MVA - Discrete Inference and Learning
Lecture 8

Recommender Systems

Yuliya Tarabalka

Inria Sophia Antipolis-Méditerranée - TITANE team
Université Cote d'Azur - France

. UNIVERSITE - ...
INVENTORS FORTHE DGTALWORLD c OT E D AZ U R

Y. Tarabalka Lecture 8: Recommender systems



Introduction

Overview

1. Problem formulation

2. Content-based recommendations

3. Collaborative filtering

Y. Tarabalka Lecture 8: Recommender systems



Problem formulation

Overview

1. Problem formulation

Y. Tarabalka Lecture 8: Recommender systems



Problem formulation

Motivation
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Problem formulation

Motivation
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Personalized content
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Problem formulation

A more formal view

User (requests content)

Objects (that can be displayed)

Context (device, location, time)

Interface (mobile browser, tablet, viewport)

4

Objective: recommend relevant objects
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Challenges

@ Scalability

e Millions of objects
e 100s of millions of users

o Cold start

o Changing use base
o Changing inventory (movies, stories, goods)

@ Imbalanced dataset
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Problem formulation

Example: Predicting movie ratings

User rates movies using zero to five stars

Movie

Love at last
Romance forever
Cute puppies of love
Nonstop car chases
Swords vs. karate

Alice (1) Bob (2) Carol (3) Dave (4)
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Problem formulation

Example: Predicting movie ratings

User rates movies using zero to five stars x

Movie Alice (1) Bob (2) Carol (3) Dave (4)
Love at last 5 5 0 0
Romance forever 5 ? ? 0
Cute puppies of love ? 4 0 ?
Nonstop car chases 0 0 5 4
Swords vs. karate 0 0 5 ?
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Problem formulation

Example: Predicting movie ratings

User rates movies using zero to five stars *

Movie Alice (1) Bob (2) Carol (3) Dave (4)
Love at last 5 5 0 0
Romance forever 5 ? ?

Cute puppies of love ? 4 0 ?
Nonstop car chases 0 0 5 4
Swords vs. karate 0 0 5 ?

n, = number of users
nm, = number of movies
r(i,j) = 1 if user j has rated movie i

y(4) = rating given by user j to movie i (defined only if r(i,j) = 1)
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Problem formulation

Example: Predicting movie ratings

User rates movies using zero to five stars *

Movie Alice (1) Bob (2) Carol (3) Dave (4)
Love at last 5 5 0 0
Romance forever 5 ? ?

Cute puppies of love ? 4 0 ?
Nonstop car chases 0 0 5 4
Swords vs. karate 0 0 5 ?

n, = number of users
nm, = number of movies
r(i,j) = 1 if user j has rated movie i

y(4) = rating given by user j to movie i (defined only if r(i,j) = 1)

Goal: replace 7 by ratings
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Content-based recommendations

Overview

2. Content-based recommendations
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Content-based recommendations

Content-based recommender systems

How to predict 7 ?
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Content-based recommendations

Content-based recommender systems

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
(roman.)  (act)

Love at last 5 5 0 0

Romance for. 5 ? ? 0

Cute pup.of I. ? 4 0 ?

Nonst.car ch. 0 0 5 4

Swords vs.kar. 0 0 5 ?
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Content-based recommendations

Content-based recommender systems

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
(roman.)  (act)
Love at last 5 5 0 0 0.9 0
Romance for. 5 ? ? 0 1.0 0.01
Cute pup.of I. ? 4 0 ? 0.99 0
Nonst.car ch. 0 0 5 4 0.1 1.0
Swords vs.kar. 0 0 5 ? 0 0.9
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Content-based recommendations

Content-based recommender systems

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
(roman.)  (act)
Love at last 5 5 0 0 0.9 0
Romance for. 5 ? ? 0 1.0 0.01
Cute pup.of I. ? 4 0 ? 0.99 0
Nonst.car ch. 0 0 5 4 0.1 1.0
Swords vs.kar. 0 0 5 ? 0 0.9
1 1
xM =109 ,...,x(5) = 0
0 0.9
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Content-based recommendations

Content-based recommender systems

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
(roman.)  (act)
Love at last 5 5 0 0 0.9 0
Romance for. 5 ? ? 0 1.0 0.01
Cute pup.of I. ? 4 0 ? 0.99 0
Nonst.car ch. 0 0 5 4 0.1 1.0
Swords vs.kar. 0 0 5 ? 0 0.9
1 1
xM =109 ,...,x(5) = 0
0 0.9

@ For each user j, learn a parameter U) e R3

e Linear regression problem
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Content-based recommendations

Content-based recommender systems

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
(roman.)  (act)
Love at last 5 5 0 0 0.9 0
Romance for. 5 ? ? 0 1.0 0.01
Cute pup.of I. ? 4 0 ? 0.99 0
Nonst.car ch. 0 0 5 4 0.1 1.0
Swords vs.kar. 0 0 5 ? 0 0.9

@ For each user j, learn a parameter U) ¢ R3

o Linear regression problem

o Predict user j as rating movie i with (#U))7x() stars
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Content-based recommendations

Content-based recommender systems

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
(roman.)  (act)
Love at last 5 5 0 0 0.9 0
Romance for. 5 ? ? 0 1.0 0.01
Cute pup.of I. ? 4 0 ? 0.99 0
Nonst.car ch. 0 0 5 4 0.1 1.0
Swords vs.kar. 0 0 5 ? 0 0.9

o Predict user j as rating movie i with (#U))7x(7) stars

\ 0 )
\Lm= ["'ﬂ — © - ]: ] ( U = Seo1q
T

° = 4.9§
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Content-based recommendations

Problem formulation

r(i,j) = 1 if user j has rated movie i (0 otherwise)

y(¥) = rating given by user j to movie i (defined only if r(i,j) = 1)
6U) = parameter vector for user j

x{1) = feature vector for movie i

For user j, movie i, predicted rating: (8U))7 (x())

mU) = number of movies rated by user j

To learn AU) € R"*1 -
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Content-based recommendations

Problem formulation

r(i,j) = 1 if user j has rated movie i (0 otherwise)

y(4) = rating given by user j to movie i (defined only if r(i,j) = 1)
9U) = parameter vector for user j

x() = feature vector for movie i

For user j, movie i, predicted rating: (0U))7 (x())

mU) = number of movies rated by user |

To learn 9U) € R*1

1 . . RN A < .

i UNT (5 ()Y — /(i) N ()32

o, 2 (OO =) e 5 e
1:r(iy)= =
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Content-based recommendations

Problem formulation

r(i,j) = 1 if user j has rated movie i (0 otherwise)

y(4) = rating given by user j to movie i (defined only if r(i,j) = 1)
9U) = parameter vector for user j

x() = feature vector for movie i

For user j, movie i, predicted rating: (0U))7 (x())

mU) = number of movies rated by user |

To learn 9U) € R*1
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Content-based recommendations

Optimization objective

To learn 6U) € R"*1 (parameter for user J):

1 . , SN2 A e, (i
in= UNT (x(Dy — i) 2 (1)y2
ming > ((09)7 (") ~y )+2§k:13(0k)

iir(ij)=1

To learn (1), 92 g(n).

mln 2 Z Z ( Q(J) ) y(i’j))2 + % Nu i(glg))2
k=1

J=1ir(ij)=1 j=1 k=
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Content-based recommendations

Optimization algorithm

Optimization objective J(H(l)7 1S 0(”“)):

min 22 > (09 (x y<'J>)2+§"" "(e(k")

""" J=1ir(ij)=1 j=1 k=1

Gradient descent update:

For k = 0:
90) — 90) o Z (90))T(X() (iJ)) X/Ei)
iir(ij)=1
For k # 0:
o) =0 —a ( > ((O9)T(xD) =yl X +A0£”)
ir(ij)=1
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Content-based recommendations

Optimization algorithm

Optimization objective J(H(l)7 1S 0(”“)):

m|n —Z Z (0(1) ) y(iJ))2_|_% - (9/((]))2

J=1ir(ij)=1 j=1 k=1

Gradient descent update:

For k # 0:
oY) = o) _ o ( 3 ((90')) (x(1)y — y(i) )x( ) +A9‘J)>
iir(if)=1
~— - — -
A 3
“ (l.,.
-a e(?: I (e Jia ‘)
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Content-based recommendations

Optimization algorithm

Optimization objective J(H(l)7 1S 0(”“)):

min 22 > (09 (x y<'J>)2+§"" "(e(k")

""" J=1ir(ij)=1 j=1 k=1

Gradient descent update:

For k = 0:
90) — 90) o Z (90))T(X() (iJ)) X/Ei)
iir(ij)=1
For k # 0:
o) =0 —a ( > ((O9)T(xD) =yl X +A0£”)
ir(ij)=1
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Content-based recommendations

Optimization algorithm

Optimization objective J(A(), () ... §(n));
SN2\ ,
- (J) () _ (i) 2 ()32
"y m|n oo ZZ (0 )—y )+2' 0;)
_j 1ir(ij)=1 Jj=1 k=1
One can also use more advanced optimization algorithm to optimize this

objective function

@ Ex: stochastic gradient descent
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Content-based recommendations

Optimization algorithm

Where to get / How to estimate features x(1)?
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Collaborative filtering

Overview

3. Collaborative filtering
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Collaborative filtering

Collaborative filtering - Problem motivation

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
(roman.)  (act)
Love at last 5 5 0 0 0.9 0
Romance for. 5 ? ? 0 1.0 0.01
Cute pup.of I. ? 4 0 ? 0.99 0
Nonst.car ch. 0 0 5 4 0.1 1.0
Swords vs.kar. 0 0 5 ? 0 0.9

@ In most cases, we want much more than 2 features for each movie
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Collaborative filtering

Problem motivation

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
o) 62 63 64 (roman.)  (act)
Love at last 5 5 0 0 ? ?
Romance for. 5 ? ? 0 ? ?
Cute pup.of I. ? 4 0 ? ? ?
Nonst.car ch. 0 0 5 4 ? ?
Swords vs.kar. 0 0 5 ? ? ?
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Collaborative filtering

Problem motivation

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
o) (2) 63 64 (roman.)  (act)
Love at last 5 5 0 0 ? ?
Romance for. 5 ? ? 0 ? ?
Cute pup.of I. ? 4 0 ? ? ?
Nonst.car ch. 0 0 5 4 ? ?
Swords vs.kar. 0 0 5 ? ? ?

@ Suppose users told us how much they like romantic & action movies

Y. Tarabalka Lecture 8: Recommender systems
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Collaborative filtering

Problem motivation

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
o) 62 63 64 (roman.)  (act)
Love at last 5 5 0 0 ? ?
Romance for. 5 ? ? 0 ? ?
Cute pup.of I. ? 4 0 ? ? ?
Nonst.car ch. 0 0 5 4 ? ?
Swords vs.kar. 0 0 5 ? ? ?

@ Suppose users told us how much they like romantic & action movies

0 0 0 0
o0 =5 ,00=|5|00=|0|,00=]|0
0 0 5 5
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Collaborative filtering

Problem motivation

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
9(1) (9(2) 9(3) 9(4) (roman.)  (act)
Love at last 5 5 0 0 ? ?
Romance for. 5 ? ? 0 ? ?
Cute pup.of I. 7 4 0 7 ? 7
Nonst.car ch. 0 0 5 4 ? ?
Swords vs.kar. 0 0 5 ? ? ?

@ Suppose users told us how much they like romantic & action movies

0 0 0 0
o0 =5 6@ =|5| 060 =|0|,4=]0
0 0 5 5

@ We can then infer x; and x> for each movie
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Collaborative filtering

Problem motivation

Movie Alice(1) Bob(2) Carol(3) Dave(4) X1 X2
9(1) (9(2) 9(3) 9(4) (roman.)  (act)
Love at last 5 5 0 0 ? ?
Romance for. 5 ? ? 0 ? ?
Cute pup.of I. 7 4 0 7 ? 7
Nonst.car ch. 0 0 5 4 ? ?
Swords vs.kar. 0 0 5 ? ? ?

@ Suppose users told us how much they like romantic & action movies

0 0 0 0
o0 =5 6@ =|5| 060 =|0|,4=]0
0 0 5 5

@ We can then infer x; and x> for each movie
o Ex: (MMWN)TxM ~5 . = xM=[1 1.0 0.0]7
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Collaborative filtering

Optimization algorithm

Given 9(1)79(2)7 "'79(,1"), to learn X(i):

Jur(ij)=1 k=
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Collaborative filtering

Optimization algorithm

Given 0(1)70(2)a "'79(nu), to learn X(i):

mi_n%. 3 ((90))T(X(i))_ y(u))2+

Given ) 0 9(m) to learn x(1), ..., x(mm).

x =1 jr(ij)=

Y. Tarabalka Lecture 8: Recommender systems

wmn,, 22 > ((00 )—y(’?")>2+%.

N | >
1]
~—~
»X/:
N

N
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Collaborative filtering

Collaborative filtering

Given x(1), ..., x(") (and movie ratings),

can estimate 8, 92 .. g(n)

Given (1) 92 glnu)

can estimate x(1)_ ..., x("m)

Y. Tarabalka Lecture 8: Recommender systems



Collaborative filtering

Collaborative filtering

Given x(l), ...,X(”'") (and movie ratings),
can estimate 0(1), 0(2), e ()
Given (1), 9 g(m),
can estimate x(1) ... x("m)

Collaborative filtering:

Guess 6
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Collaborative filtering

Collaborative filtering

Given x(l), ...,X(”'") (and movie ratings),
can estimate 0(1), 0(2), e ()
Given (1), 9 g(m),
can estimate x(1) ... x("m)

Collaborative filtering:

Guess 6 = x
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Collaborative filtering

Collaborative filtering

Given x(), ..., x(m) (and movie ratings),
can estimate 0(1), 0(2), - ()
Given (1), 9 g(m),
can estimate x(1) ... x("m)

Collaborative filtering:

Guess 0 = x = 0
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Collaborative filtering

Collaborative filtering

Given x(), ..., x(m) (and movie ratings),
can estimate 0(1), 0(2), - ()
Given (1), 9 g(m),
can estimate x(1) ... x("m)

Collaborative filtering:

Guess = x=>0=>x=0=>x=> ..

Y. Tarabalka Lecture 8: Recommender systems 11 Dec 2017 33 /43



Collaborative filtering

Collaborative filtering optimization objective

Given x(1)_ . x(") estimate 9(1) 9(2) . g(n).

IS oI R (COLPO R R D o
k=1

""" J=1ir(ij)=1 Jj=1 k=

Given 0, 9 9(n)  estimate x(1), ..., x("m).

min _Z. Z ((90))T(X(i)) _y(u)>2+% . (XI((i))2

,,,,,
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Collaborative filtering

Collaborative filtering optimization objective

Given x| .. x("m) estimate 61, 9(2) . g(nu).

mln 2 Z Z ( Q(J) ) y(i’j))2 n % Nu i(ag))2
k=1

J=1ir(ij)=1 j=1 k=

Given 01 9D 9(n)  estimate x(1), ..., x(mm).

1m|n 22 Z (,90) (y — y(iJ))2+/\

i=1 jur(ij)=1 i=1 k:l

Nm n

x(1)

Minimizing x(), ..., x("m) and #(), ...,6(””) simultaneously:

I, ) g glm)y —
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Collaborative filtering

Collaborative filtering optimization objective
Given x(), ..., x(")  estimate (1), (D) .. g(n).

PRI DID S (CUMCORIE) IS 90 9 (0%
k=1

J=1ir(ij)=1 J=1 k=

Given 0, 9 9(n) | estimate x(1), ..., x("m):

Nm n

,min 22 3 ( Xy — (u)) +/2\ZZ(X£:'))2

(1)
X i=1 j:r(ij)=1 i=1 k=1

Minimizing x(1), ..., x(") and #(V)_ .. #(") simultaneously:

1 . . N2 A e < ) )‘

(if)r(ij)=1 i=1 k=1
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Collaborative filtering

Collaborative filtering optimization objective

Minimizing x(1), ..., x(") and #(V)_ .. #(") simultaneously:

1 T (i ij 2 A= v (e , A by ()
N (DUCUEFEI D SN LRI ICL
(i.j):r(ij)=1 i=1 k=1 Jj=1 k=1

min J(xM) . x(mm) gQ) - g(ma)y

XU, x(om) 6(1) . ()

yeeey
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Collaborative filtering

Collaborative filtering algorithm

1. Initialize x(W, .., x(m) () 9(") to small random values.

2. Minimize J(x(), ..., x(mm) 9() (7)) ysing gradient descent (or an

advanced optimization algorithm). E.g. for every
j=1..,n,0i=1 .. ny:

x,((i) = X,Ei) —

Jr(ig)=1

o D (BN =y ) 6 4 ax)

0 =00 —a| D ((09) (D) = yi) 7+ A60)

ir(ij)=1

3. For a user with parameters 6 and a movie with (learned) features x,

predict a star rating of 67 x.
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Collaborative filtering

Vectorization

Movie Alice (1) Bob (2) Carol (3) Dave (4)
Love at last 5 5 0 0

Romance forever 5
Cute puppies of love ?
Nonstop car chases 0
Swords vs. karate 0

O O B~ v
c1 01 O v
~N AV O
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Vectorization

Movie Alice (1) Bob (2) Carol (3) Dave (4)
Love at last 5 5 0 0
Romance forever 5 ? ? 0
Cute puppies of love ? 4 0 ?
Nonstop car chases 0 0 5 4
Swords vs. karate 0 0 5 ?
55 00
5 7 70
Y=|7 4 0 7
0 0 5 4
0 05 7
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Collaborative filtering

Vectorization

Predicted ratings:

O TxD (9@ TxM) (o)) T (1)

OOV s (nm) (@) Txlrm) (9T selm)
) (6%) (6'™)

~<

Il
oo ~vuw,
oo s v
oo v o
v vo o
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Collaborative filtering

Vectorization

Predicted ratings:

5500
5 7 7 0 (9(1))TX(1) (9(2))TX(1) (g(nu))TX(l)
Y=|7? 4 0 ? : : : :
005 4 ()T x(mm) (9N T x(mm) —— (9(n))T x(m)
0 05 7
ol ()7
(Xnm)T (gnu)T
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Collaborative filtering

Vectorization

Predicted ratings:

5500
5 7 7 0 (9(1))TX(1) (9(2))TX(1) (g(nu))TX(l)
Y=|7? 4 0 7 : : : :
005 4 ()T x(mm) (9N T x(mm) —— (9(n))T x(m)
0 05 7
oM oH7"
(Xnm)T (gnu)T

XOT is a low rank matrix

@ Low rank matrix factorization
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Collaborative filtering

Low rank matrix factorization

1tem
WX Vo2 WX ¥ Z
A Fy . z.n. Aliz LS 1.2 40 08
LB qng '3 _ B I.JI o6 I.ll 0.1I
§C 5.0 2.0 - c
o :5 40 10 L
Rating Matrix r\:‘lastfir « dﬁ:’x
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Collaborative filtering

Finding related movies

For each product i, we learn a feature vector x() € R”
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Collaborative filtering

Finding related movies

For each product i, we learn a feature vector x() € R”

@ E.g. x; = romance, xp = action, x3 = comedy, ...
(capture the most important features/properties of movies)
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Collaborative filtering

Finding related movies

For each product i, we learn a feature vector x() € R”

@ E.g. x; = romance, xp = action, x3 = comedy, ...
(capture the most important features/properties of movies)

How to find movies j related to movie i?
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Collaborative filtering

Finding related movies

For each product i, we learn a feature vector x() € R”

@ E.g. x; = romance, xp = action, x3 = comedy, ...
(capture the most important features/properties of movies)

How to find movies j related to movie i?

o Small ||x() — xU)|| = movies j and i are similar
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Collaborative filtering

Finding related movies

For each product i, we learn a feature vector x() € R”

@ E.g. x; = romance, xp = action, x3 = comedy, ...
(capture the most important features/properties of movies)

How to find movies j related to movie i?

o Small ||x() — xU)|| = movies j and i are similar

5 most similar movies to movie i:

Y. Tarabalka Lecture 8: Recommender systems 11 Dec 2017 41 /43



Collaborative filtering

Finding related movies

For each product i, we learn a feature vector x() € R”

@ E.g. x; = romance, xp = action, x3 = comedy, ...
(capture the most important features/properties of movies)

How to find movies j related to movie i?

o Small ||x() — xU)|| = movies j and i are similar

5 most similar movies to movie i:

o Find the 5 movies with the smallest ||x() — xU)|]
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Collaborative filtering

Mean normalization

Users who have not rated any movies

v

Movie Alice (1) Bob (2) Carol (3) Dave (4) Eve (5) '
—> Loveat last ] 5 0 0 ? |0 J{ 0 i 2 0
Romance forever 5 ? ? 0 2(0 5 7 £ 0
) Y=|7 4 0 7
Cute puppies of love ? 4 0 ? ? |0 00 5 4
Nonstop car chases 0 0 5 4 ? ° 00 5 0
-§ Swords vs. karate 0 0 S5 ? 2O
[N
. 1 ) ) Tom My T
- GNT (0 _ (0 ) (4)y2
S () -y ZZ Z ()
om, L g (1,5)ir(6,5)=1 n 4 i=1 k=1

>
;g S+ (657] <
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Collaborative filtering

Mean normalization

Mean Normalization:

= ?
12 SDRSTRE=LE,
p=1|2 |-yl 2 2 -2 ?7 7
225 — ||=225 —225 275 1.75 7
<)L.25 =125 125 375 —1.25]
For user j, on movie ¢ predict: lé/ e@ x(aj
> (&Y« p o S
User 5 (Eve): ©re) ¢
3] (B .
Scﬁ:[o] (&7)(x )+/u‘
[~} \____"_J)

=+ o
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