC A = e GBI N rd fs:range ) =J04) £7 L
& rangeMap BAE s SR 5 A1 7 PRECHY =TT
A GE A rdfs: subClassOf ) = J0 41) 17 ¥ A&
subClassMa p 05 &b 0, = J04H (Master ,rd fs:
subClassOf , Student) W W 1 N subClassOf, M|
{Master,Student) # ¥ il 2] subClassMap ;15
BRI 9 F1 11 PEPE A = o4 BN rd fs: subPro-
pertyOf B =JCADAF AL subPropMap Btk

Mapper ¥ setup ()5 25 A1 2H SURCHE 09 52 30 4N 53
%1 R, o secup O RELN HDES Ao 32 B 5
A5 = JC AL, AR 4% — 50 41 BT UG IE A B 0] 32 4% i
AT AL B A U A TR N A B 4540 . T (2 5
25 HE BRI A AT 5 S5 Je o R S RO 5 AR 11 Y
HERE W RS B L I ELAL TR0 ) ARO8E 14] AY iEJ2
LI SEREINAT o PR I3 7 2% R D) i i 7 A 2
I 25 2 3 YA IS A S B R Ak 25 =0 AR AT L FE
PAT 3 A v i A A R 25 7 30 A L T A
W e B SR B 4 BN A map O R EH B AT
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JnLLAL B
ik BIEUBE AL .
A A = e EE A Schema
Wit AR = n RS
setup ()
FOR Schemamnext() | =null
triple= Schemamnext() ;
IF triple. predicate==rd fs:domain
domainMap.add (triplesubject.tripleobject) ;
ELSE IF triple. predicate—= = rd fs: range
rangeMap.add (triplesubject,tripleobject) ;
ELSE IF triple. predicate= =rd f's:subPropertyOf
subpropMap.add(triplesubject tripleobject) ;
ELSE IF triple. predicate= =rd f's : subClassOf
subclassMap.add(triplesubject stripleobject)
END IF
END FOR
subpropMa p.transitiveClosure() 5 //IHAT LN 5 f)HE BR
subclassMa p transitiveClosure() 5 //$HATHLN] 11 f 4 B
5.3 Map MMM EEITE
Map 8 B Be (B BE TD L R ST R 2.3.7,
9 M HESL. Map i 1) iy A 2 DA S 51 5040 ST A e B
R (s pornud ) SREAEXS . WG 2 PR 4E map O
BRI B W2 A S5 = o0 4 R A T DS E A R0 L
AR 1 A0 T RS ] i A i i) 4 L 38 38 R U s
{14 T0 i o RDAT A5 219% 52451 =TT AL 1) 4 e B AL )
B map O % B 804 E 47 33 08 . LU #E Reduce %
AT EE SRR A DN A R
DC PC R0 %) it A 3 3 A A = e 2H 1Y 1 ) (B
2O SLHAY. Bl an, & 5 Pros . RDF B dh A a0k
=4 {(Jolin, masterDegreeFrom, University0) ,
(masterDegreeFrom.rd fs: domain .Master) ,(Master,
rd fs: subClassOf, Student)}, H o # =L = o 4
(masterDegreeFrom,rd fs:domain, Master) Fl 5 4]

Jolin masterDegreeFrom University 0‘

DomainMap:
(master DegreeFrom,Master)

INAS RPN A
(join)

Jolin rdf: type Master

subClass:
(master,Student)

Jolin rdf: type Student

B 5 RG]

=JCH (Jolin, masterDegreeFrom ,University0) 5
FLIN 2 UG, PRt ot S ok R R D 25 B ) 2
BIETH (Jolin, rd f: type, Master) FAFE 2, = 0 4H
(Master, rd fs: subClassOf, Student) 5 #L W 9 JC
FC o PRI KD 2 25 A 5 fish & KR IU) O (4P A T 5 BEIU) 9 A
DU AR e v 2 e B2 DU S O 5 A

Sk TG R B A B . YARM 5 SR A
(9 J5L 06 = oL AT HE S B = o L AT R BT L
Map i i i B = 50 20 /Y [a] i 36 75 SR i 4 =St 2H
%34 3 Reduce 3. Ky 1 /S 0] R Wl A% i A 0 2211
i S G Y ARM TE Map [y Bow J5U 8 2R 17 18 8.
i3 X RDES S i) S 1 06 47 20 A & 20 HOA 1 1)
HNordf:type VA X il 8 B rd fs: subPropertyOf
Ja& R ) S ) =TT 2 A AR SR HE S i = e AR
M ATRETE , Bt Map HUR i 8 3 &8 43 £54i Of
W HoA% 3 45 Reduce B AT, Map 23 4 H 7 Fli 25 71
B s i 0 R 4 2 10 0 = o0 4D sy R
17 X3 I 5 22 1Y 15 B AL 38 YARM fi ] Gsa pao)
ZICAAE N A AR AR S AR RN =TT 2 2R A,

Bk 2. Map B By R0 #E 25

A key R I = I0HL 5 value 975 (nulD)

i key NETH = J0H s value FooR key 15 N RSB

LA =t

map(key,value)

T={key}s //TAFTE A MBS IR, W) 06 AL o J5L 06 =
JTH

IF key.predicate=="rd f:type” or subprop.contains

(key. predicate)
emit(key, original_flag); //JFIAECIE b1t 1k
END IF
FOR (rule:RDFS rules)
FOR (¢:T)
IF tonatch(rule)
apply rule to t;
add derived triple to T}
END IF
END FOR
END FOR
T.delete(key) ;
FOR (z: )
emit(t,derived_flag);
END FOR
5.4 AHMBMEELE
& I B B A AL 55 S WAk Br AT B 4 S A =0t
4, [A) %) RDFES #E B ep £ 76 (19 5 52 8048 i A7
AR, Z B B ff | Reduce #1 Combine 3 52 Y.
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Combine 5% A< 1 (¥ T 52 4048 i 47 4k 31, DL/ %K
I 1% i s Reduce B (7 H025 J ip A 5 HE B 45
WAL 3R A B R« N [R] — B (E Y G 2H 2 B
Hadoop HshH 24 HE—HE, if A combine() I reduce ()
U B W2 o R I Y O 4R TP AR AE I iR =
TCEH A AR ) B4 2 5 A DX A = DG 20 L o
——17.

Bk 3.

B B 2 P map BB i 45

Bt s key AAEFREE R =0 s value Fm i 1 key &

JE i = JU A B R T HE R A =0

combine(key,valuel.ist)

Combiner 5.

IF valuelist. containsCoriginal_flag)

emit(key,original_flag) ;

ELSE
emit(key,derived_flag) ;

END IF

&£ 4. Reducer k.

reduce(key,valuel ist)

FA S 2 NS 3 I 4

Bt key HEFRZE R =50 s value J %
IF lwvaluel.ist. containsCoriginal_flag)

emit(key, null) ;

END IF
6 £ I

6.1 IWREHEE
FAT AT RCR EAE Y Sk FL A AT 3 e
ZANITEAY IR YARM 9 PERE. S2 ok R v, 3R
{113% A reasoning-hadoop'™ 5 YARM #E47 %) It , $2
FATHT A . reasoning-hadoop J& H A fix th 9 IF A A
AT AR ) R LR RDF SR #E 51 % i@
reasoning-hadoop 8t % . AT 8] #2 #y B 45 5 H Al Iy
% LB 4

AR A S50 L/l 1> T4 45 & (Job-
Tracker) fl 16 4~ 45 & (TaskTracker) 41 %, , £
FE Y RS 2 LR 3.

3 HETEABRERER
SgE| e 5 1
CPU 4 Core Intel Xeon 2. 4 GHzX 2
Memory 24GB
Disk 2TB SASX 2
Network Bandwidth 1Gbps
OS Red Hat Enterprise Linux Server 6. 0
JVM Version Java 1. 6.0

Hadoop Version Hadoop 1. 0. 3

S P B R T — A R B R
LUBM ( Lehigh University Benchmark ) 2% {8
SCHEUHE AN BLSE R 5 WordNet™) o i) i 15
SCHUHE DA B DBpedia $d 825 . i A 80408 28 4 9 T
45 J5 L4 Hadoop SequenceFile 3 4 #% =X 1% fig 7&
HDFS o, BRI 73 3K/ Sy 64 MB, ¥ 5] iy 43 A 78
RN AR AL

LUBM %4 46 J2& 24 1ij 23 A f4 T [a] ML AR AS {4
IR BE 18 L Web IR R g8l i ik 1. 5240
FAIELE THA R T 5 20 FUAR B I 54 - LUBM-
100, LUBM-250 ,LUBM-500 .LUBM-750 #iI LUBM-
1000, 43 5 & 4 100,250.500.,750 A1 1000 4~ K241
SR —Ou LB 5 4 13 million 33 million,
66 million,100 million A1 133 million.

WordNet & —AN 52 19 7 OB 5 . 02 35 [ 3
AR R “F N R 7 J2 56 % T 1985 48 T A YR
R SCIRN B A £ WordNet Hpa] i 2 IR i SOR
ML HEAH 1942887 4 =JT 4.

DBpedia J&— 8" Z 6 1 i) RDF 4k 5 , 1
a2 A ZE S 7 R TRl RO A A R R R
TR Z R TARE B 8 IZ HIVE RDF $dlE £
WA — ARG 5. See b e F T 4 4L TR R/
) DBpedia £ #}5 % : DBpedia-1(35 million triples),
DBpedia-2(85 million triples) , DBpedia-3 (140 million
triples) 1 DBpedia-4 (210 million triples).

6.2 HATMEEEMIR

FATX 10 HEAE (5 4 LUBM %41 44 Word-
Net DL M 4 #1 DBpedia 3¢ #2) 43 5l 7€ reasoning-
hadoop Al YARM "N 1 5 @il i, i Jo V- 245517
IR ] SEHR 25 2R AN 4 TR,

R4 EEHTHE
B im A ;;;(p/l;/[ reasoning-hadoop/s YARM/s Egﬁﬁ
LUBM-100 13.0 630. 066 46. 547 13.5
LUBM-250 33.0 742.164 54. 486 13. 6
LUBM-500 66. 0 834. 114 58.512 14. 2
LUBM-750 100. 0 911. 106 64. 760 14.0
LUBM-1000 133.0 964. 143 72.732 13.2
WordNet 1.9 373. 548 70.718 5.3
DBpedia-1 35.0 146. 651 22.548 6.5
DBpedia-2 85.0 383. 295 33.639 11.4
DBpedia-3 140. 0 662.131 40. 642 16. 3
DBpedia-4 210.0 734. 424 43. 646 16. 8

Hy 52 5 45 R Al L, 5 reasoning-hadoop #H Lt .
YARM 7E $0 47 B (0] 2P 10 £5 2 47 B oh, B8R
WordNet [ %1 4t % ¥ £ /N + LUBM-100, {H J&
YARM f£ WordNet | /Y4 3 I} 8] K F 7 LUBM-
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100 | A9 4k BRE [A] L 3 2 P WordNet (1) 4 B & Iy
PR Lt KT LUBM, 5256 25 R 3 W 2 i Y ARM
PATRCR I 2 HEFE 2 Je M 2 reasonging-hadoop
F18) DR 2% DA e R A A PR 7R KRR RDF 4
HAE 4 h , YARM L reasoning-hadoop H. A & i H)
TERE.

6.3 HIERTH R

T WD ECHE AR A i Y ARM 52 Fraz 47 i
(] (28 A A 100 o 5 LSS S 3 o PR SR AT 52 2 PR A (] 1Y
B B X 4 R 3 R S e AT 3 AR 2 1 A )4
KNI 5 4 LUBM HI 4 4 DBpedia %4 4 #
7. LUBM BRI 100 A~ K243 3] 1000 4,
BEAN RGN T 43 BIE 5 I, i 5 OV 388 17
I ).

DBpedia &M 1A 8] K/NEY 4 2504 < 53 51 R
35M ZRic3R .85 M AL 140 M i s fl 210 M
ZRACR BB T W s S5 R g5 -1
IEAT ). SEER A5 R LI 6 FE 7, B gl Ak bR A PR
A IS (] A8 A R by B MRS, T AL B A A A Y
WY ARM HE 2 a] 52 30 b 3 AL 21 5 K 1
#, 5 reasoning-hadoop fH kb . YARM H & 7 5 34
RER) il R
6.4 REAH RMENIK

N T WSS R RS R, Y ARM Ry 14 i 22 4k
T FATIEHEAT T RGPS 5.

Lg R T LUBM-1000 %4 4, S B 1155
RN T AT IR 16 A5 L LIRSS R
P ab B an i 8 Fras. 1 8 WoR TR A AR
By YARM 13z 47 1 fE 728 1k th £k H b i Ak AR o
AERENIT R RUBCE PR AR R AT I T el A
A I YARM Gs 47 I [H]7E /N T 8 A~ 45 i i Fiti 46 HF
W RECH I 240 TN TR, AT
8 A RSN T B T R e T N R X
AT BRI T — A H i Py A A B A BT 1Y
FHEE IS Ta) AN B IR AT A Y A AN T

JYEN BT AT B R R o b RN S A
8RR 3 b B[R] — B AR B A A s AT R I
[ BR ATE Z A~ Ab BEAS Iz A7 B I a] 15 2R 2 48 m
LG AL SR ECE 09 L. FRATT A IERE A A A Y A
BOHE MM, YARM fin# L PR E Tt 5 reasoning-
hadoop A HE A F b -5 B R L 380 3 0 B ) 3 2 o
16 AN S Fp R bEAH XS B AT I ] R il 2 YARM
TE5 B TE N T IR U C A ) Y BT R B T L LA
local #2302 47 9 Hadoop Az 47 I [].

1000
800
—+ - YARM
" —o— reasoning-hadoop
’E 600 b
©
S
400
200
— -4 - — -t - = = -
% 200 100 500 800 1000
A AR 2= A H0

K 6 LUBM %4 B AL A i 32 47 i 5] %8 1 14

—+ -YARM
—o— reasoning-hadoop| |

e — - — -+

200 220

— - — +t
0 50 100 150
HA A /million triples

¥ 7 DBPedia ¥4 LR A AL I 32 47 15 [6] X L 1]

2400f ‘ ‘ ‘ "= YARM

2200 —e— reasoning-hadoop ||

2000}

1800}
2 1600F
%1400—
1200}
1000}

800t

600}

s000 N\

200F o+
0

- —_ .

__‘F_,_i,
0o 2 4 6 8 10 12 14 16
BT S HD
B8 THRAT SR E AR AL I I8 AT I (AR LE

THEL RO E R I L A A 32 5 H R LA
FTFRRCRON, T AR AR g8 vk 5 0 R R
EAK. TR R E TR T LB E TR RS
MR K GTRESR A TR &5 kR. 5
reasonong-hadoop #H It s YARM #it BB R &L T
Rk ) TP 2.

SR TEE  NEL 8 DL KA B B T B 25 SR T DLk
BB AL H g A H B9 BS K, YARM i 17 I (8] /R
e LI LAY B TR T A 3 IR AT ST I RUR B
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L. RIS S Bt A B A8 MR A9 38 R Y ARM 3880
TR S R PR S B L RIAR AT L B i T
IR,

h TSP B RDEF 040 0 #E 358 AR S0
FFASEIL T — Fh Bk T MapReduce (1) m 2047 16 4
FEFAT S YARM. B 654~ RDF &1 i 3150 %
ZAAH B ST 1 B /N RS ) AT 55 L 8 T AT 55
PAT AT BE L #13 RDFS #fE 3 7F — K MapReduce
Pk 22 PRI RT 5 5. [)BE X6 BN 55 b G A L K08
it HIAI Ak B 4 3P AT AL S5 90 45 2R R W], YARM
F S B L Y AT SR PR S T MapReduce 1) 947
HEH 5] % (reasoning-hadoop) & 4 10 %5 2 47, [A] B+t
YARM 1 B4 7 R 4FAY AT 4 et

TEARE B LAEH, AW 4k 22 %) YARM #E17
WO FRATHE 32E — 2P B 5 s A0 4 A X OWL #fE 2
G188 55 40 FRATIE BUBEZE anfa] R FH 3% F N AF 19 0 A
LT GRS H RDES J OWL #f # 5 1

B O RMTBRARBOEZRELREEARRAF
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on efficiently processing large-scale Semantic Web data has
brought many challenges to RDF data management systems.
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amount of semantic data and thus are hard to work well for
web-scale semantic data.
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in an easy way. This paper focuses on the design and imple-
mentation of an efficient and scalable reasoning engine, called
YARM, which adopts MapReduce as the parallel model to
achieve scalability and high performance.

YARM can map the reasoning tasks into MapReduce
framework smoothly and make best use of the cluster compu-
ting resource. YARM outperforms the state-of-art method
on both real-world and synthetic datasets without losing
scalability.
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