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Did You Ever Wonder ...

When did the term multicore become popular?

“A multi-core processor is a single computing
component with two or more independent actual
central processing units, which are the units that

read and execute program instructions.”
wikipedia
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Let's Ask Google Ngram!

multicore cable
multicore fiber
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WordCount

easy to do sequentiallv ...
what about in parallel?
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alpha — 8\
bravo — 3
charlie - 9

\zulu — 1/



MapReduce
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Map Phase

must count
must count
words!
words! must count
words!

PO
Bopepdy
Trruoubeh B
Dopepduveps ob Inepatey
Npeed Bewy TE o
.
VTN BVUNEpUE

piBp ob
vy ob

€ NCTIEPW BORE
b cineviie W Nep TS

0 e ONN BT D o

N Pt Bued ot

. g € NOTTIEPWY POV
! ueVie LY RNOTED TS

0 e ONN BT Dt o

cnieTTeD e
conimep e oN

chapter 1 chapter 2 chapter k

THEART

MULTIPROCESSOR
PROGRAMMING




Map Phase

alpha - 9
juliet — 2,
alpha — 1
tanao — 4

each mapper thread produces a sfream ...
of key-value pairs ...

kev: word
value: local count

chapter 1




Mapper Class

abstract class Mapper<IN, K, V>
extends RecursiveTask<Map<K, V>> {
IN input;
public void setInput (IN anInput) {

input = anInput;

}




Mapper Class

iInput: document fragment




Mapper Class

-

““

=3 i

-

key: individual word




Mapper Class

value: local count




Mapper Class

-Recur51veTaskl
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a task that runs in parallel with other tasks




Mapper Class

produces a map: word — count




Mapper Class




WordCount Mapper

class WordCountMapper extends
mapreduce . Mapper<
List<String>, String, Long

> {




WordCount Mapper

document fragment is
list of words




WordCount Mapper

document fragment is

list of words
map each word ...




WordCount Mapper

.Llst<Str1ng> Str1n

’--'\-

document fragment is

list of words
map each word ...

to its count Iin
the fragment




WordCount Mapper

Map<String,Long> compute () ({
Map<String,Long> map = new HashMap<>() ;
for (String word : input) {
map .merge (word,

1L,

(X, Y) —>X+Y);
}

return map;




WordCount Mapper

.

the compute () method constructs the
local word count




WordCount Mapper




WordCount Mapper

examine each word in
the document fragment




WordCount Mapper

iIncrement that word’s
count in the map




WordCount Mapper

when the local count is
complete, return the map




Reduce Phase

alpha — 4 )
bravo — 2

\{/ zull;“—> 1

a reducer thread merges mapper outputs
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Reduce Phase

alpha — 3\
bravo — 2

zulu — 1 y

the reducer task nroduces a stream .
of key-value pairs ...

key: word | | value: word count




Reducer Class

abstract class Reducer<K, V, OUT>
extends RecursiveTask<OUT> {
K key;
List<V> wvaluelist;

public void setInput (
K aKey,

List<V> aliist) {
key = aKey;
valuelist = alist;




Reducer Class

each reducer Is given
a single key (word)




Reducer Class

and a list of associated values
(word count per fragment)




Reducer Class
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It produces a single summary value
(the total count for that word)




WordCount

0.037
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normalizing document wordcount
gives a fingerprint vector
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A

Document Fingerprint

a fingerprint is a point in a
high-dimensional space

O




Clustering

Russian poetry

‘ ® Computer
® 0 :0 Science
% ® e papers

/ngo song lyrics




k-means

Find k clusters from raw data




QUEERE
Find k clusters from raw data
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each vector closer to those in same cluster ...
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e than in different clusters.

oee °

e ,




MapReduce

split points among mapping threads

thread 1 thread 2 thread k




K-means

Reducer picks k “centers” at random




Reduce Phase

O—)CO
i%\

1> 0
reducer sends key-value pair to mappers
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key: cluster number

N
—
. o value: center point | -

thread 2 thread k




Mappers

A O—)CO
1 — ¢
® 2 > C,

®
® Each mapper uses
/ centers to assign each

vector to a cluster




Mappers

A O—)CO
1 — ¢
° 2 —>Cy

N
, Each mapper uses
N centers to assign each

vector to a cluster




Mappers

A pO—)2
p1—)1
) pz—)1

y’ p; —> 0

L mapper sends key-value stream to reducer
key: point
value: cluster ID




Back at the Reducer

The reducer merges the streams ....
and assembles clusters ...




Back at the Reducer
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The reducer computes new centers
based on new clusters ...




Once is Not

L il

reducer sends new centers to mappers

O—)CO,
1—)C1,
2—)C2)

process ends when centers become stable




To Recapitulate

We saw two problems ...

wordcount & k-means ...
with similar parallel solutions

Map part is parallel ...

Reduce part is sequential.




Big Picture

map | 'map

/ ‘ ’ -.:y ‘ N ‘\L % | — L Ry

Reduce part is sequentlal ‘F\
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Map Function

knvi) T @ > listlks, v2)

doc, contents word, count

cluster ID, center point, cluster ID



Reduce Function

(K,, list(vs)) |:> @D |:> list(v,)

word, list of counts count

cluster ID, list of points new cluster center




Example
Distributed Grep

line of document

copy line to display




Example
URL Access Frequency

\VEETok
(URL, local count)

(URL, total count)




Example

Reverse web link graph

\VEETok
(target link, source page)

(target link, list of source pages)




Other Examples

histogram

matrix multiplication
PageRank

Betweenness centrality




Distributed MapReduce
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Figure 1: Execution overview




Multicore MapReduce
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Conclusions

MapReduce Is powerful

Most common use: distributed systems

- = e

But also works on multicores!
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