
MAP-REDUCE ABSTRACTIONS 
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Abstractions On Top Of Hadoop 
•  We’ve  decomposed  some  algorithms  into  a  
map-­‐reduce  “work9low”  (series  of  map-­‐reduce  
steps)

– naive  Bayes  training

– naïve  Bayes  testing

– phrase  scoring


•  How  else  can  we  express  these  sorts  of  
computations?  Are  there  some  common  
special  cases  of  map-­‐reduce  steps  we  can  
parameterize  and  reuse?
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Abstractions On Top Of Hadoop 
•  Some  obvious  streaming  
processes:  

–  for  each  row  in  a  table


•  Transform  it  and  
output  the  result


•  Decide  if  you  want  to  
keep  it  with  some  
boolean  test,  and  copy  
out  only  the  ones  that  
pass  the  test
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Example:  stem  words  in  a  stream  
of  word-­‐count  pairs:



(“aardvarks”,1)  è  (“aardvark”,1)  


Proposed syntax:  
 
table2  =  MAP  table1    TO  λ  row  :  f(row))    


f(row)!row’ 

Example:  apply  stop  words



(“aardvark”,1)  è    (“aardvark”,1)

(“the”,1)  è  deleted


Proposed syntax:  
 
table2  =  FILTER  table1    BY  λ  row  :  f(row))    


f(row)! {true,false} 



Abstractions On Top Of Hadoop 
•  A  non-­‐obvious?  streaming  
processes:  

–  for  each  row  in  a  table


•  Transform  it  to  a  list  of  
items

•  Splice  all  the  lists  
together  to  get  the  
output  table  (9latten)
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Example:  tokenizing  a  line



“I  found  an  aardvark”  è  [“i”,  “found”,”an”,”aardvark”]

“We  love  zymurgy”  è  [“we”,”love”,”zymurgy”]



..but  9inal  table  is  one  word  per  row


“i”

“found”

“an”

“aardvark”

“we”

“love”

…


Proposed syntax:  
 
table2  =  FLATMAP  table1    TO  λ  row  :  f(row))    


f(row)!list of rows 



Abstractions On Top Of Hadoop 

•  Another  example  from  the  Naïve  Bayes  test  
program…
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NB Test Step (Can we do better?) 

X=w1^Y=sports 
X=w1^Y=worldNews 
X=.. 
X=w2^Y=… 
X=… 
… 
 

5245 
1054 
2120 

37 
3 

… 
 

Event counts 

How: 
•  Stream and sort: 

•  for each C[X=w^Y=y]=n 
•  print “w  C[Y=y]=n” 

•  sort and build a list of values 
associated with each key w 
Like an inverted index 

w Counts associated with W 

aardvark C[w^Y=sports]=2 

agent C[w^Y=sports]=1027,C[w^Y=world
News]=564 

… … 
zynga C[w^Y=sports]=21,C[w^Y=worldNe

ws]=4464 



NB Test Step 1 (Can we do better?) 

X=w1^Y=sports 
X=w1^Y=worldNews 
X=.. 
X=w2^Y=… 
X=… 
… 
 

5245 
1054 
2120 

37 
3 

… 
 

Event counts 

w Counts associated with W 

aardvark C[w^Y=sports]=2 

agent C[w^Y=sports]=1027,C[w^Y=world
News]=564 

… … 
zynga C[w^Y=sports]=21,C[w^Y=worldNe

ws]=4464 

The general case: 
We’re taking rows from a table 
•  In a particular format (event,count) 
Applying a function to get a new 
value 
•  The word for the event 
And grouping the rows of the table by 
this new value 
 
è Grouping operation 
Special case of a map-reduce 

Proposed syntax:  
 
GROUP  table    BY    λ  row  :  f(row)  



Could  de9ine  f    via:  a  function,  a  9ield  
of  a  de9ined  record  structure,  …


f(row)!field 



NB Test Step 1 (Can we do better?) 

The general case: 
We’re taking rows from a table 
•  In a particular format (event,count) 
Applying a function to get a new 
value 
•  The word for the event 
And grouping the rows of the table by 
this new value 
 
è Grouping operation 
Special case of a map-reduce 

Proposed syntax:  
 
GROUP  table    BY    λ  row  :  f(row)  



Could  de9ine  f    via:  a  function,  a  9ield  
of  a  de9ined  record  structure,  …


f(row)!field 

Aside: you guys know how to 
implement this, right? 

1.  Output pairs (f(row),row) with 
a map/streaming process 

2.  Sort pairs by key – which is 
f(row) 

3.  Reduce and aggregate by 
appending together all the values 
associated with the same key 



Abstractions On Top Of Hadoop 

•  And another example from the Naïve Bayes 
test program… 
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Request-and-answer 

id1  w1,1 w1,2 w1,3 …. w1,k1 
id2  w2,1 w2,2 w2,3 ….  
id3  w3,1 w3,2  ….  
id4  w4,1 w4,2 … 
id5  w5,1 w5,2 …. 
.. 
 

Test data Record of all event counts for each word 

w Counts associated with W 

aardvark C[w^Y=sports]=2 

agent C[w^Y=sports]=1027,C[w^Y=worldNews]=564 

… … 
zynga C[w^Y=sports]=21,C[w^Y=worldNews]=4464 

Step 2: stream through and for each test case 
 
idi  wi,1 wi,2 wi,3 …. wi,ki 
 
request the event counters needed to classify 
idi from the event-count DB, then classify 
using the answers 
 

Classification 
logic 



Request-and-answer 

•  Break down into stages 
–  Generate the data being requested (indexed by key, here 

a word) 
•  Eg with group … by 

–  Generate the requests as (key, requestor) pairs 
•  Eg with flatmap … to 

–  Join these two tables by key 
•  Join defined as (1) cross-product and (2) filter out pairs with 

different values for keys  
•  This replaces the step of concatenating two different tables of 

key-value pairs, and reducing them together 

–  Postprocess the joined result 



w Counters 

aardvark C[w^Y=sports]=2 

agent C[w^Y=sports]=1027,C[w^Y=worldNews]=564 

… … 
zynga C[w^Y=sports]=21,C[w^Y=worldNews]=4464 

w Counters Requests 

aardvark C[w^Y=sports]=2 ~ctr to id1 

agent C[w^Y=sports]=… ~ctr to id345 

agent C[w^Y=sports]=… ~ctr to id9854 

agent C[w^Y=sports]=… ~ctr to id345 

… C[w^Y=sports]=… ~ctr to id34742 

zynga C[…] ~ctr to id1 

zynga C[…] … 

w Request 

found ~ctr to id1 

aardvark ~ctr to id1 

… 
zynga ~ctr to id1 
… ~ctr to id2 



w Counters 

aardvark C[w^Y=sports]=2 

agent C[w^Y=sports]=1027,C[w^Y=worldNews]=564 

… … 
zynga C[w^Y=sports]=21,C[w^Y=worldNews]=4464 

w Counters Requests 

aardvark C[w^Y=sports]=2 id1 

agent C[w^Y=sports]=… id345 

agent C[w^Y=sports]=… id9854 

agent C[w^Y=sports]=… id345 

… C[w^Y=sports]=… id34742 

zynga C[…] id1 

zynga C[…] … 

w Request 

found id1 

aardvark id1 

… 
zynga id1 
… id2 



IMPLEMENTATIONS OF MAP-REDUCE 
ABSTRACTIONS 
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Hive and PIG:   word count 

•  Declarative  …..  Fairly  stable


PIG program is a bunch of assignments 
where every LHS is a relation. 
No loops, conditionals, etc allowed. 15 



More on Pig 

•  Pig  Latin

– atomic  types  +  compound  types  like  tuple,  
bag,  map

– execute  locally/interactively  or  on  hadoop


•  can  embed  Pig  in  Java  (and  Python  and  …)  

•  can  call  out  to  Java  from  Pig

•  Similar  (ish)  system  from  Microsoft:  
DryadLinq
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Tokenize – built-in function 

Flatten – special keyword, which 
applies to the next step in the 
process – ie foreach is transformed 
from a MAP to a FLATMAP 



PIG Features 
•  LOAD  ‘hdfs-­‐path’  AS  (schema)


–  schemas  can  include  int,  double,  bag,  map,  tuple,  …

•  FOREACH  alias  GENERATE  …  AS  …,  …


–  transforms  each  row  of  a  relation

•  DESCRIBE  alias/  ILLUSTRATE  alias  -­‐-­‐  debugging

•  GROUP  alias  BY  …

•  FOREACH  alias  GENERATE  group,  SUM(….)


–  GROUP/GENERATE  …  aggregate  op  together  act  like  a  map-­‐
reduce


•  JOIN  r  BY  Hield,  s  BY  Hield,  …

–  inner  join  to  produce  rows:  r::f1,  r::f2,  …  s::f1,  s::f2,  …


•  CROSS  r,  s,  …

–  use  with  care  unless  all  but  one  of  the  relations  are  singleton


•  User  de9ined  functions  as  operators

–  also  for  loading,  aggregates,  …
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PIG parses and optimizes a sequence of commands before it executes them 
It’s smart enough to turn GROUP … FOREACH… SUM … into a map-reduce 



Phrase Finding in PIG 
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Phrase Finding 1 - loading the input 
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… 

21 



PIG Features 

•  comments  -­‐-­‐  like  this  /*  or  like  this  */

•  ‘shell-­‐like’  commands:

– fs  -­‐ls  …  -­‐-­‐  any  hadoop  fs  …  command

– some  shorter  cuts:  ls,  cp,  …

– sh  ls  -­‐al  -­‐-­‐  escape  to  shell
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… 
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PIG Features 
•  comments  -­‐-­‐  like  this  /*  or  like  this  */

•  ‘shell-­‐like’  commands:


–  fs  -­‐ls  …  -­‐-­‐  any  hadoop  fs  …  command

–  some  shorter  cuts:  ls,  cp,  …

–  sh  ls  -­‐al  -­‐-­‐  escape  to  shell


•  LOAD  ‘hdfs-­‐path’  AS  (schema)

–  schemas  can  include  int,  double,  …

–  schemas  can  include  complex  types:  bag,  map,  tuple,  …


•  FOREACH  alias  GENERATE  …  AS  …,  …

–  transforms  each  row  of  a  relation

–  operators  include  +,  -­‐,  and,  or,  …  

–  can  extend  this  set  easily  (more  later)


•  DESCRIBE  alias  -­‐-­‐  shows  the  schema

•  ILLUSTRATE  alias  -­‐-­‐  derives  a  sample  tuple
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Phrase Finding 1 - word counts 
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PIG Features 
•  LOAD  ‘hdfs-­‐path’  AS  (schema)

– schemas  can  include  int,  double,  bag,  map,  
tuple,  …


•  FOREACH  alias  GENERATE  …  AS  …,  …

– transforms  each  row  of  a  relation


•  DESCRIBE  alias/  ILLUSTRATE  alias  -­‐-­‐  debugging

•  GROUP  r  BY  x

– like  a  shufHle-­‐sort:  produces  relation  with  Hields  
group  and  r,  where  r  is  a  bag  
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PIG parses and optimizes a sequence of commands before it executes them 
It’s smart enough to turn GROUP … FOREACH… SUM … into a map-reduce 
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PIG Features 
•  LOAD  ‘hdfs-­‐path’  AS  (schema)

–  schemas  can  include  int,  double,  bag,  map,  tuple,  …


•  FOREACH  alias  GENERATE  …  AS  …,  …

–  transforms  each  row  of  a  relation


•  DESCRIBE  alias/  ILLUSTRATE  alias  -­‐-­‐  debugging

•  GROUP  alias  BY  …

•  FOREACH  alias  GENERATE  group,  SUM(….)

–  GROUP/GENERATE  …  aggregate  op  together  act  like  a  
map-­‐reduce


–  aggregates:  COUNT,  SUM,  AVERAGE,  MAX,  MIN,  …  

–  you  can  write  your  own
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PIG parses and optimizes a sequence of commands before it executes them 
It’s smart enough to turn GROUP … FOREACH… SUM … into a map-reduce 
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Phrase Finding 3 - assembling phrase- 
and word-level statistics 
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PIG Features 
•  LOAD  ‘hdfs-­‐path’  AS  (schema)

–  schemas  can  include  int,  double,  bag,  map,  tuple,  …


•  FOREACH  alias  GENERATE  …  AS  …,  …

–  transforms  each  row  of  a  relation


•  DESCRIBE  alias/  ILLUSTRATE  alias  -­‐-­‐  debugging

•  GROUP  alias  BY  …

•  FOREACH  alias  GENERATE  group,  SUM(….)

–  GROUP/GENERATE  …  aggregate  op  together  act  like  a  
map-­‐reduce


•  JOIN  r  BY  Hield,  s  BY  Hield,  …

–  inner  join  to  produce  rows:  r::f1,  r::f2,  …  s::f1,  s::f2,  …


34 



Phrase Finding 4 - adding total 
frequencies 
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How do we add the totals to the phraseStats relation? 

STORE triggers execution of the query plan…. 

it also limits optimization 
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Comment: schema is lost when you store…. 
38 



PIG Features 
•  LOAD  ‘hdfs-­‐path’  AS  (schema)


–  schemas  can  include  int,  double,  bag,  map,  tuple,  …

•  FOREACH  alias  GENERATE  …  AS  …,  …


–  transforms  each  row  of  a  relation

•  DESCRIBE  alias/  ILLUSTRATE  alias  -­‐-­‐  debugging

•  GROUP  alias  BY  …

•  FOREACH  alias  GENERATE  group,  SUM(….)


–  GROUP/GENERATE  …  aggregate  op  together  act  like  a  map-­‐
reduce


•  JOIN  r  BY  Hield,  s  BY  Hield,  …

–  inner  join  to  produce  rows:  r::f1,  r::f2,  …  s::f1,  s::f2,  …


•  CROSS  r,  s,  …

–  use  with  care  unless  all  but  one  of  the  relations  are  singleton

–  newer  pigs  allow  singleton  relation  to  be  cast  to  a  scalar
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Phrase Finding 5 - phrasiness and 
informativeness 
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How do we compute some 
complicated function? 
 
With a “UDF” 
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PIG Features 
•  LOAD  ‘hdfs-­‐path’  AS  (schema)


–  schemas  can  include  int,  double,  bag,  map,  tuple,  …

•  FOREACH  alias  GENERATE  …  AS  …,  …


–  transforms  each  row  of  a  relation

•  DESCRIBE  alias/  ILLUSTRATE  alias  -­‐-­‐  debugging

•  GROUP  alias  BY  …

•  FOREACH  alias  GENERATE  group,  SUM(….)


–  GROUP/GENERATE  …  aggregate  op  together  act  like  a  map-­‐
reduce


•  JOIN  r  BY  Hield,  s  BY  Hield,  …

–  inner  join  to  produce  rows:  r::f1,  r::f2,  …  s::f1,  s::f2,  …


•  CROSS  r,  s,  …

–  use  with  care  unless  all  but  one  of  the  relations  are  singleton


•  User  de9ined  functions  as  operators

–  also  for  loading,  aggregates,  …
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The full phrase-finding pipeline 
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