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Topics (5/6)

 large systems
 global scale data management
 map/reduce
 pig and pig latin
 search engines
 data warehouses and OLAP

write-optimized system concepts
 OLTP
 publish/subscribe
 streaming
 moving objects

management of geographical data
 basic concepts
 GIS, google maps
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What is Pig Latin?
 game of alterations for English language played by children
 two major rules
 (1) if a word w starts with a consonant:

      move consonant to end of the word and add “-ay“
 examples:

 beast → east-bay
 happy → appy-hay
 question → estion-quay
 star → ar-stay
 three → ee-thray

 (2) if a word starts with a vowel or silent consonant (like “h“):
    just end “-ay“ to the end of the word

 examples:
 eagle → eagle-ay
 America → America-ay
 honor → honor-ay

 source: wikipedia
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database → database-ay
flash → lash-fay

perl → erl-pay
python → ython-pay
java → ava-jay



Pig and Pig Latin.
Introduction.
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Recap: Map-Reduce
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Just a group‐by‐aggregate?
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The Map-Reduce Appeal

Scale
Scalable due to simpler design

• Only parallelizable operaAons
• No transacAons

$  Runs on cheap commodity hardware

Procedural Control‐ a processing “pipe”SQL 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Disadvantages
1. Extremely rigid data flow

Other flows constantly hacked in

Join, Union Split

M R

M M R M

Chains

2. Common operaAons must be coded by hand
• Join, filter, projecAon, aggregates, sorAng, disAnct

3. SemanAcs hidden inside map‐reduce funcAons
• Difficult to maintain, extend, and opAmize
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Pros And Cons

Need a high‐level, general data flow language
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Enter Pig Latin

Pig La'n

Need a high‐level, general data flow language



WS 08/09 Prof. Dr. Jens Dittrich / Information Systems Group / infosys.cs.uni-saarland.de

Other Approaches

 googleʻs map/reduce -> sawzall
Microsoftʻs dryad -> DryadLINQ
 hadoop -> Pig Latin
 Idea:

 high-level declarative language
 on top of actual query execution engine
 translated into logical operators
 then translated into physical map/reduce tasks
 then executed on top of Hadoop (or any other map/reduce engine)

Analogy:
 Database Systems: SQL on top of query execution engine
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Pig and Pig Latin.
Data Model.
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Pig`s Data Model

 atom:
 simple atomic value
 e.g. string or number
 three atoms: ʻaliceʻ, ʻpeterʻ, 42 

 tuple:
 sequence of fields
 each field may be of any type
 a tuple: (ʻaliceʻ, ʻlakersʻ)

 bag:
 collection of tuples
 possibly duplicates
 tuples in a bag may have different types
 tuples in a bag may have different number of fields
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guages, including C/C++, Java, Perl and Python, so that
users can stick with their language of choice.

2.5 Parallelism Required
Since Pig Latin is geared toward processing web-scale

data, it does not make sense to consider non-parallel eval-
uation. Consequently, we have only included in Pig Latin
a small set of carefully chosen primitives that can be easily
parallelized. Language primitives that do not lend them-
selves to efficient parallel evaluation (e.g., non-equi-joins,
correlated subqueries) have been deliberately excluded.

Such operations can of course, still be carried out by writ-
ing UDFs. However, since the language does not provide
explicit primitives for such operations, users are aware of
how efficient their programs will be and whether they will
be parallelized.

2.6 Debugging Environment
In any language, getting a data processing program right

usually takes many iterations, with the first few iterations
usually having some user-introduced erroneous processing.
At the scale of data that Pig is meant to process, a single
iteration can take many minutes or hours (even with large-
scale parallel processing). Thus, the usual run-debug-run
cycle can be very slow and inefficient.

Pig comes with a novel interactive debugging environment
that generates a concise example data table illustrating the
output of each step of the user’s program. The example data
is carefully chosen to resemble the real data as far as possible
and also to fully illustrate the semantics of the program.
Moreover, the example data is automatically adjusted as
the program evolves.

This step-by-step example data can help in detecting er-
rors early (even before the first iteration of running the pro-
gram on the full data), and also in pinpointing the step that
has errors. The details of our debugging environment are
provided in Section 5.

3. PIG LATIN
In this section, we describe the details of the Pig Latin

language. We describe our data model in Section 3.1, and
the Pig Latin statements in the subsequent subsections. The
emphasis of this section is not on the syntactical details of
Pig Latin, but on how it meets the design goals and features
laid out in Section 2. Also, this section only focusses on
the language primitives, and not on how they can be imple-
mented to execute in parallel over a cluster. Implementation
is covered in Section 4.

3.1 Data Model
Pig has a rich, yet simple data model consisting of the

following four types:

• Atom: An atom contains a simple atomic value such as
a string or a number, e.g., ‘alice’.

• Tuple: A tuple is a sequence of fields, each of which can
be any of the data types, e.g., (‘alice’, ‘lakers’).

• Bag: A bag is a collection of tuples with possible dupli-
cates. The schema of the constituent tuples is flexible,
i.e., not all tuples in a bag need to have the same number
and type of fields, e.g.,


(‘alice’, ‘lakers’)`

‘alice’, (‘iPod’, ‘apple’)
´

ff

t =

„
‘alice’,


(‘lakers’, 1)
(‘iPod’, 2)

ff
,
ˆ
‘age’→ 20

˜«

Let fields of tuple t be called f1, f2, f3

Expression Type Example Value for t
Constant ‘bob’ Independent of t

Field by position $0 ‘alice’

Field by name f3
ˆ
‘age’ → 20

˜

Projection f2.$0


(‘lakers’)
(‘iPod’)

ff

Map Lookup f3#‘age’ 20
Function Evaluation SUM(f2.$1) 1 + 2 = 3

Conditional
Expression

f3#‘age’>18?
‘adult’:‘minor’

‘adult’

Flattening FLATTEN(f2)
‘lakers’, 1
‘iPod’, 2

Table 1: Expressions in Pig Latin.

The above example also demonstrates that tuples can be
nested, e.g., the second tuple of the bag has a nested
tuple as its second field.

• Map: A map is a collection of data items, where each
item has an associated key through which it can be
looked up. As with bags, the schema of the constituent
data items is flexible, i.e., all the data items in the map
need not be of the same type. However, the keys are re-
quired to be data atoms, mainly for efficiency of lookups.
The following is an example of a map:

2

4 ‘fan of’→


(‘lakers’)
(‘iPod’)

ff

‘age’→ 20

3

5

In the above map, the key ‘fan of’ is mapped to a bag
containing two tuples, and the key ‘age’ is mapped to
an atom 20.

A map is especially useful to model data sets where
schemas might change over time. For example, if web
servers decide to include a new field while dumping logs,
that new field can simply be included as an additional
key in a map, thus requiring no change to existing pro-
grams, and also allowing access of the new field to new
programs.

Table 1 shows the expression types in Pig Latin, and how
they operate. (The flattening expression is explained in de-
tail in Section 3.3.) It should be evident that our data model
is very flexible and permits arbitrary nesting. This flexibil-
ity allows us to achieve the aims outlined in Section 2.3,
where we motivated our use of a nested data model. Next,
we describe the Pig Latin commands.

3.2 Specifying Input Data: LOAD
The first step in a Pig Latin program is to specify what

the input data files are, and how the file contents are to be
deserialized, i.e., converted into Pig’s data model. An input
file is assumed to contain a sequence of tuples, i.e., a bag.
This step is carried out by the LOAD command. For example,

queries = LOAD ‘query_log.txt’
USING myLoad()
AS (userId, queryString, timestamp);a bag:
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Data Model

map:
 collection of data items
 associated key to look up
 in other words: a mapping or index
 items in map may have different type
 keys need to be atoms
 useful to model data sets where schemas might change over 

time
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guages, including C/C++, Java, Perl and Python, so that
users can stick with their language of choice.

2.5 Parallelism Required
Since Pig Latin is geared toward processing web-scale

data, it does not make sense to consider non-parallel eval-
uation. Consequently, we have only included in Pig Latin
a small set of carefully chosen primitives that can be easily
parallelized. Language primitives that do not lend them-
selves to efficient parallel evaluation (e.g., non-equi-joins,
correlated subqueries) have been deliberately excluded.

Such operations can of course, still be carried out by writ-
ing UDFs. However, since the language does not provide
explicit primitives for such operations, users are aware of
how efficient their programs will be and whether they will
be parallelized.

2.6 Debugging Environment
In any language, getting a data processing program right

usually takes many iterations, with the first few iterations
usually having some user-introduced erroneous processing.
At the scale of data that Pig is meant to process, a single
iteration can take many minutes or hours (even with large-
scale parallel processing). Thus, the usual run-debug-run
cycle can be very slow and inefficient.

Pig comes with a novel interactive debugging environment
that generates a concise example data table illustrating the
output of each step of the user’s program. The example data
is carefully chosen to resemble the real data as far as possible
and also to fully illustrate the semantics of the program.
Moreover, the example data is automatically adjusted as
the program evolves.

This step-by-step example data can help in detecting er-
rors early (even before the first iteration of running the pro-
gram on the full data), and also in pinpointing the step that
has errors. The details of our debugging environment are
provided in Section 5.

3. PIG LATIN
In this section, we describe the details of the Pig Latin

language. We describe our data model in Section 3.1, and
the Pig Latin statements in the subsequent subsections. The
emphasis of this section is not on the syntactical details of
Pig Latin, but on how it meets the design goals and features
laid out in Section 2. Also, this section only focusses on
the language primitives, and not on how they can be imple-
mented to execute in parallel over a cluster. Implementation
is covered in Section 4.

3.1 Data Model
Pig has a rich, yet simple data model consisting of the

following four types:

• Atom: An atom contains a simple atomic value such as
a string or a number, e.g., ‘alice’.

• Tuple: A tuple is a sequence of fields, each of which can
be any of the data types, e.g., (‘alice’, ‘lakers’).

• Bag: A bag is a collection of tuples with possible dupli-
cates. The schema of the constituent tuples is flexible,
i.e., not all tuples in a bag need to have the same number
and type of fields, e.g.,


(‘alice’, ‘lakers’)`

‘alice’, (‘iPod’, ‘apple’)
´

ff

t =

„
‘alice’,


(‘lakers’, 1)
(‘iPod’, 2)

ff
,
ˆ
‘age’→ 20

˜«

Let fields of tuple t be called f1, f2, f3

Expression Type Example Value for t
Constant ‘bob’ Independent of t

Field by position $0 ‘alice’

Field by name f3
ˆ
‘age’ → 20

˜

Projection f2.$0


(‘lakers’)
(‘iPod’)

ff

Map Lookup f3#‘age’ 20
Function Evaluation SUM(f2.$1) 1 + 2 = 3

Conditional
Expression

f3#‘age’>18?
‘adult’:‘minor’

‘adult’

Flattening FLATTEN(f2)
‘lakers’, 1
‘iPod’, 2

Table 1: Expressions in Pig Latin.

The above example also demonstrates that tuples can be
nested, e.g., the second tuple of the bag has a nested
tuple as its second field.

• Map: A map is a collection of data items, where each
item has an associated key through which it can be
looked up. As with bags, the schema of the constituent
data items is flexible, i.e., all the data items in the map
need not be of the same type. However, the keys are re-
quired to be data atoms, mainly for efficiency of lookups.
The following is an example of a map:

2

4 ‘fan of’→


(‘lakers’)
(‘iPod’)

ff

‘age’→ 20

3

5

In the above map, the key ‘fan of’ is mapped to a bag
containing two tuples, and the key ‘age’ is mapped to
an atom 20.

A map is especially useful to model data sets where
schemas might change over time. For example, if web
servers decide to include a new field while dumping logs,
that new field can simply be included as an additional
key in a map, thus requiring no change to existing pro-
grams, and also allowing access of the new field to new
programs.

Table 1 shows the expression types in Pig Latin, and how
they operate. (The flattening expression is explained in de-
tail in Section 3.3.) It should be evident that our data model
is very flexible and permits arbitrary nesting. This flexibil-
ity allows us to achieve the aims outlined in Section 2.3,
where we motivated our use of a nested data model. Next,
we describe the Pig Latin commands.

3.2 Specifying Input Data: LOAD
The first step in a Pig Latin program is to specify what

the input data files are, and how the file contents are to be
deserialized, i.e., converted into Pig’s data model. An input
file is assumed to contain a sequence of tuples, i.e., a bag.
This step is carried out by the LOAD command. For example,

queries = LOAD ‘query_log.txt’
USING myLoad()
AS (userId, queryString, timestamp);

a map:
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Data Model in Python

14
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Expressions in Pig Latin

15

guages, including C/C++, Java, Perl and Python, so that
users can stick with their language of choice.

2.5 Parallelism Required
Since Pig Latin is geared toward processing web-scale

data, it does not make sense to consider non-parallel eval-
uation. Consequently, we have only included in Pig Latin
a small set of carefully chosen primitives that can be easily
parallelized. Language primitives that do not lend them-
selves to efficient parallel evaluation (e.g., non-equi-joins,
correlated subqueries) have been deliberately excluded.

Such operations can of course, still be carried out by writ-
ing UDFs. However, since the language does not provide
explicit primitives for such operations, users are aware of
how efficient their programs will be and whether they will
be parallelized.

2.6 Debugging Environment
In any language, getting a data processing program right

usually takes many iterations, with the first few iterations
usually having some user-introduced erroneous processing.
At the scale of data that Pig is meant to process, a single
iteration can take many minutes or hours (even with large-
scale parallel processing). Thus, the usual run-debug-run
cycle can be very slow and inefficient.

Pig comes with a novel interactive debugging environment
that generates a concise example data table illustrating the
output of each step of the user’s program. The example data
is carefully chosen to resemble the real data as far as possible
and also to fully illustrate the semantics of the program.
Moreover, the example data is automatically adjusted as
the program evolves.

This step-by-step example data can help in detecting er-
rors early (even before the first iteration of running the pro-
gram on the full data), and also in pinpointing the step that
has errors. The details of our debugging environment are
provided in Section 5.

3. PIG LATIN
In this section, we describe the details of the Pig Latin

language. We describe our data model in Section 3.1, and
the Pig Latin statements in the subsequent subsections. The
emphasis of this section is not on the syntactical details of
Pig Latin, but on how it meets the design goals and features
laid out in Section 2. Also, this section only focusses on
the language primitives, and not on how they can be imple-
mented to execute in parallel over a cluster. Implementation
is covered in Section 4.

3.1 Data Model
Pig has a rich, yet simple data model consisting of the

following four types:

• Atom: An atom contains a simple atomic value such as
a string or a number, e.g., ‘alice’.

• Tuple: A tuple is a sequence of fields, each of which can
be any of the data types, e.g., (‘alice’, ‘lakers’).

• Bag: A bag is a collection of tuples with possible dupli-
cates. The schema of the constituent tuples is flexible,
i.e., not all tuples in a bag need to have the same number
and type of fields, e.g.,


(‘alice’, ‘lakers’)`

‘alice’, (‘iPod’, ‘apple’)
´

ff

t =

„
‘alice’,


(‘lakers’, 1)
(‘iPod’, 2)

ff
,
ˆ
‘age’→ 20

˜«

Let fields of tuple t be called f1, f2, f3

Expression Type Example Value for t
Constant ‘bob’ Independent of t

Field by position $0 ‘alice’

Field by name f3
ˆ
‘age’ → 20

˜

Projection f2.$0


(‘lakers’)
(‘iPod’)

ff

Map Lookup f3#‘age’ 20
Function Evaluation SUM(f2.$1) 1 + 2 = 3

Conditional
Expression

f3#‘age’>18?
‘adult’:‘minor’

‘adult’

Flattening FLATTEN(f2)
‘lakers’, 1
‘iPod’, 2

Table 1: Expressions in Pig Latin.

The above example also demonstrates that tuples can be
nested, e.g., the second tuple of the bag has a nested
tuple as its second field.

• Map: A map is a collection of data items, where each
item has an associated key through which it can be
looked up. As with bags, the schema of the constituent
data items is flexible, i.e., all the data items in the map
need not be of the same type. However, the keys are re-
quired to be data atoms, mainly for efficiency of lookups.
The following is an example of a map:

2

4 ‘fan of’→


(‘lakers’)
(‘iPod’)

ff

‘age’→ 20

3

5

In the above map, the key ‘fan of’ is mapped to a bag
containing two tuples, and the key ‘age’ is mapped to
an atom 20.

A map is especially useful to model data sets where
schemas might change over time. For example, if web
servers decide to include a new field while dumping logs,
that new field can simply be included as an additional
key in a map, thus requiring no change to existing pro-
grams, and also allowing access of the new field to new
programs.

Table 1 shows the expression types in Pig Latin, and how
they operate. (The flattening expression is explained in de-
tail in Section 3.3.) It should be evident that our data model
is very flexible and permits arbitrary nesting. This flexibil-
ity allows us to achieve the aims outlined in Section 2.3,
where we motivated our use of a nested data model. Next,
we describe the Pig Latin commands.

3.2 Specifying Input Data: LOAD
The first step in a Pig Latin program is to specify what

the input data files are, and how the file contents are to be
deserialized, i.e., converted into Pig’s data model. An input
file is assumed to contain a sequence of tuples, i.e., a bag.
This step is carried out by the LOAD command. For example,

queries = LOAD ‘query_log.txt’
USING myLoad()
AS (userId, queryString, timestamp);
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Example Data Analysis Task

User Url Time

Amy cnn.com 8:00

Amy bbc.com 10:00

Amy flickr.com 10:05

Fred cnn.com 12:00

Find the top 10 most visited pages in each category

Url Category PageRank

cnn.com News 0.9

bbc.com News 0.8

flickr.com Photos 0.7

espn.com Sports 0.9

first input: Visits second input: Url  Info
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Data  Flow Load Visits

Group by url

Foreach url
generate count

Load Url Info

Join on url

Group by category

Foreach category
generate top10 urls

“first input: Visits“

“group visits on url“

“fold each url group into a 
single line:  emit url and a 
count  (size of the group)“

second input: Url Info

“natural join on url“

“group urls that share the same category“

“fold each category group into a single line:
emit top10 Urls for each category“

User Url Time

Amy cnn.com 8:00
Amy bbc.com 10:00
Amy flickr.com 10:05
Fred cnn.com 12:00

Url Url Group

cnn.com
{Amy, cnn.com, 8:00}
{Fred, cnn.com, 12:00}

bbc.com {Amy, bbc.com, 10:00}
flickr.com {Amy, flickr.com, 10:05}

Url Count

cnn.com 2
bbc.com 1
flickr.com 1

Url Category PageRank

cnn.com News 0.9
bbc.com News 0.8
flickr.com Photos 0.7
espn.com Sports 0.9

Url Count Url Category PageRank

cnn.com 2 cnn.com News 0.9
bbc.com 1 bbc.com News 0.8
flickr.com 1 flickr.com Photos 0.7

Category Group

News
{cnn.com, 2, News, 0.9},
{bbc.com, 1, News, 0.8}

Photos {flickr.com, 1, Photos, 0.7}

Category Group

News {cnn.com, bbc.com}
Photos {flickr.com}

Store topUrls
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visits             = load ʻ/data/visitsʼ as (user, url, time);
gVisits          = group visits by url;
visitCounts  = foreach gVisits generate url, count(visits);

urlInfo          = load ʻ/data/urlInfoʼ as (url, category, pRank);
visitCounts  = join visitCounts by url, urlInfo by url;

gCategories = group visitCounts by category;
topUrls = foreach gCategories generate top(visitCounts,

10);

store topUrls into ʻ/data/topUrlsʼ;

Same Example in Pig Latin
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visits             = load ʻ/data/visitsʼ as (user, url, time);
gVisits          = group visits by url;
visitCounts  = foreach gVisits generate url, count(visits);

urlInfo          = load ʻ/data/urlInfoʼ as (url, category, pRank);
visitCounts  = join visitCounts by url, urlInfo by url;

gCategories = group visitCounts by category;
topUrls = foreach gCategories generate top(visitCounts,

10);

store topUrls into ʻ/data/topUrlsʼ;

Same Example in Pig Latin

Operates directly over files
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visits             = load ʻ/data/visitsʼ as (user, url, time);
gVisits          = group visits by url;
visitCounts  = foreach gVisits generate url, count(visits);

urlInfo          = load ʻ/data/urlInfoʼ as (url, category, pRank);
visitCounts  = join visitCounts by url, urlInfo by url;

gCategories = group visitCounts by category;
topUrls = foreach gCategories generate top(visitCounts,

10);

store topUrls into ʻ/data/topUrlsʼ;

Schemas opAonal; 
Can be assigned dynamically

Same Example in Pig Latin
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visits             = load ʻ/data/visitsʼ as (user, url, time);
gVisits          = group visits by url;
visitCounts  = foreach gVisits generate url, count(visits);

urlInfo          = load ʻ/data/urlInfoʼ as (url, category, pRank);
visitCounts  = join visitCounts by url, urlInfo by url;

gCategories = group visitCounts by category;
topUrls = foreach gCategories generate top(visitCounts,

10);

store topUrls into ʻ/data/topUrlsʼ;

User‐defined funcAons (UDFs) can 
be used in every construct

• Load, Store
• Group, Filter, Foreach

Same Example in Pig Latin
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Similar Example using Pig Pen Front-end

22



Pig and Pig Latin.
Language Definition.
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Pig Latin: Principles

 pig latin program is a sequence of steps
writing a pig latin program is similar to writing a query 

execution plan
 pig latin program = sequence of steps
 each step specifies a single high-level data transformation
 does not preclude query optimization
 data flow graph is just a logical description

24
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Loading Data

 input read from “query_log.txt“
 uses a custom myLoad() deserializer
 loaded tuples have three fields:

 
 (userId, queryString, timestamp)

USING is optional
will then try to parse tab separated fields
 query variable is called a bag handle
 just logical definition, nothing is executed when typing LOAD
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guages, including C/C++, Java, Perl and Python, so that
users can stick with their language of choice.

2.5 Parallelism Required
Since Pig Latin is geared toward processing web-scale

data, it does not make sense to consider non-parallel eval-
uation. Consequently, we have only included in Pig Latin
a small set of carefully chosen primitives that can be easily
parallelized. Language primitives that do not lend them-
selves to efficient parallel evaluation (e.g., non-equi-joins,
correlated subqueries) have been deliberately excluded.

Such operations can of course, still be carried out by writ-
ing UDFs. However, since the language does not provide
explicit primitives for such operations, users are aware of
how efficient their programs will be and whether they will
be parallelized.

2.6 Debugging Environment
In any language, getting a data processing program right

usually takes many iterations, with the first few iterations
usually having some user-introduced erroneous processing.
At the scale of data that Pig is meant to process, a single
iteration can take many minutes or hours (even with large-
scale parallel processing). Thus, the usual run-debug-run
cycle can be very slow and inefficient.

Pig comes with a novel interactive debugging environment
that generates a concise example data table illustrating the
output of each step of the user’s program. The example data
is carefully chosen to resemble the real data as far as possible
and also to fully illustrate the semantics of the program.
Moreover, the example data is automatically adjusted as
the program evolves.

This step-by-step example data can help in detecting er-
rors early (even before the first iteration of running the pro-
gram on the full data), and also in pinpointing the step that
has errors. The details of our debugging environment are
provided in Section 5.

3. PIG LATIN
In this section, we describe the details of the Pig Latin

language. We describe our data model in Section 3.1, and
the Pig Latin statements in the subsequent subsections. The
emphasis of this section is not on the syntactical details of
Pig Latin, but on how it meets the design goals and features
laid out in Section 2. Also, this section only focusses on
the language primitives, and not on how they can be imple-
mented to execute in parallel over a cluster. Implementation
is covered in Section 4.

3.1 Data Model
Pig has a rich, yet simple data model consisting of the

following four types:

• Atom: An atom contains a simple atomic value such as
a string or a number, e.g., ‘alice’.

• Tuple: A tuple is a sequence of fields, each of which can
be any of the data types, e.g., (‘alice’, ‘lakers’).

• Bag: A bag is a collection of tuples with possible dupli-
cates. The schema of the constituent tuples is flexible,
i.e., not all tuples in a bag need to have the same number
and type of fields, e.g.,


(‘alice’, ‘lakers’)`

‘alice’, (‘iPod’, ‘apple’)
´

ff

t =

„
‘alice’,


(‘lakers’, 1)
(‘iPod’, 2)

ff
,
ˆ
‘age’→ 20

˜«

Let fields of tuple t be called f1, f2, f3

Expression Type Example Value for t
Constant ‘bob’ Independent of t

Field by position $0 ‘alice’

Field by name f3
ˆ
‘age’ → 20

˜

Projection f2.$0


(‘lakers’)
(‘iPod’)

ff

Map Lookup f3#‘age’ 20
Function Evaluation SUM(f2.$1) 1 + 2 = 3

Conditional
Expression

f3#‘age’>18?
‘adult’:‘minor’

‘adult’

Flattening FLATTEN(f2)
‘lakers’, 1
‘iPod’, 2

Table 1: Expressions in Pig Latin.

The above example also demonstrates that tuples can be
nested, e.g., the second tuple of the bag has a nested
tuple as its second field.

• Map: A map is a collection of data items, where each
item has an associated key through which it can be
looked up. As with bags, the schema of the constituent
data items is flexible, i.e., all the data items in the map
need not be of the same type. However, the keys are re-
quired to be data atoms, mainly for efficiency of lookups.
The following is an example of a map:

2

4 ‘fan of’→


(‘lakers’)
(‘iPod’)

ff

‘age’→ 20

3

5

In the above map, the key ‘fan of’ is mapped to a bag
containing two tuples, and the key ‘age’ is mapped to
an atom 20.

A map is especially useful to model data sets where
schemas might change over time. For example, if web
servers decide to include a new field while dumping logs,
that new field can simply be included as an additional
key in a map, thus requiring no change to existing pro-
grams, and also allowing access of the new field to new
programs.

Table 1 shows the expression types in Pig Latin, and how
they operate. (The flattening expression is explained in de-
tail in Section 3.3.) It should be evident that our data model
is very flexible and permits arbitrary nesting. This flexibil-
ity allows us to achieve the aims outlined in Section 2.3,
where we motivated our use of a nested data model. Next,
we describe the Pig Latin commands.

3.2 Specifying Input Data: LOAD
The first step in a Pig Latin program is to specify what

the input data files are, and how the file contents are to be
deserialized, i.e., converted into Pig’s data model. An input
file is assumed to contain a sequence of tuples, i.e., a bag.
This step is carried out by the LOAD command. For example,

queries = LOAD ‘query_log.txt’
USING myLoad()
AS (userId, queryString, timestamp);



WS 08/09 Prof. Dr. Jens Dittrich / Information Systems Group / infosys.cs.uni-saarland.de

Per-Tuple Processing: FOREACH ... GENERATE

 applies a function to each item
 here: expandQuery()
 result may be nested!
 alternative:

 flattens the nesting int a flat sequence of tuples:
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Figure 1: Example of flattening in FOREACH.

The above command specifies the following:

• The input file is query_log.txt.

• The input file should be converted into tuples by using
the custom myLoad deserializer.

• The loaded tuples have three fields named userId,
queryString, and timestamp.

Both the USING clause (the custom deserializer) and the
AS clause (the schema information) are optional. If no de-
serializer is specified, a default one, that expects a plain
text, tab-delimited file, is used. If no schema is specified,
fields must be referred to by position instead of by name
(e.g., $0 for the first field). The ability to operate over plain
text files, and the ability to specify schema information on
the fly or not at all, allows the user to get started quickly
(Section 2.2). To aid readability, it is desirable to include
schemas while writing large Pig Latin programs.

The return value of a LOAD command is a handle to a
bag which, in the above example, is assigned to the variable
queries. This variable can then be used as an input in sub-
sequent Pig Latin commands. Note that the LOAD command
does not imply database-style loading into tables. Bag han-
dles in Pig Latin are only logical—the LOAD command merely
specifies what the input file is, and how it should be read.
No data is actually read, and no processing carried out, until
the user explicitly asks for output (see STORE command in
Section 3.8).

3.3 Per-tuple Processing: FOREACH
Once input data file(s) have been specified through LOAD,

one can specify the processing that needs to be carried out
on the data. One of the basic operations is that of applying
some processing to every tuple of a data set. This is achieved
through the FOREACH command. For example,

expanded_queries = FOREACH queries GENERATE
userId, expandQuery(queryString);

The above command specifies that each tuple of the bag
queries (loaded in the previous section) should be processed
independently to produce an output tuple. The first field of
the output tuple is the userId field of the input tuple, and
the second field of the output tuple is the result of applying
the UDF expandQuery to the queryString field of the input
tuple. Suppose the UDF expandQuery generates a bag of
likely expansions of a given query string. Then an exam-
ple transformation carried out by the above statement is as
shown in the first step of Figure 1.

Note that the semantics of the FOREACH command are such
that there can be no dependence between the processing of
different tuples of the input, thereby permitting an efficient
parallel implementation. These semantics conform to our
goal of only having parallelizable operations (Section 2.5).

In general, the GENERATE clause can be followed by a list of
expressions that can be in any of the forms listed in Table 1.
Most of the expression forms shown are straightforward, and
have been included here only for completeness. The last
expression type, i.e., flattening, deserves some attention.

Often, we want to eliminate nesting in data. For example,
in Figure 1, we might want to flatten the set of possible
expansions of a query string into separate tuples, so that
they can be processed independently. We could also want
to flatten the final result just prior to storing it. Nesting
can be eliminated by the use of the FLATTEN keyword in the
GENERATE clause. Flattening operates on bags by extracting
the fields of the tuples in the bag, and making them fields
of the tuple being output by GENERATE, thus removing one
level of nesting. For example, the output of the following
command is shown as the second step in Figure 1.

expanded_queries = FOREACH queries GENERATE
userId, FLATTEN(expandQuery(queryString));

3.4 Discarding Unwanted Data: FILTER
Another very common operation is to retain only some

subset of the data that is of interest, while discarding the
rest. This operation is done by the FILTER command. For
example, to get rid of bot traffic in the bag queries:

real_queries = FILTER queries BY userId neq ‘bot’;

The operator neq in the above example is used to signify
string comparison, as opposed to numeric comparison which
is specified via ==. Filtering conditions in Pig Latin can
involve a combination of expressions (Table 1), comparison
operators such as ==, eq, !=, neq, and the logical connec-
tors AND, OR, and NOT.

Since arbitrary expressions are allowed, it follows that we
can use UDFs while filtering. Thus, in our less ideal world,
where bots don’t identify themselves, we can use a sophisti-
cated UDF (isBot) to perform the filtering, e.g.,

real_queries =
FILTER queries BY NOT isBot(userId);

3.5 Getting Related Data Together: COGROUP
Per-tuple processing only takes us so far. It is often nec-

essary to group together tuples from one or more data sets,
that are related in some way, so that they can subsequently
be processed together. This grouping operation is done by
the COGROUP command. For example, suppose we have two
data sets that we have specified through a LOAD command:

results: (queryString, url, position)
revenue: (queryString, adSlot, amount)

results contains, for different query strings, the urls shown
as search results, and the position at which they were shown.
revenue contains, for different query strings, and different

Figure 1: Example of flattening in FOREACH.

The above command specifies the following:

• The input file is query_log.txt.

• The input file should be converted into tuples by using
the custom myLoad deserializer.

• The loaded tuples have three fields named userId,
queryString, and timestamp.

Both the USING clause (the custom deserializer) and the
AS clause (the schema information) are optional. If no de-
serializer is specified, a default one, that expects a plain
text, tab-delimited file, is used. If no schema is specified,
fields must be referred to by position instead of by name
(e.g., $0 for the first field). The ability to operate over plain
text files, and the ability to specify schema information on
the fly or not at all, allows the user to get started quickly
(Section 2.2). To aid readability, it is desirable to include
schemas while writing large Pig Latin programs.

The return value of a LOAD command is a handle to a
bag which, in the above example, is assigned to the variable
queries. This variable can then be used as an input in sub-
sequent Pig Latin commands. Note that the LOAD command
does not imply database-style loading into tables. Bag han-
dles in Pig Latin are only logical—the LOAD command merely
specifies what the input file is, and how it should be read.
No data is actually read, and no processing carried out, until
the user explicitly asks for output (see STORE command in
Section 3.8).

3.3 Per-tuple Processing: FOREACH
Once input data file(s) have been specified through LOAD,

one can specify the processing that needs to be carried out
on the data. One of the basic operations is that of applying
some processing to every tuple of a data set. This is achieved
through the FOREACH command. For example,

expanded_queries = FOREACH queries GENERATE
userId, expandQuery(queryString);

The above command specifies that each tuple of the bag
queries (loaded in the previous section) should be processed
independently to produce an output tuple. The first field of
the output tuple is the userId field of the input tuple, and
the second field of the output tuple is the result of applying
the UDF expandQuery to the queryString field of the input
tuple. Suppose the UDF expandQuery generates a bag of
likely expansions of a given query string. Then an exam-
ple transformation carried out by the above statement is as
shown in the first step of Figure 1.

Note that the semantics of the FOREACH command are such
that there can be no dependence between the processing of
different tuples of the input, thereby permitting an efficient
parallel implementation. These semantics conform to our
goal of only having parallelizable operations (Section 2.5).

In general, the GENERATE clause can be followed by a list of
expressions that can be in any of the forms listed in Table 1.
Most of the expression forms shown are straightforward, and
have been included here only for completeness. The last
expression type, i.e., flattening, deserves some attention.

Often, we want to eliminate nesting in data. For example,
in Figure 1, we might want to flatten the set of possible
expansions of a query string into separate tuples, so that
they can be processed independently. We could also want
to flatten the final result just prior to storing it. Nesting
can be eliminated by the use of the FLATTEN keyword in the
GENERATE clause. Flattening operates on bags by extracting
the fields of the tuples in the bag, and making them fields
of the tuple being output by GENERATE, thus removing one
level of nesting. For example, the output of the following
command is shown as the second step in Figure 1.

expanded_queries = FOREACH queries GENERATE
userId, FLATTEN(expandQuery(queryString));

3.4 Discarding Unwanted Data: FILTER
Another very common operation is to retain only some

subset of the data that is of interest, while discarding the
rest. This operation is done by the FILTER command. For
example, to get rid of bot traffic in the bag queries:

real_queries = FILTER queries BY userId neq ‘bot’;

The operator neq in the above example is used to signify
string comparison, as opposed to numeric comparison which
is specified via ==. Filtering conditions in Pig Latin can
involve a combination of expressions (Table 1), comparison
operators such as ==, eq, !=, neq, and the logical connec-
tors AND, OR, and NOT.

Since arbitrary expressions are allowed, it follows that we
can use UDFs while filtering. Thus, in our less ideal world,
where bots don’t identify themselves, we can use a sophisti-
cated UDF (isBot) to perform the filtering, e.g.,

real_queries =
FILTER queries BY NOT isBot(userId);

3.5 Getting Related Data Together: COGROUP
Per-tuple processing only takes us so far. It is often nec-

essary to group together tuples from one or more data sets,
that are related in some way, so that they can subsequently
be processed together. This grouping operation is done by
the COGROUP command. For example, suppose we have two
data sets that we have specified through a LOAD command:

results: (queryString, url, position)
revenue: (queryString, adSlot, amount)

results contains, for different query strings, the urls shown
as search results, and the position at which they were shown.
revenue contains, for different query strings, and different

Figure 1: Example of flattening in FOREACH.

The above command specifies the following:

• The input file is query_log.txt.

• The input file should be converted into tuples by using
the custom myLoad deserializer.

• The loaded tuples have three fields named userId,
queryString, and timestamp.

Both the USING clause (the custom deserializer) and the
AS clause (the schema information) are optional. If no de-
serializer is specified, a default one, that expects a plain
text, tab-delimited file, is used. If no schema is specified,
fields must be referred to by position instead of by name
(e.g., $0 for the first field). The ability to operate over plain
text files, and the ability to specify schema information on
the fly or not at all, allows the user to get started quickly
(Section 2.2). To aid readability, it is desirable to include
schemas while writing large Pig Latin programs.

The return value of a LOAD command is a handle to a
bag which, in the above example, is assigned to the variable
queries. This variable can then be used as an input in sub-
sequent Pig Latin commands. Note that the LOAD command
does not imply database-style loading into tables. Bag han-
dles in Pig Latin are only logical—the LOAD command merely
specifies what the input file is, and how it should be read.
No data is actually read, and no processing carried out, until
the user explicitly asks for output (see STORE command in
Section 3.8).

3.3 Per-tuple Processing: FOREACH
Once input data file(s) have been specified through LOAD,

one can specify the processing that needs to be carried out
on the data. One of the basic operations is that of applying
some processing to every tuple of a data set. This is achieved
through the FOREACH command. For example,

expanded_queries = FOREACH queries GENERATE
userId, expandQuery(queryString);

The above command specifies that each tuple of the bag
queries (loaded in the previous section) should be processed
independently to produce an output tuple. The first field of
the output tuple is the userId field of the input tuple, and
the second field of the output tuple is the result of applying
the UDF expandQuery to the queryString field of the input
tuple. Suppose the UDF expandQuery generates a bag of
likely expansions of a given query string. Then an exam-
ple transformation carried out by the above statement is as
shown in the first step of Figure 1.

Note that the semantics of the FOREACH command are such
that there can be no dependence between the processing of
different tuples of the input, thereby permitting an efficient
parallel implementation. These semantics conform to our
goal of only having parallelizable operations (Section 2.5).

In general, the GENERATE clause can be followed by a list of
expressions that can be in any of the forms listed in Table 1.
Most of the expression forms shown are straightforward, and
have been included here only for completeness. The last
expression type, i.e., flattening, deserves some attention.

Often, we want to eliminate nesting in data. For example,
in Figure 1, we might want to flatten the set of possible
expansions of a query string into separate tuples, so that
they can be processed independently. We could also want
to flatten the final result just prior to storing it. Nesting
can be eliminated by the use of the FLATTEN keyword in the
GENERATE clause. Flattening operates on bags by extracting
the fields of the tuples in the bag, and making them fields
of the tuple being output by GENERATE, thus removing one
level of nesting. For example, the output of the following
command is shown as the second step in Figure 1.

expanded_queries = FOREACH queries GENERATE
userId, FLATTEN(expandQuery(queryString));

3.4 Discarding Unwanted Data: FILTER
Another very common operation is to retain only some

subset of the data that is of interest, while discarding the
rest. This operation is done by the FILTER command. For
example, to get rid of bot traffic in the bag queries:

real_queries = FILTER queries BY userId neq ‘bot’;

The operator neq in the above example is used to signify
string comparison, as opposed to numeric comparison which
is specified via ==. Filtering conditions in Pig Latin can
involve a combination of expressions (Table 1), comparison
operators such as ==, eq, !=, neq, and the logical connec-
tors AND, OR, and NOT.

Since arbitrary expressions are allowed, it follows that we
can use UDFs while filtering. Thus, in our less ideal world,
where bots don’t identify themselves, we can use a sophisti-
cated UDF (isBot) to perform the filtering, e.g.,

real_queries =
FILTER queries BY NOT isBot(userId);

3.5 Getting Related Data Together: COGROUP
Per-tuple processing only takes us so far. It is often nec-

essary to group together tuples from one or more data sets,
that are related in some way, so that they can subsequently
be processed together. This grouping operation is done by
the COGROUP command. For example, suppose we have two
data sets that we have specified through a LOAD command:

results: (queryString, url, position)
revenue: (queryString, adSlot, amount)

results contains, for different query strings, the urls shown
as search results, and the position at which they were shown.
revenue contains, for different query strings, and different
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 only elements where userID!=ʻbotʻ will pass

 same filter using a user-defined function (UDF)
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Figure 1: Example of flattening in FOREACH.

The above command specifies the following:

• The input file is query_log.txt.

• The input file should be converted into tuples by using
the custom myLoad deserializer.

• The loaded tuples have three fields named userId,
queryString, and timestamp.

Both the USING clause (the custom deserializer) and the
AS clause (the schema information) are optional. If no de-
serializer is specified, a default one, that expects a plain
text, tab-delimited file, is used. If no schema is specified,
fields must be referred to by position instead of by name
(e.g., $0 for the first field). The ability to operate over plain
text files, and the ability to specify schema information on
the fly or not at all, allows the user to get started quickly
(Section 2.2). To aid readability, it is desirable to include
schemas while writing large Pig Latin programs.

The return value of a LOAD command is a handle to a
bag which, in the above example, is assigned to the variable
queries. This variable can then be used as an input in sub-
sequent Pig Latin commands. Note that the LOAD command
does not imply database-style loading into tables. Bag han-
dles in Pig Latin are only logical—the LOAD command merely
specifies what the input file is, and how it should be read.
No data is actually read, and no processing carried out, until
the user explicitly asks for output (see STORE command in
Section 3.8).

3.3 Per-tuple Processing: FOREACH
Once input data file(s) have been specified through LOAD,

one can specify the processing that needs to be carried out
on the data. One of the basic operations is that of applying
some processing to every tuple of a data set. This is achieved
through the FOREACH command. For example,

expanded_queries = FOREACH queries GENERATE
userId, expandQuery(queryString);

The above command specifies that each tuple of the bag
queries (loaded in the previous section) should be processed
independently to produce an output tuple. The first field of
the output tuple is the userId field of the input tuple, and
the second field of the output tuple is the result of applying
the UDF expandQuery to the queryString field of the input
tuple. Suppose the UDF expandQuery generates a bag of
likely expansions of a given query string. Then an exam-
ple transformation carried out by the above statement is as
shown in the first step of Figure 1.

Note that the semantics of the FOREACH command are such
that there can be no dependence between the processing of
different tuples of the input, thereby permitting an efficient
parallel implementation. These semantics conform to our
goal of only having parallelizable operations (Section 2.5).

In general, the GENERATE clause can be followed by a list of
expressions that can be in any of the forms listed in Table 1.
Most of the expression forms shown are straightforward, and
have been included here only for completeness. The last
expression type, i.e., flattening, deserves some attention.

Often, we want to eliminate nesting in data. For example,
in Figure 1, we might want to flatten the set of possible
expansions of a query string into separate tuples, so that
they can be processed independently. We could also want
to flatten the final result just prior to storing it. Nesting
can be eliminated by the use of the FLATTEN keyword in the
GENERATE clause. Flattening operates on bags by extracting
the fields of the tuples in the bag, and making them fields
of the tuple being output by GENERATE, thus removing one
level of nesting. For example, the output of the following
command is shown as the second step in Figure 1.

expanded_queries = FOREACH queries GENERATE
userId, FLATTEN(expandQuery(queryString));

3.4 Discarding Unwanted Data: FILTER
Another very common operation is to retain only some

subset of the data that is of interest, while discarding the
rest. This operation is done by the FILTER command. For
example, to get rid of bot traffic in the bag queries:

real_queries = FILTER queries BY userId neq ‘bot’;

The operator neq in the above example is used to signify
string comparison, as opposed to numeric comparison which
is specified via ==. Filtering conditions in Pig Latin can
involve a combination of expressions (Table 1), comparison
operators such as ==, eq, !=, neq, and the logical connec-
tors AND, OR, and NOT.

Since arbitrary expressions are allowed, it follows that we
can use UDFs while filtering. Thus, in our less ideal world,
where bots don’t identify themselves, we can use a sophisti-
cated UDF (isBot) to perform the filtering, e.g.,

real_queries =
FILTER queries BY NOT isBot(userId);

3.5 Getting Related Data Together: COGROUP
Per-tuple processing only takes us so far. It is often nec-

essary to group together tuples from one or more data sets,
that are related in some way, so that they can subsequently
be processed together. This grouping operation is done by
the COGROUP command. For example, suppose we have two
data sets that we have specified through a LOAD command:

results: (queryString, url, position)
revenue: (queryString, adSlot, amount)

results contains, for different query strings, the urls shown
as search results, and the position at which they were shown.
revenue contains, for different query strings, and different

Figure 1: Example of flattening in FOREACH.

The above command specifies the following:

• The input file is query_log.txt.

• The input file should be converted into tuples by using
the custom myLoad deserializer.

• The loaded tuples have three fields named userId,
queryString, and timestamp.

Both the USING clause (the custom deserializer) and the
AS clause (the schema information) are optional. If no de-
serializer is specified, a default one, that expects a plain
text, tab-delimited file, is used. If no schema is specified,
fields must be referred to by position instead of by name
(e.g., $0 for the first field). The ability to operate over plain
text files, and the ability to specify schema information on
the fly or not at all, allows the user to get started quickly
(Section 2.2). To aid readability, it is desirable to include
schemas while writing large Pig Latin programs.

The return value of a LOAD command is a handle to a
bag which, in the above example, is assigned to the variable
queries. This variable can then be used as an input in sub-
sequent Pig Latin commands. Note that the LOAD command
does not imply database-style loading into tables. Bag han-
dles in Pig Latin are only logical—the LOAD command merely
specifies what the input file is, and how it should be read.
No data is actually read, and no processing carried out, until
the user explicitly asks for output (see STORE command in
Section 3.8).

3.3 Per-tuple Processing: FOREACH
Once input data file(s) have been specified through LOAD,

one can specify the processing that needs to be carried out
on the data. One of the basic operations is that of applying
some processing to every tuple of a data set. This is achieved
through the FOREACH command. For example,

expanded_queries = FOREACH queries GENERATE
userId, expandQuery(queryString);

The above command specifies that each tuple of the bag
queries (loaded in the previous section) should be processed
independently to produce an output tuple. The first field of
the output tuple is the userId field of the input tuple, and
the second field of the output tuple is the result of applying
the UDF expandQuery to the queryString field of the input
tuple. Suppose the UDF expandQuery generates a bag of
likely expansions of a given query string. Then an exam-
ple transformation carried out by the above statement is as
shown in the first step of Figure 1.

Note that the semantics of the FOREACH command are such
that there can be no dependence between the processing of
different tuples of the input, thereby permitting an efficient
parallel implementation. These semantics conform to our
goal of only having parallelizable operations (Section 2.5).

In general, the GENERATE clause can be followed by a list of
expressions that can be in any of the forms listed in Table 1.
Most of the expression forms shown are straightforward, and
have been included here only for completeness. The last
expression type, i.e., flattening, deserves some attention.

Often, we want to eliminate nesting in data. For example,
in Figure 1, we might want to flatten the set of possible
expansions of a query string into separate tuples, so that
they can be processed independently. We could also want
to flatten the final result just prior to storing it. Nesting
can be eliminated by the use of the FLATTEN keyword in the
GENERATE clause. Flattening operates on bags by extracting
the fields of the tuples in the bag, and making them fields
of the tuple being output by GENERATE, thus removing one
level of nesting. For example, the output of the following
command is shown as the second step in Figure 1.

expanded_queries = FOREACH queries GENERATE
userId, FLATTEN(expandQuery(queryString));

3.4 Discarding Unwanted Data: FILTER
Another very common operation is to retain only some

subset of the data that is of interest, while discarding the
rest. This operation is done by the FILTER command. For
example, to get rid of bot traffic in the bag queries:

real_queries = FILTER queries BY userId neq ‘bot’;

The operator neq in the above example is used to signify
string comparison, as opposed to numeric comparison which
is specified via ==. Filtering conditions in Pig Latin can
involve a combination of expressions (Table 1), comparison
operators such as ==, eq, !=, neq, and the logical connec-
tors AND, OR, and NOT.

Since arbitrary expressions are allowed, it follows that we
can use UDFs while filtering. Thus, in our less ideal world,
where bots don’t identify themselves, we can use a sophisti-
cated UDF (isBot) to perform the filtering, e.g.,

real_queries =
FILTER queries BY NOT isBot(userId);

3.5 Getting Related Data Together: COGROUP
Per-tuple processing only takes us so far. It is often nec-

essary to group together tuples from one or more data sets,
that are related in some way, so that they can subsequently
be processed together. This grouping operation is done by
the COGROUP command. For example, suppose we have two
data sets that we have specified through a LOAD command:

results: (queryString, url, position)
revenue: (queryString, adSlot, amount)

results contains, for different query strings, the urls shown
as search results, and the position at which they were shown.
revenue contains, for different query strings, and different
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advertisement slots, the average amount of revenue made by
the advertisements for that query string at that slot. Then
to group together all search result data and revenue data for
the same query string, we can write:

grouped_data = COGROUP results BY queryString,
revenue BY queryString;

Figure 2 shows what a tuple in grouped_data looks like.
In general, the output of a COGROUP contains one tuple for
each group. The first field of the tuple (named group) is the
group identifier (in this case, the value of the queryString
field). Each of the next fields is a bag, one for each input
being cogrouped, and is named the same as the alias of that
input. The ith bag contains all tuples from the ith input
belonging to that group. As in the case of filtering, grouping
can also be performed according to arbitrary expressions
which may include UDFs.

The reader may wonder why a COGROUP primitive is needed
at all, since a very similar primitive is provided by the fa-
miliar, well-understood, JOIN operation in databases. For
comparison, Figure 2 also shows the result of joining our
data sets on queryString. It is evident that JOIN is equiv-
alent to COGROUP, followed by taking a cross product of the
tuples in the nested bags. While joins are widely applicable,
certain custom processing might require access to the tuples
of the groups before the cross-product is taken, as shown by
the following example.

Example 3. Suppose we were trying to attribute search
revenue to search-result urls to figure out the monetary worth
of each url. We might have a sophisticated model for doing
so. To accomplish this task in Pig Latin, we can follow the
COGROUP with the following statement:

url_revenues = FOREACH grouped_data GENERATE
FLATTEN(distributeRevenue(results, revenue));

where distributeRevenue is a UDF that accepts search re-
sults and revenue information for a query string at a time,
and outputs a bag of urls and the revenue attributed to them.
For example, distributeRevenue might attribute revenue
from the top slot entirely to the first search result, while the
revenue from the side slot may be attributed equally to all
the results. In this case, the output of the above statement
for our example data is shown in Figure 2.

To specify the same operation in SQL, one would have
to join by queryString, then group by queryString, and
then apply a custom aggregation function. But while doing
the join, the system would compute the cross product of the
search and revenue information, which the custom aggre-
gation function would then have to undo. Thus, the whole
process become quite inefficient, and the query becomes hard
to read and understand.

To reiterate, the COGROUP statement illustrates a key dif-
ference between Pig Latin and SQL. The COGROUP state-
ments conforms to our goal of having an algebraic language,
where each step carries out only a single transformation
(Section 2.1). COGROUP carries out only the operation of
grouping together tuples into nested bags. The user can
subsequently choose to apply either an aggregation function
on those tuples, or cross-product them to get the join result,
or process it in a custom way as in Example 3. In SQL,
grouping is available only bundled with either aggregation
(group-by-aggregate queries), or with cross-producting (the
JOIN operation). Users find this additional flexibility of Pig
Latin over SQL quite attractive, e.g.,

“I frankly like pig much better than SQL in some
respects (group + optional flatten works better
for me, I love nested data structures).”
– Ted Dunning, Chief Scientist, Veoh Networks

Note that it is our nested data model that allows us to
have COGROUP as an independent operation—the input tu-
ples are grouped together and put in nested bags. Such
a primitive is not possible in SQL since the data model is
flat. Of course, such a nested model raises serious concerns
about efficiency of implementation: since groups can be very
large (bigger than main memory, perhaps), we might build
up gigantic tuples, which have these enormous nested bags
within them. We address these efficiency concerns in our
implementation section (Section 4).

3.5.1 Special Case of COGROUP: GROUP
A common special case of COGROUP is when there is only

one data set involved. In this case, we can use the alter-
native, more intuitive keyword GROUP. Continuing with our
example, if we wanted to find the total revenue for each
query string, (a typical group-by-aggregate query), we can
write it as follows:

Getting Related Data Together: CoGroup

 clusters/groups similar data together
 input may be one or more data sets:
 for instance, assume two inputs:

 cogroup them with the command:
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Figure 1: Example of flattening in FOREACH.

The above command specifies the following:

• The input file is query_log.txt.

• The input file should be converted into tuples by using
the custom myLoad deserializer.

• The loaded tuples have three fields named userId,
queryString, and timestamp.

Both the USING clause (the custom deserializer) and the
AS clause (the schema information) are optional. If no de-
serializer is specified, a default one, that expects a plain
text, tab-delimited file, is used. If no schema is specified,
fields must be referred to by position instead of by name
(e.g., $0 for the first field). The ability to operate over plain
text files, and the ability to specify schema information on
the fly or not at all, allows the user to get started quickly
(Section 2.2). To aid readability, it is desirable to include
schemas while writing large Pig Latin programs.

The return value of a LOAD command is a handle to a
bag which, in the above example, is assigned to the variable
queries. This variable can then be used as an input in sub-
sequent Pig Latin commands. Note that the LOAD command
does not imply database-style loading into tables. Bag han-
dles in Pig Latin are only logical—the LOAD command merely
specifies what the input file is, and how it should be read.
No data is actually read, and no processing carried out, until
the user explicitly asks for output (see STORE command in
Section 3.8).

3.3 Per-tuple Processing: FOREACH
Once input data file(s) have been specified through LOAD,

one can specify the processing that needs to be carried out
on the data. One of the basic operations is that of applying
some processing to every tuple of a data set. This is achieved
through the FOREACH command. For example,

expanded_queries = FOREACH queries GENERATE
userId, expandQuery(queryString);

The above command specifies that each tuple of the bag
queries (loaded in the previous section) should be processed
independently to produce an output tuple. The first field of
the output tuple is the userId field of the input tuple, and
the second field of the output tuple is the result of applying
the UDF expandQuery to the queryString field of the input
tuple. Suppose the UDF expandQuery generates a bag of
likely expansions of a given query string. Then an exam-
ple transformation carried out by the above statement is as
shown in the first step of Figure 1.

Note that the semantics of the FOREACH command are such
that there can be no dependence between the processing of
different tuples of the input, thereby permitting an efficient
parallel implementation. These semantics conform to our
goal of only having parallelizable operations (Section 2.5).

In general, the GENERATE clause can be followed by a list of
expressions that can be in any of the forms listed in Table 1.
Most of the expression forms shown are straightforward, and
have been included here only for completeness. The last
expression type, i.e., flattening, deserves some attention.

Often, we want to eliminate nesting in data. For example,
in Figure 1, we might want to flatten the set of possible
expansions of a query string into separate tuples, so that
they can be processed independently. We could also want
to flatten the final result just prior to storing it. Nesting
can be eliminated by the use of the FLATTEN keyword in the
GENERATE clause. Flattening operates on bags by extracting
the fields of the tuples in the bag, and making them fields
of the tuple being output by GENERATE, thus removing one
level of nesting. For example, the output of the following
command is shown as the second step in Figure 1.

expanded_queries = FOREACH queries GENERATE
userId, FLATTEN(expandQuery(queryString));

3.4 Discarding Unwanted Data: FILTER
Another very common operation is to retain only some

subset of the data that is of interest, while discarding the
rest. This operation is done by the FILTER command. For
example, to get rid of bot traffic in the bag queries:

real_queries = FILTER queries BY userId neq ‘bot’;

The operator neq in the above example is used to signify
string comparison, as opposed to numeric comparison which
is specified via ==. Filtering conditions in Pig Latin can
involve a combination of expressions (Table 1), comparison
operators such as ==, eq, !=, neq, and the logical connec-
tors AND, OR, and NOT.

Since arbitrary expressions are allowed, it follows that we
can use UDFs while filtering. Thus, in our less ideal world,
where bots don’t identify themselves, we can use a sophisti-
cated UDF (isBot) to perform the filtering, e.g.,

real_queries =
FILTER queries BY NOT isBot(userId);

3.5 Getting Related Data Together: COGROUP
Per-tuple processing only takes us so far. It is often nec-

essary to group together tuples from one or more data sets,
that are related in some way, so that they can subsequently
be processed together. This grouping operation is done by
the COGROUP command. For example, suppose we have two
data sets that we have specified through a LOAD command:

results: (queryString, url, position)
revenue: (queryString, adSlot, amount)

results contains, for different query strings, the urls shown
as search results, and the position at which they were shown.
revenue contains, for different query strings, and different
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advertisement slots, the average amount of revenue made by
the advertisements for that query string at that slot. Then
to group together all search result data and revenue data for
the same query string, we can write:

grouped_data = COGROUP results BY queryString,
revenue BY queryString;

Figure 2 shows what a tuple in grouped_data looks like.
In general, the output of a COGROUP contains one tuple for
each group. The first field of the tuple (named group) is the
group identifier (in this case, the value of the queryString
field). Each of the next fields is a bag, one for each input
being cogrouped, and is named the same as the alias of that
input. The ith bag contains all tuples from the ith input
belonging to that group. As in the case of filtering, grouping
can also be performed according to arbitrary expressions
which may include UDFs.

The reader may wonder why a COGROUP primitive is needed
at all, since a very similar primitive is provided by the fa-
miliar, well-understood, JOIN operation in databases. For
comparison, Figure 2 also shows the result of joining our
data sets on queryString. It is evident that JOIN is equiv-
alent to COGROUP, followed by taking a cross product of the
tuples in the nested bags. While joins are widely applicable,
certain custom processing might require access to the tuples
of the groups before the cross-product is taken, as shown by
the following example.

Example 3. Suppose we were trying to attribute search
revenue to search-result urls to figure out the monetary worth
of each url. We might have a sophisticated model for doing
so. To accomplish this task in Pig Latin, we can follow the
COGROUP with the following statement:

url_revenues = FOREACH grouped_data GENERATE
FLATTEN(distributeRevenue(results, revenue));

where distributeRevenue is a UDF that accepts search re-
sults and revenue information for a query string at a time,
and outputs a bag of urls and the revenue attributed to them.
For example, distributeRevenue might attribute revenue
from the top slot entirely to the first search result, while the
revenue from the side slot may be attributed equally to all
the results. In this case, the output of the above statement
for our example data is shown in Figure 2.

To specify the same operation in SQL, one would have
to join by queryString, then group by queryString, and
then apply a custom aggregation function. But while doing
the join, the system would compute the cross product of the
search and revenue information, which the custom aggre-
gation function would then have to undo. Thus, the whole
process become quite inefficient, and the query becomes hard
to read and understand.

To reiterate, the COGROUP statement illustrates a key dif-
ference between Pig Latin and SQL. The COGROUP state-
ments conforms to our goal of having an algebraic language,
where each step carries out only a single transformation
(Section 2.1). COGROUP carries out only the operation of
grouping together tuples into nested bags. The user can
subsequently choose to apply either an aggregation function
on those tuples, or cross-product them to get the join result,
or process it in a custom way as in Example 3. In SQL,
grouping is available only bundled with either aggregation
(group-by-aggregate queries), or with cross-producting (the
JOIN operation). Users find this additional flexibility of Pig
Latin over SQL quite attractive, e.g.,

“I frankly like pig much better than SQL in some
respects (group + optional flatten works better
for me, I love nested data structures).”
– Ted Dunning, Chief Scientist, Veoh Networks

Note that it is our nested data model that allows us to
have COGROUP as an independent operation—the input tu-
ples are grouped together and put in nested bags. Such
a primitive is not possible in SQL since the data model is
flat. Of course, such a nested model raises serious concerns
about efficiency of implementation: since groups can be very
large (bigger than main memory, perhaps), we might build
up gigantic tuples, which have these enormous nested bags
within them. We address these efficiency concerns in our
implementation section (Section 4).

3.5.1 Special Case of COGROUP: GROUP
A common special case of COGROUP is when there is only

one data set involved. In this case, we can use the alter-
native, more intuitive keyword GROUP. Continuing with our
example, if we wanted to find the total revenue for each
query string, (a typical group-by-aggregate query), we can
write it as follows:

CoGroup
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 cogroup generates one tuple for each group
 first field: group identifier, here: query string
 next field: bag from first input with occurrences
 i-th field: bag from i-th input with occurrences
 cogrouping of multiple data sets

Figure 2: COGROUP versus JOIN.

advertisement slots, the average amount of revenue made by
the advertisements for that query string at that slot. Then
to group together all search result data and revenue data for
the same query string, we can write:

grouped_data = COGROUP results BY queryString,
revenue BY queryString;

Figure 2 shows what a tuple in grouped_data looks like.
In general, the output of a COGROUP contains one tuple for
each group. The first field of the tuple (named group) is the
group identifier (in this case, the value of the queryString
field). Each of the next fields is a bag, one for each input
being cogrouped, and is named the same as the alias of that
input. The ith bag contains all tuples from the ith input
belonging to that group. As in the case of filtering, grouping
can also be performed according to arbitrary expressions
which may include UDFs.

The reader may wonder why a COGROUP primitive is needed
at all, since a very similar primitive is provided by the fa-
miliar, well-understood, JOIN operation in databases. For
comparison, Figure 2 also shows the result of joining our
data sets on queryString. It is evident that JOIN is equiv-
alent to COGROUP, followed by taking a cross product of the
tuples in the nested bags. While joins are widely applicable,
certain custom processing might require access to the tuples
of the groups before the cross-product is taken, as shown by
the following example.

Example 3. Suppose we were trying to attribute search
revenue to search-result urls to figure out the monetary worth
of each url. We might have a sophisticated model for doing
so. To accomplish this task in Pig Latin, we can follow the
COGROUP with the following statement:

url_revenues = FOREACH grouped_data GENERATE
FLATTEN(distributeRevenue(results, revenue));

where distributeRevenue is a UDF that accepts search re-
sults and revenue information for a query string at a time,
and outputs a bag of urls and the revenue attributed to them.
For example, distributeRevenue might attribute revenue
from the top slot entirely to the first search result, while the
revenue from the side slot may be attributed equally to all
the results. In this case, the output of the above statement
for our example data is shown in Figure 2.

To specify the same operation in SQL, one would have
to join by queryString, then group by queryString, and
then apply a custom aggregation function. But while doing
the join, the system would compute the cross product of the
search and revenue information, which the custom aggre-
gation function would then have to undo. Thus, the whole
process become quite inefficient, and the query becomes hard
to read and understand.

To reiterate, the COGROUP statement illustrates a key dif-
ference between Pig Latin and SQL. The COGROUP state-
ments conforms to our goal of having an algebraic language,
where each step carries out only a single transformation
(Section 2.1). COGROUP carries out only the operation of
grouping together tuples into nested bags. The user can
subsequently choose to apply either an aggregation function
on those tuples, or cross-product them to get the join result,
or process it in a custom way as in Example 3. In SQL,
grouping is available only bundled with either aggregation
(group-by-aggregate queries), or with cross-producting (the
JOIN operation). Users find this additional flexibility of Pig
Latin over SQL quite attractive, e.g.,

“I frankly like pig much better than SQL in some
respects (group + optional flatten works better
for me, I love nested data structures).”
– Ted Dunning, Chief Scientist, Veoh Networks

Note that it is our nested data model that allows us to
have COGROUP as an independent operation—the input tu-
ples are grouped together and put in nested bags. Such
a primitive is not possible in SQL since the data model is
flat. Of course, such a nested model raises serious concerns
about efficiency of implementation: since groups can be very
large (bigger than main memory, perhaps), we might build
up gigantic tuples, which have these enormous nested bags
within them. We address these efficiency concerns in our
implementation section (Section 4).

3.5.1 Special Case of COGROUP: GROUP
A common special case of COGROUP is when there is only

one data set involved. In this case, we can use the alter-
native, more intuitive keyword GROUP. Continuing with our
example, if we wanted to find the total revenue for each
query string, (a typical group-by-aggregate query), we can
write it as follows:
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advertisement slots, the average amount of revenue made by
the advertisements for that query string at that slot. Then
to group together all search result data and revenue data for
the same query string, we can write:

grouped_data = COGROUP results BY queryString,
revenue BY queryString;

Figure 2 shows what a tuple in grouped_data looks like.
In general, the output of a COGROUP contains one tuple for
each group. The first field of the tuple (named group) is the
group identifier (in this case, the value of the queryString
field). Each of the next fields is a bag, one for each input
being cogrouped, and is named the same as the alias of that
input. The ith bag contains all tuples from the ith input
belonging to that group. As in the case of filtering, grouping
can also be performed according to arbitrary expressions
which may include UDFs.

The reader may wonder why a COGROUP primitive is needed
at all, since a very similar primitive is provided by the fa-
miliar, well-understood, JOIN operation in databases. For
comparison, Figure 2 also shows the result of joining our
data sets on queryString. It is evident that JOIN is equiv-
alent to COGROUP, followed by taking a cross product of the
tuples in the nested bags. While joins are widely applicable,
certain custom processing might require access to the tuples
of the groups before the cross-product is taken, as shown by
the following example.

Example 3. Suppose we were trying to attribute search
revenue to search-result urls to figure out the monetary worth
of each url. We might have a sophisticated model for doing
so. To accomplish this task in Pig Latin, we can follow the
COGROUP with the following statement:

url_revenues = FOREACH grouped_data GENERATE
FLATTEN(distributeRevenue(results, revenue));

where distributeRevenue is a UDF that accepts search re-
sults and revenue information for a query string at a time,
and outputs a bag of urls and the revenue attributed to them.
For example, distributeRevenue might attribute revenue
from the top slot entirely to the first search result, while the
revenue from the side slot may be attributed equally to all
the results. In this case, the output of the above statement
for our example data is shown in Figure 2.

To specify the same operation in SQL, one would have
to join by queryString, then group by queryString, and
then apply a custom aggregation function. But while doing
the join, the system would compute the cross product of the
search and revenue information, which the custom aggre-
gation function would then have to undo. Thus, the whole
process become quite inefficient, and the query becomes hard
to read and understand.

To reiterate, the COGROUP statement illustrates a key dif-
ference between Pig Latin and SQL. The COGROUP state-
ments conforms to our goal of having an algebraic language,
where each step carries out only a single transformation
(Section 2.1). COGROUP carries out only the operation of
grouping together tuples into nested bags. The user can
subsequently choose to apply either an aggregation function
on those tuples, or cross-product them to get the join result,
or process it in a custom way as in Example 3. In SQL,
grouping is available only bundled with either aggregation
(group-by-aggregate queries), or with cross-producting (the
JOIN operation). Users find this additional flexibility of Pig
Latin over SQL quite attractive, e.g.,

“I frankly like pig much better than SQL in some
respects (group + optional flatten works better
for me, I love nested data structures).”
– Ted Dunning, Chief Scientist, Veoh Networks

Note that it is our nested data model that allows us to
have COGROUP as an independent operation—the input tu-
ples are grouped together and put in nested bags. Such
a primitive is not possible in SQL since the data model is
flat. Of course, such a nested model raises serious concerns
about efficiency of implementation: since groups can be very
large (bigger than main memory, perhaps), we might build
up gigantic tuples, which have these enormous nested bags
within them. We address these efficiency concerns in our
implementation section (Section 4).

3.5.1 Special Case of COGROUP: GROUP
A common special case of COGROUP is when there is only

one data set involved. In this case, we can use the alter-
native, more intuitive keyword GROUP. Continuing with our
example, if we wanted to find the total revenue for each
query string, (a typical group-by-aggregate query), we can
write it as follows:

CoGroup and Join

 cogroup similar to a join
 difference: cogroup does not compute cross product on bags! 
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grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue GENERATE

queryString,
SUM(revenue.amount) AS totalRevenue;

In the second statement above, revenue.amount refers
to a projection of the nested bag in the tuples of
grouped_revenue. Also, as in SQL, the AS clause is used
to assign names to fields on the fly.

To group all tuples of a data set together (e.g., to com-
pute the overall total revenue), one uses the syntax GROUP
revenue ALL.

3.5.2 JOIN in Pig Latin
Not all users need the flexibility offered by COGROUP. In

many cases, all that is required is a regular equi-join. Thus,
Pig Latin provides a JOIN keyword for equi-joins. For ex-
ample,

join_result = JOIN results BY queryString,
revenue BY queryString;

It is easy to verify that JOIN is only a syntactic shortcut
for COGROUP followed by flattening. The above join command
is equivalent to:

temp_var = COGROUP results BY queryString,
revenue BY queryString;

join_result = FOREACH temp_var GENERATE
FLATTEN(results), FLATTEN(revenue);

3.5.3 Map-Reduce in Pig Latin
With the GROUP and FOREACH statements, it is trivial to

express a map-reduce [4] program in Pig Latin. Converting
to our data-model terminology, a map function operates on
one input tuple at a time, and outputs a bag of key-value
pairs. The reduce function then operates on all values for a
key at a time to produce the final result. In Pig Latin,

map_result = FOREACH input GENERATE FLATTEN(map(*));
key_groups = GROUP map_result BY $0;

output = FOREACH key_groups GENERATE reduce(*);

The first line applies the map UDF to every tuple on the
input, and flattens the bag of key value pairs that it pro-
duces. (We use the shorthand * as in SQL to denote that
all the fields of the input tuples are passed to the map UDF.)
Assuming the first field of the map output to be the key, the
second statement groups by key. The third statement then
passes the bag of values for every key to the reduce UDF to
obtain the final result.

3.6 Other Commands
Pig Latin has a number of other commands that are very

similar to their SQL counterparts. These are:

1. UNION: Returns the union of two or more bags.

2. CROSS: Returns the cross product of two or more bags.

3. ORDER: Orders a bag by the specified field(s).

4. DISTINCT: Eliminates duplicate tuples in a bag. This
command is just a shortcut for grouping the bag by all
fields, and then projecting out the groups.

These commands are used as one would expect. For exam-
ple, continuing with the example of Section 3.5.1, to order
the query strings by their revenue:

ordered_result = ORDER query_revenues BY
totalRevenue;

3.7 Nested Operations
Each of the Pig Latin processing commands described so

far operate over one or more bags of tuples as input. As
illustrated in the previous sections, these commands collec-
tively form a very powerful language. When we have nested
bags within tuples, either as a result of (co)grouping, or due
to the base data being nested, we might want to harness the
same power of Pig Latin to process even these nested bags.
To allow such processing, Pig Latin allows some commands
to be nested within a FOREACH command.

For example, continuing with the data set of Section 3.5,
suppose we wanted to compute for each queryString, the
total revenue due to the ‘top’ ad slot, and also the overall
total revenue. This can be written in Pig Latin as follows:

grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue{

top_slot = FILTER revenue BY
adSlot eq ‘top’;

GENERATE queryString,
SUM(top_slot.amount),
SUM(revenue.amount);

};

In the above Pig Latin fragment, revenue is first grouped
by queryString as before. Then each group is processed
by a FOREACH command, within which is a FILTER com-
mand that operates on the nested bags on the tuples of
grouped_revenue. Finally the GENERATE statement within
the FOREACH outputs the required fields.

At present, we only allow FILTER, ORDER, and DISTINCT
to be nested within FOREACH. In the future, as need arises,
we might allow other constructs to be nested as well.

3.8 Asking for Output: STORE
The user can ask for the result of a Pig Latin expression

sequence to be materialized to a file, by issuing the STORE
command, e.g.,

STORE query_revenues INTO ‘myoutput’
USING myStore();

The above command specifies that bag query_revenues
should be serialized to the file myoutput using the custom
serializer myStore. As with LOAD, the USING clause may be
omitted for a default serializer that writes plain text, tab-
delimited files. Our system also comes with a built-in serial-
izer/deserializer that can load/store arbitrarily nested data.

4. IMPLEMENTATION
Pig Latin is fully implemented by our system, Pig. Pig

is architected to allow different systems to be plugged in as
the execution platform for Pig Latin. Our current imple-
mentation uses Hadoop [10], an open-source, scalable imple-
mentation of map-reduce [4], as the execution platform. Pig
Latin programs are compiled into map-reduce jobs, and exe-
cuted using Hadoop. Pig, along with its Hadoop compiler, is
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writing an explicit join as:

 ...is just a syntactic shortcut for a COGROUP followed by 
flattening:

 flattening both groups returns cross product for each cogroup
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grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue GENERATE

queryString,
SUM(revenue.amount) AS totalRevenue;

In the second statement above, revenue.amount refers
to a projection of the nested bag in the tuples of
grouped_revenue. Also, as in SQL, the AS clause is used
to assign names to fields on the fly.

To group all tuples of a data set together (e.g., to com-
pute the overall total revenue), one uses the syntax GROUP
revenue ALL.

3.5.2 JOIN in Pig Latin
Not all users need the flexibility offered by COGROUP. In

many cases, all that is required is a regular equi-join. Thus,
Pig Latin provides a JOIN keyword for equi-joins. For ex-
ample,

join_result = JOIN results BY queryString,
revenue BY queryString;

It is easy to verify that JOIN is only a syntactic shortcut
for COGROUP followed by flattening. The above join command
is equivalent to:

temp_var = COGROUP results BY queryString,
revenue BY queryString;

join_result = FOREACH temp_var GENERATE
FLATTEN(results), FLATTEN(revenue);

3.5.3 Map-Reduce in Pig Latin
With the GROUP and FOREACH statements, it is trivial to

express a map-reduce [4] program in Pig Latin. Converting
to our data-model terminology, a map function operates on
one input tuple at a time, and outputs a bag of key-value
pairs. The reduce function then operates on all values for a
key at a time to produce the final result. In Pig Latin,

map_result = FOREACH input GENERATE FLATTEN(map(*));
key_groups = GROUP map_result BY $0;

output = FOREACH key_groups GENERATE reduce(*);

The first line applies the map UDF to every tuple on the
input, and flattens the bag of key value pairs that it pro-
duces. (We use the shorthand * as in SQL to denote that
all the fields of the input tuples are passed to the map UDF.)
Assuming the first field of the map output to be the key, the
second statement groups by key. The third statement then
passes the bag of values for every key to the reduce UDF to
obtain the final result.

3.6 Other Commands
Pig Latin has a number of other commands that are very

similar to their SQL counterparts. These are:

1. UNION: Returns the union of two or more bags.

2. CROSS: Returns the cross product of two or more bags.

3. ORDER: Orders a bag by the specified field(s).

4. DISTINCT: Eliminates duplicate tuples in a bag. This
command is just a shortcut for grouping the bag by all
fields, and then projecting out the groups.

These commands are used as one would expect. For exam-
ple, continuing with the example of Section 3.5.1, to order
the query strings by their revenue:

ordered_result = ORDER query_revenues BY
totalRevenue;

3.7 Nested Operations
Each of the Pig Latin processing commands described so

far operate over one or more bags of tuples as input. As
illustrated in the previous sections, these commands collec-
tively form a very powerful language. When we have nested
bags within tuples, either as a result of (co)grouping, or due
to the base data being nested, we might want to harness the
same power of Pig Latin to process even these nested bags.
To allow such processing, Pig Latin allows some commands
to be nested within a FOREACH command.

For example, continuing with the data set of Section 3.5,
suppose we wanted to compute for each queryString, the
total revenue due to the ‘top’ ad slot, and also the overall
total revenue. This can be written in Pig Latin as follows:

grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue{

top_slot = FILTER revenue BY
adSlot eq ‘top’;

GENERATE queryString,
SUM(top_slot.amount),
SUM(revenue.amount);

};

In the above Pig Latin fragment, revenue is first grouped
by queryString as before. Then each group is processed
by a FOREACH command, within which is a FILTER com-
mand that operates on the nested bags on the tuples of
grouped_revenue. Finally the GENERATE statement within
the FOREACH outputs the required fields.

At present, we only allow FILTER, ORDER, and DISTINCT
to be nested within FOREACH. In the future, as need arises,
we might allow other constructs to be nested as well.

3.8 Asking for Output: STORE
The user can ask for the result of a Pig Latin expression

sequence to be materialized to a file, by issuing the STORE
command, e.g.,

STORE query_revenues INTO ‘myoutput’
USING myStore();

The above command specifies that bag query_revenues
should be serialized to the file myoutput using the custom
serializer myStore. As with LOAD, the USING clause may be
omitted for a default serializer that writes plain text, tab-
delimited files. Our system also comes with a built-in serial-
izer/deserializer that can load/store arbitrarily nested data.

4. IMPLEMENTATION
Pig Latin is fully implemented by our system, Pig. Pig

is architected to allow different systems to be plugged in as
the execution platform for Pig Latin. Our current imple-
mentation uses Hadoop [10], an open-source, scalable imple-
mentation of map-reduce [4], as the execution platform. Pig
Latin programs are compiled into map-reduce jobs, and exe-
cuted using Hadoop. Pig, along with its Hadoop compiler, is

grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue GENERATE

queryString,
SUM(revenue.amount) AS totalRevenue;

In the second statement above, revenue.amount refers
to a projection of the nested bag in the tuples of
grouped_revenue. Also, as in SQL, the AS clause is used
to assign names to fields on the fly.

To group all tuples of a data set together (e.g., to com-
pute the overall total revenue), one uses the syntax GROUP
revenue ALL.

3.5.2 JOIN in Pig Latin
Not all users need the flexibility offered by COGROUP. In

many cases, all that is required is a regular equi-join. Thus,
Pig Latin provides a JOIN keyword for equi-joins. For ex-
ample,

join_result = JOIN results BY queryString,
revenue BY queryString;

It is easy to verify that JOIN is only a syntactic shortcut
for COGROUP followed by flattening. The above join command
is equivalent to:

temp_var = COGROUP results BY queryString,
revenue BY queryString;

join_result = FOREACH temp_var GENERATE
FLATTEN(results), FLATTEN(revenue);

3.5.3 Map-Reduce in Pig Latin
With the GROUP and FOREACH statements, it is trivial to

express a map-reduce [4] program in Pig Latin. Converting
to our data-model terminology, a map function operates on
one input tuple at a time, and outputs a bag of key-value
pairs. The reduce function then operates on all values for a
key at a time to produce the final result. In Pig Latin,

map_result = FOREACH input GENERATE FLATTEN(map(*));
key_groups = GROUP map_result BY $0;

output = FOREACH key_groups GENERATE reduce(*);

The first line applies the map UDF to every tuple on the
input, and flattens the bag of key value pairs that it pro-
duces. (We use the shorthand * as in SQL to denote that
all the fields of the input tuples are passed to the map UDF.)
Assuming the first field of the map output to be the key, the
second statement groups by key. The third statement then
passes the bag of values for every key to the reduce UDF to
obtain the final result.

3.6 Other Commands
Pig Latin has a number of other commands that are very

similar to their SQL counterparts. These are:

1. UNION: Returns the union of two or more bags.

2. CROSS: Returns the cross product of two or more bags.

3. ORDER: Orders a bag by the specified field(s).

4. DISTINCT: Eliminates duplicate tuples in a bag. This
command is just a shortcut for grouping the bag by all
fields, and then projecting out the groups.

These commands are used as one would expect. For exam-
ple, continuing with the example of Section 3.5.1, to order
the query strings by their revenue:

ordered_result = ORDER query_revenues BY
totalRevenue;

3.7 Nested Operations
Each of the Pig Latin processing commands described so

far operate over one or more bags of tuples as input. As
illustrated in the previous sections, these commands collec-
tively form a very powerful language. When we have nested
bags within tuples, either as a result of (co)grouping, or due
to the base data being nested, we might want to harness the
same power of Pig Latin to process even these nested bags.
To allow such processing, Pig Latin allows some commands
to be nested within a FOREACH command.

For example, continuing with the data set of Section 3.5,
suppose we wanted to compute for each queryString, the
total revenue due to the ‘top’ ad slot, and also the overall
total revenue. This can be written in Pig Latin as follows:

grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue{

top_slot = FILTER revenue BY
adSlot eq ‘top’;

GENERATE queryString,
SUM(top_slot.amount),
SUM(revenue.amount);

};

In the above Pig Latin fragment, revenue is first grouped
by queryString as before. Then each group is processed
by a FOREACH command, within which is a FILTER com-
mand that operates on the nested bags on the tuples of
grouped_revenue. Finally the GENERATE statement within
the FOREACH outputs the required fields.

At present, we only allow FILTER, ORDER, and DISTINCT
to be nested within FOREACH. In the future, as need arises,
we might allow other constructs to be nested as well.

3.8 Asking for Output: STORE
The user can ask for the result of a Pig Latin expression

sequence to be materialized to a file, by issuing the STORE
command, e.g.,

STORE query_revenues INTO ‘myoutput’
USING myStore();

The above command specifies that bag query_revenues
should be serialized to the file myoutput using the custom
serializer myStore. As with LOAD, the USING clause may be
omitted for a default serializer that writes plain text, tab-
delimited files. Our system also comes with a built-in serial-
izer/deserializer that can load/store arbitrarily nested data.

4. IMPLEMENTATION
Pig Latin is fully implemented by our system, Pig. Pig

is architected to allow different systems to be plugged in as
the execution platform for Pig Latin. Our current imple-
mentation uses Hadoop [10], an open-source, scalable imple-
mentation of map-reduce [4], as the execution platform. Pig
Latin programs are compiled into map-reduce jobs, and exe-
cuted using Hadoop. Pig, along with its Hadoop compiler, is
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advertisement slots, the average amount of revenue made by
the advertisements for that query string at that slot. Then
to group together all search result data and revenue data for
the same query string, we can write:

grouped_data = COGROUP results BY queryString,
revenue BY queryString;

Figure 2 shows what a tuple in grouped_data looks like.
In general, the output of a COGROUP contains one tuple for
each group. The first field of the tuple (named group) is the
group identifier (in this case, the value of the queryString
field). Each of the next fields is a bag, one for each input
being cogrouped, and is named the same as the alias of that
input. The ith bag contains all tuples from the ith input
belonging to that group. As in the case of filtering, grouping
can also be performed according to arbitrary expressions
which may include UDFs.

The reader may wonder why a COGROUP primitive is needed
at all, since a very similar primitive is provided by the fa-
miliar, well-understood, JOIN operation in databases. For
comparison, Figure 2 also shows the result of joining our
data sets on queryString. It is evident that JOIN is equiv-
alent to COGROUP, followed by taking a cross product of the
tuples in the nested bags. While joins are widely applicable,
certain custom processing might require access to the tuples
of the groups before the cross-product is taken, as shown by
the following example.

Example 3. Suppose we were trying to attribute search
revenue to search-result urls to figure out the monetary worth
of each url. We might have a sophisticated model for doing
so. To accomplish this task in Pig Latin, we can follow the
COGROUP with the following statement:

url_revenues = FOREACH grouped_data GENERATE
FLATTEN(distributeRevenue(results, revenue));

where distributeRevenue is a UDF that accepts search re-
sults and revenue information for a query string at a time,
and outputs a bag of urls and the revenue attributed to them.
For example, distributeRevenue might attribute revenue
from the top slot entirely to the first search result, while the
revenue from the side slot may be attributed equally to all
the results. In this case, the output of the above statement
for our example data is shown in Figure 2.

To specify the same operation in SQL, one would have
to join by queryString, then group by queryString, and
then apply a custom aggregation function. But while doing
the join, the system would compute the cross product of the
search and revenue information, which the custom aggre-
gation function would then have to undo. Thus, the whole
process become quite inefficient, and the query becomes hard
to read and understand.

To reiterate, the COGROUP statement illustrates a key dif-
ference between Pig Latin and SQL. The COGROUP state-
ments conforms to our goal of having an algebraic language,
where each step carries out only a single transformation
(Section 2.1). COGROUP carries out only the operation of
grouping together tuples into nested bags. The user can
subsequently choose to apply either an aggregation function
on those tuples, or cross-product them to get the join result,
or process it in a custom way as in Example 3. In SQL,
grouping is available only bundled with either aggregation
(group-by-aggregate queries), or with cross-producting (the
JOIN operation). Users find this additional flexibility of Pig
Latin over SQL quite attractive, e.g.,

“I frankly like pig much better than SQL in some
respects (group + optional flatten works better
for me, I love nested data structures).”
– Ted Dunning, Chief Scientist, Veoh Networks

Note that it is our nested data model that allows us to
have COGROUP as an independent operation—the input tu-
ples are grouped together and put in nested bags. Such
a primitive is not possible in SQL since the data model is
flat. Of course, such a nested model raises serious concerns
about efficiency of implementation: since groups can be very
large (bigger than main memory, perhaps), we might build
up gigantic tuples, which have these enormous nested bags
within them. We address these efficiency concerns in our
implementation section (Section 4).

3.5.1 Special Case of COGROUP: GROUP
A common special case of COGROUP is when there is only

one data set involved. In this case, we can use the alter-
native, more intuitive keyword GROUP. Continuing with our
example, if we wanted to find the total revenue for each
query string, (a typical group-by-aggregate query), we can
write it as follows:

So why make a Difference? Example:

UDF distributeRevenue() takes two bags as its input
UDF makes decisions based on seeing the entire bags
UDF generates bag as a output that is the flattened
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advertisement slots, the average amount of revenue made by
the advertisements for that query string at that slot. Then
to group together all search result data and revenue data for
the same query string, we can write:

grouped_data = COGROUP results BY queryString,
revenue BY queryString;

Figure 2 shows what a tuple in grouped_data looks like.
In general, the output of a COGROUP contains one tuple for
each group. The first field of the tuple (named group) is the
group identifier (in this case, the value of the queryString
field). Each of the next fields is a bag, one for each input
being cogrouped, and is named the same as the alias of that
input. The ith bag contains all tuples from the ith input
belonging to that group. As in the case of filtering, grouping
can also be performed according to arbitrary expressions
which may include UDFs.

The reader may wonder why a COGROUP primitive is needed
at all, since a very similar primitive is provided by the fa-
miliar, well-understood, JOIN operation in databases. For
comparison, Figure 2 also shows the result of joining our
data sets on queryString. It is evident that JOIN is equiv-
alent to COGROUP, followed by taking a cross product of the
tuples in the nested bags. While joins are widely applicable,
certain custom processing might require access to the tuples
of the groups before the cross-product is taken, as shown by
the following example.

Example 3. Suppose we were trying to attribute search
revenue to search-result urls to figure out the monetary worth
of each url. We might have a sophisticated model for doing
so. To accomplish this task in Pig Latin, we can follow the
COGROUP with the following statement:

url_revenues = FOREACH grouped_data GENERATE
FLATTEN(distributeRevenue(results, revenue));

where distributeRevenue is a UDF that accepts search re-
sults and revenue information for a query string at a time,
and outputs a bag of urls and the revenue attributed to them.
For example, distributeRevenue might attribute revenue
from the top slot entirely to the first search result, while the
revenue from the side slot may be attributed equally to all
the results. In this case, the output of the above statement
for our example data is shown in Figure 2.

To specify the same operation in SQL, one would have
to join by queryString, then group by queryString, and
then apply a custom aggregation function. But while doing
the join, the system would compute the cross product of the
search and revenue information, which the custom aggre-
gation function would then have to undo. Thus, the whole
process become quite inefficient, and the query becomes hard
to read and understand.

To reiterate, the COGROUP statement illustrates a key dif-
ference between Pig Latin and SQL. The COGROUP state-
ments conforms to our goal of having an algebraic language,
where each step carries out only a single transformation
(Section 2.1). COGROUP carries out only the operation of
grouping together tuples into nested bags. The user can
subsequently choose to apply either an aggregation function
on those tuples, or cross-product them to get the join result,
or process it in a custom way as in Example 3. In SQL,
grouping is available only bundled with either aggregation
(group-by-aggregate queries), or with cross-producting (the
JOIN operation). Users find this additional flexibility of Pig
Latin over SQL quite attractive, e.g.,

“I frankly like pig much better than SQL in some
respects (group + optional flatten works better
for me, I love nested data structures).”
– Ted Dunning, Chief Scientist, Veoh Networks

Note that it is our nested data model that allows us to
have COGROUP as an independent operation—the input tu-
ples are grouped together and put in nested bags. Such
a primitive is not possible in SQL since the data model is
flat. Of course, such a nested model raises serious concerns
about efficiency of implementation: since groups can be very
large (bigger than main memory, perhaps), we might build
up gigantic tuples, which have these enormous nested bags
within them. We address these efficiency concerns in our
implementation section (Section 4).

3.5.1 Special Case of COGROUP: GROUP
A common special case of COGROUP is when there is only

one data set involved. In this case, we can use the alter-
native, more intuitive keyword GROUP. Continuing with our
example, if we wanted to find the total revenue for each
query string, (a typical group-by-aggregate query), we can
write it as follows:



WS 08/09 Prof. Dr. Jens Dittrich / Information Systems Group / infosys.cs.uni-saarland.de

Special Case of CoGroup: Group

 special case of COGROUP
 just one data set involved!
may also use GROUP revenue ALL to group everything
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grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue GENERATE

queryString,
SUM(revenue.amount) AS totalRevenue;

In the second statement above, revenue.amount refers
to a projection of the nested bag in the tuples of
grouped_revenue. Also, as in SQL, the AS clause is used
to assign names to fields on the fly.

To group all tuples of a data set together (e.g., to com-
pute the overall total revenue), one uses the syntax GROUP
revenue ALL.

3.5.2 JOIN in Pig Latin
Not all users need the flexibility offered by COGROUP. In

many cases, all that is required is a regular equi-join. Thus,
Pig Latin provides a JOIN keyword for equi-joins. For ex-
ample,

join_result = JOIN results BY queryString,
revenue BY queryString;

It is easy to verify that JOIN is only a syntactic shortcut
for COGROUP followed by flattening. The above join command
is equivalent to:

temp_var = COGROUP results BY queryString,
revenue BY queryString;

join_result = FOREACH temp_var GENERATE
FLATTEN(results), FLATTEN(revenue);

3.5.3 Map-Reduce in Pig Latin
With the GROUP and FOREACH statements, it is trivial to

express a map-reduce [4] program in Pig Latin. Converting
to our data-model terminology, a map function operates on
one input tuple at a time, and outputs a bag of key-value
pairs. The reduce function then operates on all values for a
key at a time to produce the final result. In Pig Latin,

map_result = FOREACH input GENERATE FLATTEN(map(*));
key_groups = GROUP map_result BY $0;

output = FOREACH key_groups GENERATE reduce(*);

The first line applies the map UDF to every tuple on the
input, and flattens the bag of key value pairs that it pro-
duces. (We use the shorthand * as in SQL to denote that
all the fields of the input tuples are passed to the map UDF.)
Assuming the first field of the map output to be the key, the
second statement groups by key. The third statement then
passes the bag of values for every key to the reduce UDF to
obtain the final result.

3.6 Other Commands
Pig Latin has a number of other commands that are very

similar to their SQL counterparts. These are:

1. UNION: Returns the union of two or more bags.

2. CROSS: Returns the cross product of two or more bags.

3. ORDER: Orders a bag by the specified field(s).

4. DISTINCT: Eliminates duplicate tuples in a bag. This
command is just a shortcut for grouping the bag by all
fields, and then projecting out the groups.

These commands are used as one would expect. For exam-
ple, continuing with the example of Section 3.5.1, to order
the query strings by their revenue:

ordered_result = ORDER query_revenues BY
totalRevenue;

3.7 Nested Operations
Each of the Pig Latin processing commands described so

far operate over one or more bags of tuples as input. As
illustrated in the previous sections, these commands collec-
tively form a very powerful language. When we have nested
bags within tuples, either as a result of (co)grouping, or due
to the base data being nested, we might want to harness the
same power of Pig Latin to process even these nested bags.
To allow such processing, Pig Latin allows some commands
to be nested within a FOREACH command.

For example, continuing with the data set of Section 3.5,
suppose we wanted to compute for each queryString, the
total revenue due to the ‘top’ ad slot, and also the overall
total revenue. This can be written in Pig Latin as follows:

grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue{

top_slot = FILTER revenue BY
adSlot eq ‘top’;

GENERATE queryString,
SUM(top_slot.amount),
SUM(revenue.amount);

};

In the above Pig Latin fragment, revenue is first grouped
by queryString as before. Then each group is processed
by a FOREACH command, within which is a FILTER com-
mand that operates on the nested bags on the tuples of
grouped_revenue. Finally the GENERATE statement within
the FOREACH outputs the required fields.

At present, we only allow FILTER, ORDER, and DISTINCT
to be nested within FOREACH. In the future, as need arises,
we might allow other constructs to be nested as well.

3.8 Asking for Output: STORE
The user can ask for the result of a Pig Latin expression

sequence to be materialized to a file, by issuing the STORE
command, e.g.,

STORE query_revenues INTO ‘myoutput’
USING myStore();

The above command specifies that bag query_revenues
should be serialized to the file myoutput using the custom
serializer myStore. As with LOAD, the USING clause may be
omitted for a default serializer that writes plain text, tab-
delimited files. Our system also comes with a built-in serial-
izer/deserializer that can load/store arbitrarily nested data.

4. IMPLEMENTATION
Pig Latin is fully implemented by our system, Pig. Pig

is architected to allow different systems to be plugged in as
the execution platform for Pig Latin. Our current imple-
mentation uses Hadoop [10], an open-source, scalable imple-
mentation of map-reduce [4], as the execution platform. Pig
Latin programs are compiled into map-reduce jobs, and exe-
cuted using Hadoop. Pig, along with its Hadoop compiler, is
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 * = all fields are passed
 therefore easy to express any map/reduce task in Pig Latin
makes the intermediate grouping step explicit
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grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue GENERATE

queryString,
SUM(revenue.amount) AS totalRevenue;

In the second statement above, revenue.amount refers
to a projection of the nested bag in the tuples of
grouped_revenue. Also, as in SQL, the AS clause is used
to assign names to fields on the fly.

To group all tuples of a data set together (e.g., to com-
pute the overall total revenue), one uses the syntax GROUP
revenue ALL.

3.5.2 JOIN in Pig Latin
Not all users need the flexibility offered by COGROUP. In

many cases, all that is required is a regular equi-join. Thus,
Pig Latin provides a JOIN keyword for equi-joins. For ex-
ample,

join_result = JOIN results BY queryString,
revenue BY queryString;

It is easy to verify that JOIN is only a syntactic shortcut
for COGROUP followed by flattening. The above join command
is equivalent to:

temp_var = COGROUP results BY queryString,
revenue BY queryString;

join_result = FOREACH temp_var GENERATE
FLATTEN(results), FLATTEN(revenue);

3.5.3 Map-Reduce in Pig Latin
With the GROUP and FOREACH statements, it is trivial to

express a map-reduce [4] program in Pig Latin. Converting
to our data-model terminology, a map function operates on
one input tuple at a time, and outputs a bag of key-value
pairs. The reduce function then operates on all values for a
key at a time to produce the final result. In Pig Latin,

map_result = FOREACH input GENERATE FLATTEN(map(*));
key_groups = GROUP map_result BY $0;

output = FOREACH key_groups GENERATE reduce(*);

The first line applies the map UDF to every tuple on the
input, and flattens the bag of key value pairs that it pro-
duces. (We use the shorthand * as in SQL to denote that
all the fields of the input tuples are passed to the map UDF.)
Assuming the first field of the map output to be the key, the
second statement groups by key. The third statement then
passes the bag of values for every key to the reduce UDF to
obtain the final result.

3.6 Other Commands
Pig Latin has a number of other commands that are very

similar to their SQL counterparts. These are:

1. UNION: Returns the union of two or more bags.

2. CROSS: Returns the cross product of two or more bags.

3. ORDER: Orders a bag by the specified field(s).

4. DISTINCT: Eliminates duplicate tuples in a bag. This
command is just a shortcut for grouping the bag by all
fields, and then projecting out the groups.

These commands are used as one would expect. For exam-
ple, continuing with the example of Section 3.5.1, to order
the query strings by their revenue:

ordered_result = ORDER query_revenues BY
totalRevenue;

3.7 Nested Operations
Each of the Pig Latin processing commands described so

far operate over one or more bags of tuples as input. As
illustrated in the previous sections, these commands collec-
tively form a very powerful language. When we have nested
bags within tuples, either as a result of (co)grouping, or due
to the base data being nested, we might want to harness the
same power of Pig Latin to process even these nested bags.
To allow such processing, Pig Latin allows some commands
to be nested within a FOREACH command.

For example, continuing with the data set of Section 3.5,
suppose we wanted to compute for each queryString, the
total revenue due to the ‘top’ ad slot, and also the overall
total revenue. This can be written in Pig Latin as follows:

grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue{

top_slot = FILTER revenue BY
adSlot eq ‘top’;

GENERATE queryString,
SUM(top_slot.amount),
SUM(revenue.amount);

};

In the above Pig Latin fragment, revenue is first grouped
by queryString as before. Then each group is processed
by a FOREACH command, within which is a FILTER com-
mand that operates on the nested bags on the tuples of
grouped_revenue. Finally the GENERATE statement within
the FOREACH outputs the required fields.

At present, we only allow FILTER, ORDER, and DISTINCT
to be nested within FOREACH. In the future, as need arises,
we might allow other constructs to be nested as well.

3.8 Asking for Output: STORE
The user can ask for the result of a Pig Latin expression

sequence to be materialized to a file, by issuing the STORE
command, e.g.,

STORE query_revenues INTO ‘myoutput’
USING myStore();

The above command specifies that bag query_revenues
should be serialized to the file myoutput using the custom
serializer myStore. As with LOAD, the USING clause may be
omitted for a default serializer that writes plain text, tab-
delimited files. Our system also comes with a built-in serial-
izer/deserializer that can load/store arbitrarily nested data.

4. IMPLEMENTATION
Pig Latin is fully implemented by our system, Pig. Pig

is architected to allow different systems to be plugged in as
the execution platform for Pig Latin. Our current imple-
mentation uses Hadoop [10], an open-source, scalable imple-
mentation of map-reduce [4], as the execution platform. Pig
Latin programs are compiled into map-reduce jobs, and exe-
cuted using Hadoop. Pig, along with its Hadoop compiler, is

=map()

=reduce()

=grouping
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 puts output to a file ʻmyoutputʻ
 using optional custom serializer myStore()
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grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue GENERATE

queryString,
SUM(revenue.amount) AS totalRevenue;

In the second statement above, revenue.amount refers
to a projection of the nested bag in the tuples of
grouped_revenue. Also, as in SQL, the AS clause is used
to assign names to fields on the fly.

To group all tuples of a data set together (e.g., to com-
pute the overall total revenue), one uses the syntax GROUP
revenue ALL.

3.5.2 JOIN in Pig Latin
Not all users need the flexibility offered by COGROUP. In

many cases, all that is required is a regular equi-join. Thus,
Pig Latin provides a JOIN keyword for equi-joins. For ex-
ample,

join_result = JOIN results BY queryString,
revenue BY queryString;

It is easy to verify that JOIN is only a syntactic shortcut
for COGROUP followed by flattening. The above join command
is equivalent to:

temp_var = COGROUP results BY queryString,
revenue BY queryString;

join_result = FOREACH temp_var GENERATE
FLATTEN(results), FLATTEN(revenue);

3.5.3 Map-Reduce in Pig Latin
With the GROUP and FOREACH statements, it is trivial to

express a map-reduce [4] program in Pig Latin. Converting
to our data-model terminology, a map function operates on
one input tuple at a time, and outputs a bag of key-value
pairs. The reduce function then operates on all values for a
key at a time to produce the final result. In Pig Latin,

map_result = FOREACH input GENERATE FLATTEN(map(*));
key_groups = GROUP map_result BY $0;

output = FOREACH key_groups GENERATE reduce(*);

The first line applies the map UDF to every tuple on the
input, and flattens the bag of key value pairs that it pro-
duces. (We use the shorthand * as in SQL to denote that
all the fields of the input tuples are passed to the map UDF.)
Assuming the first field of the map output to be the key, the
second statement groups by key. The third statement then
passes the bag of values for every key to the reduce UDF to
obtain the final result.

3.6 Other Commands
Pig Latin has a number of other commands that are very

similar to their SQL counterparts. These are:

1. UNION: Returns the union of two or more bags.

2. CROSS: Returns the cross product of two or more bags.

3. ORDER: Orders a bag by the specified field(s).

4. DISTINCT: Eliminates duplicate tuples in a bag. This
command is just a shortcut for grouping the bag by all
fields, and then projecting out the groups.

These commands are used as one would expect. For exam-
ple, continuing with the example of Section 3.5.1, to order
the query strings by their revenue:

ordered_result = ORDER query_revenues BY
totalRevenue;

3.7 Nested Operations
Each of the Pig Latin processing commands described so

far operate over one or more bags of tuples as input. As
illustrated in the previous sections, these commands collec-
tively form a very powerful language. When we have nested
bags within tuples, either as a result of (co)grouping, or due
to the base data being nested, we might want to harness the
same power of Pig Latin to process even these nested bags.
To allow such processing, Pig Latin allows some commands
to be nested within a FOREACH command.

For example, continuing with the data set of Section 3.5,
suppose we wanted to compute for each queryString, the
total revenue due to the ‘top’ ad slot, and also the overall
total revenue. This can be written in Pig Latin as follows:

grouped_revenue = GROUP revenue BY queryString;
query_revenues = FOREACH grouped_revenue{

top_slot = FILTER revenue BY
adSlot eq ‘top’;

GENERATE queryString,
SUM(top_slot.amount),
SUM(revenue.amount);

};

In the above Pig Latin fragment, revenue is first grouped
by queryString as before. Then each group is processed
by a FOREACH command, within which is a FILTER com-
mand that operates on the nested bags on the tuples of
grouped_revenue. Finally the GENERATE statement within
the FOREACH outputs the required fields.

At present, we only allow FILTER, ORDER, and DISTINCT
to be nested within FOREACH. In the future, as need arises,
we might allow other constructs to be nested as well.

3.8 Asking for Output: STORE
The user can ask for the result of a Pig Latin expression

sequence to be materialized to a file, by issuing the STORE
command, e.g.,

STORE query_revenues INTO ‘myoutput’
USING myStore();

The above command specifies that bag query_revenues
should be serialized to the file myoutput using the custom
serializer myStore. As with LOAD, the USING clause may be
omitted for a default serializer that writes plain text, tab-
delimited files. Our system also comes with a built-in serial-
izer/deserializer that can load/store arbitrarily nested data.

4. IMPLEMENTATION
Pig Latin is fully implemented by our system, Pig. Pig

is architected to allow different systems to be plugged in as
the execution platform for Pig Latin. Our current imple-
mentation uses Hadoop [10], an open-source, scalable imple-
mentation of map-reduce [4], as the execution platform. Pig
Latin programs are compiled into map-reduce jobs, and exe-
cuted using Hadoop. Pig, along with its Hadoop compiler, is



Pig and Pig Latin.
Pig Execution.
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Implementation
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Compilation into Map-Reduce
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Pig versus DBMS

DBMS Pig

Bulk and random reads & 
writes; indexes, transactions

Bulk reads & writes only

System controls data format

Must pre-declare schema
Pigs eat anything

System of constraints Sequence of steps

Custom functions second-
class to logic expressions

Easy to incorporate 
custom functions

workload

data
representation

programming
style

customizable
processing
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Pig versus SQL

SQL declarative: users tells system what he wants to have
Pig Latin data-flow-graph: user tells system how the result 

could be composed
 close to imperative programming
 programmers like it
 data analysis incremental anyway
 why not write the query incrementally?

So Pig is equal to a hard-coded query execution plan?:
 no!
 does not preclude query optimization
 data flow graph is just a logical description
 may be executed differently
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Conclusions

Big demand for parallel data processing
 Emerging tools that do not look like SQL DBMS
 Programmers like dataflow pipes over static files

Map-Reduce is too low-level and rigid
 pig provides a declarative interface on top
mix of python and SQL
 open source implementation of pig available:
 pig is a hadoop sub-project
 http://hadoop.apache.org/pig/

http://hadoop.apache.org/pig/
http://hadoop.apache.org/pig/
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