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Web Search Engine
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Relevance Ranking is Important

• Criteria: relevance

• Ranking model

– Heuristic: VSM, BM25, 
LMIR

– Learning to rank
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Beyond Relevance Ranking
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• Freshness

• Response time

• Diversification



Diverse user 
interests

Reducing 
redundant

Why Diversification?
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Framework of Machine Learning
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Bring Machine Learning to Ranking



Ranking Model for
Relevance Learning to Rank

• Independent scoring function, e.g., 𝑓 𝑞, 𝑑 = 𝑤,𝜙(𝑞, 𝑑)

• Features 𝜙(𝑞, 𝑑)

• Ranking: scoring and sorting ascendingly
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Query Documents score

q d1 𝑓 𝑞, 𝑑1

d2 𝑓 𝑞, 𝑑2

d3 𝑓 𝑞, 𝑑3



Beyond Relevance Ranking

• Relevance Ranking

• Diverse Ranking
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Maximal Marginal Relevance

• A greedy approach to search result diversification

– Scoring function

– Ranking: sequential selection procedure
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Relational Learning to Rank (R-LTR) Model

• Scoring function for selecting a document 

• Ranking with sequential document selection
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13



Relevance Features 𝐱𝑖

• 𝑓𝑆 𝑥𝑖 , 𝑅𝑖 = 𝑤𝑟 , 𝐱𝑖 + 𝑤𝑑 , ℎ𝑆(𝑅𝑖) , ∀𝑥𝑖 ∈ 𝑋\𝑆

• Adopting features used in relevance learning to 
rank

– Query-Document features

– Document features
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Relational (Diversity) Features

• 𝑓𝑆 𝑥𝑖 , 𝑅𝑖 = 𝑤𝑟 , 𝑥𝑖 + 𝑤𝑑 , ℎ𝑆(𝑅𝑖) , ∀𝑥𝑖 ∈ 𝑋\𝑆

– 𝑅: the relation cube, 𝑅𝑖𝑗𝑘 is the 𝑘𝑡ℎ feature 

describing relation of document 𝑖 and document 𝑗

– 𝑅𝑖: the matrix describing the relationship of 
document 𝑖 and other documents
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Definition of ℎ𝑆(𝑅𝑖)

• 𝑓𝑆 𝑥𝑖 , 𝑅𝑖 = 𝑤𝑟 , 𝑥𝑖 + 𝑤𝑑 , ℎ𝑆(𝑅𝑖) , ∀𝑥𝑖 ∈ 𝑋\𝑆

– Minimal: ℎ𝑆 𝑅𝑖 = min
𝑥𝑗∈𝑆

𝑅𝑖𝑗1 , … ,min
𝑥𝑗∈𝑆

𝑅𝑖𝑗𝐾

– Mean: ℎ𝑆 𝑅𝑖 =
1

𝑆
 𝑥𝑗∈𝑆 𝑅𝑖𝑗1 , … ,

1

𝑆
 𝑥𝑗∈𝑆 𝑅𝑖𝑗𝐾

– Maximal: ℎ𝑆 𝑅𝑖 = max
𝑥𝑗∈𝑆

𝑅𝑖𝑗1 , … ,max
𝑥𝑗∈𝑆

𝑅𝑖𝑗𝐾
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Diversity Features

• Feature vector [𝑅𝑖𝑗1, 𝑅𝑖𝑗2, ⋯ , 𝑅𝑖𝑗𝐾]

– Subtopic Diversity: based on PLSA

– Text diversity:

– Title diversity

– Anchor diversity

– Link-based diversity

– URL-based diversity

– ODP-based diversity 
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Relevance Ranking Model vs. 
Relational Ranking Model

Relevance ranking model

• A single scoring function

• Assigning document scores 
independently

• Sorting document 
ascendingly 

• Relevance features

Relational ranking model

• N-1 scoring functions 
(sharing parameters) for 
ranking N documents

• Document relations are 
taken into consideration

• Sequential document 
selection

• Relevance features + 
diversity features (d-d)
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Relevance Learning to Rank
Pointwise Methods

• Regression，Order Regression
• OC SVM, McRank

Pairwise Methods

• Pairwise classification

• RankSVM，RankBoost，RankNet，GBRank

Listwise Methods

• Listwise ranking

• ListMLE，ListNet，RankCosine，

StructureSVM，SoftRank，AdaRank
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Conventional Learning to Rank (cont’)

• Pointwise

 

𝑞

 

𝑑∈𝐝

𝑙 𝑓 𝑞, 𝑑 , 𝑦 + Ω 𝑓

• Pairwise

 

𝑞

 

𝑑≻𝑞𝑑′

𝑙 𝑓 𝑞, 𝑑 , 𝑦, 𝑓 𝑞, 𝑑′ , 𝑦′ + Ω 𝑓

• Listwise

 

(𝑞,𝐝)

𝑙 𝐅 𝑞, 𝐝 , 𝐲 + Ω 𝐅
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Loss Functions for Search Result Diversification

• Generative approach [Zhu et al., SIGIR ‘14]
– Modeling the generation of the result list in a 

sequential way

– Using the Plackett-Luce model 

– Optimize with MLE

• Discriminative approach [Xia et al., SIGIR ‘15]
– Maximizing margins between “positive” and “negative” 

rankings

– Optimize with Perceptron (other methods can also be 
used)
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Generative Approach [Zhu et al., SIGIR ’14]

23

Process of sequential document selection

Modeling the generation of the result list 
in a sequential way

Loss Function: 
Negative log likelihood of generation probability

𝐿 𝐟 𝑋, 𝑅 , 𝐲 = − log𝑃 𝐲|𝑋

𝑃 𝐲|𝑋 = 𝑃 𝑥𝑦 1 , 𝑥𝑦 2 , ⋯ , 𝑥𝑦 𝑛 |𝑋

= 𝑃 𝑥𝑦 1 |𝑋 𝑃 𝑥𝑦 2 |𝑋\S1 ⋯𝑃 𝑥𝑦 2 |𝑋\S𝑛−1



Loss Function of R-LTR
Plackett-Luce Model

Detailed definition
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maximize the sum of the likelihood function
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Optimization
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• Stochastic gradient ascent



R-LTR Algorithm
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Can R-LTR be Further Improved?

• R-LTR only utilizes “positive” rankings

– Discriminative learning is effective in many machine 
learning tasks

• Not all “negative rankings” are equally negative

– Can be measured with evaluation measures

• There exists a number of diversity evaluation 
measures such as 𝛼-NDCG, ERR-IA etc.
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Directly optimizing performance measures



Discriminative Approach [Xia et al., SIGIR ’15]
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 𝐲(𝑛): predicted ranking 

𝐽(𝑛): ground truth

Upper bounded if 𝐸 ∈ [0,1]

𝐸: evaluation measure

Upper bounded

𝒴+(𝑛): positive rankings 

𝒴−(𝑛): negative rankings
𝐹: ranking model



Optimization with Perceptron (PAMM)
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Margin between “positive” 
and “negative” rankings



Advantages of PAMM

• Online ranking

– Meets the MMR criteria

• Offline learning

– Can directly optimizing any diversity evaluation 
measures

– Discriminative approach: ability to use both 
positive rankings and negative rankings

– Maximizing the margins between positive rankings 
and negative rankings

30



Outline

• Search result diversification

• Learning for search result diversification

– Ranking model

– Loss function and optimization

– Experimental results

• Summary

31



Datasets

• TREC datasets: WT2009, WT2010, and WT2011

• Query

• Label
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Subtopic 1 Subtopic 2 Subtopic 3

Document 1 0 1 0

Document 2 1 1 0

Document 3 0 0 0

……



Evaluation Measures

• 𝛼-NDCG

• ERR-IA
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Experimental Results

• R-LTR outperforms other 
baselines

• PAMM performs better than 
R-LTR

• PAMM can directly optimize 
the evaluation measure

34



Effect of MMR
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Ability to Improve Evaluation 
Measures
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Effects of Positive and Negative 
Rankings
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Convergence of PAMM
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Summary

• New learning to rank models for search result 
diversification

– Model: following the MMR criteria 

– Generative learning [Zhu et al., SIGIR ’14]

• Modeling generation process with Luce model

• Optimizing with MLE

– Discriminative learning [Xia et al., SIGIR ’15]

• Directly optimizing evaluation measures

• Utilizing both positive rankings and negative rankings

• Optimizing with structured Perceptron
40



Future Directions

• Learning to rank is not hot in recent years
– However, a lot of issues not addressed

• New applications: beyond independent relevance
– Diversification
– Whole page relevance 
– Topic distillation

• Addressing issues in existing (famous) algorithms
– E.g., IID assumption in pairwise ranking algorithms such as 

Ranking SVM does not hold in real world data [Zhang et al., 
CIKM ’15]

• New modeling and optimization tools
– Deep neural networks? 
– ADMM for large scale learning? 
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Thanks! Q&A
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