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ABSTRACT

With the rapid development of the cloud computing technology and the Internet,
how to help users quickly gain valuable insights from the Big Data has gradually become
the focus and challenge. From analysis of user log information on the Internet,
preferences of the user are revealed, information or commodities most matched with
user interests are recommended. However, with the fast development of the Internet, the
amount of user log files explodes, causing bottlenecks in performance and storage
spaces for recommendation systems. To solve this problem, in this thesis we implement
a recommendation system architecture based on the Hadoop distributed computing
framework, in which the Hadoop distributed file storage (HDFS), distributed computing
frameworks MapReduce, and Mahout machine-learning algorithm based database are
adopted. We also explore performance evaluation of the collaborative filtering

recommendation algorithm on the cloud cluster and standalone personal computer.

Keywords: cloud computing, recommendation system, collaborative filtering,

MapReduce, Mahout
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2.1. Apache Hadoop

2.1.1. Hadoop Distributed File System

HDFS[1] = Hadoop[10] &% % © &% &k ¥ 5@ 224k (72§05 4 % 4 50 B0 feen

\“‘b

RETREE L FHN A~ FRF AL FE DR RS 0 & Hadoop i st
CEOTR @ FA L AR o AT R ARG B ARG R ksl e

Hadoop #_Master/Slave % f# 'HDFS d = #8 & ¢ = = NameNode 2 DataNodes>
NameNode { # #h% & 5@ & B % B LE 7 1 (Metadata, NameSpace)
HILZ G573 5 @ DataNode i % o fc |t en@ BIE T o - B TR € AR B
BB o) % B (Block) %7 &7 I DataNode + > & - B % 3B € 7 #ici> &
~ (Replication) T3 te7 &G S BGER 3 BRI ~)c ot g H 7P - B o 2Ldp %k
PFo bk ks enTRl @Ay iR03 £44 0 F]2t NameNode B 7 & %455 - %5
ez ¥ o F 7 FP AR EF fpF o 153 DataNode f f v b @ F & BRAE RS
NameNode + ¢ p #i& {7 7L e fodp @ o

HDFS 82 #% ;2 % # & i Linux kernel » iz it % i Hadoop = dfsshell i& {7 4% %

¥ v > & Hadoop ™ e i se3ner HDFS B & > A5 TARE & 2 & 3 G f -
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2.1.2. MapReduce

MapReduce[2] £_Z =418 & e 4 Hjir > #-F E R 7 HEH > 37§32 Map

Reduce e 4 k(7> M E R A4TE R ek o B F 7 Ul B g R AR

Fv AR EE TR il ASLR A TR E

- % MapReduce <& & 1 {£% r2 4 2 3 B35 > Map - Reduce > ~ £ ehg 4!
Wi B AR o € ALk Suigdk 2§ e n(key, value) Bt d i 2] 3F S
RO 4w BT e Mapper % AJZ ; Mapper AU = = (54 & #F 5 % g
= % = (key, value) A # - £ &% Reducer & & #r3 Mapper 1% % » £ {5
it %—?ﬁﬁgfﬁﬁ‘—;—%ﬁiﬁ s LT B G o

4% g+ L ¢ (Pig,Cat,Dog,Pig,Bear,Dog,Pig,Cat,Bear) ¥ # & #:§ Pig i&

‘U
T
o
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et ok sezt P s o~ TORLE ¢ MapReduce #2548 en# (7 i A2 Ao ] 2 ¢

H P 1 B E AL~ HDFS £ ¢ & Master 44 i MapReduce 725 -
# 2% 2 Master #- MapReduce #2:" fr g > Bl endt > @~ 2 3 58 o

KA 3 i BaEtE TORERAL S <KeyValue>("pigh,1) s3] i -
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2.2.  Apache Mahout

Apache Mahout[9] £_ Apache Software Foundation & = sh— B B 3c J 4045 e %
BB AP AN REPEEEERTHEE LB RSV B SRS B E
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2.3. Collaborative Filtering Algorithm
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Reduce jz # % % > r<Key,Value>ik 5 4 B £<* = i #r5 5 P e g E(d 3
1) o

[104:3.5838122,106:3.4916115,1085:3.473163]
[106:2.8146582,105:2.7573717,107:2.0]
[106:3.694873,102:3.657834,103:3.5656683]
[187:4.716343,105:4.1627345,102:4.0136285]
[187:3.7592773]
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5% pF > MapReduce (& Ehpe ¥ B A U S Bl H RV LR B

MapReduce # Reduce =i & -

%10 2 EBABRAPERL(SRETHEE)

1 Node | 2 Nodes | 3 Nodes | 4 Nodes | 5 Nodes
10K 7ml6s | 5m23s 3m41ls 3m23s 3m16s
1M 12m56s | 8m38s 6m10s 5m56s 4m58s
2M 15m23s | 10mO03s 7m23s 7mO01s 5m49s
3M 18m04s | 11m43s 8m28s 8m1lls 6ma37s
AM 20m4ls | 13m33s 9m42s 9m28s 7m32s
5M 24m19s | 15m28s | 10m58s | 10m33s 8m21s
6M 25md2s | 16md6s | 12ml15s | 11m31s 9m27s
™ 28m13s | 17m59s | 13m04s | 12m23s 9m42s
8M 30m10s | 19m19s | 15mlls | 13m53s | 10m21s
oM 33m04s | 21m36s | 17m15s | 15m51s | 11mO00s
10M 37ml7s | 24m02s | 18m47s | 18m20s | 12mQ7s
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4.2. Aeigb
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