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Main contributions

• Model two types of semantically rich feature 
relationships in horizontal dimension, i.e., 
alternative and complementary. 

• Propose a unified framework (HieVH) that 
seamlessly fuses vertical and horizontal 
dimensions of feature hierarchy for effective 
recommendation. 



Intuition

• A user prefers athletic style: tend to buy more Athletic 
clothing, e.g., athletic shoes and pants to match each other, 
instead of Fashion clothing, e.g., heels or skirts.  

• Relationships of sibling/cousin features 
• Athletic and Fashion: alternative 
• Shoes and pants: complementary 
• Shoes and heels: alternative



Definition

• Item Relationships 

   Item i and j are alternative iff P(ei|ej)<P(ei) and 
P(ej|ei)<P(ei). 

   Item i and j are complementary iff P(ei|ej)>P(ei) 
and P(ej|ei)>P(ei).



Measure feature relationships

• Item Co-occurrence  

  [Theorem] 
  i and j are alternative iff IC(i, j)<1 
  i and j are complementary iff IC(i, j)>1 

• Feature relationships 
    FR(f, g)<1: alternative 
    FR(f, g)>1: complementary



Empirical study

    Features have alternative relationships at Layer 
3 (men vs. women); Feature relationships are 
evenly distributed at Layer 2; most features are 
complementary at Layer 1.

Distribution of feature relationships (log(FR)) in 3 layers (Amazon Clothing dataset).



HieVH Framework

• The basic recommendation model 



HieVH Framework

• Modeling Vertical Dimension: the latent factor of 
item is adapted by adding to it the latent factors 
of its affiliated features in the hierarchy 



HieVH Framework

• Modeling Horizontal Dimension: if two features 
are alternative, the distance of their latent factors 
should be large; if complementary, the distance 
should be small 

Where
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Validation

    The incorporation of horizontal dimension 
enhances recommendation performance.

Performance of comparative methods measured by AUC.



Validation

    By incorporating the two types of feature 
relationships, HieVH recommends to users more 
items complementing rated to items. 

Percentage of complementarity Cp and alternativity 
Ap between rated and recommended items



Thanks!



https://yangjiera.github.io/citrec2017/

Advertisement



CitRec2017
• Recommender Systems run by citizens, and for 

citizens. 

• Benefit the society as a whole: many challenges

• Spatio-temporal context

• Cross-domain

• Conflicting interests

• …


