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CC-MRSJ: Cache Conscious Star Join
Algorithm on Hadoop Platform

Zhou Guoliang'?, Zhu Yongli', Wang Guilan'

(1. College of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China;
2. Skill Training Center, State Grid Jibei Electric Power Company Limited, Baoding 071051, China)

Abstract: A cache-conscious MapReduce star join algorithm was presented, each column of fact table was separately
stored, and dimension table was divided into several column families according to dimension hierarchy. Fact table
foreign key column and corresponding dimension table was co-location storage, thus reducing data movement in the
join process. CC-MRSJ consists of two phases: firstly each foreign key column and the corresponding dimension
table were joined; then the intermediate results were joined and random accessed measure columns, and so got the
final result. CC-MRSJ read only the data needed, and cache utilization is high, so it has good cache conscious
feature; it also takes advantage of late materialization, avoiding unnecessary data access and movement. CC-MRSJ
has higher performance comparing to hive system based on SSB datasets.

Key words:star join, MapReduce, cache conscious, storage model
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v is a column value //foreign key
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for each foreign key v; column
for each item d; in dimension table
if (v; == dj.value)
output(k;, d;.value)

end

reduce (k, v)

A

k is a key (join key) // position:{ii & % 5|

v is a dimension value of corresponding position
begin

1 int count=0;

for v; in values

count++;

record = record + vy

if (count==number of dimension tables in star join)

output(k;, record)// it 245

end
33 EiEoh

M CC-MRSJ 54 Y 120 R 0k — W Be i
Bk 1/0 R 24 Kt . L REAE 10 3B R 4 I AR R g
£ U v TR 45 2R 5 A (B B T OO 4 g £ g R
map 45 R 11 reduce 9 8119 1% 5 . S8 R AN T T A746

2 A e R E KRR Z 00 H— M 1 00T 4k 2 A i 91 K 42
J (45 R B S B AR T I B T D A
it 2 0 DA SRk B 3 AR AR 58 — A B B TSR — AN B
B 1 224 MG 3 5 3 1 S 9 R0 4 3R 2 R 9 2 TR
Wk H T M 4 A B AT AR LR AR, BT LA AR 5 B e
H A SR A AN B, A A RS B B
p=k-number(fk;) (2)

o p FoR 0 b Fm B R4

GEARE SR S SNIRIS & F 20 Tl
e SR AMEE Y I T Bk B AR Ak T DGR A 0L AR AT A
AR BV B ) R A

ERI R IR R e =AU R e o5 S i A
FIH R FEE AT i VR RE . 0 R 2 0 91 7 7T DL A A 1
AN, KRy R BV SO A A2
B 51 0 4 2 2 ) F 6 TT LS A map 36 7 258, A
T AR A5 /5 9 80%  Hadoop 1Y 50T MRUA 848t 17 73 17 X 2%
f# (Hadoop distributed cache ) T i€ , by b F 8 ¥ 7 43 I K
WA T R

4 ZWHERSSM

41 LWRE

A2 K AT SSB AU 4, SSB AH 4 /& i TPC-H 44
SR I L 4 — /> 3892 % (LINEORDER ) #il 4 4
Y % (CUSTOMER ,SUPPLIER .PART #l DATE) , 4 ¥} & SF=
10 B, LR K40 6 GB, AT LIKI 43 20 100 4~ 64 MB ()
Bl e, BB BLE 2 A A0 6 TS A RA T AT
(R /NEEBE RO AT LAY A) M o AR RE L B LSO
SRR L, T LR M5 AF 6651, 7E
map BT BB SR (N A L 5 2% 5 R L 51

H il Hive 5535 303 £ BUBE 42 | CC-MRS] 515 5 Hive
AT H B Hive B9 R AR R 1 0.8.1, BUHE 77 14 46 X 0 46
TextFile #1 RCFile.

SR E IS T A4S 6 415 AU MapReduce UK IR 5,
9 5 B # A HLES 2 DELL PowerEdge T310, fifi il Intel
Xeon CPU X3430@ 2.40 GHz fb 75 711 2 GB RAM, £ 4
Linux Ubantu fA . 088 75 155 Lenovo 1AL, Bl & Intel
Pentium D 4t ¥ 75 A1 2 GB RAM, % I 1) Hadoop M MAS
0.20.2,

SSB 15 Q4.1 2 i ifi A 7 £ 45 0y 4L R B AR 58 B 1 A%
/(I

35



SELECT ¢_nation, p_name, s_nation, d_year,

lo_revenue, lo_supplycost

FROM lineorder

JOIN customer ON lo_custkey = ¢_custkey

JOIN supplier ON lo_suppkey = s_suppkey

JOIN part ON lo_partkey = p_partkey

JOIN dwdate ON lo_orderdate = d_datekey

WHERE c_region = ‘ASIA’

AND s_region = “ASIA’

AND d_year >= 1992 and d_year <= 1997

AND (p_mfgr = ‘MFGR#1’ or p_mfgr = ‘MFGR#2");
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