H3T G LA S VIR S Vol.37
2014 i TR RS No.24 CHINESE JOURNAL OF COMPUTERS Online Publishing No.24

YARM:EF MapReduce B S 3 ATH B HIIENX
HEIES|EE

Bk I7% AN ®E%

(Pt RZA T EVRAEITER H RTE ASK B At 210046)

B OE BEE NP E, RDF i SCEHE KRR . K RDF 8 SCECRHEE ) — AN 5 2 SO R, 5Ek
THE T BRI 7)o AR, AL 48 1 LT SCHERE 5 |3t LAAR B CRUASE () 1 SCHGE o o) — 7T, B T MapReduce
PR SCHE RIS |3, B 2 X SRR S A AT VSIS R HAT BRI, AAHRE RN AR B . LN, BRI
G RZAFAE AT TR TT T AN AL HME LI R RS SCE G T5 3K o BEXT BT AT SRR R AT BT
PEOTHIIARL, A T —Fi5T MapReduce AT A6 TE SCHEFL ARG 13 YARM. b T SEIL AT R ATV IR T 1
EUSAHERE, YARM MR T AR 4 giflidb: 1 SRAE BLAER R B RIOEAT A SEE,  FRARALBEES (R A5 TR : 2) ik
HERLRON P BAT OO, $-TE T HEFRVR S 3) vk T L E S, R R A B S A 4) WSl T —
T2 T MapReduce (AT AHEBI S SEIR A4S AR, 7RI SEBER B RIS R 4R B, YARM [RPAT 2 L Y
W ORI T MapReduce [FIHEEES 8L 10 £5 7047, [ YARM I3 H 5 4 (K 500 R T 7 JE ok .

X427 RDF; RDFS#EP; MapReduce; 5 XHERE, 2pA s HERE

HEESES TP338 TP182

YARM: Efficient and Scalable Semantic Reasoning Engine Based on
MapReduce

GU Rong, WANG Fang-Fang, YUAN Chun-Feng, HUANG Yi-Hua

(State Key Laboratory for Novel Software Technology at Nanjing University, Nanjing 210046)
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 the reasoning rules to improve the computing speed; third, it uses an efficient way to remove
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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 reasoning engine and also achieves better scalability.
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RIiE 1 EA rdfs:subPropertyOf J& 7 i) =t 4l

Horp, s 1 A 4 DERe ) = o4l A
sl =g, SR 2 MR 3 ULACH =TT
AR =04 .

AW, RDFS 0 )4 A8 [ 5 AR,
I, K54G RDF & UCHEC I S 10 3 73
PEUEATHLER, BRI T 5 J5i4h RDF =04

HRE
41

FAEE R HER S R . XA > KA 2
oA tetm, R TR REAT AT

5 YARMAEJZIT5LE

5.1 MapReduceF /TR L% T 5XM

FRE S 4 FB 0y RS AT R R T 5, (E
YARM ' RDFS i [ a] V4554 = AN B 22
BT, B N 52 I B9 s A A
h,  [EINPRE SRR R 2 A A EZ 53X .
FEANTT R A R s A o0 S s, A
HEFRBAT ISR b, R AN T 2 S A Y A3 3 s B
LA G R, IRRIET AU (A AH BT,
A AFFAT - AT HEBE U 5. AEBT B T p, &40 s F
AT H O A B RS A T HE BRSO R, % B R A
BT A U 0B ] o) i N ke I P 4 B ) A
HERRALH . B BRI 67 5 0 #5710 sl (AR 25 SR AT &
I, IEMBRE R EE . wTLUE N, BB
ST R B B, BB TLAR S T HEEE o S
B M BIIAR Y T4 60 B, BRItax = AN Beny
DL (d ] MapReduce FF47 AR LSZER .
YARM $ATHEZL W& 4 FioR

o | YARM
Sl > Mapper: | | CoROReT

| ) (5} Reducer: .

| o o S Rl

e o RS —

| = H

D Maoer Combiner: MBS EAE (schema triples) H

| it > B Rl A R S, S g
_.._,. JS2 B ) AT AT i (instance triples) W& MISE

LR fOR BRI )

4 YARM: E-F MapReduce BYFITILIEIRE X 54018 ITEE.

5.2 #HiEx o

7E YARM v, AT E #4> RDF = o #dfs
LEAATAE AL HDFS M, S 55 RS X ctts 4 nl
YER—A 3. 5%, ¥FIH Hadoop MapReduce
H i Distributed Cache HL, 7E map () ) setup O
HIHE Ak o 5 bk 88 QB 52 B BE A1 R A
WA SRRSO AR E R map O BRERIHIN
XFERT LA HDFS B 5 AL £ s 501 43

J B E RN N AR CBRIACH 64MB), 1X
e R B A E AR AN TR 1 a5 b

AT AR R TN LRI A 1], BT X
RDF —JuZHBEAT T 4l s, Ao = Jo 4l szf =
TCALAEGm RS B 23 Sl s BN R ) S IRl %
J& B R s B, A i SC A R B Hadoop
SequenceFile #3X, #4741 LUEE X (key-value)
X Ak, EREUL =0 N (key), i
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(value) BE 7. BT A =Jodl it R/t
AR E, R 25 49 A5 A9 B = o4 Bm A
AHIA], PRUE T 8719 5 IR] 1R S 33501

H, O TAET Map BrBergab 2, 440 B UL ic

(PRI, A S 4 A 2 R DU S A I 11 P A7 8l 25
fy o R R0 2 VEECH = oodl CRIIE I A
rdfs:domain 1) =Jc4l) 1784t domainMap %i#is 4
i, = 64l (masterDegreeFrom, rdfs:domain,
Master > ) 1§ i1 4 rdfs:domain ,
<masterDegreeFrom , Master>4#% s il £ domainMap
W SR 3 VTR — 4l (I A rdfsirange 1)
=04 FEIAE rangeMap B . SR 5 A1 7
VCHE ) =4l (IFR4 rdfs:subClassOf ] —Jt4i)
17 1 4E subclassMap i 470, B0, —oo4l

( Master , rdfs:subClassOf , Student) 1] if 1 4
subClassOf , Il <Master,Student> #% % n %
subClassMap . 1fij 55 R8I 9 F1 11 DL = T 2H (i
W] & rdfs:subPropertyOf [ — JG 41 ) 47 J #£
subpropMap i 824

Mapper i setup()hE 2% A2 2R E i 1 SE B 45
LR, Hod, setup()pREUN HDFS Fhsz BT AT

(PR =0, JFARYE — o2 BT VT HC ) 2 4% 13t
ATAEEL, R HAGUNARI WA AR ik, T
Jo S HEREROU ()3T s B, DA R 5 FIRE I 11
(RS 00 R, I FLAL T A6 4] 1) )i
J2 NAKTE FERERAT, DRI Y 8 T (1 4 3 A A
QB2 38 2 P A7 I 1 7 B DL A 28 0 280 BAA
17, AEPATIE R T S R 13 B AL B
LA K3 TG Es I NAE map() ek 2
BATIMEAAL B .

Bk 1 R sk e
fN: B =4 EEL Schema
e B ST RES
Setup ()
FOR  Schema.next()!=null
triple=Schema.next();
IF  triple.predict==rdfs:domain
domainMap.add (triple.subject,triple.object);
ELSE IF triple.predict==rdfs:range
rangeMap.add (triple.subject,triple.object);
ELSE IF triple.predict==rdfs:subPropertyOf
subpropMap.add(triple.subject,triple.object);
ELSE IF triple.predict==rdfs:subClassOf
subclassMap.add(triple.subject,triple.object)
END IF
END FOR
subpropMap.transitiveClosure(); // $ATHLN 5 (¥4 2E
subclassMap.transitiveClosure(); // $ATHEI 11 [y

5.3 MapREZ RO IR 1+ E

Map THEEFT B (BB IDD, HRPATHIN 2., 3.
7. 9 MHERE . Map iy )5 A2 M S s SO st
HCH R 1y <spo-null>BEAE X o Wi 5775 2 7 : 76 map()
BRI, RPN B S4B — TG 2 A e S DG C R R
AL 0 D0 AR S e fke A I ) 4 TR L 8] 1) 50 A ) A
A A T, BT DAAS 301% SE45) — T i A4 3
g5 [FI map()idonf Js s HEAT I 0, BAAEAE
reduce i FL 5 EH ARG P I o
UL C R0 ) A e 3B A A — e R 1 ] (A

O . B, WK 5 FTR, RDF EHATWR
—Je41{ olin, masterDegreeFrom, University0 ),

( masterDegreeFrom , rdfs:domain , Master ),

(Master, rdfs:subClassOf, Student) }, LAzl
—J64l (masterDegreeFrom, rdfs:domain, Master)
szl = J6 40 (Jolin , masterDegreeFrom ,
University0 ) 5 R0 2 UCREL, PRIk g o s 2L
FOU 2, FU 2 (s Qolin, rdf:type, Master)
5 =7t4l Master, rdfs:subClassOf, Student)
ER0 9 VTHT, PRI 2 25 4k il KU 9 Fidh
AT+ BRI O AR AR S el v i dee b= RN, HERR
R A

‘Jolin masterDegreeFrom UniversityO ‘

RLAIARI2
(join)

‘ Jolin rdf:type Master

i cbs Lk
(join)

‘ Jolin rdf:type Student ‘

DomainMap:
+ <masterDegreeFrom,Master>

subClass:
' <master,Student>

E5 fEERG

T R AN R E S AR, YARM FFELGHIA
(1) )5 46 — JC A FETHE T I = o 1T LA, P LA
Map iy BT = AL RIS, 3 75 20K R i — o4l
f£i%:3] Reduce Jijo A J W] BEIRAAL KA L EEK
FAEE, YARM 7E Map By BOw R B -7 1 98 .
T X RDFS ML R 24T 204, B 3 R A 1]
J rdf:type LA H A rdfs:subPropertyOf J& P (1)
S = HA A SN = c A AR
(RIR] e, PRI Map L F i 38 H X0 25 Hois I F4 3L
5364 Reduce W] . Map <% HH PR 20 (r 4cdh
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CgIR I AETHE S M=o 4D, TXWH AT
DX 43 DM LR AL H, YARM {EH(s, p, 0)=JC
MBI bR S R PUN = e 2R,

B35 2. map [ BUr L HE R
fIN: key JS —Jodl; value b= (nul)
Hith: key ¥t = o4l value For key J& 75k i 9245 = 7T
A1 = Todl
map (key, value)
T={key} ; I/ T FFIEDINHERL G SR, WIZA 0N SRR = o dl
IF key.predict==""rdf:type” or subprop.contains(key.predict)

emit(key, original_flag); // JR A 1 UE
END IF;
FOR (rule:RDFS rules)

FOR (t:T)

IF  t.match(rule)
apply rule to t;
add derived tripleto T;
END IF;

END FOR;
END FOR;
T.delete(key);
FOR (t:T)

emit(t,derived_flag);

END FOR

54 AFMERIEELE

B I BT S5 AR BT A B S M =T
4, [ X RDFS iR A7 7 (1) 5 2 A 347 b 2
ZHrBAd ] Reduce 1 Combine 2kSZ3l. Combine
SERE A 1 1 T BN AT AR B, DAY e A
55 Reduce i PRHEFRSE bk A ML L.
S35 3 R 4 s PRUA W) — B 1) o 40 2 % Hadoop
HEhHGUE—2, FTLL combine()F1 reduce() H 77 2
FIWT 12 TG A0 Y. () B A PO A7 AE B s — e 4,
LA B E 5T, AN REA = Jodl e ——
e

B3% 3. Combiner 2£.

BioN: Bk 2t map BRI H R

Hrh: key AHERLSE R =045 value FRoRHTH ) key S IR 4G

IR B R ) = e

combine (key, valuelList)

IF  valueList.contains(original_flag)
emit(key,original_flag);

ELSE

emit(key,derived_flag);
END IF,;

B3% 4. Reducer 2.
reduce (key, valuelList)

BN: Sk 2 L 3 A A5 R

e key AIEHIZ R =504l value A

IF IvalueList.contains(original_flag)
emit(key,null);

END IF

6 SLIG

6.1 XWINE5ERE

FATAPAT R . Bl JePERBL AR AT 5 e
AN VS YARM [PERE . segt il e,
i1k H reasoning-hadoop[6]5 YARM HEAT%JEE,
FAIIT4N, reasoning-hadoop 2 H AT bRt AT
YRR KR RDF BEfs g4, it s
reasoning-hadoop i L, mI (a1 1S 55 A 7 7%
LA R 25

TATRHA P SER R R 1 A S

(JobTracker) #1116 MiF4 15 51 (TaskTracker) 41
G, AR AL E S WA 3.
RIITETRRERR

TiH M i

CPU 4 Core Intel Xeon 2.4GHz X 2
Memory 24 GB

Disk 2TBSAS X 2

Network Bandwidth 1Gbps

oS Red Hat Enterprise Linux Server 6.0
JVM Version Java 1.6.0

Hadoop Version Hadoop 1.0.3

S0 T B R R T T — A A i) E Al 4R
LUBM (Lehigh University Benchmark) [27] k%41
S, AN ELSE R4 WordNet[28] Hi 1] i
i S UL & DBpedia £l ££[29]. BT A s 4890
5 45 f5 L Hadoop SequenceFile SCft& A4 7
HDFS 1, BRAKIZMERK/N A 64MB, ¥J5] ML A
TEARREN I o8 i b

LUBM 4k 4 72 4 i 22 DA (R THT 1) K HABE A A
I A5 T SC Web FTTRZE R GEMRATEAE . 5256
FAPE T HAST 5 4Bt £
LUBM-100, LUBM-250, LUBM-500, LUBM-750,
LUBM-1000, 43 %% 45 100, 250, 500, 750 i 1000
ANREEVE SCEGE,  — o453 7124 13 million.
33 million. 66 million. 100 million #1 133 million.

DBpedia & — M 2 A FH 1) RDF ##i 4k, £k
P NHERE (1 RH TP B i S e (5 5, A
T ARZ AU ARE R, )2 HIE RDF #di &
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WK — i tE . L T 4 AA R/
] DBpedia #i##4E: DBpedia-1 (35 million triples),
DBpedia-2 (85 million triples), DBpedia (140 million
triples), DBpedia (210 million triples).

WordNet J&— ML E CHEHR AR, hSEE%
MRITOR 22 A RN RL 2 5200 = T 1985 4RI & 1)K
G s 2, 75 WordNet Hin] vE 44 EE SOk
P, AT 1,942,887 4 —Jcdl.

6.2 HITHEREMIR

AR 6 AEdE (5 41 LUBM Hids, 1 41
WordNet) 435l 7E reasoning-hadoop 1 YARM 4
75BN, S HCEIISATINR],  SEEG A Rk
4 FiuRe

tscih 45 Bnl ., 5 reasoning-hadoop HHEL,
YARM FEPAT IR ] _E2EPR 10 £5 A tbhh, HAR
WordNet ) #4548 LA/~ T LUBM-100, {H &
YARM 7t WordNet _E FfEEE I [8] K T-7E LUBM-100
R HEER I (], I PR WordNet FHEEE 57 e 2L
L KT LUBM, SR 45 R HI5EMT YARM 04T
ORI HEEE A 4%, 5200 reasonging-hadoop 1 4]
F I E TE AR ERBL. DI/ A RDF HERE
f£45%, YARM Lt reasoning-hadoop H.45 5 4 1t
figo

T4 HEIEPITHE

LAETTES Triple  reasoning-hadoop(s)  YARM(s) ¥z

E3 1 TH& %
LUBM-100 13M 630.066 46.547 135
LUBM-250 33M 742.164 54.486 13.6
LUBM-500 66M 834.114 58.512 14.2
LUBM-750 100M 911.106 64.760 14.0
LUBM-1000 133M 964.143 72.732 13.2
WordNet 1.9M 373.548 70.718 5.3
DBpedia-1 35M 146.651 22.548 6.5
DBpedia-2 85M 383.295 33.639 114
DBpedia-3 140M 662.131 40.642 16.3
DBpedia-4 210M 734.424 43.646 16.8

6.3 HEFH RN

A T W EHE R KN YARM SEZBRIz AT IR 1)
(ARG L, HLUR ik o DRR FH A 2 AN R 1 £
P BExr &t Fad S se g, PATTiE F A2 s A R H K
INARTFEI HAL LUBM F1PUZH DBpedia $idis 88T
AR . LUBM FUFIEL A 100 AN K 2# 881151 1000 4,

TEA LA 3 0 & 8k, i O 3I8 4T
INFIA] o

DBpedia XEH T A RN VU EHE: 73008
35M 4idsk. 85M Zkid k. 140M Zkid %Al 210M
Zadsk, BEAEER T4 5 BN, 5 S EHCE
BpgAris i), seae g WK 6 FiE 7, Erh AL bR
PATIN ], BEAR KRN EC R mT 0L, Bt i
FURLR K, YARM 3N /) 52 B H VT oL~ 2 v
K, 5 reasoning-hadoop #HEL, YARM H.#%
T A B TR
6.4 ARG RIENK

N T SRR ORI, YARM [P R
s oL, TATEIAT T RGP ek .

eI SR T LUBM-1000 di4E, SEREHE
AT RN 1 AN AR 16 AN AL SEEREE R
e A5 anpE 8 frn. B 8 Won T NS H
AT YARM 24T P REA2 4 th 2 o oA As 4y
EREPNTHE S H . YARAR g PAT I ] H
e vl W, YARM AT I ()7 /N T 8 A4 s I Bl AR
TP T S B s n R B TR N R, (R
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Background

In recent years, with the rapid development of Semantic
Web, many RDF data collections are produced. The demand on
efficiently processing large-scale Semantic Web data has
brought many challenges to RDF data management systems,
especially for reasoning tasks due to large amount of
computation. Traditional reasoning engines only work for
limited amount of semantic data and thus are hard to work well
for web-scale semantic data.

MapReduce brings new dawn to the reasoning process of
web-scale RDF data. Nevertheless, due to the essential
challenges in the computing model, the matured reasoning
algorithm used in traditional RDF systems can neither be
directly applied to massive data, nor be migrated to

MapReduce in an easy way. This paper focuses on the design
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and implementation 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 is able to make best use of the cluster
computing resource. YARM outperforms the state-of-art
method on both real-world and synthetic datasets, without
losing scalability.
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