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Diversification In Recs

Users may want to explore outside of previous 
history

–New styles of clothing

–New genres of media

–New taxonomies of items

–New styles of furniture
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Diversification In Recs
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Ways to gather new style interests

• Self identification

• Quizzes for the user

• Stylist feedback

• Learning over favorites
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Diversification In Recs

Can't filter recs by style

Attribute stuffing in labels

– Modern

– Coastal

– Glam

– Bohemian

Can't use top selling by style

Lacks personalization
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Diversification

• Create a model that can 
diversify in a personalized 
way

• Can learn user styles from 
limited data

• Can make use of explicit 
feedback from user or expert 
feedback
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Our Approach

• Use Conditional Variational 
Autoencoders to model user's 
current behavior

• Use another encoder to learn 
user's style profile

• Incorporate feedback to inject 
new styles into the user's 
recommendations
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Style Injection

• Concat style labels to 
inputs

• Enable style transfer 
techniques



12

© Overstock

Style Injection
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Style Injection

• Transfer user's 
preferences from one 
style to another

• Need to learn user's 
current profile

• Requires user style 
profiles to be 
interpretable
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Learning User Style Profiles

• Limited labeled items (8k out of 
41k)

• Need to extend item labels to users
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Learning User Style Profiles

• Create a training dataset from labeled style 

items

• Features should represent user's history

• Labels should represent distribution of style 

within history
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Learning User Style Profiles

• Sample sets of items from user click data

• Limit to items with style labels

• Extend item labels to users by averaging and thresholding to 

create multivariate bernoulli label

• This allows us to maintain associations b/w styles which exist 

in user click data
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Learning User Style Profiles

Each item can be seen as the average of 

word2vec embeddings of their title and 

attributes

Each user can be thought of as the 
average of representations of all the items 

they have interacted with

Users with different number of clicks will 

have different distributions of embeddings

Limit each user to 5 items
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Learning User Style Profiles

Use this as input to an MLP to create a 

user profile

Each dimension of the profile corresponds 
to a predefined style

Profiles are directly interpretable, and can 

be updated at decoder
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Style Conditioned Recs
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Style Conditioned Recommendations

•Can be taken from explicit feedback

•Can be taken from most popular item's style profile​

•In absence of new style profile can be taken from last 5 items​
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Style Injection on Recommendations

Validating by injecting different styles into 

a user's recommendations. Each injection 

is taken as a single one-hot encoded style

Once style is injected learn the profile on 
the injected recommendations

The presence of the injected style 

increases in the recommendations


