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MapReduce ?

: 1 ( )
API: map /reduce

( )

Google
web
PageRank
2008 20PB/day MapReduce
[Dean et al., OSDI 2004, CACM Jan 2008, CACM Jan 2010]

Hadoop project



Copyright 2011  NTT Corporation

MapReduce 
n-gram Web

30
web

:
Web

(ad-words)

40Gbps
QoS ,

serve as the incoming 92
serve as the incubator 99
serve as the independent 794
…

4-gram

“ ” ���� (edo kiriko)
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MapReduce 
MapReduce:

DFS
DFS: GFS (Google FS), HDFS (Hadoop DFS)

2 + Shuffle
Map : map

:
Shuffle: key (key, value)
Reduce : reduce

:
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MapReduce ( )
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: wordCount
map

(word, 1) 

[Dean et al., OSDI 2004]
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MapReduce 
+

Data intensive text processing with MapReduce,
[Lin et al., 2010]

Local Aggregation
Pairs and Stripes
Computing Relative Frequencies
Secondary Sorting
Relational Joins
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Computing Relative Frequencies
P(X|Ci)



May 26, 2011 Data Mining: Concepts and Techniques 11

Naïve Bayesian Classifier: Training Dataset

Class:
C1:buys_computer = ‘yes’
C2:buys_computer = ‘no’

Data sample 
X = (age <=30,
Income = medium,
Student = yes
Credit_rating = Fair)

age income studentcredit_rating_comp
<=30 high no fair no
<=30 high no excellent no
31…40 high no fair yes
>40 medium no fair yes
>40 low yes fair yes
>40 low yes excellent no
31…40 low yes excellent yes
<=30 medium no fair no
<=30 low yes fair yes
>40 medium yes fair yes
<=30 medium yes excellent yes
31…40 medium no excellent yes
31…40 high yes fair yes
>40 medium no excellent no

May 26, 2011 Data Mining: Concepts and Techniques 12

Naïve Bayesian Classifier:  An Example

� P(Ci):    P(buys_computer = “yes”)  = 9/14 = 0.643
P(buys_computer = “no”) = 5/14= 0.357

� Compute P(X|Ci) for each class
P(age = “<=30” | buys_computer = “yes”)  = 2/9 = 0.222
P(age = “<= 30” | buys_computer = “no”) = 3/5 = 0.6
P(income = “medium” | buys_computer = “yes”) = 4/9 = 0.444
P(income = “medium” | buys_computer = “no”) = 2/5 = 0.4
P(student = “yes” | buys_computer = “yes) = 6/9 = 0.667
P(student = “yes” | buys_computer = “no”) = 1/5 = 0.2
P(credit_rating = “fair” | buys_computer = “yes”) = 6/9 = 0.667
P(credit_rating = “fair” | buys_computer = “no”) = 2/5 = 0.4

� X = (age <= 30 , income = medium, student = yes, credit_rating = fair)

P(X|Ci) : P(X|buys_computer = “yes”) = 0.222 x 0.444 x 0.667 x 0.667 = 0.044
P(X|buys_computer = “no”) = 0.6 x 0.4 x 0.2 x 0.4 = 0.019

P(X|Ci)*P(Ci) : P(X|buys_computer = “yes”) * P(buys_computer = “yes”) = 0.028
P(X|buys_computer = “no”) * P(buys_computer = “no”) = 0.007

Therefore,  X belongs to class (“buys_computer = yes”)
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Computing Relative Frequencies
P(X | Ci)

P(X | Ci) = P(X��i) / P(Ci)

MapReduce
1. : iteration 2

• 1st iteration: P(Ci)
• 2nd iteration: P(X��i) P(X | Ci)

2. : iteration 1
• map 2 emit : P(Ci) , P(X��i)
• Ci partition
• P(Ci) P(X��i) P(X | Ci)

P(C1): 
P(age = “<=30” ��1): 30
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Computing Relative Frequencies
map (String key, String value){

// value is an input record
for each class in value:

EmitIntermediate(“_C1_”+class, 1);
for each attribute in value:

EmitIntermediate(“_C2_”+class+”:”+attribute, 1);
}

Private HashMap<Integer> PC = new HashMap<Integer>();
reduce (String key, Iterator values){

if prefix(key) == _C1_ then PC[getKey(key)] = compute P(Ci);
else if prefix(key) == _C2_ then

compute P(X��i)
P(X | Ci) = P(X��i) / PC[getKey(key)];

}

map 2 emitmap 2 emit

P(Ci) P(X��i)
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MapReduce

GoF

1. 
2. 

Copyright 2011  NTT Corporation

: MapReduce 

• map (f) [r1,...,rn] = [f(r1),...., f(rn)]
• reduce ( ) [r1,...,rn] = r1 .... rn

• map: reduce:
• =
• (key, value) + hash

•
• ( )
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: Dryad 
Dryad:
MapReduce

Hadoop MapReduce
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MapReduce 
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1: 

MapReduce

where � is the mean value of 
X = x1,…,xi,…, xN = ab = a b

2. : 1 iteration
(summation form, )

Calculating variance and mean with MapReduce (Python)
http://blog.cordiner.net/?p=764

1. : 2 iteration
• 1st iteration: � = sum/count N (count)
• 2nd iteration: � �

Copyright 2011  NTT Corporation

1: 
�0���0, n0

�����������	
�i, �i, ni

�N, �N, nN
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Summary form 

[Gupta et al., IEEE 1995]
R � (S1 S2) = R� S1 R � S2

[Chu et al, NIPS 2006]
10 (naive bayse, k-

means, SVM,…) summation form
summation form MapReduce
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2: PageRank

A web , c
u

page p PageRank v p

: The architecture of complexity, ASIS Keynote 2006
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2: PageRank

A web , c
u
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2: PageRank

2.
iteration : iteration� 1 MR job
•PEGASUS [Kang et al., ICDM 2009]

A v
job

•Ha oop [Bu et al, PVLDB 2010]

1. : 1 iteration� 1 MapReduce job
•

MapReduce

A web , c
u
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HaLoop [Bu et al, PVLDB 2010]
+ iteration

mapper input cache: HDFS read
k-means: mapper node
reducer input cache: shuffle
PageRank: web partition reducer

node +
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MapReduce (2/2)

5. :
•[Dittrich et al., PVLDB 2010]: co-partitioning join tables
•[Afrati et al., EDBT 2010]: shuffle

6. :
•MapReduce online [Condie et al., NSDI 2010]

7. : LATE [Zaharia et al., OSDI 2008]
8. : Mars [He et al., PACT 2008]: GPUs

• Pregel [Malewicz, SIGMOD 2010]:
• Dryad [Isard et al., EuroSys 2007]:
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MapReduce
(1 , )

API (map/reduce)

(SIGMOD, VLDB,…)
OS (OSDI, SOSP, NSDI…)
NL/ (NIPS, ICDM…)

SOCC
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MapReduce 

1. PJoin: 
Efficient join processing with MapReduce

for OLAP applications
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( )
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: (OLAP)

PARTKEY

NAME

MFGR

BRAND

TYPE

SIZE
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COMMENT

RETAILPRICE

PARTKEY

SUPPKEY
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SUPPLYCOST

COMMENT

SUPPKEY

NAME

ADDRESS

NATIONKEY

PHONE

ACCTBAL

COMMENT

ORDERKEY

PARTKEY

SUPPKEY

LINENUMBER

RETURNFLAG

LINESTATUS

SHIPDATE

COMMITDATE
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SHIPINSTRUCT

SHIPMODE
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TOTALPRICE

ORDERDATE

ORDER-
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SHIP-
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CLERK

COMMENT

CUSTKEY
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ADDRESS

PHONE

ACCTBAL

MKTSEGMENT

COMMENT

PART (P_)
SF*200,000

PARTSUPP (PS_)
SF*800,000

LINEITEM (L_)
SF*6,000,000

ORDERS (O_)
SF*1,500,000

CUSTOMER (C_)
SF*150,000

SUPPLIER (S_)
SF*10,000

ORDERKEY

NATIONKEY

EXTENDEDPRICE

DISCOUNT

TAX

QUANTITY

NATIONKEY

NAME
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NATION (N_)
25

COMMENT

REGIONKEY

NAME

COMMENT
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5

(TPC-H) 9 (TPC-H)
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:
• IO

IO

: MapReduce 

orders 1

hash(x)

mapper

…

lineitem n
…

lineitem 1
Join

reducer

…

hash(x)
Join

orders n

Join

…hash(y)

hash(y)
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[ ]
[ ] OLAP

1
[ ]

•
•

MapReduce
[ ]

N MapReduce job

PJoin 
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PJoin : 

Query execution

lineitem a

orders processing
+

mapper

…

lineitem_
orders n

orders n

…
lineitem_
orders 1

orders 1

orders processing
+

Joining with 
liteitem

reducer

…

Joining with 
liteitem

lineitem z

mapper reducer

Pre-computation

lineitem

orders

hash(x)

hash(y)

…

lineitem b

lineitem a

lineitem z

orders 1

orders n
…

lineitem_
orders n

lineitem_
orders 1hash(y)

lineitem primary key &
foreign key (orders primary key) 

DFS read
shuffle
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PJoin 

PJoin

lineitem a

orders processing
+

mapper

…

lineitem_
orders n

orders n

…

lineitem_
orders 1

orders 1

orders processing
+

Joining with 
liteitem

reducer

…

Joining with 
liteitem

lineitem z

DFS read
shuffle

orders 1

hash(x)

mapper

…

lineitem z

…

lineitem a
Join

reducer

…

hash(x)
Join

orders n

Join

…hash(y)

hash(y)

:

DFS read 



Copyright 2011  NTT Corporation

PJoin : N
PJoin

mapper
mapper S

reducer

mapper  (T ) reducer (S )

T Sone many

T1 Sone many

TN
one many

T

N 1
MapReduce job
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PJoin :

dimension fact

*

*

* *

*

J1

J2

J3

Q9 Q9 

J1

J2

J3 fact 
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Linux (CentOS5.4, 2.8GHz, 8GB) 50
Java1.6, Hadoop 0.19.2

: TPC-H
[ ] 104GB, 207GB, 311GB

: 83GB, 167GB, 250GB
[ ] TPC-H 17

: PJoin Join
• : PJoin 2 Join

• PJoin vs reduce-side join ( , Hive )
•

• PJoin HDFS read/write
•

Copyright 2011  NTT Corporation

(104GB, 50 )
33.4% (star plan ), 42.8% (Hive plan )

: MapReduce job HDFS+
= {(HDFS read) + (HDFS write) + 2 (shuffle)}
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PJoin
reduce-side join (star plan)
reduce-side join (Hive plan)
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(104GB, 50 )
62.6% (star plan), 62.2% (Hive plan)

Q18 : WHERE
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HDFS read (104GB, 50 )
51.4% (star plan), 52.2 % (Hive plan)

PJoin
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: PJoin
: PJoin
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PJoin 
:

(pre-partitioning)

mapper
reducer

:
TPC-H 30-40%

1/3

:

MapReduce (HDFS read/write)
back
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MapReduce
( )

Hadoop
Amazon

Hadoop 1000

• The Next Generation of Apache Hadoop MapReduce
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MR DB
•

MapReduce
• shuffle job
•

• (Pregel, Parcolator)
• SQL

•
• :
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Hadoop OSS

Hadoop
PB

NTT
R&D 1500

web ,
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