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Personalization is a successful use of learning from data

• Facebook advertisements from browsing history

• Amazon, YouTube, Netflix recommendations from user 

choices

• Input: user preferences (or activities)

• Goal: select (a small set of) items the user will like


• Challenge: sparsity

• Key idea: collaborative filtering  

a user might like something, if similar users liked it!2

User 1 5 3
User 2 2 4
User 3 3


3
User 4 1
User 5 4
User 6 5 2



Challenges in recommender systems
• Some feedback are implicit

• explicit feedback: rating, purchase history, ranking

• Implicit feedback: browsing history, TV viewing pattern

• Implicit feedback requires pre-processing of data such as time 

spent, clicked, interval, etc.


• We seek diversity which is not easy to impose 
because users are multifaceted   

• A person with Linear Algebra textbook does not need another 

one, but Top-k recommendation might stick to k linear algebra 
textbooks


• We don’t want to recommend just Marvel movies


• Cold-start is hard

• Recommendations for new user/movie with no data is hard

• Need to use additional features/contexts (Netflix 20 questions)
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Challenges in recommender systems
• Interests change over time, but dynamic models are hard to train

• Users preferences change over time

• Movies perception changes over time


• Given millions of users and hundreds of thousands of movies, 
we need a scalable (i.e. fast) algorithm

• We need to exploit that data is sparse 
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Approach 0: popularity
• No personalization

• Netflix: trending now (average number of viewers)

• NY times: popular article (average views)
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Approach 1: classifier
• Train a classifier on  

   x = (user features and movie features)  
   y = liked (+1) or not (-1)


• Output: +1 (recommend) or -1 (do not recommend)

• Pros

• personalized

• flexible to include additional features like time 


• Cons

• Useful features are hard to get

• Empirical performance not as good as Collaborative Filtering



Approach 2: co-occurrences
• “People who bought X also bought …”

• Construct a normalized co-occurrence matrix C 

where both rows and columns indicate items


• This is a symmetric matrix: 


• For a user who bought {milk, diapers}


• If user bought similar items, then give more score for 
“baby wipes”
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Cij =
# of people who bought i and j
# of people who bought i or j
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Approach 3: matrix factorization
• Movie recommendations

• Users watch movies and give ratings

• But each user only rates a few

!7

User Movie Rating

User 1 5 3
User 2 2 4
User 3 3

User 4 1
User 5 4
User 6 5 2

Input Data

Input Data in a matrix form

Xij known for black cells
Xij unknown for white cells

Rows index movies
Columns index users

X =



Matrix completion problem

• Black cells indicate Rating(user,movie) known

• White cells indicate Rating(user,movie) unknown

• Each cell has values in {1,2,3,4,5}

• Goal: predict missing entries
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Xij known for black cells
Xij unknown for white cells

Rows index movies
Columns index users

X =Rating



Premise: Suppose we have d types of movies

• We can describe each movie v with feature vector Rv 

• How much is the movie action, romance, drama, …

• Rv  = [0.3,  0.01,  1.5, … ]


• We can describe a user u with feature vector Lu

• How much she likes action, romance, drama, … 
• Lu  = [2.3,  0 ,  0.7, … ] 

• Perhaps we can find such features that the rating can be 
predicted as the inner product of those two vectors


• Rating(u,v) = 0.3*2.3 + 0.01*0 + 1.5*0.7 + …


• This allows you to predict how a user will rate a movie, 
that she has not seen yet
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Product recommendations
• Suppose the following features have been learned, 

which movie should we recommend to user #3?


• Such prediction can be computed for all (user,movie) pairs

• And be written in a matrix form:
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User ID Feature 
vector1 (2, 0)

2 (1, 1)
3 (0, 1)
4 (2, 1)

Movie ID Feature vector
1 (3, 1)
2 (1, 2)
3 (2, 1)

Call this 4x2 matrix L

Call this 3x2 matrix R

6 2 4

4 3 3

1 2 1

7 4 5

=<latexit sha1_base64="qH777iEVKmSp2MtgcTQAXCUUeOo=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQhshaGMZwcRAcoS9zVyyZHfv2N0TQshfsLFQxNY/ZOe/8S65QhMfDDzem2FmXhALbqzrfjuFtfWNza3idmlnd2//oHx41DZRohm2WCQi3QmoQcEVtiy3AjuxRioDgY/B+DbzH59QGx6pBzuJ0Zd0qHjIGbWZVL2ulvrliltz5yCrxMtJBXI0++Wv3iBiiURlmaDGdD03tv6UasuZwFmplxiMKRvTIXZTqqhE40/nt87IWaoMSBjptJQlc/X3xJRKYyYySDsltSOz7GXif143seGVP+UqTiwqtlgUJoLYiGSPkwHXyKyYpIQyzdNbCRtRTZlN48lC8JZfXiXtes27qNXv65XGTR5HEU7gFM7Bg0towB00oQUMRvAMr/DmSOfFeXc+Fq0FJ585hj9wPn8AeY6NMw==</latexit>

2 0

1 1

0 1

2 1

3 1 2
1 2 1

RT
<latexit sha1_base64="Mo4Ybb/8OMitQyzbTfyRh4iDllk=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWKLhK4GT7C17sLK3e9ndMyGE/2BjoTG2/h87/417cIWCL5nk5b2ZzMwLYs60cd1vJ7e2vrG5ld8u7Ozu7R8UD49aWiaK0CaRXKpOgDXlTNCmYYbTTqwojgJO28H4JvXbT1RpJkXDTGLqR3goWMgINlZqle8fGuVCv1hyK+4caJV4GSlBhnq/+NUbSJJEVBjCsdZdz42NP8XKMMLprNBLNI0xGeMh7VoqcES1P51fO0NnVhmgUCpbwqC5+ntiiiOtJ1FgOyNsRnrZS8X/vG5iwit/ykScGCrIYlGYcGQkSl9HA6YoMXxiCSaK2VsRGWGFibEBpSF4yy+vkla14l1UqnfVUu06iyMPJ3AK5+DBJdTgFurQBAKP8Ayv8OZI58V5dz4WrTknmzmGP3A+fwDz544O</latexit>

L<latexit sha1_base64="Sr/FWvmpJnks64L2fkR0bJw3Wng=">AAAB63icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWFhgIkgCF7K37MGG3b3L7pwJIfwFGwuNsfUP2flvvIMrFHzJJC/vzWRmXhBLYdF1v53C2vrG5lZxu7Szu7d/UD48atsoMYy3WCQj0wmo5VJo3kKBkndiw6kKJH8MxjeZ//jEjRWRfsBJzH1Fh1qEglHMpOpdtdQvV9yaOwdZJV5OKpCj2S9/9QYRSxTXyCS1tuu5MfpTalAwyWelXmJ5TNmYDnk3pZoqbv3p/NYZOUuVAQkjk5ZGMld/T0ypsnaigrRTURzZZS8T//O6CYZX/lToOEGu2WJRmEiCEckeJwNhOEM5SQllRqS3EjaihjJM48lC8JZfXiXtes27qNXv65XGdR5HEU7gFM7Bg0towC00oQUMRvAMr/DmKOfFeXc+Fq0FJ585hj9wPn8AkGiNQg==</latexit>



Predictions in a matrix form

• Ratings matrix is the product of L and R: user feature matrix and 
movie feature matrix


• How do we learn the feature matrices from data?

• When we have all the ratings, then it is easy

• PCA gives optimal factorization L and R 

in terms of reconstruction error

• This automatically discovers the right topics from data


• But, if we have all the ratings, we don’t need to predict anything
!11

≈X L
R’

=
Xij known for black cells

Xij unknown for white cells
Rows index movies

Columns index users
X =Rating



Matrix factorizations are not unique
• Let’s say we have an exact factorization M = L*RT 

• There are infinitely many factorizations, which give the exactly same M 
• For example, we can scale up the user features 

and scale down the movie ones, so that the ratings do not change


• Precisely, for any invertible matrix Q, (LQ,RQ-T) give the same matrix as 
(L,R) since                        LQ*(RQ-T)T = LQ*Q-TR = LR=M
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6 2 4
4 3 3
1 2 1
7 4 5
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From factorization to Matrix completion

• In reality, we only have partial observations of the ratings matrix

• We fit the best L and R, to the observed ratings

• There has been many efficient algorithms to find factorization based on 

partial observations, a.k.a. matrix completion problem


• We suppose there are m movies and n users, and k topics, and the 
ground truth matrix M is generated by M=L0*R0T for the form above


• No matter how many entries I observed, there are multiple choices of 
parameters (L,R) that will match all the entries

• because, if (L,R) matches the entries, so does (LQ,RQ-T)!13

≈
Xij known for black cells

Xij unknown for white cells
Rows index movies

Columns index users
X =Rating
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• But when can we solve this problem?

• That is how many entries do we need to see,  

in order for our prediction to be accurate?  
 


• One extreme: suppose we observe all entries, then

• Any factorization methods like singular value decomposition (SVD) 

will provide (one of the) correct factorizations

• And, this correct, i.e. resulting M = LRT 

• Another extreme: suppose we observe one entry, then

• It is easy to match the entry observed

• But, most likely this is incorrect on the missing entries, i.e. M != LRT

Number of observed entries

Difficulty in finding (L,R)  
that matches  

the observed entries
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From factorization to Matrix completion

≈
Xij known for black cells

Xij unknown for white cells
Rows index movies

Columns index users
X =Rating

• If there are m movies and n users, and k topics, then how many 
parameters do we have in our factorization model L and R? 
                    degrees-of-freedom = k*m+k*n


• This is also sometimes called the degrees-of-freedom in the problem.


• How many entries do we observe if we have the full matrix? 


• How many entries do you think we need, to accurately reconstruct the 
ground truth L and R that generated the data?

m

n
k

k



Algorithmic solution for matrix completion

• How do we write a program to find (L,R) matching the 
observed entries?


• Machine learning approach:

• Write a loss function and minimize


• Coordinate descent us popular in solving this optimization
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≈
Xij known for black cells

Xij unknown for white cells
Rows index movies

Columns index users
X =Rating

minimizeL,R

X

u,v:ruv 6=?

⇣
(LRT )uv| {z }

LT
uRv

�ruv
⌘2
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Coordinate descent
• Consider a optimization problem (in 2-dimensions for illustration purposes)


• One method is called coordinate descent


• Initialize (w0,w1) to be random or smart initialization

• While not converged, repeat

• Pick a coordinate j in {0,1} (either random, round-robin, etc.)


• Main idea:

• Minimizing over 1 coordinate is much easier

• No need to choose step-size

• This is guaranteed to find optimal solution, under some constraints


• When does it fail?!17

minimizew0,w1 g(w0, w1)
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Coordinate descent
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(w⇤
0 , w

⇤
1)

<latexit sha1_base64="banXklYo9/l4TQWmdrgfkAvE4Yg=">AAAB9HicbVBNT8JAEJ3iF+IX6tFLIzFBYkiLJnokevGIiXwkUJrtsoUN223d3UJIw+/w4kFjvPpjvPlvXKAHBV8yyct7M5mZ50WMSmVZ30ZmbX1jcyu7ndvZ3ds/yB8eNWQYC0zqOGShaHlIEkY5qSuqGGlFgqDAY6TpDe9mfnNEhKQhf1STiDgB6nPqU4yUlpzi2LW6pYuxa3dL526+YJWtOcxVYqekAClqbv6r0wtxHBCuMENStm0rUk6ChKKYkWmuE0sSITxEfdLWlKOASCeZHz01z7TSM/1Q6OLKnKu/JxIUSDkJPN0ZIDWQy95M/M9rx8q/cRLKo1gRjheL/JiZKjRnCZg9KghWbKIJwoLqW008QAJhpXPK6RDs5ZdXSaNSti/LlYerQvU2jSMLJ3AKRbDhGqpwDzWoA4YneIZXeDNGxovxbnwsWjNGOnMMf2B8/gB5dZCa</latexit>

(w(t)
0 , w(t)

1 )
<latexit sha1_base64="LZSvHYKIu6xyQVMxgFcOdLDrJ2g=">AAAB/nicbZDLSsNAFIYn9VbrLSqu3AwWoQUpSRV0WXTjsoK9QBvDZDpph04uzJxYSij4Km5cKOLW53Dn2zhts9DWHwY+/nMO58zvxYIrsKxvI7eyura+kd8sbG3v7O6Z+wdNFSWSsgaNRCTbHlFM8JA1gINg7VgyEniCtbzhzbTeemRS8Si8h3HMnID0Q+5zSkBbrnlUGrnWQ1qC8uRs5NpzKrtm0apYM+FlsDMookx11/zq9iKaBCwEKohSHduKwUmJBE4FmxS6iWIxoUPSZx2NIQmYctLZ+RN8qp0e9iOpXwh45v6eSEmg1DjwdGdAYKAWa1Pzv1onAf/KSXkYJ8BCOl/kJwJDhKdZ4B6XjIIYayBUcn0rpgMiCQWdWEGHYC9+eRma1Yp9XqneXRRr11kceXSMTlAJ2egS1dAtqqMGoihFz+gVvRlPxovxbnzMW3NGNnOI/sj4/AENF5RB</latexit>

• Coordinate descent successfully finds the optimal solution if g(.) is 
strongly convex and smooth



Coordinate descent for matrix completion

• Initialize (L,R)

• Repeat

• Fix R and optimize over L

• Fix L and optimize over R 

• First insight:

!19

minimizeL,R

X

u,v:ruv 6=?

⇣
(LRT )uv| {z }

LT
uRv

�ruv
⌘2

<latexit sha1_base64="05qAGFgy739y5ZkfOHeXRYxBHzw="></latexit>

min
L1,··· ,Ln

X

(u,v):ruv 6=?

(LT
u Rv � ruv)

2

= min
L1,··· ,Ln

nX

u=1

n X

v:ruv 6=?

(LT
u Rv � ruv)

2
o

=
nX

u=1

n
min
Lu

X

v:ruv 6=?

(LT
u Rv � ruv)

2
o

<latexit sha1_base64="4RMBwobn+k83a8p/XWrMLKpsLEE="></latexit>

This only involves each row of L 
independently, and can be solved as  
a separate optimization for each row



Coordinate descent for matrix completion
• We broke down the problem into solving multiple inner 

optimizations of the form: 


• Second insight: 

• And this is the standard linear regression with quadratic loss

• Many efficient solvers exist + can be solved in a closed form too


•

!20

min
Lu

X

v:ruv 6=?

(LT
u Rv � ruv)

2

<latexit sha1_base64="NpeslmxKvmlOqeXceI2FsSDdBgw="></latexit>



Demo
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Application: localization

• Wireless sensors deployed in a region

• Each measure distance to the close-by sensors

• Goal: find the distances to all sensors

• If we have all pairwise distances, then it is easy to find 

locations of all sensors simultaneously
!28



!29

Application: localization

• Why is this a Matrix Completion problem?

• We have missing entries

• The data is in a matrix form

• But most importantly, the ground-truth is a low-rank matrix

• The ambient dimension is 2 or 3, i.e. position is

1
<latexit sha1_base64="TtIgPQprnJE4HSS++PuM3etxya8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPe+uMuQ==</latexit>

x2
u + y2u

<latexit sha1_base64="rzfByz4EBXXPm0iCRIR1WsamCeo=">AAAB8nicbVDLSsNAFJ3UV62vqks3g0UQhJJUQZdFNy4r2AeksUymk3boZBJmbsQQ+hluXCji1q9x5984abPQ1gMzHM65l3vv8WPBNdj2t1VaWV1b3yhvVra2d3b3qvsHHR0lirI2jUSkej7RTHDJ2sBBsF6sGAl9wbr+5Cb3u49MaR7Je0hj5oVkJHnAKQEjuU+D5KFxlub/oFqz6/YMeJk4BamhAq1B9as/jGgSMglUEK1dx47By4gCTgWbVvqJZjGhEzJirqGShEx72WzlKT4xyhAHkTJPAp6pvzsyEmqdhr6pDAmM9aKXi/95bgLBlZdxGSfAJJ0PChKBIcL5/XjIFaMgUkMIVdzsiumYKELBpFQxITiLJy+TTqPunNcbdxe15nURRxkdoWN0ihx0iZroFrVQG1EUoWf0it4ssF6sd+tjXlqyip5D9AfW5w+db5DQ</latexit>

�
p
2xu

<latexit sha1_base64="7DYHNhWKUCAMoodH4mbuWfxiUk8=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgxbAbBT0GvXiMYB6QXcLsZDYZMju7zkMMS37DiwdFvPoz3vwbJ8keNLGgoajqprsrTDlT2nW/ncLK6tr6RnGztLW9s7tX3j9oqcRIQpsk4YnshFhRzgRtaqY57aSS4jjktB2ObqZ++5FKxRJxr8cpDWI8ECxiBGsr+We+epA6q02eeqZXrrhVdwa0TLycVCBHo1f+8vsJMTEVmnCsVNdzUx1kWGpGOJ2UfKNoiskID2jXUoFjqoJsdvMEnVilj6JE2hIazdTfExmOlRrHoe2MsR6qRW8q/ud1jY6ugoyJ1GgqyHxRZDjSCZoGgPpMUqL52BJMJLO3IjLEEhNtYyrZELzFl5dJq1b1zqu1u4tK/TqPowhHcAyn4MEl1OEWGtAEAik8wyu8OcZ5cd6dj3lrwclnDuEPnM8fIfGRvw==</latexit>

�
p
2yu

<latexit sha1_base64="SBTHbA+4dC/KhpGLP+rnjkljWLQ=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWJIq6LLoxmUF+4AmlMl00g6dTOI8hBD6G25cKOLWn3Hn3zhts9DWAxcO59zLvfeEKWdKu+63s7K6tr6xWdoqb+/s7u1XDg7bKjGS0BZJeCK7IVaUM0FbmmlOu6mkOA457YTj26nfeaJSsUQ86CylQYyHgkWMYG0l/9xXj1Ln9UnWN/1K1a25M6Bl4hWkCgWa/cqXP0iIianQhGOlep6b6iDHUjPC6aTsG0VTTMZ4SHuWChxTFeSzmyfo1CoDFCXSltBopv6eyHGsVBaHtjPGeqQWvan4n9czOroOciZSo6kg80WR4UgnaBoAGjBJieaZJZhIZm9FZIQlJtrGVLYheIsvL5N2veZd1Or3l9XGTRFHCY7hBM7AgytowB00oQUEUniGV3hzjPPivDsf89YVp5g5gj9wPn8AI3eRwA==</latexit>

x2
v + y2v

<latexit sha1_base64="qm22V9a0ZO11aMttob4d2xMHszk=">AAAB8nicbVDLSsNAFJ34rPVVdelmsAiCUJIq6LLoxmUF+4A0lsl00g6dTMLMTTGEfoYbF4q49Wvc+TdO2iy09cAMh3Pu5d57/FhwDbb9ba2srq1vbJa2yts7u3v7lYPDto4SRVmLRiJSXZ9oJrhkLeAgWDdWjIS+YB1/fJv7nQlTmkfyAdKYeSEZSh5wSsBI7lN/8lg/T/O/X6naNXsGvEycglRRgWa/8tUbRDQJmQQqiNauY8fgZUQBp4JNy71Es5jQMRky11BJQqa9bLbyFJ8aZYCDSJknAc/U3x0ZCbVOQ99UhgRGetHLxf88N4Hg2su4jBNgks4HBYnAEOH8fjzgilEQqSGEKm52xXREFKFgUiqbEJzFk5dJu15zLmr1+8tq46aIo4SO0Qk6Qw66Qg10h5qohSiK0DN6RW8WWC/Wu/UxL12xip4j9AfW5w+ggZDS</latexit>

1
<latexit sha1_base64="TtIgPQprnJE4HSS++PuM3etxya8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPe+uMuQ==</latexit>p
2xv

<latexit sha1_base64="0CsKdGk1cAAFmE7QeXMfcoA9Ems=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BIvgqexWQY9FLx4r2A/YLiWbZtvQbLIms8Wy9Gd48aCIV3+NN/+NabsHbX0w8Hhvhpl5YSK4Adf9dgpr6xubW8Xt0s7u3v5B+fCoZVSqKWtSJZTuhMQwwSVrAgfBOolmJA4Fa4ej25nfHjNtuJIPMElYEJOB5BGnBKzkd82jhqw2feqNe+WKW3XnwKvEy0kF5Wj0yl/dvqJpzCRQQYzxPTeBICMaOBVsWuqmhiWEjsiA+ZZKEjMTZPOTp/jMKn0cKW1LAp6rvycyEhsziUPbGRMYmmVvJv7n+SlE10HGZZICk3SxKEoFBoVn/+M+14yCmFhCqOb2VkyHRBMKNqWSDcFbfnmVtGpV76Jau7+s1G/yOIroBJ2ic+ShK1RHd6iBmogihZ7RK3pzwHlx3p2PRWvByWeO0R84nz+4S5GJ</latexit>p
2yv

<latexit sha1_base64="05ERgpiq3aJqmgvm+ydVno54Cio=">AAAB8nicbVBNS8NAEN34WetX1aOXxSJ4KkkV9Fj04rGC/YA0lM120y7d7MbdSSGE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTAQ34Lrfztr6xubWdmmnvLu3f3BYOTpuG5VqylpUCaW7ITFMcMlawEGwbqIZiUPBOuH4buZ3JkwbruQjZAkLYjKUPOKUgJX8nnnSkNenWX/Sr1TdmjsHXiVeQaqoQLNf+eoNFE1jJoEKYozvuQkEOdHAqWDTci81LCF0TIbMt1SSmJkgn588xedWGeBIaVsS8Fz9PZGT2JgsDm1nTGBklr2Z+J/npxDdBDmXSQpM0sWiKBUYFJ79jwdcMwois4RQze2tmI6IJhRsSmUbgrf88ipp12veZa3+cFVt3BZxlNApOkMXyEPXqIHuURO1EEUKPaNX9OaA8+K8Ox+L1jWnmDlBf+B8/gC50ZGK</latexit>

RT
<latexit sha1_base64="Mo4Ybb/8OMitQyzbTfyRh4iDllk=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWKLhK4GT7C17sLK3e9ndMyGE/2BjoTG2/h87/417cIWCL5nk5b2ZzMwLYs60cd1vJ7e2vrG5ld8u7Ozu7R8UD49aWiaK0CaRXKpOgDXlTNCmYYbTTqwojgJO28H4JvXbT1RpJkXDTGLqR3goWMgINlZqle8fGuVCv1hyK+4caJV4GSlBhnq/+NUbSJJEVBjCsdZdz42NP8XKMMLprNBLNI0xGeMh7VoqcES1P51fO0NnVhmgUCpbwqC5+ntiiiOtJ1FgOyNsRnrZS8X/vG5iwit/ykScGCrIYlGYcGQkSl9HA6YoMXxiCSaK2VsRGWGFibEBpSF4yy+vkla14l1UqnfVUu06iyMPJ3AK5+DBJdTgFurQBAKP8Ayv8OZI58V5dz4WrTknmzmGP3A+fwDz544O</latexit>

L<latexit sha1_base64="Sr/FWvmpJnks64L2fkR0bJw3Wng=">AAAB63icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWFhgIkgCF7K37MGG3b3L7pwJIfwFGwuNsfUP2flvvIMrFHzJJC/vzWRmXhBLYdF1v53C2vrG5lZxu7Szu7d/UD48atsoMYy3WCQj0wmo5VJo3kKBkndiw6kKJH8MxjeZ//jEjRWRfsBJzH1Fh1qEglHMpOpdtdQvV9yaOwdZJV5OKpCj2S9/9QYRSxTXyCS1tuu5MfpTalAwyWelXmJ5TNmYDnk3pZoqbv3p/NYZOUuVAQkjk5ZGMld/T0ypsnaigrRTURzZZS8T//O6CYZX/lToOEGu2WJRmEiCEckeJwNhOEM5SQllRqS3EjaihjJM48lC8JZfXiXtes27qNXv65XGdR5HEU7gFM7Bg0towC00oQUMRvAMr/DmKOfFeXc+Fq0FJ585hj9wPn8AkGiNQg==</latexit>

D =
<latexit sha1_base64="F8VcG3zl+WF/GhojiAQu6/zQtjY=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CRbBU9mtgoIIRT14rOC2hXYp2TTbhibZJckKZelv8OJBEa/+IG/+G9N2D9r6YODx3gwz88KEM21c99sprKyurW8UN0tb2zu7e+X9g6aOU0WoT2Ieq3aINeVMUt8ww2k7URSLkNNWOLqd+q0nqjSL5aMZJzQQeCBZxAg2VvLvUPfquleuuFV3BrRMvJxUIEejV/7q9mOSCioN4VjrjucmJsiwMoxwOil1U00TTEZ4QDuWSiyoDrLZsRN0YpU+imJlSxo0U39PZFhoPRah7RTYDPWiNxX/8zqpiS6DjMkkNVSS+aIo5cjEaPo56jNFieFjSzBRzN6KyBArTIzNp2RD8BZfXibNWtU7q9Yeziv1mzyOIhzBMZyCBxdQh3togA8EGDzDK7w50nlx3p2PeWvByWcO4Q+czx+gpI3o</latexit>

Duv = (xu � xv)
2 + (yu � yv)

2
<latexit sha1_base64="JxiP/SLBdqVl7VzGHns28iK0ph8=">AAACDHicbVDLSgMxFM3UV62vqks3wSJUxDJTBd0IRV24rGAf0I5DJk3b0ExmyKN0GPoBbvwVNy4UcesHuPNvTNtZaPVA4Nxz7uXmHj9iVCrb/rIyC4tLyyvZ1dza+sbmVn57py5DLTCp4ZCFoukjSRjlpKaoYqQZCYICn5GGP7ia+I0hEZKG/E7FEXED1OO0SzFSRvLyhWsv0cMxvIDFkaePR97w8L4Mj2AxNlU8q0yXXbKngH+Jk5ICSFH18p/tToh1QLjCDEnZcuxIuQkSimJGxrm2liRCeIB6pGUoRwGRbjI9ZgwPjNKB3VCYxxWcqj8nEhRIGQe+6QyQ6st5byL+57W06p67CeWRVoTj2aKuZlCFcJIM7FBBsGKxIQgLav4KcR8JhJXJL2dCcOZP/kvq5ZJzUirfnhYql2kcWbAH9kEROOAMVMANqIIawOABPIEX8Go9Ws/Wm/U+a81Y6cwu+AXr4xvR75jr</latexit>

(xu, yu)
<latexit sha1_base64="pGNMrbXQ1CZjKg6fSlqu/arTSgU=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0WoICWpgi6LblxWsA9pQ5hMJ+3QmUmYhxhCv8KNC0Xc+jnu/BunbRbaeuDC4Zx7ufeeMGFUadf9dgorq2vrG8XN0tb2zu5eef+grWIjMWnhmMWyGyJFGBWkpalmpJtIgnjISCcc30z9ziORisbiXqcJ8TkaChpRjLSVHqpPgTlLA3MalCtuzZ0BLhMvJxWQoxmUv/qDGBtOhMYMKdXz3ET7GZKaYkYmpb5RJEF4jIakZ6lAnCg/mx08gSdWGcAolraEhjP190SGuFIpD20nR3qkFr2p+J/XMzq68jMqEqOJwPNFkWFQx3D6PRxQSbBmqSUIS2pvhXiEJMLaZlSyIXiLLy+Tdr3mndfqdxeVxnUeRxEcgWNQBR64BA1wC5qgBTDg4Bm8gjdHOi/Ou/Mxby04+cwh+APn8wcTCo/u</latexit>



Application: recommendation systems
• Given partially observed ratings matrix 

• Discover k topics, and k-dimensional user features Lu 

movie features Rv

• Predict how much a user will like a movie by ruv=LuT*Rv

• Make recommendations based on the prediction


• Applied to Wikipedia

!30

Xij known for black cells
Xij unknown for white cells

Rows index movies
Columns index users

X = ≈X L
R’

=

Application to text data:



Which is correct about matrix factorization 
based recommendation systems?
• a) provide personalization

• b) capture context (e.g. time of the day)


• Another weakness of matrix factorization

• We need to know k, in some sense

• If we set k= min{m,n}, what goes wrong?

• overfitting


• Solution: regularize

!31

6 4
4 3

2
7 5

=<latexit sha1_base64="qH777iEVKmSp2MtgcTQAXCUUeOo=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQhshaGMZwcRAcoS9zVyyZHfv2N0TQshfsLFQxNY/ZOe/8S65QhMfDDzem2FmXhALbqzrfjuFtfWNza3idmlnd2//oHx41DZRohm2WCQi3QmoQcEVtiy3AjuxRioDgY/B+DbzH59QGx6pBzuJ0Zd0qHjIGbWZVL2ulvrliltz5yCrxMtJBXI0++Wv3iBiiURlmaDGdD03tv6UasuZwFmplxiMKRvTIXZTqqhE40/nt87IWaoMSBjptJQlc/X3xJRKYyYySDsltSOz7GXif143seGVP+UqTiwqtlgUJoLYiGSPkwHXyKyYpIQyzdNbCRtRTZlN48lC8JZfXiXtes27qNXv65XGTR5HEU7gFM7Bg0towB00oQUMRvAMr/DmSOfFeXc+Fq0FJ585hj9wPn8AeY6NMw==</latexit>

RT
<latexit sha1_base64="Mo4Ybb/8OMitQyzbTfyRh4iDllk=">AAAB7XicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWKLhK4GT7C17sLK3e9ndMyGE/2BjoTG2/h87/417cIWCL5nk5b2ZzMwLYs60cd1vJ7e2vrG5ld8u7Ozu7R8UD49aWiaK0CaRXKpOgDXlTNCmYYbTTqwojgJO28H4JvXbT1RpJkXDTGLqR3goWMgINlZqle8fGuVCv1hyK+4caJV4GSlBhnq/+NUbSJJEVBjCsdZdz42NP8XKMMLprNBLNI0xGeMh7VoqcES1P51fO0NnVhmgUCpbwqC5+ntiiiOtJ1FgOyNsRnrZS8X/vG5iwit/ykScGCrIYlGYcGQkSl9HA6YoMXxiCSaK2VsRGWGFibEBpSF4yy+vkla14l1UqnfVUu06iyMPJ3AK5+DBJdTgFurQBAKP8Ayv8OZI58V5dz4WrTknmzmGP3A+fwDz544O</latexit>

L<latexit sha1_base64="Sr/FWvmpJnks64L2fkR0bJw3Wng=">AAAB63icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWFhgIkgCF7K37MGG3b3L7pwJIfwFGwuNsfUP2flvvIMrFHzJJC/vzWRmXhBLYdF1v53C2vrG5lZxu7Szu7d/UD48atsoMYy3WCQj0wmo5VJo3kKBkndiw6kKJH8MxjeZ//jEjRWRfsBJzH1Fh1qEglHMpOpdtdQvV9yaOwdZJV5OKpCj2S9/9QYRSxTXyCS1tuu5MfpTalAwyWelXmJ5TNmYDnk3pZoqbv3p/NYZOUuVAQkjk5ZGMld/T0ypsnaigrRTURzZZS8T//O6CYZX/lToOEGu2WJRmEiCEckeJwNhOEM5SQllRqS3EjaihjJM48lC8JZfXiXtes27qNXv65XGdR5HEU7gFM7Bg0towC00oQUMRvAMr/DmKOfFeXc+Fq0FJ585hj9wPn8AkGiNQg==</latexit>

min
Lu

X

v:ruv 6=?

(LT
u Rv � ruv)

2 + �kLuk2

<latexit sha1_base64="/FvKAWZjDBheRO+9YwZHo9fyto0="></latexit>



Featured matrix factorization
• Limitations of matrix factorization

!32

• Cold-start problem
- This model still cannot handle a new user or movie

Xij known for black cells
Xij unknown for white cells

Rows index movies
Columns index users

X =Rating

• As there is no observation for the entire row/column 
putting anything in that row has no penalty

minimizeL,R

X

u,v:ruv 6=?

⇣
(LRT )uv| {z }

LT
uRv

�ruv
⌘2

<latexit sha1_base64="05qAGFgy739y5ZkfOHeXRYxBHzw="></latexit>



Combining features and discovered topics 

•Features capture context
-Time of day, what I just saw, user info, past purchases,…

•Discovered topics from matrix factorization capture 
groups of users who behave similarly
-Women from Seattle who teach and have a baby

•Combine to mitigate cold-start problem
-Ratings for a new user from features only
-As more information about user is discovered, 
matrix factorization topics become more relevant

!33



Collaborative filtering with specified features 

!34

• Create feature vector for each movie (often have this even for new movies):

• Define weights on these features for how much all users like each feature

• Fit linear model: 

• Minimize:



Building in personalization

!35

• Of course, users do not have identical preferences
• Include a user-specific deviation from the global set of user weights:

• If we don’t have any observations about a user, use wisdom of the crowd

• As we gain more information about the user, forget the crowd

• Can add in user-specific features, and cross-features, too



Featurized matrix factorization—
A combined approach 

!36

Feature-based approach:
- Feature representation of user and movies fixed
- Can address cold-start problem

Matrix factorization approach:
- Suffers from cold-start problem
- User & movie features are learned from data

A unified model:


