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Recommender Systems in several dates

1998 Amazon item-to-item recommendation
2004-Now Special sessions in recommender system in several important

conferences & journals:
AI Communications ; IEEE Intelligent Systems; International Journal of Electronic Commerce;

International Journal of Computer Science and Applications; ACM Transactions on

Computer-Human Interaction; ACM Transactions on Information Systems

2007 First ACM RecSys conference
2008 Netflix online services (& innovative HMI)

2008-09 Netflix RS prize
2010-Now RS become essential : YouTube, Netflix, Tripadvisor,

Last.fm, IMDb, etc...

Ricci, F., Rokach, L., Shapira, B., Kantor, Springer 2011
Recommender Systems Handbook

X. Amatriain, MLSS 2014
Collaborative Filtering and other approaches
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Illustrated examples
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Recommended famous citations

J. O’Brien, Fortune, 2006
The Web, they say, is leaving the era of search and entering one of
discovery.
What’s the difference? Search is what you do when you’re looking for
something. Discovery is when something wonderful that you didn’t know
existed, or didn’t know how to ask for, finds you.

Chris Anderson in The Long Tail
We are leaving the age of information and entering the age of
recommendation
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Why developing a RS? [Seller’s perspective]

Increase the number of items sold
Sell more diverse items
Increase the user satisfaction / Increase user fidelity

virtuous loop ⇒ improving the profiles & exploiting them

Understand better what the user wants
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Why using collaborative tools? [User’s perspective]

Find Some Good Items [precision issue]
quickly
and/or in a huge catalog

Find all good items [recall issue]
Layers Information Retrieval tasks

Being recommended a sequence / a bundle
Just browsing
Help others (forum profiles)

Why do most people in the world use Google?
Because the best IR algorithm in the world is:

People who wrote this request clicked on this link
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The value of recommendations

Netflix: 2/3 of the movies watched are recommended
Google News: recommendations generate 38% more
clickthrough
Amazon: 35% sales from recommendations
Choicestream: 28% of the people would buy more music if
they found what they liked.
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The value of recommendations

Netflix: 2/3 of the movies watched are recommended
Google News: recommendations generate 38% more
clickthrough
Amazon: 35% sales from recommendations
Choicestream: 28% of the people would buy more music if
they found what they liked.

However...

Xavier Amatriain – July 2014 – Recommender Systems

Personalized vs. Not Personalized

● Netflix Prize's first 
conclusion: it is 
really extremely 
simple to produce 
“reasonable” 
recommendations 
and extremely 
difficult to improve 
them.

Recommender Systems 7/45



Intro CB CF Eval Conclusion

Main steps in RS design

1 Understanding the application field
Business expertise
ROI

2 Modeling behavior
Technical architecture
Features engineering
Metric definition

3 HMI Integration

In most applications, a RS is a specific IR tool
Request = user u at time t in context c (e.g. visiting item i)
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Computational cost

Distinguishing offline & online costs

Xavier Amatriain – July 2014 – Recommender Systems

Two-step process
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The Recommender problem

Estimate a utility function that automatically predicts how a user
will like an item.

Based on:

Past behavior
Relations to other users
Item similarity
Context

Time,
Sequence,
Item description,
User categorization:

age, socio-professional category, ...
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Technical architecture: main families of RS

Content based RS Collaborative Filtering

Focus on item descriptions:
Data Base format:

Do the items share several common
point?

Raw text description

Do the texts share several common
words/topics?

Focus on user interactions
User side:

Who have the same behavior?

Item side:

Which item are visited by the the same
users?

+ Easy to implement

+ Fast (offline similarity graph)

+ Very stable results

− Poor qualitative results

+ More relevant output

+ Not so difficult to implement

+ Can be fast (item-to-item reco)

− Can be more expensive
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Automation of editorial choices?

Understanding the product description to...
Know which items are similar

[global description]
Focus on common points between various items

[part of the description]

Paradigm of browsing:
you liked A, did you already consider B,C &D that are close?
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Nature of the description & associated metrics

Tabular description :
Inside a specific domain (e.g. camera)
Descriptive features

(e.g. definition, zoom, storage capacity, brand, ...)
⇒ mostly an engineering job + domain expert knowledge

(understanding & weighting the features)
Textual description :

special session in Information Retrieval (IR)/NLP domain
Matching raw texts:
preprocessing issues (stop words, basic language structure, ...)

Keyword-based Vector Space Model (TF-IDF, etc...)
Topic modeling: matching in the latent space

Internal or external topic modeling
Ontology / domain specific reference + mapping

⇒ Choosing a metrics adapted to the representation (cosine
for raw texts, KL for topic distribution, ...)
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Static implementation & scaling up

Learning step :
1 Feature engineering:

Item description ⇒ relevant vector
2 k-Nearest Neighbors graph
3 Product description update

Inference

Presenting new informations within the product description

Issue: How to make the representation relevant?

Basic description...
Hierarchy of item (e.g. Cultural goods → DVD → Western
Movies)
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Updating a Content Based RS

Taking into account user feedback:
Which links are used or not?
Integrating users reviews in the
item description
Extracting aspects from users
reviews + exploiting ratings

Main idea = integrating user feedback...
⇒ sliding to the collaborative filtering paradigm
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User profiles

Case 1 : explicit user profile
Textual description of the user...
User = query, Item = document... An IR task : p(u|i)
Rocchio’s relevance feedback

1 Query ⇒ set of responses
2 first responses = query enrichments
3 last (or other documents) ≈ negative query

−→
Qm =

(
a · −→Qo

)
+

(
b · 1
|Dr | ·

∑
−→
Dj∈Dr

−→
Dj

)
−
(
c · 1
|Dnr | ·

∑
−→
Dk∈Dnr

−→
Dk

)

Case 2: no user profile
Query = stack of visited items
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Pros & Cons

+ Explainable
+ Easy to implement
+ Scale up
+ Can be updated to increase relevance

± (Often) not personalized...
but intrinsically robust to new users !

− Lack of an authority score (as in PageRank)
− Require an item description
− Not adapted to User Generated Contents (intrinsically)

⇒ Mostly an NLP engineering game to obtain baselines that will be
combined to CF approaches...
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General idea

Behavior modeling depending on users’ traces:

User Generated Contents
Infered information

Hyp: you liked what you purchase
Hyp: you liked what you visit/rate
Hyp: you don’t like video you close less that 3 seconds after
they started

Interaction data are valuable:
The best information filter is human...

Collaborative filtering = modeling humans from their traces
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History: frequent item set

Idea:
Extracting logical rules from (frequent) co-occurences

1 Frequent item set.
e.g. receipt mining in a supermarket : Milk ,Beer ,Diaper

2 Extraction of the support. e.g. (Milk,Diaper)⇒ Beer

+ Easy to understand
− Costly (combinatorial search)
− Not very robust to noise
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Neighborhood based approaches

In collaborative filtering...
User domain: if you behave as user u, then you might be

interested by u’s choices
Item domain: item i is often associated to item i ′ in

users’ traces; if you visit i , you might be
interested by i ′

Same approach than Content Based...
Based on another behavior sensor!

⇒ In the item domain = very light inference
... But such RS is not personalized !

Item-to-item CF ⇒ The early Amazon approach
Recommender Systems 20/45
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k-nearest neighbors in the user domain

Easy way to perform a personalized recommendation...

Xavier Amatriain – July 2014 – Recommender Systems

User-based CF 
Example

Credit: X. Amatrian
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k-nearest neighbors in the user domain

Easy way to perform a personalized recommendation...
...But very expensive in the inference step !

Bottleneck = Similarity computation + sort
Complexity is O(nuni + knu)

Possible approximation (partitioning/hashing space) : LSH
Possible implementation:

Isolate the neighborhood generation and predication steps.
“off-line component” / “model” – similarity computation, done
earlier & stored in memory.
“on-line component” – prediction generation process.
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Bi-partite graph approach

Two ways to use neighbors

1 User-based

r̂ui =
1

#Nu(i)

∑

v∈Nu(i)

sim(u, v)ruv

2 Item-based

r̂ui =
1

#Ni (u)

∑

j∈Ni (u)

sim(i , j)ruv
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Missing value paradigm

Netflix Prize rating matrix
If you represent the Netflix Prize
rating data in a User/Movie
matrix you get...

500,000 x 17,000 = 8,500 M
positions
Out of which only 100M are
not 0’s! Xavier Amatriain – July 2014 – Recommender Systems

The Sparsity Problem 

● If you represent the Netflix Prize rating data in a 
User/Movie matrix you get...
○ 500,000 x 17,000 = 8,500 M positions
○ Out of which only 100M are not 0's!

● Methods of dimensionality reduction
○ Matrix Factorization
○ Clustering
○ Projection (PCA ...)

Xavier Amatriain – July 2014 – Recommender Systems

 

Personalised vs Non-Personalised CF

0,1510,2230,0222811718164974424EachMovie

0,1790,2330,041100020939526040MovieLens

0,1520,2200,725351944910048483Jester

MAE

Pers

MAE
Non 
Pers

densitytotal 
ratingsitemsusersData Set

Not much difference indeed!

vij is the rating of user i for product 
j and vj is the average rating for 
product j
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Matrix factorization

Idea:
Compressing the representation of the matrix based on observed
values is a strong way to reconstruct missing values.

Singular Value Decomposition (SVD)
Non Negative Matrix Factorization (NMF)
... & many variations

Link with Minimum Description Length paradigm:
What is the smallest modeling that can explain observed ratings?
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Singular Value Decomposition

Framework of matrix factorization over non square matrix = SVD

46 Xavier Amatriain, Alejandro Jaimes, Nuria Oliver, and Josep M. Pujol

space, it can be used as the basis of latent-semantic analysis[24], a very popular
technique for text classification in Information Retrieval .

The core of the SVD algorithm lies in the following theorem: It is always possi-
ble to decompose a given matrix A into A = UλV T . Given the n × m matrix data A
(n items, m features), we can obtain an n× r matrix U (n items, r concepts), an r × r
diagonal matrix λ (strength of each concept), and an m × r matrix V (m features, r
concepts). Figure 2.3 illustrates this idea. The λ diagonal matrix contains the sin-
gular values, which will always be positive and sorted in decreasing order. The U
matrix is interpreted as the “item-to-concept” similarity matrix, while the V matrix
is the “term-to-concept” similarity matrix.

An

m

= U

r

(items)

(features) (concepts)

X

r

r X V

m

n
(items)

(features)

r
(concepts)

λ

Fig. 2.3: Illustrating the basic Singular Value Decomposition Theorem: an item ×
features matrix can be decomposed into three different ones: an item × concepts, a
concept strength, and a concept × features.

In order to compute the SVD of a rectangular matrix A, we consider AAT and
AT A. The columns of U are the eigenvectors of AAT , and the columns of V are
the eigenvectors of AT A. The singular values on the diagonal of λ are the positive
square roots of the nonzero eigenvalues of both AAT and AT A. Therefore, in order
to compute the SVD of matrix A we first compute T as AAT and D as AT A and then
compute the eigenvectors and eigenvalues for T and D.

The r eigenvalues in λ are ordered in decreasing magnitude. Therefore, the orig-
inal matrix A can be approximated by simply truncating the eigenvalues at a given k.
The truncated SVD creates a rank-k approximation to A so that Ak = UkλkV T

k . Ak is
the closest rank-k matrix to A. The term “closest” means that Ak minimizes the sum
of the squares of the differences of the elements of A and Ak. The truncated SVD is
a representation of the underlying latent structure in a reduced k-dimensional space,
which generally means that the noise in the features is reduced.

The use of SVD as tool to improve collaborative filtering has been known for
some time. Sarwar et al. [66] describe two different ways to use SVD in this context.
First, SVD can be used to uncover latent relations between customers and products.
In order to accomplish this goal, they first fill the zeros in the user-item matrix
with the item average rating and then normalize by subtracting the user average.
This matrix is then factored using SVD and the resulting decomposition can be
used – after some trivial operations – directly to compute the predictions. The other

D. Billsus and M. J. Pazzani, AAAI 1998
Learning Collaborative Information Filters

Not adapted to missing values... ⇒ turn into 0.
Weak reconstruction performance...

⇒ SVD for recommender systems... Is not an SVD !
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SVD for recommender systems

U = {u1, . . . ,unu}, I = {i1, . . . , ini}

u ∈ Rz , i ∈ Rz

R = {(u, i , rui )}
Estimator : r̂ui = uu · ii

C =
∑

(u,i)∈R

(rui − uu · ii )2 U

u

Rating matrix

Ii

Focus on missing values + Mean Square Error (MSE)

U?, I ? = arg min
U,I

∑

(u,i)∈R

(rui − uu · ii )2
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SVD issues

1 Optimization: (stochastic) gradient descent

∇uC = −
∑

i |(i ,u)∈R

2u(rui − uu · ii ), u← u− ε∇uC

Fast convergence ...
... but non convex formulation

2 Overfitting:
Even with z = 20: #param = 20× (nu + ni ) ≥ |R|
⇒ Regularization:

U?, I ? = arg min
U,I

∑

(u,i)∈R

(rui − uu · ii )2+λu‖U‖2F+λ‖I‖2F

Implementation : penalizing weights every λ iterations
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Introducing the bias

Let’s go back to the basics... & the baselines

General bias: b = r̄

User bias: bu =
1

|{i |rui 6= ∅}|
∑

i |rui 6=∅

rui

Hyp: one user always gives the same rate

Item bias: bi =
1

|{u|rui 6= ∅}|
∑

u|rui 6=∅

rui

Strong Hyp: one item is always evaluated with the same rate

We obtain three baselines... And an advanced formulation:

r̂ui = b + bu + bi + uu · ii

⇒ uu, ii profiles encode the deviation wrt basic predictions
Recommender Systems 28/45



Intro CB CF Eval Conclusion

NMF: the promise of understandable aspects

NMF: Non-negative Matrix Factorization = SVD + u ≥ 0 + i ≥ 0

U?, I ? = arg min
U,I

∑

(u,i)∈R

(rui − uu · ii )2+λu‖U‖2F+λ‖I‖2F

U

u

Rating matrix

Ii

0
0
0
1

...
0

0
1
0
1
0

...

No contribution

contrib ++

Regularization => sparsity

Few dimensions available

P. Hoyer, JMLR 2004
Non-negative matrix
factorization with
sparseness constraints

Regularization brings rating to 0

Issue = finding aspects shared by many users
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NMF/SVD variation

What we expect:

Iterative procedure + simple SGD
Easy to enforce constraint:

Orthogonality
Specific initialization
Modeling of negative agreements
...

Reasonable learning
cost
Fast inference
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Weakness of MCAR hypothesis

Data are not Missing Completely At Random...

Copyright © 2010 Alcatel-Lucent. All rights reserved.7 | Recommender Systems | July 2010

Ratings are missing not at random (MNAR): Empirical Evidence

Graphs from [Marlin & Zemel ‘09]:

Survey: ask users to rate  a random list of 
items: approximates complete data

Typical Data: users are free to choose which 
items to rate -> available data are MNAR :

instead of giving low ratings, users 
tend to not give a rating at all.
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Weakness of MCAR hypothesis

Data are not Missing Completely At Random...

Predicting profile behavior on this
kind of data:

H. Steck, KDD, 2010
Training and Testing of
Recommender Systems on Data
Missing Not at Random

Table 1: Simplistic Example for ratings missing not
at random (MNAR): test data where users rated
only what they liked or knew.

users
horror romance
fans lovers

h 5 5 5
m o 5 5
o r 5 5
v . 5 5 5
i r 5 5 5
e o 5 5 5
s m 5 5

. 5 5 5

tion of ratings in the Yahoo!LaunchCast data show that low
ratings are much more likely to be missing from the observed
data than high ratings (see Fig. 2 in [11]). This may be a
consequence of the fact that users are free to choose which
items to rate. This kind of data is inexpensive to collect, and
typically used for training and testing recommender systems
(prior to conducting more costly field studies).

The effect of ratings missing not at random (MNAR) is
illustrated by the following simplistic example, see Table 1:
assume that the items comprise horror and romance movies;
the romance-lovers assign the highest rating of 5 stars to
romance movies and choose not to rate any of the horror
movies, while the horror-fans do the opposite. The missing
data mechanism is to rate only movies the users like or know.
Let us further assume a (useless) recommender system that
predicts a 5-star rating for all movies and users. When se-
lecting a movie with the highest predicted rating (ties are
broken at random), a horror or romance movie is recom-
mended with equal probability to each user. While this is
obviously a useless recommender system, it achieves perfect
results on the observed ratings in our test data in Table 1–for
any performance measure, including RMSE, mean absolute
error (MAE), nDCG, expected reciprocal rank (ERR), mean
average precision (MAP), etc. The reason is that the test
data are missing not at random (MNAR), as they do not
contain any test cases for the combinations (horror movie,
romance lover) and (romance movie, horror fan). The solu-
tion is to consider, for each user, the predictions / rankings
of all items–whether their ratings are observed or missing.
This is the scenario of a real-world recommender system,
which has to pick a few items from among all available ones.

Many popular performance measures cannot readily deal
with missing ratings. In this paper, we adopt the top-k hit
rate as a natural measure for assessing the accuracy of rec-
ommender systems. In Section 2, we first define the top-k
hit rate, TOPK, and present a second, related performance
measures, named ATOP; both can be estimated without
bias on MNAR data under mild assumptions. While these
measures are computationally tractable for testing recom-
mender systems, they are too costly for training. We thus
resort to surrogate objective functions that are computation-
ally efficient (Section 3). In Section 4, we take a collabora-
tive filtering approach, and present the update equations for
training a matrix factorization model w.r.t. our new objec-
tive functions. Our experiments on publically available data
in Section 6 show that it is essential to account for the fact

that the data are MNAR, and we obtain a significantly im-
proved top-k hit rate. Section 7 summarizes our conclusions
and future work.

2. TEST PERFORMANCE MEASURES
We consider the top-k hit rate as a natural performance

measure for recommender systems in practice, as only a
small number of items can be recommended to a user. Ide-
ally, each of the recommended items is relevant to a user.

Definition (’relevant’): An item is relevant to a user
if s/he finds this item ’appealing’ or ’interesting’. Different
items may be relevant to different users (personalization).
In our notation, a quantity with the superscript ’+’ refers
to relevant items. As to make this general definition more
concrete, concerning the data in our experiments, we con-
sider items with the highest (5 star) rating as relevant to a
user. In case of continuous-valued ratings, one may regard
the values above an appropriate threshold (possibly different
for each user) as relevant.

2.1 (Unknown) Complete Data
In this section, we assume that complete data are avail-

able, i.e., the ratings of all items by all users. This allows
us to define the performance measures we ideally would like
to compute. For a chosen cut-off value k′ ∈ N, the top-k hit
rate may be defined in two alternative ways:

• precision: N+,k′
u /k′,

• recall: N+,k′
u /N+

u ,

where N+,k′
u is the number of items that are relevant to

user u, and which made it into the top k′ items (out of all
items) based on the recommender system’s predictions; and
N+

u denotes the number of items relevant to user u. We
make the following three observations: (1) Precision and re-
call can both be calculated from complete data, i.e., if the
ratings of all N items are known. (2) Typically, however,
most ratings are unobserved: in contrast to precision, re-
call can be estimated from MNAR data without bias under
mild assumptions (see next section). (3) When comparing
different recommender systems to each other on fixed data
and fixed k’, then precision and recall are proportional to
each other, with a (user-dependent) proportionality-factor
k′/N+

u . In other words, the recommender system with the
larger recall also has the larger precision.

In place of the integer-valued k′ as threshold of the top-k
hit rate, we will use a normalized k ∈ [0, 1] in the remainder
of this paper: k = (k′ − 1)/(N − 1) determines the fraction
of items relative to the total number N of items.

For the reasons outlined above, we define the top-k hit
rate as recall (∝ precision, for fixed data and k):

TOPKu(k) =
N+,k

u

N+
u

, (1)

where N+
u denotes all items relevant to user u, and N+,k

u

counts the relevant ones in the top k, as above. Its maximum
value (achieved for perfect recommendations) is k′/N+

u < 1
if k′ < N+

u , and equal to 1 otherwise. The average over all
users u is given by

TOPK(k) =
X

u

wuTOPKu(k), (2)

714

Credit: H. Steck
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We consider the top-k hit rate as a natural performance
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ratings of all N items are known. (2) Typically, however,
most ratings are unobserved: in contrast to precision, re-
call can be estimated from MNAR data without bias under
mild assumptions (see next section). (3) When comparing
different recommender systems to each other on fixed data
and fixed k’, then precision and recall are proportional to
each other, with a (user-dependent) proportionality-factor
k′/N+

u . In other words, the recommender system with the
larger recall also has the larger precision.

In place of the integer-valued k′ as threshold of the top-k
hit rate, we will use a normalized k ∈ [0, 1] in the remainder
of this paper: k = (k′ − 1)/(N − 1) determines the fraction
of items relative to the total number N of items.

For the reasons outlined above, we define the top-k hit
rate as recall (∝ precision, for fixed data and k):

TOPKu(k) =
N+,k

u

N+
u

, (1)

where N+
u denotes all items relevant to user u, and N+,k

u

counts the relevant ones in the top k, as above. Its maximum
value (achieved for perfect recommendations) is k′/N+

u < 1
if k′ < N+

u , and equal to 1 otherwise. The average over all
users u is given by

TOPK(k) =
X

u

wuTOPKu(k), (2)
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Credit: H. Steck

Several outcomes:

Changing the error function
ranking criteria

Changing the task
predicting item rank (not the rating)
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Learning :

p(i >u j |θ) =
1

1 + exp(−fθ(u, i , j))

For instance (inspired from MF):

fθ(u, i , j) = u · i− u · j

Evaluation =

AUC =
1
nu

∑

u

1
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∑

(i ,j)∈E(u)
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Figure 1: On the left side, the observed data S is
shown. Learning directly from S is not feasible as only
positive feedback is observed. Usually negative data is
generated by filling the matrix with 0 values.

the preference of the user for the item. Then the items
are ranked by sorting them according to that score.
Machine learning approaches for item recommenders
[5, 10] typically create the training data from S by
giving pairs (u, i) 2 S a positive class label and all
other combinations in (U ⇥ I) \ S a negative one (see
Figure 1). Then a model is fitted to this data. That
means the model is optimized to predict the value 1 for
elements in S and 0 for the rest. The problem with this
approach is that all elements the model should rank in
the future ((U ⇥ I) \ S) are presented to the learning
algorithm as negative feedback during training. That
means a model with enough expressiveness (that can
fit the training data exactly) cannot rank at all as it
predicts only 0s. The only reason why such machine
learning methods can predict rankings are strategies
to prevent overfitting, like regularization.

We use a di↵erent approach by using item pairs as
training data and optimize for correctly ranking item
pairs instead of scoring single items as this better rep-
resents the problem than just replacing missing values
with negative ones. From S we try to reconstruct for
each user parts of >u. If an item i has been viewed
by user u – i.e. (u, i) 2 S – then we assume that
the user prefers this item over all other non-observed
items. E.g. in Figure 2 user u1 has viewed item i2 but
not item i1, so we assume that this user prefers item
i2 over i1: i2 >u i1. For items that have both been
seen by a user, we cannot infer any preference. The
same is true for two items that a user has not seen yet
(e.g. item i1 and i4 for user u1). To formalize this we
create training data DS : U ⇥ I ⇥ I by:

DS := {(u, i, j)|i 2 I+
u ^ j 2 I \ I+

u }
The semantics of (u, i, j) 2 DS is that user u is as-
sumed to prefer i over j. As >u is antisymmetric, the
negative cases are regarded implicitly.

Our approach has two advantages:

1. Our training data consists of both positive and
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Figure 2: On the left side, the observed data S is
shown. Our approach creates user specific pairwise
preferences i >u j between a pair of items. On the
right side, plus (+) indicates that a user prefers item i
over item j; minus (–) indicates that he prefers j over i.

negative pairs and missing values. The missing
values between two non-observed items are ex-
actly the item pairs that have to be ranked in
the future. That means from a pairwise point of
view the training data DS and the test data is
disjoint.

2. The training data is created for the actual objec-
tive of ranking, i.e. the observed subset DS of >u

is used as training data.

4 Bayesian Personalized Ranking
(BPR)

In this section we derive a generic method for solv-
ing the personalized ranking task. It consists of the
general optimization criterion for personalized rank-
ing, BPR-Opt, which will be derived by a Bayesian
analysis of the problem using the likelihood function
for p(i >u j|⇥) and the prior probability for the model
parameter p(⇥). We show the analogies to the ranking
statistic AUC (area under the ROC curve). For learn-
ing models with respect to BPR-Opt, we propose the
algorithm LearnBPR. Finally, we show how BPR-
Opt and LearnBPR can be applied to two state-of-
the-art recommender algorithms, matrix factorization
and adaptive kNN. Optimized with BPR these mod-
els are able to generate better rankings than with the
usual training methods.

RENDLE ET AL.454 UAI 2009

S. Rendle et al. UAI 2009
BPR: Bayesian Personalized Ranking from Implicit Feedback,
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Figure 6: Area under the ROC curve (AUC) prediction quality for the Rossmann dataset and a Netflix subsample.
Our BPR optimizations for matrix factorization BPR-MF and k-nearest neighbor BPR-kNN are compared
against weighted regularized matrix factorization (WR-MF) [5, 10], singular value decomposition (SVD-MF),
k-nearest neighbor (Cosine-kNN) [2] and the most-popular model. For the factorization methods BPR-MF,
WR-MF and SVD-MF, the model dimensions are increased from 8 to 128 dimensions. Finally, npmax is the
theoretical upper bound for any non-personalized ranking method.

the task of ranking on both datasets. For example on
Netflix a MF model with 8 dimensions optimized by
BPR-MF achieves comparable quality as a MF model
with 128 dimensions optimized by WR-MF.

To summarize, our results show the importance of op-
timizing model parameters to the right criterion. The
empirical results indicate that our BPR-Opt criterion
learned by LearnBPR outperforms the other state-
of-the-art methods for personalized ranking from im-
plicit feedback. The results are justified by the analy-
sis of the problem (section 3.2) and by the theoretical
derivation of BPR-Opt from the MLE.

6.4 Non-personalized ranking

Finally, we compare the AUC quality of our per-
sonalized ranking methods to the best possible non-
personalized ranking method. In contrast to our per-
sonalized ranking methods, a non-personalized rank-
ing method creates the same ranking > for all users.
We compute the theoretical upper-bound npmax for
any non-personalized ranking method by optimizing
the ranking > on the test set Stest

2. Figure 6 shows

2We computed a real upper-bound but non-tight es-
timate on the AUC score. Please note that ranking by
most-popular on test is not an upper bound on AUC. But

that even simple personalized methods like Cosine-
kNN outperform the upper-bound npmax — and thus
also all non-personalized methods — largely.

7 Conclusion

In this paper we have presented a generic optimiza-
tion criterion and learning algorithm for personal-
ized ranking. The optimization criterion BPR-Opt
is the maximum posterior estimator that is derived
from a Bayesian analysis of the problem. For learn-
ing models with respect to BPR-Opt we have pre-
sented the generic learning algorithm LearnBPR that
is based on stochastic gradient descent with bootstrap
sampling. We have demonstrated how this generic
method can be applied to the two state-of-the-art rec-
ommender models of matrix factorization and adap-
tive kNN. In our evaluation we show empirically that
for the task of personalized ranking, models learned
by BPR outperform the same models that are opti-
mized with respect to other criteria. Our results show
that the prediction quality does not only depend on
the model but also largely on the optimization crite-

in our experiments both AUC scores are quite similar, e.g.
on Netflix with most-popular on test 0.8794 vs. our upper
bound of 0.8801.

RENDLE ET AL.460 UAI 2009

S. Rendle et al. UAI 2009
BPR: Bayesian Personalized Ranking from Implicit Feedback,
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Implicit Feedback (SVD++)

For example, a dataset shows that users that rate “Lord of the Rings 3”
high also gave high ratings to “Lord of the Rings 1–2”.
⇒ establish high weights from “Lord of the Rings 1–2” to “Lord of the
Rings 3”.
Now, if a user did not rate “Lord of the Rings 1–2” at all, his predicted
rating for “Lord of the Rings 3” will be penalized.

Binary coding (cf BPR) + predictor f
R(u) : set of items rated by u + f

⇒ N(u) : set of items implicitly rated by u

Yehuda Koren, KDD 2008
Factorization Meets the Neighborhood: a Multifaceted Collaborative Filtering
Model
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SVD++

General idea:

r̂ui = b + bu + bi︸ ︷︷ ︸
bui

+
1√
|R(u)|

∑

j∈R(u)

(ruj − buj)wij+
1√
|N(u)|

∑

j∈N(u)

cij

Overweighting deviation for prolific users ( 1√
|R(u)|

instead of 1
|R(u)|)

wij Learning deviation meaning wrt buj
cij Learning the meaning of j absence wrt i

... Too expensive (too many coefficients to learn)

Factorized formulation = SVD++:

r̂ui = bui + i ·


u +

1√
|N(u)|

∑

j∈N(u)

yj
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Factorization machine

Back to linear model !

Fig. 1. Example for sparse real valued feature vectors x that are created from
the transactions of example 1. Every row represents a feature vector x(i) with
its corresponding target y(i) . The first 4 columns (blue) represent indicator
variables for the active user; the next 5 (red) indicator variables for the active
item. The next 5 columns (yellow) hold additional implicit indicators (i.e.
other movies the user has rated). One feature (green) represents the time in
months. The last 5 columns (brown) have indicators for the last movie the
user has rated before the active one. The rightmost column is the target –
here the rating.

feature vector x and mD be the average number of non-zero
elements m(x) of all vectors x ∈ D. Huge sparsity (mD ≪
n) appears in many real-world data like feature vectors of
event transactions (e.g. purchases in recommender systems)
or text analysis (e.g. bag of word approach). One reason for
huge sparsity is that the underlying problem deals with large
categorical variable domains.

Example 1 Assume we have the transaction data of a movie
review system. The system records which user u ∈ U rates
a movie (item) i ∈ I at a certain time t ∈ R with a rating
r ∈ {1, 2, 3, 4, 5}. Let the users U and items I be:

U = {Alice (A),Bob (B),Charlie (C), . . .}
I = {Titanic (TI),Notting Hill (NH), Star Wars (SW),

Star Trek (ST), . . .}

Let the observed data S be:

S = {(A,TI, 2010-1, 5), (A,NH, 2010-2, 3), (A, SW, 2010-4, 1),

(B, SW, 2009-5, 4), (B, ST, 2009-8, 5),

(C,TI, 2009-9, 1), (C, SW, 2009-12, 5)}

An example for a prediction task using this data, is to estimate
a function ŷ that predicts the rating behaviour of a user for an
item at a certain point in time.

Figure 1 shows one example of how feature vectors can
be created from S for this task.1 Here, first there are |U |
binary indicator variables (blue) that represent the active user
of a transaction – there is always exactly one active user in
each transaction (u, i, t, r) ∈ S, e.g. user Alice in the first one

(x
(1)
A = 1). The next |I| binary indicator variables (red) hold

the active item – again there is always exactly one active item

(e.g. x
(1)
TI = 1). The feature vectors in figure 1 also contain

indicator variables (yellow) for all the other movies the user

1To simplify readability, we will use categorical levels (e.g. Alice (A))
instead of numbers (e.g. 1) to identify elements in vectors wherever it makes
sense (e.g. we write xA or xAlice instead of x1).

has ever rated. For each user, the variables are normalized such
that they sum up to 1. E.g. Alice has rated Titanic, Notting Hill

and Star Wars. Additionally the example contains a variable
(green) holding the time in months starting from January,
2009. And finally the vector contains information of the last
movie (brown) the user has rated before (s)he rated the active
one – e.g. for x(2), Alice rated Titanic before she rated Notting

Hill. In section V, we show how factorization machines using
such feature vectors as input data are related to specialized
state-of-the-art factorization models.

We will use this example data throughout the paper for illus-
tration. However please note that FMs are general predictors
like SVMs and thus are applicable to any real valued feature
vectors and are not restricted to recommender systems.

III. FACTORIZATION MACHINES (FM)

In this section, we introduce factorization machines. We
discuss the model equation in detail and show shortly how
to apply FMs to several prediction tasks.

A. Factorization Machine Model

1) Model Equation: The model equation for a factorization
machine of degree d = 2 is defined as:

ŷ(x) := w0 +

n!

i=1

wi xi +

n!

i=1

n!

j=i+1

⟨vi,vj⟩xi xj (1)

where the model parameters that have to be estimated are:

w0 ∈ R, w ∈ Rn, V ∈ Rn×k (2)

And ⟨·, ·⟩ is the dot product of two vectors of size k:

⟨vi,vj⟩ :=
k!

f=1

vi,f · vj,f (3)

A row vi within V describes the i-th variable with k factors.
k ∈ N+

0 is a hyperparameter that defines the dimensionality
of the factorization.
A 2-way FM (degree d = 2) captures all single and pairwise

interactions between variables:

• w0 is the global bias.
• wi models the strength of the i-th variable.
• ŵi,j := ⟨vi,vj⟩ models the interaction between the i-

th and j-th variable. Instead of using an own model
parameter wi,j ∈ R for each interaction, the FM models
the interaction by factorizing it. We will see later on, that
this is the key point which allows high quality parameter
estimates of higher-order interactions (d ≥ 2) under
sparsity.

2) Expressiveness: It is well known that for any positive
definite matrix W, there exists a matrix V such that W =
V · Vt provided that k is sufficiently large. This shows that
a FM can express any interaction matrix W if k is chosen
large enough. Nevertheless in sparse settings, typically a small
k should be chosen because there is not enough data to
estimate complex interactions W. Restricting k – and thus
the expressiveness of the FM – leads to better generalization
and thus improved interaction matrices under sparsity.

Fig. 1. Example for sparse real valued feature vectors x that are created from
the transactions of example 1. Every row represents a feature vector x(i) with
its corresponding target y(i) . The first 4 columns (blue) represent indicator
variables for the active user; the next 5 (red) indicator variables for the active
item. The next 5 columns (yellow) hold additional implicit indicators (i.e.
other movies the user has rated). One feature (green) represents the time in
months. The last 5 columns (brown) have indicators for the last movie the
user has rated before the active one. The rightmost column is the target –
here the rating.

feature vector x and mD be the average number of non-zero
elements m(x) of all vectors x ∈ D. Huge sparsity (mD ≪
n) appears in many real-world data like feature vectors of
event transactions (e.g. purchases in recommender systems)
or text analysis (e.g. bag of word approach). One reason for
huge sparsity is that the underlying problem deals with large
categorical variable domains.

Example 1 Assume we have the transaction data of a movie
review system. The system records which user u ∈ U rates
a movie (item) i ∈ I at a certain time t ∈ R with a rating
r ∈ {1, 2, 3, 4, 5}. Let the users U and items I be:

U = {Alice (A),Bob (B),Charlie (C), . . .}
I = {Titanic (TI),Notting Hill (NH), Star Wars (SW),

Star Trek (ST), . . .}

Let the observed data S be:

S = {(A,TI, 2010-1, 5), (A,NH, 2010-2, 3), (A, SW, 2010-4, 1),

(B, SW, 2009-5, 4), (B, ST, 2009-8, 5),

(C,TI, 2009-9, 1), (C, SW, 2009-12, 5)}

An example for a prediction task using this data, is to estimate
a function ŷ that predicts the rating behaviour of a user for an
item at a certain point in time.

Figure 1 shows one example of how feature vectors can
be created from S for this task.1 Here, first there are |U |
binary indicator variables (blue) that represent the active user
of a transaction – there is always exactly one active user in
each transaction (u, i, t, r) ∈ S, e.g. user Alice in the first one

(x
(1)
A = 1). The next |I| binary indicator variables (red) hold

the active item – again there is always exactly one active item

(e.g. x
(1)
TI = 1). The feature vectors in figure 1 also contain

indicator variables (yellow) for all the other movies the user

1To simplify readability, we will use categorical levels (e.g. Alice (A))
instead of numbers (e.g. 1) to identify elements in vectors wherever it makes
sense (e.g. we write xA or xAlice instead of x1).

has ever rated. For each user, the variables are normalized such
that they sum up to 1. E.g. Alice has rated Titanic, Notting Hill

and Star Wars. Additionally the example contains a variable
(green) holding the time in months starting from January,
2009. And finally the vector contains information of the last
movie (brown) the user has rated before (s)he rated the active
one – e.g. for x(2), Alice rated Titanic before she rated Notting

Hill. In section V, we show how factorization machines using
such feature vectors as input data are related to specialized
state-of-the-art factorization models.

We will use this example data throughout the paper for illus-
tration. However please note that FMs are general predictors
like SVMs and thus are applicable to any real valued feature
vectors and are not restricted to recommender systems.

III. FACTORIZATION MACHINES (FM)

In this section, we introduce factorization machines. We
discuss the model equation in detail and show shortly how
to apply FMs to several prediction tasks.

A. Factorization Machine Model

1) Model Equation: The model equation for a factorization
machine of degree d = 2 is defined as:

ŷ(x) := w0 +

n!

i=1

wi xi +

n!

i=1

n!

j=i+1

⟨vi,vj⟩xi xj (1)

where the model parameters that have to be estimated are:

w0 ∈ R, w ∈ Rn, V ∈ Rn×k (2)

And ⟨·, ·⟩ is the dot product of two vectors of size k:

⟨vi,vj⟩ :=
k!

f=1

vi,f · vj,f (3)

A row vi within V describes the i-th variable with k factors.
k ∈ N+

0 is a hyperparameter that defines the dimensionality
of the factorization.
A 2-way FM (degree d = 2) captures all single and pairwise

interactions between variables:

• w0 is the global bias.
• wi models the strength of the i-th variable.
• ŵi,j := ⟨vi,vj⟩ models the interaction between the i-

th and j-th variable. Instead of using an own model
parameter wi,j ∈ R for each interaction, the FM models
the interaction by factorizing it. We will see later on, that
this is the key point which allows high quality parameter
estimates of higher-order interactions (d ≥ 2) under
sparsity.

2) Expressiveness: It is well known that for any positive
definite matrix W, there exists a matrix V such that W =
V · Vt provided that k is sufficiently large. This shows that
a FM can express any interaction matrix W if k is chosen
large enough. Nevertheless in sparse settings, typically a small
k should be chosen because there is not enough data to
estimate complex interactions W. Restricting k – and thus
the expressiveness of the FM – leads to better generalization
and thus improved interaction matrices under sparsity.

Fig. 1. Example for sparse real valued feature vectors x that are created from
the transactions of example 1. Every row represents a feature vector x(i) with
its corresponding target y(i) . The first 4 columns (blue) represent indicator
variables for the active user; the next 5 (red) indicator variables for the active
item. The next 5 columns (yellow) hold additional implicit indicators (i.e.
other movies the user has rated). One feature (green) represents the time in
months. The last 5 columns (brown) have indicators for the last movie the
user has rated before the active one. The rightmost column is the target –
here the rating.

feature vector x and mD be the average number of non-zero
elements m(x) of all vectors x ∈ D. Huge sparsity (mD ≪
n) appears in many real-world data like feature vectors of
event transactions (e.g. purchases in recommender systems)
or text analysis (e.g. bag of word approach). One reason for
huge sparsity is that the underlying problem deals with large
categorical variable domains.

Example 1 Assume we have the transaction data of a movie
review system. The system records which user u ∈ U rates
a movie (item) i ∈ I at a certain time t ∈ R with a rating
r ∈ {1, 2, 3, 4, 5}. Let the users U and items I be:

U = {Alice (A),Bob (B),Charlie (C), . . .}
I = {Titanic (TI),Notting Hill (NH), Star Wars (SW),

Star Trek (ST), . . .}

Let the observed data S be:

S = {(A,TI, 2010-1, 5), (A,NH, 2010-2, 3), (A, SW, 2010-4, 1),

(B, SW, 2009-5, 4), (B, ST, 2009-8, 5),

(C,TI, 2009-9, 1), (C, SW, 2009-12, 5)}

An example for a prediction task using this data, is to estimate
a function ŷ that predicts the rating behaviour of a user for an
item at a certain point in time.

Figure 1 shows one example of how feature vectors can
be created from S for this task.1 Here, first there are |U |
binary indicator variables (blue) that represent the active user
of a transaction – there is always exactly one active user in
each transaction (u, i, t, r) ∈ S, e.g. user Alice in the first one

(x
(1)
A = 1). The next |I| binary indicator variables (red) hold

the active item – again there is always exactly one active item

(e.g. x
(1)
TI = 1). The feature vectors in figure 1 also contain

indicator variables (yellow) for all the other movies the user

1To simplify readability, we will use categorical levels (e.g. Alice (A))
instead of numbers (e.g. 1) to identify elements in vectors wherever it makes
sense (e.g. we write xA or xAlice instead of x1).

has ever rated. For each user, the variables are normalized such
that they sum up to 1. E.g. Alice has rated Titanic, Notting Hill

and Star Wars. Additionally the example contains a variable
(green) holding the time in months starting from January,
2009. And finally the vector contains information of the last
movie (brown) the user has rated before (s)he rated the active
one – e.g. for x(2), Alice rated Titanic before she rated Notting

Hill. In section V, we show how factorization machines using
such feature vectors as input data are related to specialized
state-of-the-art factorization models.

We will use this example data throughout the paper for illus-
tration. However please note that FMs are general predictors
like SVMs and thus are applicable to any real valued feature
vectors and are not restricted to recommender systems.

III. FACTORIZATION MACHINES (FM)

In this section, we introduce factorization machines. We
discuss the model equation in detail and show shortly how
to apply FMs to several prediction tasks.

A. Factorization Machine Model

1) Model Equation: The model equation for a factorization
machine of degree d = 2 is defined as:

ŷ(x) := w0 +

n!

i=1

wi xi +

n!

i=1

n!

j=i+1

⟨vi,vj⟩xi xj (1)

where the model parameters that have to be estimated are:

w0 ∈ R, w ∈ Rn, V ∈ Rn×k (2)

And ⟨·, ·⟩ is the dot product of two vectors of size k:

⟨vi,vj⟩ :=
k!

f=1

vi,f · vj,f (3)

A row vi within V describes the i-th variable with k factors.
k ∈ N+

0 is a hyperparameter that defines the dimensionality
of the factorization.
A 2-way FM (degree d = 2) captures all single and pairwise

interactions between variables:

• w0 is the global bias.
• wi models the strength of the i-th variable.
• ŵi,j := ⟨vi,vj⟩ models the interaction between the i-

th and j-th variable. Instead of using an own model
parameter wi,j ∈ R for each interaction, the FM models
the interaction by factorizing it. We will see later on, that
this is the key point which allows high quality parameter
estimates of higher-order interactions (d ≥ 2) under
sparsity.

2) Expressiveness: It is well known that for any positive
definite matrix W, there exists a matrix V such that W =
V · Vt provided that k is sufficiently large. This shows that
a FM can express any interaction matrix W if k is chosen
large enough. Nevertheless in sparse settings, typically a small
k should be chosen because there is not enough data to
estimate complex interactions W. Restricting k – and thus
the expressiveness of the FM – leads to better generalization
and thus improved interaction matrices under sparsity.

S. Rendle, ICDM 2010
Factorization machines
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Pros & Cons

+ Requires minimal knowledge engineering efforts
+ Users and products are symbols without any internal structure

or characteristics
+ Produces good-enough results in most cases
− Collaborative filtering is very sensitive to cold start issues

(both in the item & user domains)
− Requires a large number of reliable “user feedback data points”

to bootstrap
− Requires products to be standardized (users should have

bought exactly the same product)
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How to evaluate RS performance?

Warning
We should not confuse evaluation metrics & learning metrics

⇒ MSE is a convenient learning metrics
(easily differentiable + convex ...)

... but it is a poor evaluation metrics
... cf Netflix Challenge feedbacks

It do not tell us if we provide relevant suggestions

What are the other available metrics?
Can we use those metrics during the learning step?
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Precision / Recall

Learning
set

RS

u

i12
i8
i42

...

top
k

Ground truth

i1
i42
i8
i9

rui12 > rui8 > rui42 > ...^ ^ ^ M
et

ric
s 

?

Precision : Among our k prediction, how many are in the
ground truth?
Recall : Among our k prediction, what is the GT coverage ?
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1/0 labeling, AUC metrics

Rendle popularize both 1/0 prediction & AUC metrics
AUC = tradeoff between precision & recall

Percentage of correct binary ranking

AUC =
1
nu

∑

u

1
|E (u)|

∑

(i ,j)∈E(u)

δ(u · i > u · j)

+ k not required
− top of the list = same impact as bottom of the list
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Mean Average Precision (from the IR domain)

RS aim at proposing an ordered list of suggestion...
Which head is far more important than the rest.

For a user u with 4 liked items to discover:

query = u⇒ RS1 ⇒




y

i12
i8
i42
i1


 ⇔




i1
i42
i8
i9


 = GT

Average precision :

1
4

4∑

k=1

precision@k =
1
4

(0 +
1
2

+
2
3

+
3
4

) = 0.478

Mean Average Precision =
averaging over the whole population
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Mean Average Precision (from the IR domain)

RS aim at proposing an ordered list of suggestion...
Which head is far more important than the rest.

For a user u with 4 liked items to discover:

query = u⇒ RS2 ⇒




y

i1
i8
i42
i12


 ⇔




i1
i42
i8
i9


 = GT

Average precision :

1
4

4∑

k=1

precision@k =
1
4

(1 + 1 + 1 +
3
4

) = 0.9375

Mean Average Precision =
averaging over the whole population
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nDCG : Normalized Discounted Cumulative Gain

We assume that we have a relevance score for each item...

query = u⇒ RS ⇒




y

i12 ind = 1
i8 ind = 2
i42 ind = 3
i1 ind = 4


 ⇔




0
2
3
3


 = relevance

DCGp =

p∑

ind=1

relind
log2(ind + 1)

= 0 + 1.26 + 1.5 + 1.29 = 4.05

nDCG =
DCG

IdealDCG
=

4.05
3 + 1.89 + 1 + 0/0.86

= 0.69/0.6

Relative ideal vs Absolute ideal
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Learning to rank

Pointwise :
Ranking score based on regression or classification

Pairwise :
Loss function is defined on pair-wise preferences
RankSVM, RankBoost, RankNet, FRank...

Listwise :
Gradient descent on smoothed version of objective function
(e.g. CLiMF presented at Recsys 2012 or TFMAP at SIGIR
2012)
SVM-MAP relaxes the MAP metric by adding it to the SVM
constraints
AdaRank ⇒ optimize NDCG
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A/B testing & production launch

In a real situation
Designing an online Recommender System offers new performance
indicators

Online click, purchase, etc

A/B testing:

1 Defining some performance indicator with expert
2 Re-direct a small part of the customers to the new system B

make sure that the redirection is random (not biased)

3 Compare indicators from A and B

⇒ Best evaluation...
But only available online & with access to the backoffice
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Main issues

Data quality
Scaling up
Cold start
Time modeling
Context modeling
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Conclusions

For many applications such as Recommender Systems (but
also Search, Advertising, and even Networks) understanding
data and users is vital
Algorithms can only be as good as the data they use as input
But the inverse is also true: you need a good algorithm to
leverage your data
Importance of User/Data Mining is going to be a growing
trend in many areas in the coming years
RS have the potential to become as important as Search is now

⇒ there are still many open questions and a lot of interesting
research to do!
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