Recommender System on Big Data
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On the other hand

amazoncom Recommended for You

A com has new recomer for you based on items you purchased or
told us you own,
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1/3 products are sold via Amazon
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2012.
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In China, ...
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Great success in Baidu & Taobao Ads Recommender
Systems, which earn > 10 billion RMB every year.
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Backend Technology
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Backend Technology
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Optimization

Query-Ad-User > Query

Query-Ad-User

Query-Ad <

Query-Ad-User
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Model Training on MPI
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Key Feature for Successful Recommender Systems
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Recommender System on Big Data
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- serving users to retrieve big data

- learning from big data to improve
service
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Recommendation Technology: 3 Generations

1. Collaborative Filtering
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1st Generation — Collaborative Filtering
2. Topic Modeling
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1.5G — Ensemble Learning

Basic ldea: training multiple models, and
voting
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Problem — weak for new users




2"d Generation — Sparse Linear Prediction Model
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2.5G — Feature based Collaborative Filtering

(Tianqi Chen, et al. ICML 2012)
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Problem — cost on feature engineering

> 100 bi/ﬁ(km features
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IS not easy.
foo many people to

manage these features 3. Hard to repeat the

successful experience to
other application. Q Q



Managing Feature Engineering Team
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3rd Generation — Deep Learning

Area V4

object models

Area V2
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Deep Learning for Recommendation
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Deep Recommender Systems

e Advantage:

o Less domain experts for feature engineering
» Deep (3G) Systems: 5~10 Top Scientists/Engineers + Supporting
« Flat (2G) Systems: 5~10 Top Scientists/Engineers + 50 Domain Experts +
Supporting

o Easy to duplicate to other applications

o Challenge
o System & Algorithm design

= Need top scientists/engineers
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Summary

o Recommender systems have already achieved great success
In several companies.

o As deep learning technology develops, recommender
systems will easily come into more applications.

e Inthe future, there will be several flat (2G) recommender
systems with high cost, and a lot of deep (3G) recommender

systems with low cost.
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