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About the Course

We introduce the participant to modern distributed file
systems and MapReduce, including what distinguishes
good MapReduce algorithms from good algorithms in
general. The rest of the course is devoted to algorithms
for extracting models and information from large
datasets. Participants will learn how Google's PageRank
algorithm models importance of Web pages and some
of the many extensions that have been used for a variety
of purposes. We'll cover locality-sensitive hashing, a bit
of magic that allows you to find similar items in a set of
items so large you cannot possibly compare each pair.
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1. Node Failure

2. Network Bottleneck

3. Programming
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1. Map

2. Group by Key

3. Reduce
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Example - Word Counter

(key , value)

(‘=E'1)

ooooo

(key, list)

(=2’ [1,1,1,1])
(‘EO’, [1,1,1])
(HFE, [1.1])
(=270, [1])
(‘oi21’, [1,1])

(‘=st=, [1,1])




Example - Word Counter

(key, list) (key, value)

(‘=& [1,1,1,1]) (=, 4)
(Fo, [1,1,1]) (EoH, 3)
(BFE’, [1,1]) (HFE’,2)
(‘=E7F, [1]) (‘=E7F,1)
(o4ef, [1,1]) (of2f, 2)
(dels=, 1)) Reduce (BER",1)
(2L, [1,1]) > e 1)
(deReln) (Bl 1)
(EE2, [1]) (B2, 1)
(R3t=, [1,1]) (R3t=, 2)




Example - Average Price

Chunk 1

Chunk 2

o= 1900
2% 4000
Azt 6000
o 2000

ot 2000
22t 2000
oIz 2000

o 2500

Azt 4000
X 1500
DN 1000
% 2000
2 4000

Map

(key, value)

(“‘4%I’,4000)
(‘H12t, 6000)
(TP, 2000)
(‘¥Tp, 2000)
(“22F,2000)

(‘B4 2000)
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Example - Average Price

(key, value)

(‘23=,1900)
(YxI",4000)
(A2, 6000)

(‘IP, 2000)

(key, list)

(‘¥fIf’, 2000)

(‘Z22F,2000)

o

(‘B2 2000)

(‘3¥3’.11900,2000,2500])
(‘Ex0,[4000])
(‘Al2k, [6000,4000])
(‘Zp, [2000])
(‘P [2000])

(‘=22F,[2000])




Example - Average Price

(key, list)

(‘B42=*,[1900,2000,2500])
(‘Z4xI",[4000])
(‘#12F, [6000,4000))
(TP, [2000])
(‘¢fTP, [2000])

(‘22F,[2000])

Reduce

(key, value)

(‘A 2133)
(Y%’ 4000)
(‘A2k, 5000)

(‘Zb, 2000)
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Figure 2.2: Schematic of a MapReduce computation

Mining of Massive Datasets - Figure 2.2
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Node Failure
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Partition Function
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