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Collaborative Filtering
= JEEE
m Goal: Find movies of interest to a user based on
movies watched by the user and others

m Methods: matrix factorization, GraphLab
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Cold-Start Problem
" JEE
m Challenge: Cold-start problem (new movie or user)

m Methods: use features of movie/user }
I
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Over 8 billion total ratings

5b paras

{00 ™M )

to fill in the blanks?
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Matrix Completion Problem

Xi; known for black cells
X;; unknown for white cells

Rows index users
Columns index movies °
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Interpreting Low-Rank Matrix Completion

(aka Matrix Factorlzatlon\zL
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Matrix Completion via Rank Minimization
" JEE

= Given observed values: (W V, V) € X Somt fuy :?
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Approximate Matrix Completion
" JEE

m  Minimize squared error:
1 (Other loss functions are possible)
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Coordinate Descent for Matrix Factorization
"

: 2
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m Fix movie factors, optimize for user factorsl—
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Minimizing Over User Factors
" JEE
m For each user u: mLinZ(Lu'Rv*Tuv)Q

» In matrix form: [1ast S’t\*""‘, S
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Coordinate Descent for Matrix
Factorization: Alternating Least-Squares

[ |
. 2
IEI}I%I Z(Lu'Rv_Tuv) + >\‘-‘\"L" + )\/“ﬂ"
(U, 0,70 ) EX T y0 7
m Fix movie factors, optimize for user factors 9
Independent least-squares over users min (Lu ‘R, — Tuv)
veVa 4 Nu[|Lell
m Fix user factors, optimize for movie factors
Independent least-squares over movies I%in (Lu . RU — Tuv)Q
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m System may be underdetermined:u\x y-(j,\ "-/24‘5*
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Effect of Regularization (34
"

NN

’ (U, 0,70 ) EX 1Ty 7

&> {g/ R
X =| L
ARETE s
eath  Sub problew ' each 545’;,,,%# “ wlh
Wit | LJ;';' 95 U(].!SSM :> SOIU! 1 \‘;t;} L,,c\j_sib

What you need to know...
" JEE
m Matrix completion problem for collaborative
filtering
m Over-determined -> low-rank approximation
m Rank minimization is NP-hard

m Minimize least-squares prediction for known
values for given rank of matrix
Must use regularization

m Coordinate descent algorithm = “Alternating
Least Squares”
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Stochastic Gradient Descent
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m Observe one rating at a time rﬁv & gv"‘ - Yy

m Gradient observing r,,:
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Local Optima v. Global Optima
"
m We are solving:
min » (Ly - Ry — 7uw)? + M| ||| F + \o|| B[

m We (kind of) wanted to solve:
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Which is NP-hard...
How do these things relate???
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Eigenvalue Decompositions for PSD Matrices
" JEE—

m Given a (square) symmetric positive semidefinite matrix: @%,‘-O

Eigenvalues: ) ) M 7,0 A= (), )
Thus rank is:

w8 zrmk(8) 2 MMy |
roximation: 4 .
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Property of trace: 4
Thus, approximat:'rank minimization by:
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Generalizing the Trace Trick

m Non-square matrices ain’t got no trace

m For (square) positive definite matrices, matrix factorization: ).)0

‘19 PJLP" diog ()

m For rectangular matrlces srngular value decomposition: “) o~
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Nuclear Norm Minimization
" JE
m Optimization problem: My " 9“5

90\-/ My

m Possible to relax equality constraints:

min Z (Qw ""aw)Z t /\ ” 9"!
@ fuw

m Both are convex problems!
(solved by semidefinite programming)
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Analysis of Nuclear Norm
"

m Nuclear norm minimization is a convex relaxation of rank minimization

problem: S N‘P’w L/luwu Vighn WA P‘&*"'l Solefy,

m@%n rank(©) /L mén O]

Tuv = Ouv, Vruw € X, 1y #7 i Tuv = Ouv, Vyy € X, Ty #7

= Theorem [Candes, Recht ‘08]: ov:jinql problm N ey
If there is a true matrix of rank k, Jrhmk '\ll& “,M k[\")'

And, we observe at least
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random entries of true matrix
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Then true matrix is recovered exactly with high probability with convex nuclear norm
minimization!
= Under certain conditions
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Nuclear Norm Minimization versus
Direct (Bilinear) Low Rank Solutions
N o T 2O e Ol )
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What you need to know...
* JEE
m Stochastic gradient descent for matrix
factorization

m Norm minimization as convex relaxation of rank
minimization
Trace norm for PSD matrices
Nuclear norm in general

m Intuitive relationship between nuclear norm
minimization and direct (bilinear) minimization
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Matrix factorization solutions can

. Rﬁ HnintHitivg...

m  Many, many, many applications of matrix factorization

m E.g, in text data, can do topic modeling (alternative to LDA):
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Nonnegative Matrix Factorization
* JEE—

R’

X =| L

m Just like before, but
: 2 2 2
Lz%l,llgzo (Lu - Ry = Tuw)” + ALl + Al R[5
_— Tuv
'@\Mgﬁ“
Lie
m Constrained optimization problem
Many, many, many, many solution methods... we’ll check out a simple one

T
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Projected Gradient
" JEE
m Standard optimization:

Want to minimize: ngnf(@) Frased)b\
Use"?;'radient updates: ! ~ (41-])
O+ oW — p,vF(OM) > 0

m Constrained optimization:
Given convex set C of feasible solutions
Want to find minima within C: min f(©)

©c’

m Projected gradient:

Tak&a gradient step (ignoring con ints):
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Projected Stochastic Gradient Descent .

for Nonneﬁative Matrix Factorization/@
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m Gradient step observing r,, ignoring constraints:
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s Convexset: (w70 ; Rv70 Yoy
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What you need to know...
* JE
m |[n many applications, want factors to be
nonnegative

m Corresponds to constrained optimization
problem

m Many possible approaches to solve, e.g.,
projected gradient
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