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Some Popular Products at LinkedIn 
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People You May Know 

Jobs You May Be Interested In 



Data Flow 
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Online services 
-  Get online features 
-  Modify scores  
-  Rank and serve 
-  Track 

Member activity 
-  New connections formed 
-  New members joining 
-  Profile updates 
-  Group activities 

Offline processing (Hadoop) 
-  Data analysis and modeling 
-  Scoring 
-  Pushing to a key-value store 
-  Spark 



Connections Matter 
 
§  Members  
§  A well connected member is much more likely to be able to 

use the LinkedIn eco-system for her professional 
development and growth 

 
§  LinkedIn 
§  Well connected members are  

–  More likely to engage with LinkedIn products 
–  More likely to drive viral growth and connectivity 

§  A large number of connections at LinkedIn via people 
recommendations 
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People You May Know (PYMK) 
§  Recommend members to connect to other people (current 

members and guest) 
§  Scale:  

–  350M+ members 
–  200K+ new members every day 
–  Many billions of existing edges 
–  Many millions of new edges added daily 

§  Viral Loop 
–  New connections affect the network of a member 
–  That affects future recommendations 

§  Multi-level and delayed response 
–  Member send out invitation to connect 
–  Invitation acceptance is delayed 

§  Multiple Channels:  
–  Desktop, mobile, dedicated apps and pages, LinkedIn feed 
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PYMK: Objectives 

Optimize: 

§  Value to the member 
§  Number of connections formed 
§  Member growth 
§  Connections that are likely to drive more interactions 
§  Connections that increase diversity (different communities, 

companies etc.) 
§  Networks of new members 
§  Members with small networks 
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Recommendation 

Rank by score: 
§  For a member u, candidate connect v are ranked by 
 
 
 
§  P[u, v] = Probability that member u invites v and v accepts 
§  O = Set of objectives 
§  V(u, v, o) = Value for user u on objective o given a 

connection between u and v 
§  w(u, o) = Weight on objective o for user u 
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Link Prediction 

Predict P[u,v]: (See Nowell-Kleinberg CIKM 2004) 
 
Probability of connection formed is related to: 
 
§  Number of common friends 
§  Number of common close friends 
§  Same school and major 
§  Same company, job function, duration 
§  Similar skill set 
§  More 
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Link Prediction 

§  Use a regression model 

§  fu, fv are member features 

§  fuTAfv models interaction between individual features 

§  fuv are edge features 
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Value from Connection 

§  Interactions: 
§  Members have many activities on LinkedIn, example- 

–  Post an article, join a professional group, connect to another 
member, like/share another post, update profile etc. 

§  These result in interactions with the member’s connections 
(restrictions apply) 

§  V(u, v, o) = Expected marginal number of interactions per 
week if a connection between u and v is formed 

§  V(u, v, o) is predicted using GLMs 
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Value from Guest Invitation 

§  Members inviting others to join the network is crucial for 
growth of the network  

§  Anderson et. al. (WWW 2015) 
§  LinkedIn’s cascade trees are very viral 
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The growth of trees is 
almost linear in time 



Network A/B Testing and Measurement 

§  Random treatment assignments 

 
 
§  Treatment recommendations affect control group as well 
§  Experiment effects are often biased 
§  Gui, Xu et. al. WWW 2015 
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