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Google MapReduce
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Google’s MapReduce: summary

• a programming model and an associated 
implementation for processing large datasets
• runs on a large cluster of commodity machines

…  a typical … computation processes many 
terabytes of data on thousands of machines
• a new abstraction that allows us to expresses 

simple computations we were trying to perform 
but hides the messy details of parallelization, 
fault-tolerance, data-distribution and load-
balancing in a library
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Programming model: batch 
processing
• Map-reduced is designed for batch processing

• Batch processing:
– All input is known when the computation starts

– The complete computation is executed

– No interactions with the user
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Programming model

• Sequence of map and reduce stages

• Map: processes input (files); emit tuples

• Reduce: process tuples grouped by key; Emit 
tuples
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Programming model

• Sequence of map and reduce stages

• Map: processes input (files); emit tuples
– emit (k1, v1)
– emit (k2, v2)
– emit (k1, v3)

• Reduce: process tuples grouped by key; Emit tuples
– input (k1, {v1, v3}) – emit (ka, va)
– Input (k2, {v2}) – emit (Kb, vb)

– emit (kc, vc)
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Map-reduce steps

• Input is typically (key, value) pairs
– Partitioned for multiple mappers

• Map and Reduce are performed by a number of processer
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Map function

• Each map task processes a chunk of the input

• Input: non-structured data, (input-key, value)

• Output: (intermediate-key, value)

non-structured data
(input-key1, value1) map1

(intermediate-key1, value1)
…

(intermediate-keyu, valueu)

non-structured data
(input-keyn, valuen) mapn

(intermediate-key1, value1)
…

(intermediate-keyv, valuev)

…
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Shuffle and Sort:
between map and reduce
• The output of the map is stored on local disk, 

and sorted by key

• The sorted data is the input of the reduce tasks
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Reduce function

• Each reduce task processes a chunk of the 
sorted data
– All data with the same key is processed by the same 

reduce task

• Input: (intermediate-key, value)

• Output: (output-key, value), or non-structured 
output
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Programming model... working

• Count the number of times each word appears 
in a document
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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 += ParseInt(v)

Emit(key, AsString(result))



Programming model… working
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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 += ParseInt(v)

Emit(key, AsString(result))
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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 += ParseInt(v)

Emit(key, AsString(result))
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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 += ParseInt(v)

Emit(key, AsString(result))
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Programming model… working
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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 += ParseInt(v)

Emit(key, AsString(result))
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Extended programming model

• In the word count example, what is the problem 
of emitting a tuple for each word?

• How could it be solved?

• Combiner phase 

Oct 3, 2019 Sistemas de Prcessamento de Big Data — N. Preguiça & J. Lourenço © FCT-UNL 2019 16



Extended programming model

• Combiner runs in each mapper

• Same interface as the reduce
– (key, value) pairs generated by a mapper are sorted and fed to the combiner
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Combiner example
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(A, B)
(A, C)
(A, D)
(B, E)
(B, D)
(C, B)

(C, D)
(C, A)
(D, A)
(E, C)
(E, B)
(E, D)

Bl
oc

k 
1

Bl
oc

k 
2

Mappper

Mappper

Combiner

Combiner

Shuffle Reducer

(k1, v1)
(B, 1)
(C, 1)
(D, 1)
(E, 1)
(D, 1)
(B, 1)

(D, 1)
(A, 1)
(A, 1)
(C, 1)
(B, 1)
(D, 1)

(k2, v2)

(B, 2)
(C, 1)
(D, 2)
(E, 1)

(D, 2)
(A, 2)
(C, 1)
(B, 1)

(k2, [v2])

(A, [2])
(B, [2,1])
(C, [1,1])
(D, [2,2])
(E, [1])

(k2, [v2])
(A, 2)
(B, 3)
(C, 2)
(D, 4)
(E, 1)

(k3, v3)



Map-reduce phases (1)

• MapReduce is broken down into several steps:
1. Record Reader
2. Map
3. Combiner (Optional)
4. Partitioner
5. Shuffle and Sort
6. Reduce
7. Output Format
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Map-reduce phases (2)

• Record Reader splits input into fixed-size pieces for each 
mapper

• The key is positional information (the number of bytes from 
start of file) and the value is the chunk of data composing a 
single record

• In hadoop, each map task’s is an input split which is usually 
simply a HDFS block

• Hadoop tries scheduling map tasks on nodes where that block 
is stored (data locality)

• If a file is broken mid-record in a block, hadoop requests the 
additional information from the next block in the series
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Map-reduce phases (3)
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Map-reduce phases (4)

• Map User defined function outputting 
intermediate key-value pairs

• key (k2): Later, MapReduce will group and 
possibly aggregate data according to these 
keys, choosing the right keys is here is important 
for a good MapReduce job

• value (v2): The data to be grouped according to 
it’s keys
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Map-reduce phases (5)
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Map-reduce phases (6)

• Combiner (optional) UDF that aggregates data 
according to intermediate keys on a mapper node

• This can usually reduce the amount of data to be 
sent over the network increasing efficiency

• Combiner should be written with the idea that it is 
executed over most but not all map tasks 
i.e., (k2,v2)↦(k2,v2)

• Usually very similar or the same code as the reduce 
method
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Map-reduce phases (7)
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Map-reduce phases (8)

• Partitioner Sends intermediate key-value pairs (k,v) to reducer 
by Reducer# = hash(k) mod R

• Will usually result in a roughly balanced load across the 
reducers 

• Ensures that all key-value pairs are grouped by their key on a 
single reducer

• A balancer system is in place for the cases when the key-
values are too unevenly distributed

• In hadoop, the intermediate keys (k2,v2) are written to the 
local harddrive and grouped by which reduce they will be 
sent to and their key.
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Map-reduce phases (9)
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Map-reduce phases (10)

• Shuffle and Sort On reducer node, sorts by key to 
help group equivalent keys
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Map-reduce phases (11)
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Map-reduce phases (12)

• Reduce User Defined Function that aggregates 
data (v) according to keys (k) to send key-value 
pairs to output
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Map-reduce phases (13)
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Map-reduce phases (14)

• Output Format Translates final key-value pairs to 
file format (tab-seperated by default)
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Map-reduce phases (15)
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• For exercising map-reduce programming, 
consider a set of log files containing information 
for web accesses

date IP_source return_value operation URL time

2016-12-06T08:58:35.318+0000 37.139.9.11 404 GET /codemove/TTCENCUFMH3C 0.026

Programming map-reduce (0)
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Programming map-reduce (1.1)

• Returns the list of source IP addresses

• Input: log files, containing information for web 
accesses

• Output: list of IP addresses
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date     IP_source return_value operation   URL  time

2016-12-06T08:58:35.318+0000 37.139.9.11 404 GET /codemove/TTCENCUFMH3C 0.026



Programming map-reduce (1.2)
map(String key, String value):
// key: log filename
// value: log contents
for each line l in value:

words = line.split()
EmitIntermediate(words[1], [words[1]]);

combiner(String key, Iterator values):
reduce(String key, Iterator values):
// key: IP address
// values: IP address
Emit(key, key)
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date     IP_source return_value operation   URL  time

2016-12-06T08:58:35.318+0000 37.139.9.11 404 GET /codemove/TTCENCUFMH3C 0.026



Programming map-reduce (2.1)

• Find log entries that report accesses to a given 
URL

• Input: log files

• Output: list of log entries (lines)
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date     IP_source return_value operation   URL  time

2016-12-06T08:58:35.318+0000 37.139.9.11 404 GET /codemove/TTCENCUFMH3C 0.026



Programming map-reduce (2.2)
map(String key, String value):
// key: log filename
// value: log contents
for each line l in value:

words = line.split()
if words[ 4] == URL:

EmitIntermediate(words[0], [line]);

combiner(String key, Iterator values):
reduce(String key, Iterator values):
// key: date
// values: log line
for each v in values:

Emit(key, v)
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date     IP_source return_value operation   URL  time

2016-12-06T08:58:35.318+0000 37.139.9.11 404 GET /codemove/TTCENCUFMH3C 0.026



Programming map-reduce (3.1)

• Create an inverted index URL → list of unique 
source IP address

• Input: log files

• Output: list of:  URL, list of unique source IP 
addresses
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date     IP_source return_value operation   URL  time

2016-12-06T08:58:35.318+0000 37.139.9.11 404 GET /codemove/TTCENCUFMH3C 0.026



Programming map-reduce (3.2)
map(String key, String value):
// key: log filename
// value: log contents
for each line l in value:

words = line.split()
EmitIntermediate(words[4], [words[1]]);

combiner(String key, Iterator values):
reduce(String key, Iterator values):
// key: URL
// values: list of IP addresses
L = []
for each v in values:

if v not in L:
L.append(v)

Emit(key, L)
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date     IP_source return_value operation   URL  time

2016-12-06T08:58:35.318+0000 37.139.9.11 404 GET /codemove/TTCENCUFMH3C 0.026



Why is map-reduce popular?

• Distributed computation before MapReduce:
– how to divide the workload among multiple machines?
– how to distribute data and program to other machines?
– how to schedule tasks?
– what happens if a task fails while running?
– … and … and ... 

• Distributed computation after MapReduce
– how to write Map function?
– how to write Reduce function? 

Ack: Slide by Junghoon Kang
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