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SoRec: Social Recommendation Using Probabilistic Matrix Factorization  CIKM 2008

Traditional recommender systems assume that users are i.i.d. (independent and identically 

distributed); this assumption ignores the social interactions or connections among users.





Learning to Recommend with Social Trust Ensemble  SIGIR2009

Propose a novel probabilistic factor analysis framework, which naturally fuses the 

users’ tastes and their trusted friends’ favors together.

Recommendations by Trusted Friends



We can assume that S is independent with the low-dimensional 

matrices U and V.





Recommender Systems with Social Regularization  WSDM2011

Average-based 

Regularization



Individual-based 

Regularization

It indirectly models the propagation of tastes.



An Experimental Study on Implicit Social Recommendation  SIGIR2013

Explicit social information is not always available in most of the recommender 

systems, which limits the impact of social recommendation techniques.

Implicit User Social Relationships

In the case of missing explicit social information, we can always compute another set of Top-N 

similar users and then plug in those similar users to the aforementioned social recommendation 

matrix factorization framework.



Item Social Relationships

A Unified Model



Exploiting Local and Global Social Context for Recommendation   IJCAI2013 

Exploiting Local Social Context

Since users with strong ties are more likely to share similar tastes than those with weak ties, 

treating all social relations equally is likely to lead to degradation in recommendation performance.

Exploiting Global Social Context

The solution to capture global social context is to weight the importance of user ratings according to their 

reputation scores。



PageRank





Social Collaborative Filtering by Trust    IJCAI2013

Matrix Factorization of the Trust Network

Truster Model



Trustee Model

Distinct from truster model, this time we choose the trustee-specific feature matrix 

W as the latent space commonly shared by R and T.

Synthetic Influence of Trust Propagation

the 𝑊𝐴
𝑇𝑉𝑗 indicates how other users follow 

user 𝐴 to rate item 𝑗, which is the 

approximation of real score 𝑅𝑖𝑗 as well.𝑉𝑗
𝑟 be the item-specific vector learned by algorithm 

Truster-MF.   𝑉𝑗
𝑒 be the item-specific vector learned by 

algorithm Truster-MF.



Collaborative Topic Regression



LDA

PMF

Collaborative Topic Modeling for Recommending Scientific Articles   KDD2011



The key property in CTR lies in how the item latent vector 𝑣𝑗 is generated, we assume the item 

latent vector 𝑣𝑗 is close to topic proportions 𝜃𝑗, but could diverge from it if it has to.

𝑛 ×𝑚 𝑛 × 𝑘
𝑘 × 𝑚



Collaborative Topic Regression with Social Matrix Factorization for

Recommendation Systems                     ICML2012

Prediction


