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Information and More Information!
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Consumer
Satisfaction

Company
Profit
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Real Life Examples
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Real Life Examples

Five scales rating
                          I hate it
                          I don’t like it
                          It’s ok
                          I like it
                          I love it
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Real Life Examples
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• Introduction

• Social Recommendation Models

• Social graph

• Social ensemble

• Social distrust

• Website recommendation

• Multi-centered Gaussian Location Recommendation 
Model

• Conclusion

On The Menu
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Basic Approaches
• Content-based Filtering 

• Recommend items based on key-words

• More appropriate for information retrieval

• Collaborative Filtering (CF)

• Look at users with similar rating styles

• Look at similar items for each item

Underling assumption: personal tastes are correlated-- 
Active users will prefer those items which other 

similar users prefer!
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Framework
Items

Users

• The tasks

• Find the unknown rating!

• Which item should be recommended?

 i1  i2 ij im
u1

u2 1 3 4 2 5 3 4

ui 3 4  rij 3 4 3 4 4

un 1 3 5 2 4 1 3
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Social Recommender Systems

• Introduction

• Collaborative Filtering

• Trust-aware Recommender Systems

• Social-based Recommender Systems
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Collaborative Filtering

• Memory-based (Neighborhood-based)

• User-based

• Item-based

• Model-based

• Clustering Methods

• Bayesian Methods

• Matrix Factorization

• etc.
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User-User Similarity

5

4
3

3
2

?

Q1: How to measure 
the similarity?

Q2: How to 
select neighbors?

target
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User-based Collaborative Filtering
Items

Users

u1

u2 1 3 4 2 5 3 4

u3

u4 3 4 3 4 3 4 4

u5

u6 1 3 5 2 4 1 3
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User-based Collaborative Filtering
• Predict the ratings of active users based on the ratings 

of similar users found in the user-item matrix

• Pearson correlation coefficient

• Cosine measure

w(a, i) =
�

j(raj � r̄a)(rij � r̄i)⇥�
j(raj � r̄a)2

�
j(rij � r̄i)2

j � I(a) ⇥ I(i)

c(a, i) =
ra · ri

||ra||2 ⇥ ||ri||2
ui 1 3 4 2 5 3 4

ua 3 4 3 4 3 4 4

1 3 5 2 4 1 3
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Nearest Neighbor Approaches

• Identify highly similar users to the active one

• All with a measure greater than a threshold

• Best K ones

• Prediction raj = r̄a +
�

i w(a, i)(rij � r̄i)�
i w(a, i)

[Sarwar, 00a]
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Collaborative Filtering

• Memory-based Method (Simple)

• User-based Method [Xue et al., SIGIR ’05]

• Item-based [Deshpande et al., TOIS ’04]

• Model-based (Robust)

• Clustering Methods [Hkors et al, CIMCA ’99]

• Bayesian Methods [Chien et al., IWAIS ’99]

• Aspect Method [Hofmann, SIFIR ’03]

• Matrix Factorization [Sarwar et al., WWW ’01]
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Collaborative Filtering

• Memory-based (Neighborhood-based)

• User-based

• Item-based

• Model-based

• Clustering Methods

• Bayesian Methods

• Matrix Factorization

• etc.
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Item-Item Similarity

• Search for similarities among items

• Item-Item similarity is more stable than user-user 
similarity
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Correlation-based Methods

• Same as in user-user similarity but on item vectors

• Pearson correlation coefficient

• Look for users who rated both items

• u: users rated both items

sij =
�

u(ruj � r̄j)(rui � r̄i)⇥�
u(ruj � r̄j)2

�
u(rui � r̄i)2

 i1  i2 ii ij im

u1

u2 1 3 4 2 5 3 4

ui 3 4 3 4 3 4 4

un 1 3 5 2 4 1 3

[Sarwar, 2001]
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Correlation-based Method
• Calculate item similarity, then determine its k-most 

similar items

• Predict rating for a given user-item pair as a weighted 
sum over similar items that he rated

 ua 2 3 ? 4

i

[Sarwar, 2001]

rai =
�

j sijraj�
j sij

3
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Traditional Methods

•Memory-based Methods (Neighborhood-based Method)

• Pearson Correlation Coefficient

• User-based, Item-based

• Etc.

•Model-based Method

• Matrix Factorizations

• Etc.
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User-based Method

Items

1 3 4 2 5 3 4

3 4 3 4 3 4 4

1 3 5 2 4 1 3

Users
u2

u4

u6

u1

u3

u5
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Collaborative Filtering

• Memory-based (Neighborhood-based)

• User-based

• Item-based

• Model-based

• Clustering Methods

• Bayesian Methods

• Matrix Factorization

• etc...
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Matrix Factorization
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Matrix Factorization

• Matrix Factorization in Collaborative Filtering

• To fit the product of two (low rank) matrices to the 
observed rating matrix

• To find two latent user and item feature matrices

• To use the fitted matrix to predict the unobserved ratings

Instruction

! Definition of MF in CF:
" To fit the product of two (low rank) matrices to the observed 

rating matrix.  

" To find two latent user and item feature matrices.

" To use the fitted matrix to predict the unobserved ratings.

11 1 11 1

1 1

k n

m mk k kn

u u v v

Y UV

u u v v

! "! "
# $# $

% & # $# $
# $# $
' (' (

! !

" # " " # "

$ $

Item-specific latent 

feature column vector
User-specific latent 

feature vector
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Matrix Factorization

• Optimization Problem

• Given a m x n rating matrix R,  to find two matrices
                 and                 ,

where                      , is the number of factors
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Matrix Factorization

• Models

• SVD-like Algorithm

• Regularized Matrix Factorization (RMF)

• Probabilistic Matrix Factorization (PMF)

• Non-negative Matrix Factorization (NMF)

• ...
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SVD-like Algorithm

• Minimizing

• For collaborative filtering

where     is the indicator function that is equal to 1 if 
user ui rated item vj and equal to 0 otherwise.



Recent Developments in Social and Location Recommendations, Irwin King
CCF ADL 39 on Social Networks and Mining, August 3-5, 2013, Beijing, China

Regularized Matrix Factorization
• Minimize the loss based on the observed ratings with 

regularization terms to avoid over-fitting problem

where                 . 

• The problem can be solved by simple gradient descent 
algorithm.

Regularization terms
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Regularized Matrix Factorization
• Algorithm for RMF

• Not convex & local optimal

• Gradient-decent algorithm

• Gradient computation with randomly initialized U and V

• Update U and V alternatively

MF Models in CF

! Algorithm for RMF

" Not Convex & Local Optimal.

" Gradient decent algorithm:

! Step 1: Gradient computation with randomly 

initial U and V:

!

!
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|( , )

( )

( )
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MF Models in CF

! Gradient Decent Algorithm for RMF:

" Step 2: Update U and V alternatively

is the step size of gradient decent.
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Probabilistic Matrix Factorization

• PMF

• Define a conditional distribution over the observed ratings 
as:
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Probabilistic Matrix Factorization

• PMF

• Assume zero-mean spherical Gaussian priors on user and 
item feature:
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Probabilistic Matrix Factorization

• PMF

• Bayesian inference
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RMF and PMF

• PMF is the probabilistic interpretation of RMF

• PMF and RMF have the same optimization objective 
function
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Non-negative Matrix Factorization
• NMF

• Non-negative constraints on all entries of matrices U and V

MF Models in CF

! NMF (Non-negative MF)

" Constraint that all elements of U and V are non-

negative.

1 1

1 1

10 10
d n

m md d dn

u v

u u v v

! !" # " #
$ % $ %

&$ % $ %
$ % $ %
' ( ' (

! !

" # " " # "

$ $

(-10)*(-10)=100

Non-negativity 

Constraint
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Non-negative Matrix Factorization

• NMF

• Given an observed matrix Y, to find two non-negative 
matrices U and V

• Two types of loss functions

• Squared error function

• Divergence

• Solving by multiplicative updating rules
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Social Recommendation Using 
Probabilistic Matrix Factorization

[Ma et al., CIKM2008]
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Challenges
•Traditional recommender systems ignore the social 

connections between users

Which 
one should I 

choose?

Recommendations 
from friends
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Motivations
• “Yes, there is a correlation - from social networks to 

personal behavior on the web”

Parag Singla and Matthew Richardson (WWW’08)

• Analyze the who talks to whom social network over 10 
million people with their related search results

• People who chat with each other are more likely to share 
the same or similar interests

• To improve the recommendation accuracy and solve the 
data sparsity problem, users’ social network should be 
taken into consideration
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Social Trust Graph User-Item Rating Matrix

Problem Definition
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R. Salakhutdinov and A. Mnih (NIPS’08)

User-Item Matrix Factorization
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SoRec

SoRec
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SoRec
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SoRec
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•For the Objective Function

•For     , the complexity is 

• For     , the complexity is

• For     , the complexity is  

• In general, the complexity of our method is linear with the 
observations in these two matrices

Complexity Analysis
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• Lack of interpretability

• Does not reflect the real-
world recommendation 
process

SoRec

Disadvantages of SoRec
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Learning to Recommend with Social Trust Ensemble

[Ma et al., SIGIR2009]
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1st Motivation

•Users have their own characteristics, and they have 
different tastes on different items, such as movies, 
books, music, articles, food, etc.
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2nd Motivation

•Users can be easily influenced by the friends they 
trust, and prefer their friends’ recommendations.

Where to have 
dinner? Ask

Ask

Ask

Good

Very Good

Cheap & Delicious 
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[R. Salakhutdinov, et al., NIPS2008]

User-Item Matrix Factorization
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Recommendations by Trusted Friends
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Recommendation with Social Trust Ensemble
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Recommendation with Social Trust Ensemble
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• In general, the complexity of this method is linear with 
the observations the user-item matrix

Complexity
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•51,670 users who rated 83,509 items with totally 
631,064 ratings

•Rating Density 0.015%

•The total number of issued trust statements is 511,799

Epinions Dataset
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•Mean Absolute Error and Root Mean Square Error

Metrics
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PMF --- R. Salakhutdinov and A. Mnih (NIPS 2008)

SoRec --- H. Ma, H. Yang, M. R. Lyu and I. King (CIKM 2008)

Trust, RSTE --- H. Ma, I. King and M. R. Lyu (SIGIR 2009)

Comparisons
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NMF --- D. D. Lee and H. S. Seung (Nature 1999)
PMF --- R. Salakhutdinov and A. Mnih (NIPS 2008)

SoRec --- H. Ma, H. Yang, M. R. Lyu and I. King (CIKM 2008)
Trust, RSTE --- H. Ma, I. King and M. R. Lyu (SIGIR 2009)

Comparisons
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•Group all the users based on the number of observed 
ratings in the training data

•6 classes: “1 − 10”, “11 − 20”, “21 − 40”, “41 − 80”, “81 − 
160”, “> 160”,

Performance on Different Users
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Performance on Different Users
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Impact of Parameter Alpha 
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90% as Training Data

MAE and RMSE Changes with Iterations
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• Improving Recommender Systems Using Social Tags

MovieLens Dataset
71,567 users,  10,681 movies,  

10,000,054 ratings, 95,580 tags

Further Discussion of SoRec
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•MAE

Further Discussion of SoRec
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•RMSE

Further Discussion of SoRec
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•Relationship with Neighborhood-based methods

•The trusted friends are actually the 
explicit neighbors

•We can easily apply this method to 
include implicit neighbors

•Using PCC to calculate similar users 
for every user

Further Discussion of RSTE
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Recommend with Social Distrust
[Ma et al., RecSys2009]
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Trust vs. Social
• Trust-aware

• Trust network: unilateral 
relations

• Trust relations can be 
treated as “similar” 
relations

• Few datasets available on 
the Web

• Social-based

• Social friend network: 
mutual relations

• Friends are very diverse, 
and may have different 
tastes

• Many Web sites have 
social network 
implementation



Recent Developments in Social and Location Recommendations, Irwin King
CCF ADL 39 on Social Networks and Mining, August 3-5, 2013, Beijing, China

•Users’ distrust relations can be interpreted as the 
“dissimilar” relations

•On the web, user Ui distrusts user Ud indicates that user Ui 
disagrees with most of the opinions issued by user Ud.

Distrust
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Distrust
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•Users’ trust relations can be interpreted as the “similar” 
relations

•On the web, user Ui trusts user Ut indicates that user Ui 
agrees with most of the opinions issued by user Ut.

Trust



Recent Developments in Social and Location Recommendations, Irwin King
CCF ADL 39 on Social Networks and Mining, August 3-5, 2013, Beijing, China

Trust
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Web Site Recommendation
[Ma et al., SIGIR 2011]
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Traditional Search Paradigm
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“Search” to “Discovery”

News%Corp.%

Windows%8% iPhone%5%

How%to%cook?%

News%Corp.%

Windows%8% iPhone%5%

How%to%cook?%
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Challenges in Web Site Recommendation

• Infeasible to ask Web users to explicitly rate Web site

• Not all the traditional methods can be directly applied 
to the Web site recommendation task

• Can only take advantages of implicit user behavior data
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Motivations

• A Web user’s preference can be represented by how 
frequently a user visits each site

• Higher visiting frequency on a site means heavy 
information needs while lower frequency indicates less 
interests

• User-query issuing frequency data can be used to refine 
a user’s preference
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Using Clicks as Ratings
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Matrix Factorization
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Probabilistic Factor Model
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Probabilistic Factor Model
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Collective Probabilistic Factor Model
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Dataset
• Anonymous logs of Web sites visited by users who 

opted-in to provide data through browser toolbar

• URLs of all the Web sites are truncated to the site level

• After pruning one month data, we have 165,403 users, 
265,367 URLs and 442,598 queries

• In user-site frequency matrix 2,612,016 entries, while in 
user-query frequency matrix 833,581 entries
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Performance Comparison
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Impact of Parameters
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Impact of Parameters
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Location Recommendations
[Cheng et al., AAAI 2012]
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Check Out on “Check-ins”
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Location-based Social Networks (LBSNs)
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Related Work

• POI recommendation on GPS trajectory logs

• A collective matrix factorization method is applied on three 
matrices: location-activity, location-feature and activity-activity. 
[Zheng et al. 2010a]

• A tensor factorization is conducted on the user-location-
activity relationship. [Zheng et al. 2010b]

• POI recommendation on LBSNs dataset

• A unified memory-based framework including user similarity, 
social and geographical influence, in which geographical 
influence in modeled as power-law distribution. [Ye et al. 2011]

• Two-center mixture Gaussian model proposed to model 
human mobility in LBSNs. [Cho et al. 2011]
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Motivations
• Users have their personalized taste for different POIs.

• The check-in probability is 
sensitive to geographical 
influence.
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Observation #1

• Users tend to check-in 
around several centers

• Gaussian distribution to 
model check-ins at each 
center

• Inverse Distance Rule: 
check-in probability is 
inversely proportional to 
the distance to the 
nearest center
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Observation #2

• Social information can 
help improve POI 
recommendation, but 
seems influence is 
limited

• On average, overlap of a 
user’s check-ins to his 
friends only about 9.6%

• 90% users have only 20% 
common check-ins
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Our Proposal

• Multi-center Gaussian Model (MGM) to capture 
geographical influence

• Propose a generalized fused matrix factorization 
framework to include social and geographical influences

• Experiments conducted on large-scale Gowalla dataset
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Multi-center Gaussian Model

• Notations

– Cu: multi-center set for user u

– fcu : total frequency at center cu for user u

– N (l|µcu ,⌃cu): the pdf of Gaussian distribution, µcu and ⌃cu denote

the mean and covariance matrices of regions around center cu

• The probability a user u visiting a location l given Cu is defined as:

P (l|Cu) =

|Cu|X

cu=1

P (l 2 cu)
f↵
cuP

i2Cu
f↵
i

N (l|µcu ,⌃cu)P
i2Cu

N (l|µi,⌃i)
.

Which center? Frequency
normalization

Gaussian distribution
 of the center
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Multi-center Discovery Algorithm
• A greedy clustering 

algorithm is proposed 
due to Pareto principle 
(top 20 locations cover 
about 80% check-ins)
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Fused Framework
• Probabilistic Matrix Factorization (PMF) models users’ preference on

locations:F ⇡ U

T
L, and the frequency will be converted to [0, 1] by g(x) =

1/(1 + exp(�x)).

• PFM with Social Regularization (PMFSR) [Ma et al. 2011b]:

min

U,L
⌦(U,L) =

|U|X

i=1

|L|X

j=1

Iij(Fij � U

T
i Lj)

2

+ �

|U|X

i=1

X

f2F(i)

Sim(i, f)||Ui � Uf ||2F

+ �1||U ||2F + �2||L||2F ,

• MGM models geographical influence

• We can fuse them together:

Pul = �P (Ful) + (1� �)P (l|Cu), where P (Ful) / U

T
u Ll.

Social
Influence

Geographical
Influence
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Concluding Remarks

• Both social and location recommendation play a 
significant role in the social web!

• Social recommendation extends traditional models and 
techniques by using social graphs, ensembles, distrust 
relationships, clicks, etc.

• Fusing of social behavior information, e.g., media 
consumption patters, temporal relationships, etc.

• Location recommendation follows a similar path with 
new data and features.
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深圳市富媒体⼤大数据重点实验室
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Looking for People with Bright Ideas
• Postdoc

• PhD Students

• Engineers

• Machine learning, social computing, data mining/analytics, Big Data, 
etc.

• Semi-supervised learning, on-line learning, active learning, multiple kernel 
learning, feature selection, matrix factorization, large margin classifiers, 
kernel methods, etc.

• Recommender systems, Q&A, human computation, crowdsourcing, user 
profiling, user modeling, graph algorithms, computational advertising, etc.

• Scalable algorithms, mobile apps, cloud computing, open sourced 
projects, etc.
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SOCIAL MEDIA &
SOCIAL COMPUTING

New Book Series

CALL FOR BOOKS!
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VeriGuide
• Similarity text detection system

• Developed at CUHK

• Promote and uphold academic 
honesty, integrity, and quality

• Support English, Traditional and 
Simplified Chinese

• Handle .doc, .txt, .pdf, .html, 
etc. file formats

• Generate detailed originality 
report including readability

http://www.veriguide.org
http://www.veriguide.org
http://www.veriguide.org
http://www.veriguide.org
http://www.veriguide.org
http://www.veriguide.org
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VeriGuide Free Trial

http://www.cse.cuhk.edu.hk/~king

http://www.cse.cuhk.edu.hk/~king
http://www.cse.cuhk.edu.hk/~king
http://wiki.cse.cuhk.edu.hk/irwin.king
http://wiki.cse.cuhk.edu.hk/irwin.king
http://wiki.cse.cuhk.edu.hk/irwin.king
http://wiki.cse.cuhk.edu.hk/irwin.king
http://wiki.cse.cuhk.edu.hk/irwin.king
http://wiki.cse.cuhk.edu.hk/irwin.king
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The Chinese University of Hong Kong 
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CUHK Excellence
• The only university in Hong Kong having Nobel 

Laureates as faculty.  Four Distinguished Professors-at-
Large.

• Nine academicians of Chinese Academy of Sciences 
and Chinese Academy of Engineering

Professor Yang Chen-Ning,
Nobel Laureate in Physics

Professor Yau Shing-Tung, 
Fields Medalist

Professor Sir James A. 
Mirrlees, Nobel Laureate in 

Economic Sciences

Professor Andrew Yao, 
Turing Award Winner
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