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Homepage Recommendation

• Personalized real-time recommendation

• Based on click/purchase behaviorals

• Personalized Best-seller List



Item Detail Page recommendation

机密文档

Relevance 

Recommendation

Complementary

Recommendation

Buy-after-View

Recommendation



Query-based recommendation on SRP

机密文档

儿童防抓手套 儿童绒被 婴儿床围 婴儿摇篮 纱布尿片 毛绒玩具



Many others …
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Mobility & Context-ware
Ebook Reco -- Content Modeling

Group-buy Reco

-- user with similar intention   

Alipay Post-purchase Reco

-- Predict Next Best Action



E-Commerce Data Model
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User
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click

buy

view

bookmark

ratings

• Behavioral data

– View

– Click

– Bookmark

– Purchase

– Ratings

• Content data
– Categorical tree

– Item title, desc, 
properties

– Users’ demographics

– Users’ comments 

• Context data
– loc, time, area

– Mobile 



The Power of Recommendation in Wireless

• In more than 2000 shops in m.taobao.com, choose to select 

auto-RS to replace manually recommendation

• Key metrics:

– CTR:  Click-through rate

– CVR:  Conversion rate

– pCVR: CTR * CVR

• The facts

– Auto-RS outperform manual-RS by 75.7% in CTR

– Auto-RS outperform manual-RS by 58.4% in pCVR

– For more than 10K categories, auto-RS only lags behind mannual-RS in 

two ( sports shoes, bedclothes)
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media of RS

Recommender Review
Link user with items in a reasonable way
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Recommender Review  cont.



eTao RECommender(eTREC) v1
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About the Data

I 1 I2 I3 I4

U1 0 0 1 1

U2 1 0 1 0

U3 0 1 0 1

U4 1 0 1 1

• Input: <userID, <item1, item2, … itemN>>

I 1 I2 I3 I4

I1 1 0.2 0.4 0.5

I2 0.1 1 0.3 0.7

I3 0.2 0.4 1 0.9

I4 0.1 0.3 0.6 1

• Output: <ItemMain: itemReco1, itemReco2, …, itemRecoN>

User-Item  Matrix Similarity  Matrix 



Jaccard Review

• Numerator re-thinking

– Considering each user as a voter

– Rewrite denominator as a function of user and item pair: f(u, i, j )

• when f(u, i, j) equals to 1, it means the classical jaccard.

– Voter’s weight is equally 



Jaccard Review

• In numerator, each voter’s weight is dependent on its voting 

frequency

– vote more,  voter’s weight less

– 20+% (offline recall) gain compare to Jaccard

– Tuning \alpha, gained 2%



Data Sparsity Issue

• Data is not so sparse

– Sparsity = 1 - (U-I Pairs) / (Nu * Ni)

– Another metric:  active user size / active item size

– Example

• 630M registration user,  150M active user

• 740M total items,  items viewed 80M,  items bought 8M

• 80M items were explored by 150M users,  avg. 1.875 per item

– Content /metadata is rich

• Item titles, categories, properties, descriptions,  etc

• Make it possible to do item-level, SPU-level recommendation 
directly
– Currently no clustering,  no approximation 

– Future will do for better quality



Understanding users’ intent

• For example, in item detail page

– “Does user want to buy more besides the main item?”

• Relevance VS. Complementary

– Different data & algorithm

– How to balance? 

机密文档

Relevance

Complementary



Understand users’ intent

• P( r | u, c, f)

– c:  category

– f: purchase flow

– u: user’s personal preference

– r: recommendation type: relevant / complementary

• Purchase flow

– Homepage -> Search result page -> Comparable page -> Item detail 

page -> Purchase page -> Post purchase page

– Users’ intent changes in purchase flow

• An example

– Category’s impact 
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Dynamic Layout optimization

电子/电工 4.79%

床上用品/布艺软饰 17.99%

家居饰品 28.32%

网络设备/网络相关 35.50%

宠物/宠物食品及用品 44.23%

尿片/洗护/喂哺/推车床 48.84%

保健品/膳食营养补充剂 50.47%

汽车/用品/配件/改装 50.85%

书籍/杂志/报纸 52.90%

美容护肤/美体/精油 57.05%

孕妇装/孕产妇用品/营养 59.75%

生活电器 87.03%

笔记本电脑 87.50%

影音电器 88.22%

ZIPPO/瑞士军刀/眼镜 88.64%

饰品/流行首饰/时尚饰品新 92.38%

箱包皮具/热销女包/男包 92.38%

珠宝/钻石/翡翠/黄金 92.38%

音乐/影视/明星/音像 92.38%

古董/邮币/字画/收藏 92.38%

手机 92.38%

特色手工艺 92.38%

品牌手表/流行手表 92.38%

• Dynamically allocation of 
relevant and 
complementary

• Primary online test
– Boosting CTR by 6+%



Category’s impact - watch



Category’s impact - furniture
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Understand users’ intent - Bookmark
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• Behavioral data

– View

– Click

– Bookmark

– Purchase

– Ratings

• Content data
– Categorical tree

– Item title, desc, 
properties

– Users’ demographics

– Users’ comments 

• Context data
– loc, time, area

– Mobile 



Understanding user behavioral – Bookmark II

• Bookmark != Buy

• Customers’ price sensitivity

– As item’s price goes up, people become more cautious

click

bookmark

Log(price)

Prob.



Category’s stickiness

网络游戏点卡 46.39%

腾讯QQ专区 40.31%

网游装备/游戏币/帐号/代练 32.54%

移动/联通/电信充值中心 31.24%

网游垂直市场根类目 26.11%

网店/网络服务/软件 23.40%

OTC药品/医疗器械/隐形眼镜/计生用品 19.78%

书籍/杂志/报纸 17.24%

电影/演出/体育赛事 17.02%

本地化生活服务 16.11%

个人护理/保健/按摩器材 15.10%

手机号码/套餐/增值业务 15.03%

大家电 6.35%

女鞋 6.08%

台式机/一体机/服务器 5.71%

女装/女士精品 5.60%

数码相机/单反相机/摄像机 4.84%

住宅家具 4.63%

笔记本电脑 4.54%

自用闲置转让 4.09%

珠宝/钻石/翡翠/黄金 3.61%

外卖/外送/订餐服务（垂直市场） 2.62%

房产/租房/新房/二手房/委托服务 1.41%

新车/二手车 1.41%

discount &

Promotion

Up-selling

Any Idea?

Better Targeting?

“
刚
需

“

程

度



Algo. Summary

• ItemCF

– Heavily rely on

– It (and variants) covers 80% of typical scenarios 

– High efficiency

• MapReduce implementation; 16 min on Tmall data, 2h or so on whole site

– Will be released internally 7th. Nov, 2012, named eTREC_v1 

• Content-based

• Offline hybridization & Online Ensemble

• Exploring
– Implicit matrix factorization (IMF)

– learning to rank

• Future

– Markov  model / Tag-based RS / RBM / online learning etc.
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Real-time Recommendation

Log-stream

Real-time 
ETL

Online 
Computation

Tair

（KV store）

Storm Cluster

Ocean

Base

Real-time request

Intermediate 

Reco Result

Item Detail Page

Raw log

Final Reco Result

A Dilemma:  Real-time VS. Performance 



Thanks  &  QA
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