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from Social network to interest network
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from Social network to interest network

users connect to their friends

users interact with service items (applications, ads, games, movies,...)
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from Social network to interest network

social rating network
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What can we gain from social graph

• Homophily
– People connected to each other tend to have similar interest; 

• Influence
– trust, agreement, approval

– distrust, disagreement, opposement 
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Representative work

• Homophily
– [Ma et al, SIGIR' 2009]

Learning to Recommend with Social Trust Ensemble

– [Jamali & Ester et al, RecSys' 2010]

A Matrix Factorization Technique with Trust Propagation for Recommendation 

in Social Networks

– [Yang et al, WWW' 2011]

Like like alike -- Joint friendship and interest propagation in social networks

• Influence
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Learning to Recommend with Trust and Distrust Relationships
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Social trust ensemble ... [Ma et al SIGIR' 2009]

• Trust graph + rating matrix
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Social trust ensemble ... [Ma et al SIGIR' 2009]

• Users makes decisions by:

– either following her own taste
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Social trust ensemble ... [Ma et al SIGIR' 2009]

• Experiments

– Epinion data: a trust network + a rating matrix
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Social trust ensemble ... [Ma et al SIGIR' 2009]

• Experiments

– Epinion data: a trust network + a rating matrix

– Metrics: RMSE, MAE for rating prediction

– Comparison: PMF, trust-only, trust ensemble
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Social trust ensemble ... [Ma et al SIGIR' 2009]

• Experiments

– Results
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MF with trust propagation ... [Jamali & Ester RecSys' 2010]

• Feature vectors of neighbors should influence the feature 

vector of users not his ratings

Bingo, best paper award!
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• Experiments

– Results on Epinion and Flixster

MF with trust propagation ... [Jamali & Ester RecSys' 2010]



18

Representative work

• Homophily
– [Ma et al, SIGIR' 2009]

Learning to Recommend with Social Trust Ensemble

– [Jamali & Ester et al, RecSys' 2010]

A Matrix Factorization Technique with Trust Propagation for Recommendation 

in Social Networks

– [Yang et al, WWW' 2011]

Like like alike -- Joint friendship and interest propagation in social networks

• Influence
– [Ma et al, RecSys' 2009]

Learning to Recommend with Trust and Distrust Relationships



19

Like like alike ... [Yang et al WWW' 2011]

• Tie strength

users connect to their friends with different degree of kinship
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Like like alike ... [Yang et al WWW' 2011]

• Social network = friend network + interest network

users connect to their friends

users interact with service items (applications, ads, games, movies,...)
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Two key tasks

• Friendship Propagation

connecting people to real friends

– boost traffic & user population, make the social graph denser ...

• Interest Propagation

targeting services to people interested

– boost revenue, increase user participation, make the interest 

graph denser ...

These two tasks are usually addressed separately with different 

methodologies.
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Homophily:

• The social effect:
– People connected to each other tend to have similar interest; 

– People with similar interest are more likely to be friends.

• Hints:
Freindship and interest evidences are

– highly correlated (Y! pulse: higher interest-correlation between connected users)

– mutually reinforcing if modeled jointly

Friendship and interest should be propagated 

jointly! 



23

Friendship-Interest Propagation (FIP)

Exploit Homophily to established an integrated network for joint propagation of 

friendship and interest.
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The FIP Model

• Modeling interests: collaborative filtering

i: user

j: item

y: interest indication

φ: latent profiles

xi: user features (age, gender, income)

xj: item features (words, visual features)
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The FIP Model

• Modeling friendship: latent-factor-based random walk

i, i': user

s: friendship connection

φ: latent profiles

xi: user features (age, gender, income)
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The FIP Model
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The FIP model

• Model specification:
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Optimization

• Overall objective:

Content factorization

Regularization 

Dyadic factorization
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Optimization

• Loss functions

• Regularizer

– L2, L1, Ky-Fan, etc
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Bias Correction

• Bias Correction
– Observations (for both interest and friendship) are sparse with exclusively 

positive interactions

– Absence of negatives leads to inevitable overfitting, e.g., all the incoming 

dyadic interactions are predicted positive

– Selection bias correction: treat missing observations as very-weak negative 

observations:
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Experiments

• Data

– A subset of Yahoo! Pulse data.

– 1.2M users, 386 items

– 6.1M friend connections

– 29M interest indications
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Experiments

• Interest propagation [in terms of service recommendation]
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Experiments

• Friendship Propagation [in terms of friend suggestion]
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Experiments

• Bias correction
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Representative work
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Recommendation w trust/distrust  [Ma et al 2009]

• Trust graph + distrust graph + rating matrix
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Recommendation w trust/distrust  [Ma et al 2009]

• matrix factorization 
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Recommendation w trust/distrust  [Ma et al 2009]

• matrix factorization + trust regularization

should be close to each other
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Recommendation w trust/distrust  [Ma et al 2009]

• matrix factorization + distrust regularization
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• Experiments

– Epinion: a trust network + a distrust network + a rating matrix

Recommendation w trust/distrust  [Ma et al 2009]
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• Experiments

– Epinion data: a trust network + a rating matrix

– Metrics: RMSE for rating prediction

– Comparison: PMF, trust-reg, distrust-reg

Recommendation w trust/distrust  [Ma et al 2009]
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• Experiments

– Results

Recommendation w trust/distrust  [Ma et al 2009]



43

Thanks!
Any comments would be appreciated!


