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Overview for Recommender Systems



Recommender Systems

…Where are those recommender systems?

shopping web                                     music player                                      SNS



Recommender Systems

This paper is to develop recommendation algorithms

• CDL can extract an effective deep feature representation from content the learned representation 

may also be used for tasks other than recommendation.

• Unlike previous deep learning models which use simple target like classification and 

reconstruction, we propose to use CF as a more complex target in a probabilistic framework.

• To the best of our knowledge, CDL is the first hierarchical Bayesian model to bridge the gap 

between state-of-the-art deep learning models and RS. 

• Extensive experiments on three real-world datasets from different domains show that CDL can 

significantly advance the state of the art.



Recommender Systems

User’s interests are summarized using top topics he/she is interested in.



Recommender Systems

Recommendations made by the algorithm:
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Probabilistic 

Matrix Factorization



Probabilistic Matrix Factorization

Three important elements:

• users

• items

• ratings

Three steps to make recommendation:

• Collect  users preferences

• Find similar users or items

• Generate recommend results.

Three categories of method for RS

• Content-based: user profiles or product 

descriptions

• CF-based: past activities or preferences

• Hybrid methods: combine content-

based and CF-based methods.



Probabilistic Matrix Factorization

Popular solutions: collaborative filtering (CF)

User CF



Probabilistic Matrix Factorization

Item CF



Probabilistic Matrix Factorization

matrix factorization: one of the most popular algorithms for recommender system.

User-item matrix:



Probabilistic Matrix Factorization

• Users and items are represented in a shared but unknown latent

space,

user i — ui∈ RK .

Item j — vj ∈ RK .

• The rating of item j by user i is achieved by the dot product,

rij = ui
Tvj

where rij = 1 indicates like and 0 may be due to the fact that the user is not interested in the

item, or that the user is not aware of its existence . 

• In the matrix form,

R = UTV.



Probabilistic Matrix Factorization

• For each user i, draw user latent vector ui ∼N (0,λu-
1 IK).

• For each item j, draw user latent vector vi ∼N (0,λv-
1 IK).

• For each user-item pair(i,j),draw the rating

rij ∼N (ui
T vj , cij

-1 )

where cij is the precision parameter.

When cij = 1, the maximum a posteriori estimation (MAP) of PMF 

corresponds to the solution in:

minU,VΣi ,j(rij −ui
T vj )2+λu||ui ||2+λv ||vj ||2,

where λu and λv are regularization parameters

.     Here, cij serves as a confidence parameter for rating rij.  If cij is large, we 

trust rij more.

cij= 
𝑎, 𝑖𝑓 𝑟𝑖𝑗 = 1,
𝑏, 𝑖𝑓 𝑟𝑖𝑗 = 0,

where a and b are tunning parameters saitifying a > b > 0.



Probabilistic Matrix Factorization

cold start

There are two main disadvantages to matrix factorization for

recommendation. 

First, the learnt latent space is not easy to interpret;

second, as mentioned, matrix factorization only uses information from other 

users—it cannot generalize to completely unrated items.
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Collaborative Topic Regression



Collaborative Topic Regression

Topic modeling



Collaborative Topic Regression

Latent Dirichlet allocation (LDA) is a popular topic model. Assumes there are K
topics β=β1:k.

• For each article, topic proportions θj ∼ Dirichlet(α).

• For each word n,
(a)Draw topic assignment zjn~Mult(θj).

(b)Draw word wjn~Mult(βzjn).



Collaborative Topic Regression

Boy likes both A and B.

Girl prefers A.



Collaborative Topic Regression

• For each user i, draw user latent vector ui ∼N (0,λu-
1 IK).

• For each item j, 
(a)Draw topic proportions θj ∼ Dirichlet(α).

(b)Draw item latent offset εj ∼N (0,λv
−1 IK) and set the item latent

vector as vj = θj +εj .

(c) For each word n,

i. Draw topic assignment zjn~Mult(θj).

ii. Draw word wjn~Mult(βzjn).

• For each user-item pair(i,j),draw the rating

rij ∼N (ui
T vj , cij

-1 )

We call the model Collaborative Topic Regression (CTR). CTR combines traditional 

collaborative filtering(CF) with top modeling.
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Collaborative Deep Learning



Collaborative Deep Learning

Stacked Denoising Autoencoders



Collaborative Deep Learning

Collaborative Deep 

Learning(CDL): Using the 

Bayesian SDAE as a component, 

the generative process of CDL is 

denoted as follows:



Collaborative Deep Learning

The graphical model



Collaborative Deep Learning

Maximum A Posteriori 

Estimates



Collaborative Deep Learning

Update rules:



Collaborative Deep Learning

Extreme

cases

the decoder of the SDAE essentially vanishes. On 

the right of Figure is the graphical model of the 

degenerated CDL when λn/λv goes to zero. 

λn/λv→02

it will degenerate to a two-step model in 

which the latent representation learned 

using SDAE is put directly into the CTR.

λn/λv→+∞1
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Experiment Results



Experiment Results



Deep

MusicCTR

SVD

feature

CMF

Experiment Results

SVDFeature is a model for 

feature-based collaborative 

filtering.

DeepMusic is a model for music 

recommendation

Collective Matrix Factorization is a 

model incorporating different sources 

of information by simultaneously 

factorizing multiple matrices.

Collaborative Topic Regression is a 

model performing topic modeling 

and collaborative filtering 

simultaneously



Experiment Results

citeulike-a

citeulike-t

Netflix

recall@M in the sparse setting



Experiment Results

citeulike-a

citeulike-t

Netflix

recall@M in the dense setting



Experiment Results



Experiment Results



Experiment Results



Experiment Results
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Possible Extensions



Possible Extensions

CDL actually provides a framework that can also admit deep learning models other 

than SDAE. One promising choice is the convolutional neural network model

The Bayesian nature of CDL also provides potential performance boost if other side 

information is incorporated

The bag-of-words representation may be replaced by more powerful alternatives.
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