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FINDING SIMILAR ITEMS
in search of plagiarism
to im

prove the efficiency of search engines and new
s

aggregators
w

hen dealing w
ith m

essy data sets potentially containing
different versions of the sam

e inform
ation (entity resolution)

in order to reccom
end products





FINDING SIMILAR ITEMS
R

equires

D
efine a m

easure of sim
ilarity betw

een item
s

Finding a suitable representation for each item
 (e.g., w

hen
w

orking w
ith textual inform

ation, rem
oving stop w

ords,
stem

m
ing, shingling, ...)

E
fficiently store that representation

Sum
m

arize the available inform
ation (preserving sim

ilarity)





SIMILARITY MEASURES
E

uclidean distance(s)
C

osine distance
Jaccard distance
E

dit distance





LINK ANALYSIS
Finding the m

ost im
portant W

eb pages w
ithin the result of a

search query
C

rucial in order to build an efficient search engine
T

ypical exam
ple: P

ageR
ank
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PAGERANK
M

ore form
ally: sim

ulate a population of random
 surfers

Initially the population is uniform
ly distributed on all W

eb
pages
E

ach random
 surfer has the sam

e behaviour: it selects
uniform

ly at random
 one of the links in the page and follow

s it,
then repeats the process on the new

 page, and so on
It can be show

n that the probability distribution of the surfers
on the W

eb pages w
ill converge to a fixed result

T
he higher this fixed probability for a page, the m

ore im
portant

that page w
ill be considered





W
arning: entering m

ath zone!
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S
A

 linear application betw
een 

 and 
 has the general form

A
 linear application betw

een vectors in 
 has the general

form

w
here 

 is a vector of 
 elem

ents and 
 is a 

m
atrix

and





Y
ou are safely leaving m

ath zone!





PAGERANK
E

ven m
ore form

ally, given

the transition m
atrix 

 of the W
eb (

 is 
 if page  does not

contain a link to page  and 
 otherw

ise, w
here 

 is the
num

ber of outgoing links from
 )

a vector 
 w

hose com
ponents are initially all set to 

, being
 the num

ber of W
eb pages

T
he lim

iting distribution of random
 surfers is obtained trough

iteration of the follow
ing equation





PAGERANK
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COM
PU

TIN
G

 

store 
 as 

 tuples
(taking advantage of the sparseness)
m

ap:
stores 

 locally
input: 
output: key , value 

reduce:
input: key , value 
output: key , value 





MARKET-BASKET ANALYSIS
(OR FREQUENT ITEMSETS SEARCH)

given a set of baskets (typically, the receipts em
itted by a brick-

and-m
ortar or online retailers)

find out if tw
o (or m

ore) item
s tend to be sold jointly

to build m
arketing cam

paigns (e.g. a sale on hot dogs after the
m

ustard price has been raised)
to send vouchers to clients buying only som

e of the item
s in

the frequent item
set)





MARKET-BASKET ANALYSIS
N

ot just for m
arketing...

Finding related concepts in docum
ents: item

s 
 w

ords,
baskets 

 docum
ents

D
etecting plagiarism

: item
s 

 docum
ents, baskets 

sentences
G

enom
ic analyses: item

s 
 biom

arkers and diseases, baskets 
 all data about a patient (genom

e analyses and m
edical

history of disease)





MARKET-BASKET ANALYSIS
It's a big data problem

even focusing on frequent pairs, given 
 item

s there are

possible pairs to be checked
a m

ajor chain sells 
 item

s and should consider
m

illions of m
arket baskets





MARKET-BASKET ANALYSIS
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WEB ADVERTISING
T

raditional m
edia: print the ad on a new

spaper, w
ith a cost per

im
pression, reaching a high num

ber of people (m
ostly

uninterested)

Som
e cleverness: use specialised press for specific m

arket niches
(e.g. place ads for golf clubs in a golf journal)





WEB ADVERTISING
D

igital m
edia: use inform

ation about each specific reader in
order to display (hopefully) relevant ads

the user m
ay belong to a golf-related group on a social

netw
ork

the frequency of the w
ord “golf” in the user m

ail m
essages is

sensibly higher than the average
the user m

ay have queried a search engine for golf-related
term

s
the user m

ay brow
se frequently golf pages on the W

eb, or
even have them

 stored in his/her bookm
arks

privacy w
arning here!





WEB ADEVERTISING
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R
ECOM

M
EN

D
ER

 SYSTEM
S

A
 brick-and-m

ortar retailer has a (relatively sm
all) num

ber of
item

s

R
ecom

m
endation of products is typically related to the m

ost sold
item

s (say, the ten m
ost popular books in a library, possibly

“projected” on genres)





R
ECOM

M
EN

D
ER

 SYSTEM
S

A
n online store sells a very high num

ber of item
s

If only the m
ost sold item

s get recom
m

ended, m
ost of the

possible revenue is lost (the so-called “long-tail” phenom
enon)

T
hus recom

m
endations should be m

ore personalized for each
user





R
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M
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D
ER

 SYSTEM
S

T
ypical approach: collaborative filtering

Find groups of sim
ilar users: tw

o users are sim
ilar if they

happen to buy the sam
e item

s
Suggest a user 

 item
s that users sim

ilar to him
/her have

bought and he/she hasn't





SOME TECHNIQUES
C

lustering
M

achine learning
D

im
ensionality reduction





CLUSTERING
Input: a set of objects, each described by a vector of values
G

oal: finding a grouping of objects, that is
a set of clusters
w

ith each object belonging to exactly one cluster
objects in a sam

e cluster are “sim
ilar”

objects in different clusters are “dissim
ilar”

K
ey problem

s:
finding out a distance betw

een objects
discovering how

 m
any clusters





CLUSTERING
V

ariations:

overlapping clusters
fuzzy clusters: each object belongs to each cluster w

ith
different m

em
bership values
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M
A

CH
IN

E LEA
R

N
IN

G
Som

etim
es it's easy to solve a problem

...
...although it's difficult to explain how

 the solution w
as found

(e.g., face recognition)
sam

ple of problem
 instances and solutions 

 approxim
ate

solver
several approaches:

neural netw
orks

support vector m
achines

naive bayes
logistic regression
C

4
.5

/C
5

.0
and m

any m
ore...





D
IM

EN
SION

A
LITY R

ED
U

CTION
E

ach data item
 is typically encoded in a vector

e.g., a picture is a sequence of pixel, in turn encoded as a R
G

B
num

eric triple
W

hat if this vector has a big dim
ension...

...but it contains redundancy or uninform
ative com

ponents?
e.g., an object centered in the picture or show

ing objects w
ith

given regularities
 com

pression of each vector in order to sum
m

arize m
ost of

the contained inform
ation





D
IM

EN
SION

A
LITY R

ED
U

CTION
several approaches:

principal com
ponent analysis (P

C
A

)
independent com

ponent analysis (IC
A

)
singular value decom

position (SV
D

)
and m

any m
ore...




