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RECOMMENDER SYSTEMS

A Recommender System suggests
items that might be interesting for a

user

Then it has to perform a rating
prediction |[1,2,3]

However, there are some widely-
known problems that afflict this
operation, such as the

Overspecialization [4], and the
Preference Stability 5,6,/
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OPEN PROBLEMS

Overspecialization/Serendipity

e Recommender systems usually suggest
items that have a strong similarity with the
user profile

* Then users never receive suggestions for
unexpected, surprising, and novel items

Preference Stability

» Users tend to choose items of the
same classes

* For example, movies of the same
genres
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PROPOSED SOLUTION

binary filters able to
1 describe the classes of
: items
Information Source |
We build a set of

L Preprocessing y

binary filters able
to describe the
user preferences

By comparing these two
sets of binary filters, we
obtain the user tastes in
terms of class relevance

The CPI model could be employed
by a recommender system to exploit
the class preference information
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to remove the useless elements

then we convert each word in its base form (e.g., walk
instead of walking)

and assign the right word sense (1=noun, 2=verb: we
use only nouns and verbs)

In the near future, a computer hacker
named Neo discovers that all life on
Earth may be nothing more than an
elaborate illusion
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1. SOURCE PREPROCESSING

\/

Future/l computer/l hacker/l nam/2
neo/l discover/2 life/l earth/1 illusion/1

We preprocess the textual description of each item,
to remove the useless elements

5 then we convert each word in its base form (e.g., walk
instead of walking)

3 and assign the right word sense (1=noun, 2=verb: we
use only nouns and verbs)

We map each of this term in a Wordnet
synset (Wordnet I1s a lexical database
that groups the words Into sets of
synonyms called synsets)
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ult) = m|w|, otherwise S|

£a) Foreach user u we consider the set of items | : — 1 0

14 she/he likes o
m =1 0 0

2\ Then build a model my that describes which

& synsets appear in the semantic description | =

ds: of each item i in her/his profile M

Y v
b m=| 1 0
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3. SEMANTIC BINARY SIEVE DEFINITION
bk[w] = { 1’ Zf dsz[w] — 1 A1 € c

bi|w|, otherwise

’ S

j\/l\/ﬁ For each class ¢ € C,, we create a | = 0 1 0

" binary vector b that reports which 1
synsets are relevant for it I 2: 1 1 O
{9\ Then we store each binary vector : :
S bkin a set B={ba, by, ... ,by} i = 0 1 0
( note that |B| = |C] ) i + + +
b= 1 1 1 0

i€c,



4. CLASS PATH VECTOR DEFINITION

b [w] Oy 1] = { rulk] + 4+, if mafw] = 1A byw] = 1

rulk|, otherwise

1) We compare (© operator) the user
4 models M={m4, m,, .. mN} and
the SBS vectors B—{b1 b2, ..., bk}
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4. CLASS PATH INFORMATION DEFINITION

b fulm, fu] = {

ru|k|, otherwise

1 ) We compare (© operator) the user
" models M={m1, m, .. mN} and
the SBS vectors B—{b1 b2, ..., bk}

Bl
I-l -
m = 1 1 | ... | O
b. =1 0 1 0 |=
b,=1 1 1 0 |=

-y
o
||
-
s
||

£ A
// A
i \
| |
| |
\ |
\ y

rulk] + +, if my|w] =1Abg|lw] =1

Then build a Class Path Information
(CPI) for each user, which contains the
class relevance In decreasing order
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EXPERIMENTS

The experiments were performed using two real-
world datasets: Yahoo! Webscope Movie (R4) and
Movielens 10M

Considering the absence of the textual
description of the items in the Movielens 10M
dataset, we use both datasets to study the
Preference Stability phenomenon, but only the
Yahoo! Webscope Movie (R4) to test our
strategy
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EXPERIMENTS

We compare our strategy with SVD++ (8], the
i Koren's version of SVD [9], one of the most
4 accurate approaches at the state of the art

Our approach Is able to reduce

| the effects of the Preference
We evaluate the results In Stability

order to check If:
The classes In the adopted CPI

Model are significant
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Involved classes
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1. PRELIMINARY STUDY

This study, aimed to Investigate on the
Preference Stability phenomenon, o
showed its existence in terms of
classes

The results show that the user
preferences are distributed between
30 and 50 percent of the classes (6
out of 20, and 10 out of 18)

Involved classes

Webscope-R4 Movielens-10M
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The second set of experiments shows
that our strategy is able to extend

the ground truth, characterizing user
preferences over a larger set of
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Webscope-R4 CPI Model

Involved Classes



2. PREFERENCE STABILITY

Involved classes

The second set of experiments shows
that our strategy is able to extend

the ground truth, characterizing user

fpreferences over a larger set of
- classes

In addition, It characterizes user

preferences In terms of classes,

without producing any comparison

with the preferences of the other

users (differently from SVD++)

The advantages are both on the

computational load, and on the

Webscope-R4 SVD++ CPI Model possibility to recommend items that
are not too dissimilar to those
positively evaluated by the users




3. CLASSES IN THE CPI MODEL

1/ The previous set of

- experiments shows that the

number of classes involved In

our CPI models Is the same of
SVD++



3. CLASSES IN THE CPI MODEL

experiments shows that the

humber of classes involved In

0.82138 our CPI models is the same of
SVD++

- cp 2 Using the Jaccard index, we

verified that the most popular
H(CUCPI).Cu(SDY +4)) = GG pr T ct (Spy 4 1] 8 classes included in our CPI
model, are almost the same

of the SVD++ approach
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Experimental results
proved the
effectiveness of our
strategy, comparing
with an approach at the
state of the art

We represented the
user tastes and the
classes of items
through two binary
filters

We wanted to face two
problems:
Overspecialization and
Preference Stability

} VWe combined these
two binary filters to
define the CPI, a model
able to infer the user
preferences
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FUTURE WORK

We will introduce our
modeling technique to
SUpport a
recommender system
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The idea Is to produce
the recommendations
considering the
available classes in the
model

Considering that the
classes are semantically
related to the items a
user likes, but are not
the same

This would allow to
produce serendipity,
without the
conseguences caused by
diversity
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