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}Huge Amount of data analysis
Especially web service companies
Ą Need of parallel/distributed system

}Parallel DB
Ą Expensive at web scale, Limited SQL
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}Map/Reduce
ƁMore procedural programming model.

Ą Popular cloud computing environment

}Emergence of parallel computing tools
ƁEase of programming

¶User can just submit tasks in the specific form,
then tools execute them in distributed manner.

¶Ex. Hadoop , Dryad, é
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- Too low - level, Rigid

- Hard to maintain, 

Hard to reuse code

- Re- implement common queries

- Poor debugging environment

- Redundant computing

- Load imbalance

- Success rate 

vs. Window size

Power of programming Optimization across jobs

Pig Latin, DryadLINQ Wave Computing
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Christopher Olston , Benjamin Reed, Utkarsh Srivastava ,

Ravi Kumar, and Andrew Tomkins
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Declarative
SQL 

Low- level, 
Procedural

Map/reduce

Pig 
Latin
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}Find the users who tend to visit high -
pagerank pages
SQL

SELECT user FROM visits, user WHERE avgpr > 0.6
IN ( SELECT user, AVG(pagerank ) 
é one nested SQL query

Pig Latin

V_p = JOIN visits BY url , pages BY url ;
Users = GROUP v_p BY user;
Useravg = FOREACH users GENERATE group, 
AVG(v_p.pagerank ) AS avgpr ;
Answer = FILTER useravg BY avgpr > ô0.5õ;     
é sequence of commands

Java Map/Reduce

public static class Map extends MapReduceBase implements 
Mapper < LongWritable , Text, Text, IntWritable > {
é more than 100 lines
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}Execution engine on atop Hadoop

}Open source project 

}Mainly developing/using in Yahoo

HadoopPig M/R 
code

Pig Latin 
code
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}Find the users who tend to visit high - pagerank
pages

URL Category PageRank

cnn.com News 0.9

bbc.com News 0.8

flickr.com Photos 0.7

espn.com Sports 0.9

Visits URL Info

User URL Time

Amy cnn.com 8:00

Amy bbc.com 10:00

Amy flickr.com 10:05

Fred cnn.com 12:00
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visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

v_p = JOIN visits BY url , pages BY url ;

users     = GROUPv_p BY user;

useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

answer  = FILTERuseravg BY avgpr > ô0.5õ;     
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visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

V_p = JOIN visits BY url , pages BY url ;

Users     = GROUPv_p BY user;

Useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

Answer  = FILTERuseravg BY avgpr > ô0.5õ;     

visits:  (Amy, cnn.com, 8am)
(Amy, frogs.com, 9am)
(Fred, snails.com, 11am)

pages: (cnn.com, 0.8)
(frogs.com, 0.8)
(snails.com, 0.3)
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visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

v_p = JOIN visits BY url , pages BY url ;

Users     = GROUPv_p BY user;

Useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

Answer  = FILTERuseravg BY avgpr > ô0.5õ;     

visits:  (Amy, cnn.com, 8am)
(Amy, frogs.com, 9am)
(Fred, snails.com, 11am)

pages: (cnn.com, 0.8)
(frogs.com, 0.8)
(snails.com, 0.3)

v_p: (Amy, cnn.com, 8am, cnn.com, 0.8)
(Amy, frogs.com, 9am, frogs.com, 0.8)
(Fred, snails.com, 11am, snails.com, 0.3)
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visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

v_p = JOIN visits BY url , pages BY url ;

users     = GROUPv_p BY user;

Useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

Answer  = FILTERuseravg BY avgpr > ô0.5õ;     

v_p: (Amy, cnn.com, 8am, cnn.com, 0.8)
(Amy, frogs.com, 9am, frogs.com, 0.8)
(Fred, snails.com, 11am, snails.com, 0.3)

users: (Amy, { (Amy, cnn.com, 8am, cnn.com, 0.8)
(Amy, frogs.com, 9am, frogs.com, 0.8) } )

(Fred, { (Fred, snails.com, 11am, snails.com, 0.3) } )
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visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

v_p = JOIN visits BY url , pages BY url ;

users     = GROUPv_p BY user;

Useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

Answer  = FILTERuseravg BY avgpr > ô0.5õ;     

v_p: (Amy, cnn.com, 8am, cnn.com, 0.8)
(Amy, frogs.com, 9am, frogs.com, 0.8)
(Fred, snails.com, 11am, snails.com, 0.3)

users: (Amy, { (Amy, cnn.com, 8am, cnn.com, 0.8)
(Amy, frogs.com, 9am, frogs.com, 0.8) } )

(Fred, { (Fred, snails.com, 11am, snails.com, 0.3) } )

Nested data model

15



visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

v_p = JOIN visits BY url , pages BY url ;

users     = GROUPv_p BY user;

useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

Answer  = FILTERuseravg BY avgpr > ô0.5õ;     users:    (Amy, { (Amy, cnn.com, 8am, cnn.com, 0.8)
(Amy, frogs.com, 9am, frogs.com, 0.8) } )

(Fred, { (Fred, snails.com, 11am, snails.com, 0.3) } )

useravg : (Amy, 0.8)
(Fred, 0.3)
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visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

v_p = JOIN visits BY url , pages BY url ;

users     = GROUPv_p BY user;

useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

Answer  = FILTERuseravg BY avgpr > ô0.5õ;     users:    (Amy, { (Amy, cnn.com, 8am, cnn.com, 0.8)
(Amy, frogs.com, 9am, frogs.com, 0.8) } )

(Fred, { (Fred, snails.com, 11am, snails.com, 0.3) } )

useravg : (Amy, 0.8)
(Fred, 0.3)

Can use any UDFs
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visits      = LOAD ôvisits.txtõ AS (user, url , time);

pages     = LOAD ôpages.txtõ AS (url , pagerank );

v_p = JOIN visits BY url , pages BY url ;

users     = GROUPv_p BY user;

useravg = FOREACHusers 
GENERATEgroup, AVG( v_p.pagerank ) AS avgpr ;

answer  = FILTERuseravg BY avgpr > ô0.5õ;     

useravg : (Amy, 0.8)
(Fred, 0.3)

answer: (Amy, 0.8)
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Load visits Load pages

Join by url

Group by user

Foreach category
generate avg

é
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Load visits Load pages

Join by url

Group by user

Foreach category
generate avg

Map1

Reduce1

Reduce2

Map2

Every group or join operation forms a map-reduce boundary
Other operations pipelined into map and reduce phases

é

20



}Atom
ôaliceõ

}Tuple
(ôaliceõ , ôlakersõ)

}Bag
(ôaliceõ, ôlakersõ)

(ôaliceõ, (ôiPodõ, ôappleõ))

}Map
[ ôageõ Ą 20 ]

}Nested Data Model
(Amy, { (Amy, cnn.com, 8am, cnn.com, 0.8)                              

(Amy, frogs.com, 9am, frogs.com, 0.8) } )

21



}Specifying Input Data: LOAD

}Per- tuple Processing: FOREACH

}Discarding Unwanted Data: FILTER

}Getting Related Data Together: COGROUP

}Other Commends
ƁUNION, CROSS, ORDER, DISTINCT

}Asking for Output: STORE

Very Similar to SQL commands
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}Pig Pen
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}òSafeó optimizer
} Performs only high - confidence rewrites

}User interface
ƁBoxes and arrows UI
ƁPromote collaboration, sharing code fragments and 

UDFs

}External functions
ƁProvide UDF packages

}Unified environment
ƁUse loops, conditionals of host language
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}Implementation productivity
Ɓ10 lines of Pig Latin = 200 lines of Java M/R

Ɓ15 minutes to write in Pig Latin = 4 hours Java M/R

}Provide common operations like join, group, 
filter, sort

}Open to non - Java programmers
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}Slower speed
ƁCode converting overload

ƁNot task - specific optimization

}Not flexible for special operation
ƁImplementing UDF takes time

}Not SQL
ƁWeaker functions

ƁNeed additional effort to convert 
existing SQL query system 
to the distributed system with Pig
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}Should Pig Latin have all the SQL features?

}Is Pig really easier than Hadoop MapReduce
Programming for whom does not know SQL?
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Yuan Yu, Michael Isard , Dennis Fetterly , Mihai Budiu ,

Ulfar Erlingsson , Pradeep Kumar Gunda , and Jon Currey
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}Obviously, Microsoft does not think so
}But, why?
ƁHadoop employs the MapReduce programming 

model
Ɓòéé aims for simplicity at the expense of 

generality and performance ééó [1]

} [1] Isard , M., Budiu , M., Yu, Y., Birrell , A., and Fetterly , D. 
2007. Dryad: distributed data - parallel programs from 
sequential building blocks. In EuroSys '07.
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NS

Files, TCP, FIFO
data plane

control 
plane

PD PDPD

V V V

job manager

cluster

Job1: v11 , v12, é
Job2: v21 , v22, é
Job3: é

scheduler

New jobs

Job1

ÅDirected - acyclic graph (DAG)
ÅFlexible
ÅPermits efficient execution plans for many

algorithms
ÅHowever, it is oftentimes infeasible to specify

the DAG by hand
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DryadLINQ provides automatic query plan generation
Dryad provides automatic distributed execution
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SelectMany

DryadLINQGroupBy

Sort

LINQ expression 

IN

OUT

Dryad execution 
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var docs = DryadLinq. GetTable < Doc>(òfile://docs.txtó);
var words = docs. SelectMany (doc => doc.words );
var groups = words. GroupBy (word => word);
var counts = groups. Select(g => new WordCount (g.Key, g.Count ()));

counts.ToDryadTable (òcounts.txtó);

var docs = DryadLinq. GetTable<Doc>(òfile://docs.txtó);
var words = docs. SelectMany (doc => doc.words );
var groups = words. GroupBy (word => word);
var counts = groups. Select(g => new WordCount (g.Key, g.Count ()));

counts.ToDryadTable (òcounts.txtó);


