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_Ranking via Machine Learning
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Sl Sm
01,1 | 0m,1 02{01,02,---,0,V}
01’2 0m,2 -
0 0
l,ﬂl A m,ny|, f(S, 0)

m+1,1 f(Sm+19 0m+1,1)

- Opasz| F(Spars Opr)

f(s,.,,0

m+1

m+1° = m+1,n,,., )




s learning to rank necessary for IR”

* Has been successfully used in web-document search

« Has been the focus of increasing research at the intersection of machine
learning + IR
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—xample: Key Phrase Extraction

* Input: Document
» QOutput: Key phrases in document
* Pre-processing step: extraction of possible phrases in document

« Ranking approach: rank the extracted phrases



Other IR applications of learning to rank

 Question Answering

* Document Summarization Opinion Mining
- Sentiment Analysis

* Machine Translation

« Sentence Parsing



Our focus: ranking documents
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Traditional approach to “learning to rank”™

Probabilistic Model
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Modern approach to learning to rank
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Learning to Rank: Testing Process
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Issues In learning to rank

 Data Labeling
« Feature Extraction
« Evaluation Measure

 Learning Method (Model, Loss Function, Algorithm)



Data Labeling

e Ground truth/supervision: “ranks” of set of documents/objects

e E.g., relevance of documents w.r.t. query

Query




Data Labeling: Supervision takes different forms

- Multiple levels (e.g., relevant, partially relevant, irrelevant)

» Widely used in IR
 Ordered Pairs

» e.g. ordered pairs between documents (e.g. A>B, B>C)

» e.g. iImplicit relevance judgments derived from click-through data
 Fully ordered list (i.e. a permutation) of documents is given

» |deal but difficult to implement



Data Labeling: Implicit Relevance Judgement

ranking of documents at search system

users often clicked on Doc B

ordered pair

B>A
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Feature Extraction: Example Features

- BM25 (a classical ranking score function)
 Proximity/distance measures between query and document
* Whether query exactly occurs in document

* PageRank



—valuation Measures

- Allows us to quantify how good the predicted ranking is when compared with ground truth
ranking

* Typical evaluation metrics care more about ranking top results correctly

« Popular Measures

» NDCG (Normalized Discounted Cumulative Gain)
» MAP (Mean Average Precision)

» MRR (Mean Reciprocal Rank)

» WTA (Winners Take All)

» Kendall’s Tau



Kendall’s Tau

Comparing agreement between two permutations
P-Q

%n(n—l)

T =

Number of pairs %/7(/7—1)
Number of concordant pairs and disconcordant
pairs P, Q

Completely agree 7=+1
Completely disagree 7=-1



Kendall’s Tau

 Example
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Learning to Rank Methods

« Three major approaches
» Pointwise approach
» Pairwise approach

» Listwise approach



Pointwise Approach

 Transforming ranking to regression, classification, or ordinal regression

» Query-document group structure is ignored



Pointwise Approach

Regression Classification Ordinal Regression

Feature vector X

Input
Real number Category Ordered category
Output ,
y=1x y=sign( f(x))  y=thresold( (X))
Model Ranking function
f(X)
Loss Regression loss Classification loss Ol IS tel

Function loss




Pairwise Approach

 Transforming ranking to pairwise classification

» Query-document group structure is ignored



Pairwise Approach

Ordered feature vector pair

Input
(’Yia Xj)
Output Classification o.n order of vector pair
Yy =sign( 1(X = X))
Model Ranking function 7(X)
Loss

) Pairwise classification loss
Function




Palrwise Ranking

* Converting document list to document pairs

Query Query

Rank 1

Rank 2

Rank 3




Transformed Pairwise Classification Problem

(X w)

Positive Examples

X=X

m +1
Negative Examples O -1




Listwise Approach

- Entire list of documents as input-instance
* Query-document group structure is used
- Straightforwardly represents learning to rank problem

» Many state of the art methods: ListNet, ListMLE, etc.



Listwise Approach

Feature vectors
Input

X = {)(/}7=1
Output Permutation on feature vectors
n
mt=sort({ F(X)}.)
Model Ranking function

1(X)

Listwise loss function

Loss Function . :
(ranking evaluation measure)




