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Social Networks

Facebook

Recommendations



User i

Item j

Which item should we select?
• The one with highest predicted CTR ------ EXPLOIT

• The one most useful for the CTR prediction model -------EXPLORE

(i,j): response yij



 Raw Training Data : 

 70M records spanning 31 days

 User profile data:

 Tags

 Keywords

 Date of Birth (Age)

 Gender

 User action data:

 Tweet

 Retweet

 Comment 
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 1.3 million users, 4,700 items

 99.31% sparse

 Many users haven’t rated a single item

 Many items not rated

 45% users’ tags missing 47% users’ keywords missing

 Gender not known of roughly 20% users

Shortage of 

predictive features 

Collaborative 

Filtering





 Duplicates Removal

 41M records remain 

 Removing Dummy users and items

 Removed 10% of the highly unrated movies to reduce sparsity

 Removed 0.00001% of the users with very few ratings
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 Item bias: e.g. Titanic being a classic movie has positive bias

 User bias: Some users critical, others lenient

Global Bias

 𝒓𝒊𝒋 = 𝒃𝒖𝒊 + 𝒃𝒊𝒋 + 𝝁

𝑏𝑖𝑗 = 
𝑗∈𝑅(𝑖)

(𝑟𝑖𝑗 − 𝜇)

𝑅(𝑖)

𝑏𝑢𝑖 = 
𝑖∈𝑅(𝑗)

(𝑟𝑖𝑗 − 𝑏𝑖 − 𝜇)

𝑅(𝑗)

Predicted rating
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𝑏𝑢𝑖 = 𝑎𝑣𝑔 𝐴𝑖𝑗 − 𝑏𝑖𝑗 − 𝑏𝑔

𝑏𝑖𝑗 = 𝑎𝑣𝑔 𝐴.𝑗 − 𝑏𝑔

• 𝑏𝑔 = 𝑎𝑣𝑔 𝐴𝑖𝑗 = −0.7488
Global Bias



𝑏𝑖𝑗 = 
𝑗∈𝑅(𝑖)

(𝑟𝑖𝑗 − 𝜇)

𝝀𝒋 + 𝑅(𝑖)

𝑏𝑢𝑖 = 
𝑖∈𝑅(𝑗)

(𝑟𝑖𝑗 − 𝑏𝑖 − 𝜇)

𝝀𝒊 + 𝑅(𝑗)

Introducing 

regularization terms

𝝀i MAP@3

0 0.2612

100 0.2705

500 0.2694

𝝀u MAP@3

0 0.2705

100 0.2784

500 0.2833

1000 0.2815

Taking 𝜆𝑢 = 0 Taking 𝜆𝑖 = 100



 Personalized recommendations

User latent factors

Dim: 20

Item latent factors

Dim: 20

 𝒓𝒊𝒋 = 𝒃𝒖𝒊 + 𝒃𝒊𝒋 + 𝝁 + 𝒑𝒊
𝑻𝒒𝒋

Λ MAP@3

100 0.2857

500 0.2865

1000 0.2871

5000 0.2868



 Each user is a combination of his interests!

Tags Keywords

 𝒓𝒊𝒋 = 𝒃𝒖𝒊 + 𝒃𝒊𝒋 + 𝝁 + (  

𝒌∈𝑻(𝒊)

𝒕𝒌 +  

𝒍∈𝑲(𝒊)

𝒘𝒊𝒍𝒌𝒍)
𝑻𝒒

• Number of Tags = 130304 ⇒ Unknowns reduced immensely

• What about users without tags/ keywords?
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Number of times user i

has “@” user j

Number of times user i

retweeted user j

Number of times user i

commented user j

𝑝𝑖 =  

𝑘∈𝐼𝐷(𝑖)

𝑀𝑖𝑘 ∗ 𝑝𝑘

 𝒓𝒊𝒋 =  

𝑘∈𝐼𝐷(𝑖)

𝑀𝑖𝑘 ∗  𝒓𝒌𝒋



 Gender Bias

 bgen(u),i⟶ Biasness of user’s gender towards the particular item

𝑏𝑔𝑒𝑛 𝑢 ,𝑖 =

  𝑘∈𝑀𝐴𝑘𝑖
𝑛

  𝑘∈𝐹𝐴𝑘𝑖
𝑛

  𝑘∈𝑈𝐴𝑘𝑖
𝑛

if user’s gender is male

if user’s gender if female

if user’s gender is unknown

 Age Bias

 bage(u),i⟶ Biasness of user’s age towards the particular item

 For age bias we have created 30 bins and set the age bias accordingly

 𝒓𝒊𝒋 = 𝒃𝒖𝒊 + 𝒃𝒊𝒋 + 𝒃𝒈𝒆𝒏 𝒊 ,𝒋 + 𝒃𝒂𝒈𝒆 𝒊 ,𝒋 + 𝝁 + (  

𝒌∈𝑻(𝒊)

𝒕𝒌 +  

𝒍∈𝑲(𝒊)

𝒘𝒊𝒍𝒌𝒍)
𝑻𝒒



Model MAP@3

Bias only 0.2612

Bias with regularization 0.2833

Basic latent factor model 0.2871

Sigma Tag model 0.2936

Sigma tag + social network data 0.3148

Sigma tag + age, gender bias 0.3274
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