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Secondary Sort—Based Algorithm for
Eliminating Normative Join Redundancy
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Abstract: The join results of two entities with normative one-to-many relationship by MapReduce may contain
some redundancy of one side entity. A combination key with one side entity properties and multi-side sorted
values and a list of multi-side entity properties can be got as the input of reduce stage, by optimizing secondary
sort-based algorithm and redefining the partition function of map stage, sort and group function of shuffle stage.
After splitting the combination key at reduce stage, the key of one side entity was extracted as rowkey of the
HBase table to store the join results, and the other properties of the one side entity and the list containing multi-
side entity properties were put in the corresponding columns of the HBase table, so the join semantics was
realized and the redundancy was eliminated. The examination proves that the optimized algorithm can eliminate
the redundancy of one side entity properties and promote the data query efficiency of the join results.

Keywords: MapReduce; join redundancy; secondary sort; HBase

MapReduce 76X HLIE 19— X 2 % R AT 6 — UK, [RIRRE HOG B (49 22 07 6 R E 4742 51 2 1k
BARRS , —T7 KRR WA R PR 2 e R I 45 it 52 BLRY I AR A 28— UCHE P R Y R Sk
R BB TUAR , MM BRTUAY , WA HBase 38 —J5 M2 5 & R AR Map i HEAT IR 3L 5, fi i1 1Y Key
O B A7 A R — DT CR BN R IEE R P& - RARENE, &2 LR P

s HH#:2016-12-01

EF ' XK, i+, IR, E-mail :11273@163.com

51z XA S 1 BR LV OC AR B UAYHY e Sk g [0 . TR R 242741, 2017, 39(5) : 508513,
LIU L Z, ZHANG W. Research on the secondary sort algorithm for eliminating normative join redundancy[J ].
Journal of Wuhan Institute of Technology,2017,39(5):508-513.



5551 puE

LA T BRAELTE OC R UAY I R B g 509

I (E, DA T {8 75 Reduce St 78 K 24 15 ALK Key £
T — T KRR BV 2 T KRR & Z Ak
¥ J5 )8 PR B 425 A HBase 3.
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T Reduce 17 i &332 0k H 24~ Map 17 1 %K
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510 I TR 2R
rowkey Timestamp M S
M:Matt 1 mattl[1] S:sattl svalue 1
M:Matt 2 mati2[1] S:satt2 svalue 2
makey[1] | 142682320446 S:satt3 svalue 3
M:Mattn mattn[1] S:sattd svalue 4
M:Seqfsattl:savlul; satt2:savlu2; satt3:savlu3; sattl:savlul}
M:Matt 1 mattl[2]
M:Matt 2 matt2|2] S:sattl svalue 4
makey[2] | 142686720478 S:satt3 svalue 3
M:Mattn mattn|2] S:sattd svalue 1
M:Seq{sattd:savlul; satt3:savlu3; sattl:savlu4)}
M:Matt 1 mattl[3]
M:Matt 2 matt2|3] S:sattl svalue 7
makey[3] | 142756320133 S:satt4 svalue 3
M:Mattn mattn|3]
M:Seq(fsatt4:savlu3; satt]:savlu7}

B1 ZxHFE

ERMFHEEN

Fig. 1 Storage structure of secondary sort join result

Value #E17HESF , 26201 15 Map B B i 19 Key 62
EHZ I KRS SVALUEAA , s — T KR MY
#HAB TS A HBase &, Key M B & —H LR M
A B, FE LIS BT s

class CombinationKey implements WritableCompara-
ble<CombinationKey>

{ Text firstKey;

IntWritable secondKey;
SRR B ATAR AR B e
}

Horp firstKey f7fiffi M ¢ 2 H (1) MKEY J 454>
MATT J& P A DA77\ 53 B 09 45 5, mkey Ry DA
N4 B I S — A F AT H secoondKey A7 fif S &
Z ) SVALUE fH.

1.2 SEI Map imiEEE

HY T — 5 K 2 M Bl — R/ L el R
s SO Z 0, 1A map T N AR R AF
— Oy (UNAF Jik ) HashMap 1) , SR J5 145 2 05 % &
S: AT S T R — %0 %, E HashMap A2 802 5
A HFE A MKEY 932 5%, Qi 2R, 3% 4605 i i
TE MapReduce 1L 55 i 2 i, i 3 job.addCache-
File(“hdfs://narnenode:9000/M.txt”) SEBEE R —
77 804 ST M, JobTracker ZEVE M IS 3 Z Hif 23 3K
BUXAS URLAN 3%, 45 A0 R Y SCHF #5 DL 3] &4
TaskTracker [ A< M % 2 I, Map PR ECTE B2 2019 set-
up J7 e T context‘getCacheFiles()E‘[ L) 35k B &
GEAF BN A Kb 1 ST S5 I Map Ui 3% 422 05 R AN F

115E 3L Map 95 M < CombinationKey, Text>
HBaseMapper extends Mapper<LongWritable, Text,

CombinationKey, Text>

{private HashMap<String,String>cache_M = new Hash-
Map<String, String>();

protected void setup(Context context)

{ BufferedReader br = null; URI[] distributePaths = con-
text.getCacheFiles();

String mInfo = null;File mFile = new File("./M.ixt");

br = new BufferedReader(new FileReader(mFile.getPath
0)): IHEZEAF SCAF T TR A7 T

while(null!=(mInfo =br.readLine())){

String[] mParts = mlnfo.split("\t"); cache_M.put(mParts
[0], mInfo)} //mPart[0]; MKEY 1§

}

protected void map(LongWritable key, Text value, Con-
text context)

{ string mkey = 133 S ¢ & 4 — 74415 09 MKEY {H;

string sattr =5 3| S 3¢ R B —ATHUE 1Y SATT{H;

IntWritable svalue =153 2] S 5 R & — 178 #a A SVALUE

Text mInfo = new Text(cache_M.get(mkey));

if(mInfo = null){

CombinationKey cbkey = new CombinationKey();
cbkey.setFirstKey(mlnfo);cbkey.setSecondKey(svalue);

context.write(cbkey, new Text(sattr + “\t” + svalue));
M
1.3 BEIEXSXEEAHEF KRR R 5 H A
1 T 7E Map S st 217 — 7 KR MM ZT7 KR
S Y He AR WO R E S XK R, A
firstKey o H AT AH [7] mkey [ 14 42 25 2R 3 2 ] — 4>
X (Partition) , F & X4 XA LAF -
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class CusPartition extends Partitioner<CombinationKey,
Text>{
public int getPartition(CombinationKey key, Text value,
int numPartitions) {
string mkey = HU{l} key 7 firstKey #8319 mkey; //mkey
o A
return (mkey.hashCode()&Integer. MAX_VALUE)%
numPartitions; }
Y/ numPartitions Y {E A SEHE H reduce 7 15 A 5.
1£ Map Hl Reduce B BEAR T 20H A 7 7] — A~
X103 2 435 SR 1 Je 3 firstKey 17 mkey UEATHERF
4% secondKey HATHET , B & SCHYHET LA E
AN
class CusComparator extends WritableComparator {
public int compare(WritableComparable chKeyOne, Writ-
ableComparable chKeyTwo) {
CombinationKey ¢1 = (CombinationKey) chKeyOne;
CombinationKey ¢2 = (CombinationKey) chKeyTwo;
string mkeyl =M el 1 HCH firstKey 5 4 B9 mkey;In-
tWritabe svalue =B 1 FP A secondKey;
string mkey2= M ¢2 HVHLHY firstKey #4319 mkey;IntWri-
tabe svalue2=H i ¢2 1) secondKey;
if(!mkey1l.equals(mkey2))
(mkey2); } //1LLF55 77 20 L mkey
else{ return svaluel-svalue2; //LA U J5 2 L # second-
Key} }}
e A5 123 [BMELAEL 5350 LA/ T 28 B 22
RTFFEMEZR/NT SFTHRT.
1E Reduce By BOK EL A M 6] combinationkey [
45 R AE [W) — 41, 2 il [combinationkey, List
(sattr[k] “\t” svaluel, sattr[k] “\t” svalue2. . . sattr[k]
“\t” svaluen)], k € [1,n]. Ay AR AEATS R R firstkey
(9 mkey &0, F 2 SCHY - 2H 2R UNR B -

class CusGrouping extends WritableComparator{

{return  mkeyl.compareTo

public int compare(WritableComparable chKeyOne, Writ-
ableComparable chKeyTwo) {

CombinationKey ¢1 = (CombinationKey) chKeyOne;

CombinationKey ¢2 = (CombinationKey) chKeyTwo;

string mkeyl =\ c1 I firstKey #8453 1Y mkey;

string mkey2=M c2 FHUH firstKey #8431 mkey;

return mkeyl.compareTo(mkey2); }}
1.4 7E Reduce YR EHELE RS N HBase R

Reduce B & X i A 1 combinationkey HEfT 4

fid, WO firstKey Y mkey VE & HBase 7% P17 fit,
SR 5 4% firstKey H 1 B & PR (E AR IR DL M:MATT
[m], m e [Ln]|F 1746, X E 44 svalue HEJF 47 1) 4
& List(satte[k] “\¢” svaluel, sattr[k] “\t” svalue2. . .
sattr[k] “\t” svaluen), UL S:sattr[k], k € [1,n] ) £ fii X}

I ) svalue {E. 1 T HBase 2R 1A 3% %] 1 44 B S:satt
(k1HEAT HEFF | SOFfift 19 YO 7T RE S HE P 1 45 2R A
— 0, 7] LABE N Miseq 31, A-A HE T 5 B9 svalue {8,
Reduce B3 F2 2 SCUNTE

class SCHBTReducer extends TableReducer<Combina-
tionKey,Text,ImmutableBytes Writable>{

public void reduce(CombinationKey key,lterable<Text>
values,Context context){

string mSeq = “”;

string[| mParts = key.getFirstKey().toString().split("\t");

Put put = new Put(mParts[0].getBytes());/1 T} mkey

for(int i=1;i<mParts.length;i++) {/f7fii — 5 5= Z M AU 4%
AR PEE

put.add(“M”.
getBytes())}

while (values.iterator().hasNext()) {/TF-6i% £ )7 5 2 Y saut
T svalue {H

string| |sParts = ite.next().toString().split("\t");

getBytes(), MATT[i].getBytes(),mParts|i].

put.add(“S.” getBytes(),sParts[0].getBytes(),,sParts[1].get-

Bytes()):
mSeq+= sParts [0] +":" + sParts [1] + ";";}

put.add(“M”.getBytes(),” mSeq”.getBytes(),mSeq.get-
Bytes():/ 7% svalue HEJ7 (1) 45 5

context.write(new ImmutableBytesWritable(mParts[0].get-
Bytes()), put);//5 A HBase %
1}

2 SRIGERG

S PR AL S A 4719 1LY Hadoop 4R 7 L 1
A F T R A BT R (R B T R,
WA ALAY B B A Pentium(R) Dual-Core E500
2.5 GHz,2 GiB A7, 160 GiB fifl k. 4 FF (fi i A 2
YE % 4% N ubuntu—14.04.1-server—i386, Hadoop iR
A A 2.4.1, HBase WA 4 0.98,7, % 1 ¥ i F Eclipse
4.2.1,Java SE 1.7 A IF L BAEE. LA AE B UROC R
BTG Y — X 22 5 22 AR 4n 141 2 B s

FEHEFEM HDFS | 8 37 SecSort_MFileln H 5%,
A% stduxt SO 3% H 5%, B 57 SecSort_SFileln F
&, A% course.txt A 7% H 5% . 78 Main BREC T %
Job AT AN R L&

String[] i0Args = new String[] {"hdfs://MainDataNode:
9000/SecSort_MFileln/std.txt",

"hdfs://MainDataNode:9000/SecSort_SFileln"};

job.addCacheFile(new URI(ioArgs[0]));//i% & Map % i&
FE T B S B R AT SN AR — 5 S

job.setJarByClass(SecSortHBase.class);/ % &£ 5 1254

job.setMapperClass(HBaseMapper.class);//i% & Map 2544

job.setReducerClass(SCHBTReducer.class);//i% H Re-
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duce K% FileInputFormat.setInputPaths(job, new Path(ioArgs[1]));
job.setPartitionerClass(CusPartition.class); /1% & H & X 11 AT 55 R B A A%

A X job.setOutputFormatClass(TableOutputFormat.class);//i%
job.setSortComparatorClass(CusComparator.class);//i & BAT S5 i i1 09 HBase %

H 5 SCHEE ek job.getConfiguration().set(TableOutputFormat.OUT-
job.setGroupingComparatorClass(CusGrouping.class);//15 PUT_TABLE, "t_sc");//B B4 th ) 2 44

= E ARk System.exit(job.waitForCompletion(true) ? 0 : 1); 1

job.setMapOutputKeyClass(CombinationKey.class);//¥% £ LS
Map i Hi B Key 26580 RS EERE R IZIT S, K45 RS A 3 HBase
job.setMapOutputValueClass(Text.class);//1% & Map fij H M t_sc R AYZE LW E 3 frs.

) Value 2871

201012004 David
201012005 Anne

1990-02-01 0004 201012001 Database 88

1989-04-01 0005 201012002 English 88
0006 201012004 C++ 88
0007 201012002 Physics 77
0008 201012003 Arts 100
0009 201012003 DataStruct 90
0010 201012001 Arts 67
0011 201012005 English 56
0012 201012001 NetWorks 77
0013 201012004 0s 65
0014 201012002 Chemistry 89
0015 201012005 Database 65

TableName:std Xﬁi std. txt TableName: course Xﬁi course. txt
sno sname sgender sbirth scno sno course score
201012001 Jack M 1990-11-01 0001 201012001 Maths 98
201012002 Tom M 1991-12-11 0002 201012005 Maths 77
201012003 Jenny F 1989-04-13 0003 201012002 Maths 78
M
F

B2 SEWEMEE

Fig.2 Experimental simulation data

201012001 column=std:CourseSeq, timestamp=1482233387867, value=Maths:98:Database:88
;Networks:77:Arts:67;

201012001 column=std:Gender, timestamp=1482233387867, value=M

201012001 column=std:SName, timestamp=1482233387867, value=Jack

201012002 column=course:Chemistry, timestamp=1482233387867, value=89

201012002 column=course:English, timestamp=1482233387867, value=88

201012002 column=course:Maths, timestamp=1482233387867, value=78

201012002 column=course:Physics, timestamp=1482233387867, value=77

201012002 column=std:Birth, timestamp=1482233387867, value=1991-12-11

201012002 column=std:CourseSeq, timestamp=1482233387867, value=Chemistry:89:English
:88.Maths:78:Physics:77;

201012002 column=std:Gender, timestamp=1482233387867, value=N

201012002 column=std:SName, timestamp=1482233387867, value=Tom

201012003 column=course:Arts, timestamp=1482233387867, value=100

201012003 column=course:DataStruct, timestamp=1482233387867, value=90

201012003 column=std:Birth, timestamp=1482233387867, value=1989-04-13

201012003 column=std:CourseSeq, timestamp=1482233387867, value=Arts:100:;DataStruct:
90;

201012003 column=std:Gender, timestamp=148223338?867, value=F

201012003 column=std:SName, timestamp=1482233387867, value=Jenny

201012004 column=course:C++, timestamp=1482233387867, value=88

201012004 column=course:0S, timestamp=1482233387867, value=65

201012004 column=std:Birth, timestamp=1482233387867, value=1990-02-01

201012004 column=std :CourseSeq, timestamp=1482233387867, value=C++:88:0S:65;

201012004 column=std:Gender, timestamp=1482233387867, value=M

201012004 column=std:SName, timestamp=1482233387867, value=David

201012005 column=course :Database, timestamp=1482233387867, value=65

201012005 column=course:English, timestamp=1482233387867, value=56

201012005 column=course:Maths, timestamp=1482233387867, value=77

201012005 column=std:Birth, timestamp=1482233387867, value=1989-04-01

201012005 column=std:CourseSeq, timestamp=1482233387867, value=Maths:?7:Database:65
sEnglish:56:

201012005 column=std:Gender, timestamp=1482233387867, value=F

201012005 column=std:SName, timestamp=1482233387867, value=Anne

5 row(s) in 0.1140 seconds

B3 BER

Fig. 3 Experimental results
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MASE I 45 B Y std. it SCHE TR AN 2 R
PERAERE T — I, B2 A ik BRFR A6 T 2R,
SEILT BRSO T OUAY, IREHEIR AR
B 5 AT 42 38 1 A ) std:CourseSeq 51 15 21|, [A L)
HBase R A7 fii % 545 5 , 7] LA FH HBase $2 (L1 25
KIEHATEIRA R P2 T 8dE i A i ReE.

3 % iE

F H MapReduce XF H A AH [7] J& 1 19 5¢ R i1 7
BB, N ATk A 23 7 AR TUAR B Map B i Y
Key #7404, (A & 7= A T0 R iy Ja v, F 4
FE S X HEE B gy ik FR AR B ER 1Y Reduce Vi
1% A, 7E Reduce Uil 1% #2 45 2R 5 A HBase 36, AJ
DAL AR — XF 22 5 3 19 3 42 245 SR 0 4% ] %of
ZA BRI AR AT B2, SE I 1 S, Sk
B A R P AR E IO R R R R E
S5 In).

SE LAk

(1] EW, Eo26 408l Pk kSR [)].
JFEHLZEH, 2011, 34(10): 1741-1751.
WANG S, WANG

data:

H J. Architecting big
challenges, studies and forecasts [J]. Chinese Journal
of Computers, 2011, 34(10):1741-1751.
[2] W/, ZE4E. KA AL M BoRSH6 ], 3t
PO SRR, 2013, 50(1): 146-169.
MENG X F, CI X. Big data management: concepts,
techniques and challenges [1l.
Research and Development, 2013, 50(1):146-159.
[3] BEioe, SR, 3T Hadoop HE 75 2 48 M K s i
P FERRI]. HEHL TR 5F2, 2013, 35(10):
25-35.
CHEN J R, LE J J. Reviewing the big data solution

Journal of Computer

based on Hadoop ecosystem[J]. Computer Engineering

& Science, 2013, 35(10):25-35.

(4]

[6]

LARS G. HBase: the definitive guide[ M ]. Sebastopol :
O’REILLY, 2011.

ZIKOPOULOS P C, EATON C, DEROOS D, et al.
Understanding big data: analytics for enterprise class
Hadoop and data [M]. New Youk:
McGraw-Hill, 2012.

AIYER A, BAUTIN M, CHEN G ], et al. Storage

streaming

Infrastructure Behind Facebook Messages Using HBase
at Scale [J]. Bulletin of the Technical Committee on
Data Engineering, 2012, 35(2):996-999.
VENNER J. Pro Hadoop[ M ]. Berkeley: Appress,2009.
SR LT HDFS 9/ 30/ b 3155 46 5 MapReduce
IR PERER AL S 2 (D] KB MR,
2012.
LU W, SHEN Y Y,CHEN S, et al. Efficient processing
of k nearest neighbor joins using MapReduce [J].
PVLDB, 2016, 5(10): 1184-195.
PANSARE N, BORKAR V R, JERMAINE C, et al.
Online aggregation for large MapReduce jobs [J].
PBLDB, 2014, 4(11): 1135-1145.
OKCAN I, RIEDEWALD M. Processing theta—joins
using MapReduce [C] //ACM SIGMOD International
Conference on Management of Data. ACM, 2011:
949-960.
AFRARTI F N, DAS S A, MENESTRINA D, et al.
Fuzzy joins using MapReduce[ C] //IEEE International
Conference on Data Engineering. IEEE, 2012:498-509.
ZHANG X F, SHEN L, WANG M. Efficient multi-way
theta-join processing using MapReduce [J]. PVLDB,
2016, 5(11): 1184-1195.
BABU S. Towards automatic optimization of MapReduce
programs [ C ] //ACM Symposium on Cloud Computing.
ACM, 2010:137-142.
SILBA Y N, REED ] M. Exploiting MapReduce based
similarity joins [C]//ACM SIGMOD International
Conference on Management of Data. ACM, 2012:
693-696.



