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 Google have implemented hundreds of special-
purpose computations that process large amounts of
raw data,
— such as crawled documents, web request logs, etc.,
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* Google’s data center compute various kinds of derived data.

Various representations
of the graph structure )

\/ A | of web documents (

Inverted indices

Summaries of the
number of pages

crawled per host

N 4
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Most such computations are conceptually straightforward.
However,
— the input data is usually large

— and the computations have to be distributed across hundreds or
thousands of machines in order to finish in a reasonable
amount of time.

B + 100~1000PB
HIELIES » 10~100PB/X
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* MapReduce

— MapReduce is a software framework introduced by

Google in 2004 to support distributed computing on large
data sets on clusters of computers.

— The framework is inspired by the map and reduce
functions commonly used in functional programming,
although their purpose in the MapReduce framework is
not the same as their original forms.

— MapReduce libraries have been written in C++, C#, Erlang,
Java, OCaml, Perl, Python, PHP, Ruby, F#, R and other
programming languages.
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* MapReduce is a framework for processing huge
datasets on certain kinds of distributable problems

using a large number of computers (nodes).

 The nodes collectively are referred to as
— a cluster (if all nodes use the same hardware)
— or a grid (if the nodes use different hardware).
 Computational processing can occur on data stored
either in a filesystem (unstructured) or within a
database (structured).
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 "Map" step

— The master node takes the input, partitions it up into
smaller sub-problems, and distributes those to worker
nodes. A worker node may do this again in turn, leading to
a multi-level tree structure. The worker node processes

that smaller problem, and passes the answer back to its
master node.

 "Reduce" step

— The master node then takes the answers to all the sub-
problems and combines them in some way to get the

output — the answer to the problem it was originally trying
to solve.
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* Example

Consider the problem of
counting the number of
occurrences of each word in a
large collection of documents.
The user would write code
similar to the following
pseudo-code:

map(String key, String value):
// key: document name

// value: document contents
for each word w in value:
Emitintermediate(w, "1");
reduce(String key, Iterator values):
// key: a word

// values: a list of counts
int result = 0;

for each v in values:
result += Parselnt(v);
Emit(AsString(result));
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Then consider the problem of counting the number of occurrences of each
word in the following sentences:

The weather is good.

Today is good.

Good weather is good.

Today has good weather.
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today, 1)

(has, 1)
(good, 1)
neather, 1)

(weather, 1) (today, 1)
is, 1 (has, 1)
e 1) (good, 1)

gather, 1)

Partitioner

(good, 1)
(good, 1)
(good,2)
(good,1)

(weather,
1)
Red L!C e R Reduce (weather,

1)
(weathe3ri (the, 1)
(today, 1)

the, 1
(to(day, 2; (today,1)

Sy

(good, 5) "



MapReducelY[RIE

User
Program
(I)for?g.' (l)fo:rk .'(l_)'fork
_ L ©
@ assign
_assign reduce . _
e
split 0 ;
. outpu
split 1 (5) remote read file O
split 2 [(3)read (4) local write
worker t
file 1
split 4
Input Map Intermediate files Reduce Output

files phase (on local disks) phase files



(1) The MapReduce library in
the user program first splits the

input les into M pieces of

typically 16 megabytes to 64
megabytes (MB) per piece. It ,
then starts up many copies of the -

program on a cluster of

machines.

split O

split 1

split 2

split 3

split 4

Input
files

worker

(3) read
worker

Map
phase

(1) fork= “¢1) fork
. @
2. assign
_assign reduce .

map

output
file O

(5) remote read

(4) local write

@ output
file 1

Intermediate files Reduce Output
(on local disks) phase files
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(2) One of the copies of the

User program is special -the master.
Program The rest are workers that are
| assigned work by the master.
There are M map tasks and R
reduce tasks to assign. The master
picks idle workers and assigns
~each one a map task or a reduce
~task.

(1 for?c’. W fo:rk ‘€1) fork

split O
- output
split 2
. output
split 3 ﬁl?l
split 4
Input Map Intermediate files Reduce Output
files phase (on local disks) phase files
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(3) A worker who is assigned a map tasl
reads the contents of the correspondi
input split. It parses key/value pairs ov '
of the input data and passes each[yair tg) foik " €1) fork

the user-dened Map function. The
intermediate key/value pairs produce g
, @

by the Map function are buffered in

2. assign
mem()l'y . ass|gn reduce . .
-@ e map

split O (6) write p—
split 1 (5) remote read worker file 0
split 2 " (4) local write

P file 1
split 4

Input Map Intermediate files Reduce Output

files phase (on local disks) phase files
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(4) Periodically, the buffered pairs are
written to local disk, partitioned intg R
regions by the partitioning function. .
The locations of these buffered pairs o ) fork

on the local disk are passed back to the
master, who is responsible for - ) :
- @

forwarding these locations to th‘é /’:2) 1  asign
reduce workers. B .a's"?ig,' reduce .
.""' v/

split O //{ , //

split 1 l/ /’_’ (5) remote read

split 2

split 3 ’,’

split 4 |

i
Input Map Intermediate files

files phase (on local disks)

output
file O

@ output
file 1

Reduce Output
phase files
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(5) When a reduce worker is
notified by the master about these User
locations, it uses remote procedure Program
calls to read the buffered data from,, ¢,y -
the local disks of the map workers. :

When a reduce worker has read all -
intermediate data, it sorts it by the _ 2

(hfork €1 fork

intermediate keys so that all S @ assign
. _assign reduce .
occurrences of the same key are- .- '
grouped together.
it ©)write | output
split 1 (5) remote worker file 0
split 2 |(3) read y (4) local write
Split B WOrker Outpllt
file 1
split 4

Input Map Intermediate files Reduce Output
files phase (on local disks) phase files
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(6) The reduce worker iterates over

the sorted intermediate data and for

each unique intermediate key

ik Cencountered, it passes the key and the

' corresponding set of intermediate
values to the user's Reduce function.

o - The output of the Reduce function is

. assign ﬂfpended to a final output le for this

User
Program

(1) fork .

i reduce partition.
split O :

E ; . @ wrile | output
split 1 (5) remote read Worker file O
split 2 |(3) read (4) local write

. worker output
split 3 =2 file 1
split 4
Input Map Intermediate files Reduce Output

files phase (on local disks) phase files
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* More Examples
— Distributed Grep:
Map:

A line if it matches a
supplied pattern.

Reduce:

An identity function
that just copies the supplied
intermediate data to the
output.

If we want to know which sentences have
the pattern ‘weather is’.

Ma Y«
The weather is good. —L, Emit “The
weather is good”
Map

a
Today is good.=——p Ignore

Map Emit “Good
weather is good

Map
Today has good weather===" Ignore

b4

Good weather is good.

Reduce

The weather is good.
Good weather is good.



More Examples

— Count of URL Access
Frequency:
Map:
Process logs of web

page requests and Map
outputs <URL, 1>.

Reduce:

Add together all
values for the same URL
and emits a <URL, total

count> pair. Reduce
—

The messages below are much more
simplified.
The real Iogs of web page will have much more

f
TR 101" GET Jexample/1/ HTTP 1.1

218.161.64.101-"GET /test/1/ HTTP/1.1”
218.161.64.101-"GET /example/2/ HTTP/1.1”

</example/1/, 1>
<[test/1/, 1>
</example/2/, 1>

218.161.64.101-"GET /example/1/ HTTP/1.1”
218.161.64.101-"GET /example/1/ HTTP/1.1”
218.161.64.101-"GET /example/1/ HTTP/1.1”

</example/1/, 3> 1 Reduce

</example/1/, 4>
<[test/1/, 1>
</example/2/, 1>



MapReducefIRREEN -3

<192.168.1.3, 192.168.1.1>

» More Examples Map <192.168.1.4, 192.168.1.1>
— Reverse Web-Link Graph: 192.168.1.1
Map: / \
Output <target, source>
pairs for each link to a target 192 168.1.2 192 168.1.3
Eﬁi?und in & page name<c:|1_92.168.1_4’ 192188.12> | <192.168.1.4,192.168.1.3>
Reduce: |
Concatenate the list of all 192.168.1.4

source URLs associated with a
given target URL and emits the
pair: <target, list(source)>.

Reduce

<192.168.1.1, 192.168.1.4>
<192.168.1.2,192.168.1.4>
<192.168.1.1, “192.168.1.47 >
<192.168.1.2, “192.168.1.1,
192.168.1.47 >
<192.168.1.3,192.168.1.1>
<192.168.1.4, “192.168.1.1,
192.168.1.2, 192.168.1.3” >
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* More Examples Diary

— Term-Vector per Host: A term <Diary, <the, 1>

vector summarizes the most The weather is good.  Map <weather, 1>
Today is good. — ’

important words that occur in a <is, 2>
document or a set of documents <good, 2>
as a list of <word; frequency> <today, 1>>
pairs.
Map: <Diary, <good, 3:

Emit a <hostname, term <weather, 2>

Good weather is good. Map

vector> pair for each input Today has good weather. <is, 1>

document. <today, 1>

Reduce: <has, 1>>
Add these term vectors

together, throwing away infrequent 1 Reduce

terms, and then emits a final

<hostname, term vector> pair. <Diary, <good, 5>

<weather, 3>
<is, 3>>
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More Examples

— Inverted Index:
Map:
Parse each document, and

emit a sequence of <word,
document ID> pairs.

Reduce:

Accept all pairs for a given
word, sorts the corresponding
document IDs and emits a <word,
list(document ID)> pair.

The set of all output pairs
forms a simple inverted index. It is
easy to augment this computation
to keep track of word positions.

Diaryl
The weather is good. M <the, Diary1<1>>
Today is good. é <weather, Diary1<2>>

<is, Diary1<3,6>>

<good, Diary1<4,7>>

<today, Diary1<5>>
Diary2 Map
Good weather is good.
Today has good weather.

<good, Diary2<1,4,7>>
<weather, Diary2<2,8>>
<is, Diary2<3>>

<today, Diary2<5>>

1 Reduce <has, Diary2<6>>

<the, “Diary1<1>">

<weather, “Diary1<2>, Diary2<2,8>">
<is, “Diary1<3,6>, Diary2<3>">
<good, “Diary1<4,7>, Diary2<1,4,7>">
<today, “Diary1<5>, Diary2<5>">
<has, “Diary2<6>">
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Now we can give a solution to the issues we mentioned.

— how to parallelize the computation
— distribute the data

 MapReduce allows for distributed processing of the map and
reduction operations.

* While this process can often appear inefficient compared to
algorithms that are more sequential, MapReduce can be
applied to significantly larger datasets than "commodity"
servers can handle —a large server farm can use MapReduce

to sort a petabyte of data in only a few hours.
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Provided each mapping operation Similarly, a set of 'reducers’
is independent of the others, all PUser can perform the reduction
. rogram .
Maps can be performed in . § . phase - provided all outputs of
parallel — though in practice it is (”@‘-' (1) fork €1) fork the map operation that share
limited by the data source and/or .- ' the same key are presented to
the number of CPUs near that - . thesame reducer at the same
g : @ - time.
data. - asion
J _assign redu'oe._
-ﬁ Yoo mep
split O
: - output
split 1 (5) remote read file 0
split 2 Q) rea worker ]4) local write
. output
split 3 _ J file 1
split 4 —
Input Map Intermediate files Reduce Output

files phase (on local disks) phase files
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User The parallelism also offers some
Fault Tolerance Program possibility of recovering from
. Mfork .- - partial failure of servers or
° . ; ¢1) fork . . :
Worker Failure (1) fork storage during the operation: if
@ one mapper or reducer fails, the
‘ S| work can be rescheduled -
. @ assign assuming the input data is still
. . assign reduce
split 0 ’ ] ’[
split 1 ar - (5) remote read file 0
split 2 [ G)rea (4) local write
worker output
lit 3 - -
P L d ,. file 1
split 4 B \— /
s )
- -/
Input Map Intermediate files Reduce Output

files phase (on local disks) phase files
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Fault Tolerance
— Worker Failure
— Master Failure

User
Program

(1) fork .~

~ periodic
~= - checkpoints

split 0 - )
©)write | output
split 2 | Oread @ () local write

: output
split 3 — file 1

split 4

Input Map Intermediate files Reduce Output
files phase (on local disks) phase files
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* Locality

* The master takes the location
information of the input files
into account and attempts to
schedule a map task on a
machine that contains a replica

of the corresponding input data.

* Failing that, it attempts to
schedule a map task near a
replica of that task's input data
(e.g., on a worker machine that
is on the same network switch
as the machine containing the
data).

2 copies:

workerl

worker2

split 2 31

User
Program

1) fork .- . -
(D fork (1) fork €1) fork

‘ @

@ “assign
ﬁ .assign reduce .
© map :

output
file 0

(6) write
Wi
__(5) remote read orker

4) local write

w&%rl

worker2

output
file 1

Intermediate files
(on local disks)

Reduce Output
phase files
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* Task Granularity

* M and R should be much larger .

than the number of worker Wm

machines. Having each worker

perform many different tasks M , m a:j;n .

improves dynamic load balancing, -

and also speeds up recovery o - @wie [Tomm

. S (5) remote read file 0

when a worker fails. o2 RO . —— . =
 We often perform MapReduce spit 4

computations with M = 200,000 Coorter) ]

and R =5,000, using 2,000 tnput Map Intrmediate fes Reduce output

files phase (on local disks) phase files

worker machines.
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e Backup Tasks

e  One of the common causes that

lengthens the total time taken for
a MapReduce operation is a BRI
« ”» .
straggler” :a machmg that ,_ o
takes an unusually long time to L -
complete one of the last few map Coorter 3 ] —
. S b) write outpu
or reduce tasks in the spit 1 worker1 ... fle0
. split 2 Q) ) local write (T / ‘ /]
computation. spit3 il (RUEETS =
split worker2 —
* When a MapReduce operation is s
close to completion, the master -
. Input Map Intermediau? files Reduce Output
schedules backup executions of files phase (on ocal disks) phise fils

the remaining in-progress tasks.
The task is marked as completed
whenever either the primary or

the backup execution completes.
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* (1) Machines are typically dual-processor x86 processors running Linux,
with 2-4 GB of memory per machine.

* (2) Commodity networking hardware is used . Typically either 100
megabits/second or 1 gigabit/second at the machine level, but averaging
considerably less in overall bisection bandwidth.

* (3) A cluster consists of hundreds or thousands of machines, and therefore
machine failures are common.

 (4) Storage is prowded by inexpensive IDE dISkS attached directly to
Dual- prb@QsWx86 processors | dlmb%@d/ﬁlf . d INn- OUSGHS‘@Q@%@r
S MaN-, - donsthese di n uses replicatigHEs of
provi reliabjiity or haraare Machines
‘with frequent
« (5)U ) &Schedulin consists of.g sek of
tasks -/ the schedul & _blelmachines

withi
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