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Definicion
Recommender Systems aim to help a user or a group of users in a system
to select items from a crowded item or information space.

(MacNee et. al 2006)
R. Burke tenia su propia definicion, similar a esta, pero agregaba ...in a personalized way.
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¢Por queé nos interesan los RecSys en estos dias?

- Los Sistemas Recomendadores (RecSys) han ganado mucha popularidad en varios dominios
y aplicaciones donde la gente debe tomar decisiones sobre una gran cantidad de
informacién.
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El problema de recomendacion formalizado (Adomavicius et al. 2007)

Ve € C, s, = argmax u(c, s)
SES

u: CxXS — R, funcion de utilidad

R : conjunto recomendado de items
C : conjunto de usuarios
S : conjunto de items

5/24

Sof24 8/7/18,00:27



Ranking & UB-CF file:///Volumes/GoogleDrive/My Drive/PUC/IIC3633-2018-2/Website_R_2018/clasel _re...

1. Un Poco de Historia

Recomendaciones estilo Amazon.com
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1.1 En 1992 Xerox PARC Tapestry

‘MoveTo Display Delete AddTdoender sOps: SortBy |

70> 12 Mar 93 weiser:PAR| SndoLastDelete offered by
Size Of MsgSet

7 96» 22 Mar 97 Nancy FrejMsg Info
7 96> 22 Mlar 93 weiser.F. Append Msg YES

Interpress3,0PrintMsgSet e
Interpress3,0PrintSelectedMsg

tapestey@p| Interpress3.0PrintTOC 2 am PST)
lannd boxes in

7 85> 22 Mlar 9% 53raswal@)

? 85> 21 Mar 93
7 &» 22 Mar 97 Gary Emanr.o.T. MsgSet

7 80> 22 Mar 93 Andrea Spjadk L
Reappraise Selected

Reappraise MsgSet

Msg(5) Drder (PARC

7 25y 2t Nlar 97 rs “Elecironic

Figure 2. Requesting an explanation for a message’s priority.

Annotations for message $ XNS-SMTP-Gateway Parc:Xerox
appraiser terry $text:Bakersfield => priority 85
appraiser terry $Subject:Briefs«California => priority $§$
appraiser terry $sender:tapestry => priority 10

Figure 3. An explanation of priorities assigned to a message by various appraisers.

am curious as to why this particular message was assigned priority 85. So I select the message by
left-clicking on its summary, and then I click the “MsgOps” button at the top of the window. This
produces a pop-up menu from which I select the “Explain Msg’s Priority” option (see Figure 2.).
The resulting textual explanation is shown in Figure 3.
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1.2 MovielLens

Page 1 of 1422

Prediction Your
or Rating ¥ Rating

***** 5.0 stars E

[add tag] Popular tags:

****“ 4.5 stars IZl

[add tag] Popular tags:

b 8.8 8.8 Not seen IZl

[add tag] Popular tags:

****“ Not seen B

[add tag] Popular tags:

.8 8.8 .8 Not seen Izl

[add tag] Popular tags:

1 8.8 8.8 Not seen :l

[add tag] Popular tags:

1 2 3 4 ..1422 next

Movie
Information

Pink Floyd: The Wall (1982) DVD info|imdb|flag|Movie Tunerills
Drama, Musical

social commentary BuGE2 | cult film BESEL | surreal BEBED

Lives of Others, The (Das leben der Anderen) (2006) DVD
info |imdb | flag | Movie Tuner ills
Drama, Romance, Thriller - German

disturbing B3R | psychology B3 | romance ISR

Shawshank Redemption, The (1994) DVD info|imdb|flag|Movie Tunerilis
Crime, Drama

Godfather, The (1972) DVD info|imdb|flag|Movie Tuner illx
Crime, Drama - English, Italian

organized crime Bi3ED | based on a book [+ [14].®] | Oscar (Best Picture)nlrf}m

One Flew Over the Cuckoo's Nest (1975) DVD infe|imdb|flag|Movie
Tunerills
Drama

psychology B3 | based on a book BESKY | Oscar (Best Picture) BIESES

Usual Suspects, The (1995) DVD info|imdb|flag|Movie Tuner s
Crime, Mystery, Thriller - English, Hungarian, Spanish, French

organized crime B3 | twist ending B3 | Kevin Spacey BB

Link to Amatriain 2012
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NetFlix Prize (2007-2009)

a ® a * .k‘.

Home Rules  Leaderboard  Update

Leaderboard

Showing Test Score, Click

1 08567 1008 2008-07-26 181828
2 Inhe Ensem! 0.8567 1008 2009-07-26 183822
3 GLand Prize Team 0.8582 9.90 2008-07-10 212440
B Dgera Soluons and Vangelay Unlled 08588 984 2008-07-1001:1231
5 Yandelay industries ! 08501 L) 2009-07-10 00:3220
6 EragmaticTheory 08504 o7 2009-06-24 1206:56
7 BallKor in BigChaos 08601 970 2009-05-13 081409
8 Dace 08812 959 2009-07-24 171843
9 Feeds2 08622 948 2009-07-12 131151
10 BigChaos 08523 047 2008-04-07 123250
" Opera Solusions 08623 947 2008-07-24 00:3407
12 Belikor 0.8624 9.45 2008-07-26 17:12:11

Rank Team Name

1 © BellKor's Pragmatic Chaos
2 . TheEnsemble
3 | GrandPrize Team

file:///Volumes/GoogleDrive/My Drive/PUC/IIC3633-2018-2/Website_R_2018/clasel_re...

Best Test Score % Improvement Best Submit Time

0.8567 5 10.06 ' 2009-07-26 18:18:28
0.8567 5 10.06 - 2009-07-26 18:38:22
0.8582 : 9.90 . 2009-07-10 21:24:40
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1.3 Netflix en 2012

Top 10 for Xavier,

Breaking Bad

Daughter Mom Son All

Link to Amatriain 2012
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1.3 Netflix en 2012 (continuacion)

NETFLIX

Watch Instantly - Just for Kids - Taste Profile
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Your taste preferences created
This row.

Cerebral
Biographical
Documentanies

As wedl as your interest in...

Link to Amatriain 2012

11 of 24

file:///Volumes/GoogleDrive/My Drive/PUC/IIC3633-2018-2/Website_R_2018/clasel _re...

11/24

8/7/18,00:27



Ranking & UB-CF file:///Volumes/GoogleDrive/My Drive/PUC/IIC3633-2018-2/Website_R_2018/clasel _re...

Ranking no personalizado (Blog de Evan Miller,
2009)

1. Popularidad.
2. Score: (Ratings Positivos) - (Ratings Negativos)
3. Score: (Rating Promedio) = (Ratings Positivos)/(Total de Ratings)

4. Score: Considerando Ratings positivos y negativos, Limite inferior del Intervalo de
Confianza del Wilson Score, para un parametro Bernoulli.

L2
" o2 R - ‘ ;
(p L2y 20 /2 \/[p(l —p) + zi/2/4n}/n) /(1 + zi/z/v'z,).

2n

Donde p es la proporcion (estimada) de ratings positivos, z,» es el (1 — a/2) cuantil de la
distribucion normal, y n el niumero de ratings. a, también llamado nivel de significancia
estadistico, generalmente se considera 95%.
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Clasificacion(es)

1. Considerando los Datos usados

1. Basado en Reglas (Rule-based)

2. Basado en Contenido (Content-based)

3. Filtrado Colaborativo (el usuario y sus vecinos)
2. Considerando el Modelo

1. Memory-based (KNN)

2. Model-based (Representacién latente)

13 of 24
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Simplificacion del Problema: Prediccion de Ratings

14 of 24
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Predict!
NN\
Item 1 Item 2 \\ Item m
User 1 1 5 \ N 4
\‘4
User 2 5 1 @
User n 2 5 b

* How good is my prediction?
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Filtrado Colaborativo basado en el usuario

Dos tareas son necesarias:

- KNN: Encontrar los K vecinos mas cercanos (KNN) al usuario a:
Similaridad(a,i) = w(a,i),i € K

- Predecir el rating que un usuario a dara a un item :

n
Paj=VatQ Z w(a, (vij — Vi)
i=1
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Ejemplo: Correlacion de Pearson

EICCR ( Ul _r;l )( n( ’7")

u.n

—\2
\/EICCR“ i~ ru) \/Eicc&." (r,-r)

Sim(u,n) =

N5
Active \4 \ |-
user i
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Ejemplo: Correlacion de Pearson

SOLUCION
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Ejemplo: Correlacion de Pearson
EiCCRM (1 =7 = 1)

l““

B Sim(u,n) = E — E —
5 \/ iCCR, (rui - ru) \/ iCCR,,, (rm' - rn)
, 8
User_1
4] e
P _= 5
- active user
Active 4 % g
user — 4 | User_2 user 1 0.4472136
1 =
= user 2 0.49236596
i/ 5 User_3 user_ 3 -0.91520863
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Ejemplo Paso 2: Prediccion del rating

s“‘ . _
item 1 - pred(u l) F + E'ICIIL’ig/)bw's(u) user Sln‘l(ll, I’I) (’ni - ’n)
2 = .
s“‘ .
/. 2 \2 EMCneighl)a's(u) usal SIm(u, n)
\
5/ > w
1 -\ 3

User_1

4| =3 i Item 2
o [
Active 4 = > ;

N
user \ ,*47 User 2
e~ ) . 2
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Ejemplo Paso 2: Prediccion del rating

SOLUCION
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Ejemplo Paso 2: Prediccion del rating

I““

item 1 : = EHCnc’ighha's(u) user Sl"’l(l,l, I’I) ' (’ni - ’n )
pred(u,i)=r, +

P 2 ) userSim(u, n)
nCreighbors(u)
5) /i
3
4| =% Boss Item 2
actve N2 4 User 1 |User 2 |predicted interest
- = =
user B .
DN item_1 ) - 3262013982
- 2 item 2 3 ol 356331002
item 3 - 2 2.277268083
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¢Discusion: cuales son los pro y cons de este
método?
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¢Discusion: cuales son los pro y cons de este
método?

PROS:
* Very simple to implement
* Content-agnostic

* Compared to other techniques such as content-
based, is more accurate. There is also the Item KNN.

CONS:

* Sparsity
* Cold-start
* New Item
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