ACLIJCNLP 200rRutorial
Aug. 2, 2009
Singapore

Learning to Rank

Hang LI
Microsoft Research Asia



N o O R WNE

Outline of Tutorial

Introduction

Learning to Rank Problem

Learning to Rank Methods

Learning to Rank Theory

Learning to Rank Applications

Future Directions of Learning to Rank Researc
. Summary




1. Introduction



What Is Learning to Rank?

A Definition 1 (in broad sense)

Learning to Rank = any machine learning
technology for ranking

A Definition 2 (in narrow sense)

Learning to Rank = training ranking model usin
supervised learning for information presentatiol

A This tutorial takes Definition 2



Major Characteristics of Learning to
Rank (Narrow Sense)

A Machine learning technologies

A For information presentation

iLYLdziY 6NBIjdzSaiQ | yR O2f

Paul Kantor)

I Output: ranking list of offerings

| e.g., In search, request = query, offerings = document
A Learning ranking model

I Ranker: function of request and offering

I e.g., In search, function of query and document

I Usually ranker is feature based

A Supervised learning



Means for InformatiorPresentation

A Classification

A Clustering

A Information Extraction
A Summarization

A Ranking

A In practice combinations are widely used



Ranking Plays Key Role




Information Processing That Needs
Learning to Rank

A Search (Document Search, Entity Search, etc)
A Collaborative Filtering

A Key Phrase Extraction

A Question Answering

A Document Summarization

A Opinion Mining

A Sentiment Analysis

A Machine Translation

A Sentence Parsing



Technologies on Learning to Rank

A Methods
I Pointwise Methods
I Pairwise Methods
I Listwise Methods
A Theory
I Generalization
I Consistency
A Applications
I Search
I Collaborative Filtering
I Key Phrase Extraction



Recent Trends on Learning to Ran

A Successfully applied to search

A Hot topicin Information Retrieval and
Machine Learning
I Over 100 publications at SIGIR, ICML, NIPS, etc
I 2 sessions at SIGIR every year
I 3 SIGIR workshops
I Special issue at Information Retrieval Journal
I LETOR benchmark dataset, over 400 downloads

http://research.microsoft.com/en
us/um/beijing/projects/letor/index.html



http://research.microsoft.com/en-us/um/beijing/projects/letor/index.html
http://research.microsoft.com/en-us/um/beijing/projects/letor/index.html
http://research.microsoft.com/en-us/um/beijing/projects/letor/index.html

Scope of This Tutorial

A Overview of Learning to Rank technologies
A Focusing on Learning to Rank methods

A Touching theoretical issues

A Discussing potential applications in NLP

A Showing future directions

A Knowledge necessary for this tutorial:
Machine Learning
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Not Coveredn This Tutorial

A Rank Aggregation
A Ranking of Objects on Graph
I Link Analysise(g Page Rank)
A Unsupervised Learning of Ranking Models

I Probabilistic Model in Information Retrieval (e.g.,
BM25, Language Model for IR)



2. Learning to Rank Problem



Learning to Rank Problem

A 2.1 Problem Formulation

A 2.2 Example: Learning to Rank for Search
A 2.3 Issues in Learning to Rank

A 2.4 Relations with Other Learning Tasks



2.1 Problem Formulation



Ranking Problem

offerings
0={0,0,3 ,0,]
ranking of offerings
Os1
rec;uest \- | 05,2
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O
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Learning to Rank

0={0,,0,3 .0}
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Characteristics of Learning to Ranl

A Machine learning technologies

A For information presentation

A Learning ranking functiofy(s, o)

A Using labeled data (supervised learning)
A Ranking function is feature based

A This tutorial mainly takemformation retrieval
as example




2.2 Example: Learning to Rank for
Search



Ranking Problem:
Example = Document Retrieval

ranking based on
relevance, importance,
preference

documents

D={d,,d,,3 ,d}

ranking of documents

query dq,1
q 02
A
d
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RelevanceMatchingbetweenQuery and
Document

t(q,d)

21



Traditional Approach to Search
Ranking



ProbabilistidModel

d,
documents 2
4
q ranking of documents

N

d, ~P(r[q,d,)

query d, ~P(r[q,d,)

g > 4

d,~P(r|a,d,)
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BM25

ranking function

d
N 5 (K +Dtf (w)
documents 2 Wa1q (1- )k +b dl +1f (W)
4 avgdl
dN
ranking of documents
g d, ~ P(r|q,d,)
>d2 - P(r |q’d2)
4

d,~P(r{q.d,)
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Learning to Rank: New Approach
to Search Ranking



Learning to Rank

D={d,,d,,3 ,d,}

11

1,2

1

f (qm+1 1 dm+1,1)

> dm+1,2 1:(qm+1’dm+1,2)
4

m+1,n41 f (qm+1’ dm+1, nmﬂ)
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Training Process

éd, , Y11
\
q 1 d1,2 Y12
1
14
% dl,n1 yl’nl
. Data Labeli 2. F
Z] 1. Datalabeling 2] eature A 3. Learning

(rank) Extraction
—_ (X
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Testing Process

éd m+1.1 Aed m+1,1 C ym+1,l
| I d
T dm+1’2 q \I m+1,2 ym+1,2
qm+1\| m+11
74 4
|l dm+1,nm+1 |l dm*'l, N+ ym+11nm+l
1. Data Labeling 2. Feature 3. Ranking
(rank) Extraction with f (X)
— — —
?Xm+1,1
|
\: Xmi.2 Evaluation
? Result
b,
| +1’nm+l

4. Evaluation
— > 28



Notes

A Features are functions of query and document
A Query and associated documents form a group
A Groups are.i.d. data

A Feature vectors within group are noitd. data

A Ranking model is function of features

A Several data labeling methods (here labeling of r
as example)



2.3 Issues In Learning to Rank



Issues In Learning to Rank

A Data Labeling
A Feature Extraction
A Evaluation Measure

A Learning Method (Model, Loss Function,
Algorithm)



Data Labeling Problem

AE.g., relevance of documenisr.t. query

Query

T




Data Labeling Methods

A Labeling of Ranks
I Multiple levels (e.qg., relevant, partially relevant, irrelevant)
I Widely used in IR

A Labeling of Ordered Pairs

I Ordered pairs between documents (e.g. A>B, B>C)
I Implicit relevance judgment: derived from chtdkrough data

A Creation of List
I List (or permutation) of documentsis given
I ldeal but difficult to implement



Implicit Relevance Judgment

ranking of documents at search system

users often clicked on Doc B

ordered pair
B>A

34



Query

Feature Extraction

Doc A

Doc B

Doc C

I Querydocument feature

Document feature

Feature Vectors

BM25 PageRank

\

BM25 PEgeRank

BM25 PdgeRank

35
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Example Features

Relevance: BM25

Relevance: proximity

Relevance: query exactly occurs in document
Importance:PageRank

o To To o



Evaluation Measures

Almportant to rank top results correctly

AMeasures
I NDCQGNormalized Discounted Cumulative Gain)
I MAP (Mean Average Precisjon
I MRR (Mean Reciprocal Rank)
I WTA (Winners Take All)
i YSYRIFffQa ¢I dz



NDCG

A Evaluating ranking using labeled ranks
ANDCG at positiojn

L2 (20 1) /10g(1+i)

n, 4
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A Example: perfect ranking

1 (3,3,2,2,1,1,1) ramk3,2,1

1 (7,7,3,3,1,1,1) gapl) -

I (1, 0.63, 0.5, 0.43, 0.39, 0.36, 0.33) position discount

PioTE My®dmmEI HnodmmI Npgd+)) 5/
J .
3 (2" - 1) /log(1+i)
i=1

FTOMKTZ MKMYy®PMME MKHNDOPMMEZ XU

n;

1 (1,1,1,1,1,1,1) NDCG for perfect ranking
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A Example: imperfect ranking
i (2,3,2,3,1,1,1)
i (3,7,3,7,1,1,1) Gain
I (1, 0.63, 0.5, 0.43, 0.39, 0.36, 0.33) Position discount
ifooZ MndmmXZ HAPMMZEZ X U 51
iondno ndtys: ndyoZ Xovu

A Imperfect ranking decreases NDCG



YSYRIffQa ¢t
A Comparing agreement between two permutatior
P-Q

[ =
1
—n(n-1
2( )

A Number of pairs%n(n- 1)

A Number of concordant pairs ardisconcordant
pairsrP,Q

A Completely agreé =+1
A Completely disagree =-1
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A Example

A B C
CAB
1-2

f=2f=. 2
3 3



2.4 Relations with Other Learning
Tasks



Relations with Other Learning Tasks

A No need to predict category
vs Classification

A No need to predict value of(qg,d)
vs Regression

A Relative ranking order is more important
vs Ordinal regression

A Learning to rank can be approximated by
classification, regression, ordinal regression



Ordinal Regression
(Ordinal Classification)

A Categories are ordered
i 543,21
I e.g., rating restaurants
A Prediction
I Map to ordered categories



3. Learning to Rank Methods



Learning to Rank Methods

A 3.1 Overview of Learning to Rank Methods

A 3.2 Pairwise Classification

A 3.3 Costsensitive Pairwise Classification

A 3.4 Probabilistic Model for Ranking

A 3.5 Direct Optimization of Evaluation Measure
A 3.6 Approximation of Evaluation Measure

A 3.7 Evaluation Results



3.1 Overview of Learning to
Rank Methods



Three Major Approaches

Pointwise approach
Palrwise approach
_Istwise approach

o To Ix

A First is suitable to ordinal regression

A Latter two are more suitable to learning to
rank (e.g., ranking in search)



Pointwise Approach

A Transforming ranking to regression,
classification, or ordinal regression

A Querydocument group structure is ignored



Pointwise Approach

Regression Classification Ordinal Regression

Feature vectorX

Input
Outout Real number Category Orderedcategory
P y=T1(x) y =sign(f (x)) y =thresold f (x))
Model Ranking function
f(x)
— Ordinal regression

Regressionloss Classificatiohoss

Function loss

51



Pairwise Approach

A Transforming ranking tpairwiseclassification
A Querydocument group structure is ignored



Pairwise Approach

Ordered feature vector pair Feature vectors
Input [y
(%) X ={x}i4
Output Classificatioon order of vector pair Permutationon vectors
¥i,; =sign(f (% - x;)) "~ =sort{ f (x)}",)
Model Rankindunction f (X)
Loss

. Pairwiseclassification loss Rankingvaluation measure
Function

53



Listwise Approach

A List as instance
A Querydocument group structure is used

A Straightforwardly represents learning to rank
problem



Listwise Approach

Feature vectors
Input wre v
X ={X}i4
Outobut Permutation on featurrfe vectors
i = sort{ f (X)}")
Model Ranking function

f(X)

Listwisdoss function

Loss Function : :
(ranking evaluation measure)

95



Learning to Rank Methods

A P0|ntW|se Approach

" Subset RankindClossocland Zhang, 2006]:
Regression

SVM Nallapat] 2004]. Binary Classification Using
SVM

McRanHKLi et al 2007]: MultClass Classification
Using Boosting Tree

Prank [Crammer and Singer 2002]: Ordinal
Regression Usingerceptron

_arge Margin$hashua& Levin 2002]: Ordinal
Regression Using SVM




Learning to Rank Methods

A Pairwise Approach

" Ranking SVM: Pairwise Classification Using SVM
RankBoost [Freund et al 2003]: Pairwise Classificatio
Using Boosting

RankNet [Burges et al 2005]: Pairwise Classification
Using Neural Net

Frank [Tsal et al 2007]: Pairwise Classification Using
Fidelity Loss and Neural Net

GBRankZheng et al 2007]: Pairwise Regression Usir
Boosting Tree

IR SVM [Cao et al 2006]: Gesnhsitive Pairwise
Classification Using SVM

Multiple SVMs [Qin et al 2007]: Multiple SVMs



Learning to Rank Methods

A Listwise Approach

" ListNet{Cao et al 2007]: Probabilistic Ranking Model
ListMLEXia et al 2008]: Probabilistic Ranking Model

AdaRankXu and Li 2007]: Direct Optimization of
Evaluation Measure

SVM Map [Yue et al 2007]: Direct Optimization of
Evaluation Measure

PermuRankXu et al 2008]: Direct Optimization of
Evaluation Measure

Soft Rank [Taylor et al 2008]: Approximation of Evaluati
Measure

Lambda Rank [Burges et al 2007]: Using Implicit Loss
Function



Learning to Rank Methods

A Other Methods
I K-Nearest Neighbor Ranker [Geng et al 2008]
I SemiSupervised Learning [Jin et al 2008]



3.2 Pairwise Classification



o To Ix

Pairwise Classification Methods

Ran
Ran

Ran

KiIng SVM
KBoost

KNet



Pairwise Classification

A Converting document list to document pairs

Query Query

Rank 1

Rank 2

Rank 3

62



Ranking SVM



Transforming Ranking to Pairwise
Classification

A Input spaceX

A Ranking functionf : X - R

A Rankingx = x; U 0w > f(x;w)

A Linear ranking functior:(x; w) = (w, x)
<w,><i - xj>>0 U f(x;w) > f(x;w)

A Transforming tairwiseclassification:

g+l X =X

oD 2=




Ranking Problem




Transformed Pairwise Classification Prob

f (X, w)

Positive Examples

-Xz'x3

X3- X O
O B +]

Negative Example O -1

66



Ranking SVM

A Pairwise classification on differences of
feature vectors

A Corresponding positive and negative example

A Negative examples are redundant and can be
discarded

A Hyper plane passes the origin
A Soft Margin and Kernel can be used
A Ranking SVM pairwiseclassification SVM



Learning of Ranking SVM

I
m|nE |lw|f +Cq x
=1

Zi<W’Xi(1)_Xi(2)> 1- x =13,

X 20

mlna [1 (1) X|(2)>] +/ ”W”2

_ 1
[s], =max(0, s) /_2C



3.3 Coskensitive Pairwise
Classification



CostSensitive Pairwise Classification
Methods

A IR SVM
A Multiple SVMs



Costsensitive Pairwise Classification

A Converting to document pairs

Query Query

Critical

Not Critica
Rank 1

Rank 2

Rank 3

71



IR SVM



Problems withRanking SVM

A Not sufficient emphasis on correct ranking on tc
r: relevant p: partially relevanti: irrelevant
ranking 1: prpiii
ranking 2: rgpiii
ranking 2 should be better than ranking 1
Ranking SVM views them as the same

A Numbers of pairs vary according to queries
L.rppiiii

0

0

gl pairs: Z(r, p) + 4&(r, 1) + 8*(p,1)= 14
g2 pairs: 6(r, p) + 16(r, 1) + 15%(p,i) =31
Ranking SVM iIs biased toward g2



IR SVM

A Solving the two problems of Ranking SVM
A Higher weight on important rank pairs
A Normalization weight on pairs in quer,

A IR SVM = Ranking SVM using modified hinge
loss



Modified Hinge LosRinction

|

min & £,y fL- 2 (w2 - 2] 4/ flwif
=1

m2 4 Loss

I ml

t mO.S\
+1 Zf(X(l) i} X(Z))
>




Learning of IR SVM

i 1= 7w x@ - x@\| +/ [wip
mvgnal z,(w, % - >]++ [[wl]

|
min = [|wIf +& Cx
wx 2 i=1

Zi<W1Xi(1)_ Xi(2)>2 1-x i=13 I
X2 0

¢, oM

2/



3.4 Probabilistic Model for
Ranking



Methods of Using Probabilistic Models

A ListNet
A ListMLE



ListNetand LIstMLE



PlackettLuce Model
(Permutation Probabillity)

A Probability of permutatiorf is defined as

P(p)=0 2
_1a- |,0(J)
A Example:
P(ABC)=1—>2 Il > |5c

5,5 t8 St %

PArankedNo.1)

PBrankedNo.2| ArankedNo.1)
PCrankedNo.3| ArankedNo.], BrankedNo.ZgO



Properties ofPlackettLuce Model

A Objects: ABC

A Scoress, =55, =3 5. =1

A Property 1: P(ABC) is largestRCBA) is smalles
A Property 2: swap B and C in AB@BC)
(ACB)




PlackettLuce Model
(Topk Probabillity)

A Computation of permutation probabilities is
Intractable

ATopk probability

" Defining Togk subgroupG(o,€ o,) containing all
permutations whose tofk objects aren;, 6,

5603 0,)=0 >
i=1 A ._. S

j=i 0

i Time complexity of computation : fromi to nY/(n- k)!

AExample:P(G(A)) =

SA
SpatSs &




ListNet

A ParameterizedPlackettLuce Model
s=exp(f (x;w))

PG(%3 %)=0)
28,

)

A Ranking Modeff (x;w) = Neural Net



KL Divergence between Permutation
Probability Distributions

=

A

(616

&
Ranking by f: ABC <)
ERPEE

g'. g(A) = 65 g(B)=4, g(c)=3: &~ = n oo
Ranking by g: ABC 333
Uom U M
Z2383E

P,r,-{ﬂ.'}

h: h(A) = 4, h(B)=6, h(C)=3;

4
Ranking by #: ACB

84



ListNeto O2 Yy U QU

A Loss function = Kdlivergence between two

Top-k probability distributions from ground
truth and ranking model

~

a 0 a | G
Lw=-5 & )P0 8, F en(xiw) o

d Qpl WK (0;3:1 a rj]:i eXP (yj ) Q %3:1 a ?:i eXp (f (Xj ’W)) 8

A Algorithm = Gradient Descent



LiIstMLE

A ParameterizedPlackettLuce Model

s=exp(f (x;w))
X
P(G(%3 %))=0 -
= a j=i SXJ
A Maximum Likelihood Estimation

~

a . 0
L(w):-é_logrif) exp(f(x;w)) o

dQ =1 q ?:i exp (f (x;;w)) Q




3.5 Direct Optimization of
Evaluation Measures



Direction Optimization Methods

A AdaRank
A PermuRank
A SVM MAP



Listwise LoSsS

- I
eX,: |Pi1 Y11
|
T1%2 [P Yoo
14 m
11 max Z; E(n(g;, di, ),¥0)
| Xl,n1 \Iol,n1 yl,nlj =
4 I
4 e
~ min Z] (1 - E(n(qi, d;, £, ¥)




AdaRankSVMMAP,PermuRank

A Optimizing different upper bounds (surrogate
loss functions)

> (1= En(gi, d;, ), )
i=1

AType One Upper Bound
Zexp{ E(m;, y)) Zlog2 1+ ¢ im0

A Type Two Upper Bound

Z max  ((E(ri.y) — E(m.y)) - [(F(qi. di, ) < F(gi. di, 7))
T

Tr;{ €H;< ;JTI'GHI'\H?

i=



Relations between Upper Bounds

basic loss function

W

typeone bound ~—_type two bound

exponential — —logistic loss function as type two bound

AdaRank hinge

1 -x)s
.

SVM™# PermuRank

gistic



AdaRank



AdaRank

A Optimizing exponential loss function
A Algorithm:AdaBoostike algorithm for ranking



Loss Function dhkdaRank

m

Any evaluation measure
max > [E((q:, 4. /). ¥)| 1o

feF taking value between-1,+1]
i=1

m

min Zl (1 — E(n(gi, d;, £),¥))

e >1—-x
m

l}"élgp ; exp{—E(n(qg;,d;, f),y)}

T
f(f) = Z @ h,(X)
r=1

m

L min Lk, @) = > expi-E(n(qi.di. fi + k). y)

=1
94



AdaRanlAlgorithm

Input: § = {(¢;,d;,y)}? ., and parameters £ and T

Initialize P,(i) = 1/m.
Fort=1,---,T

e (Create weak ranker /1, with weighted distribution P, on train-
ing data §.
e Choose «a,

v =t Sty P + E(n(q;, di hy), yi)
T2 S PO - E(x(gn di b))

e Create f;
fi® = ) ().
k=1

e Update P,

P l(l) = exp{_E(ﬂ(Qiadf’ff)’ YI)}
) i expl=E(n(g;.d;, f).¥)}

End For
Output ranking model: f(X) = fr(X).



Theoretical Results oidaRank

A Training error will be continuously reduced
during learning phase.

Tueorem 1. The following bound holds on the ranking accu-
racy of the AdaRank algorithm on training data:

T

ZE(n(q,d fryn =1 - ]_[e win [T — (12,

t—

m
where o(t) = 3" P(D)E(n(q;. d;, hy),y:), 6 . =ming, .. , 6, and

0; = E(n(qi, d;, fioy + a;hy), yi) — E(n(qi, di, fi-1),¥:)
_(}-’?‘E(ﬂ.(qh d!'e h?‘)- y!')e

foralli=1,2,--- mandt=1,2,---,T.



SVMMAP



Global Ranking Function

o; = argmax Fig;. d;, o).

||"_"]||
F':-.j.‘,:-d,'. )= w ff.;-d,'. ;).

1
nig;) - (nlg;

gt i 'd.:--:'rl':' = — 1) E‘ | Ze\ Pl *'!Iit]_m'{fj"f- iy :']'l
L

Equivalent to ranking witranking function

f(q.d)=w7(q,d)

98



Ranking with Global Function

f,=wr,, f.=w/r,, f.=w/f,
fA > fB > fC

AABC Fac==((fa- o)+ (fg- f)+(fa- f))

Il

1

AACB FACBZE((fA- fo)+(Tc- fg)+(fa- fB))

|:ABC > |:ACB



Type Two Bound
R{F)= itE{ﬁE,}'g] — El(mi, ¥i)) = i“ — Elm, ¥;)),

Z max ((E(x:,v;) — E(mi.¥:)) - L Fig;. d;. 77) < Flg; d;, =) .
= = el mpel Ll
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SVMMAP

max  ((E(x?, ¥;) — Elm, ¥:))

w2 el I

1=

— (Figd;,n?)— Figi.dim)))] + A1 | .

min l||ﬁ&||1 + Ei -
w0 2 m <= i
st. Vi,¥m; e I} Vm; e II; \ 117 -
Fig;. d;.n}) — Flg;. d;, m) =2 E(xf, ¥;) — Elm, ;) — &,
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3.6 Approximation of Evaluation
Measures



Method based on Approximation of
Evaluation Measure

A SoftRank
A LambdaRank



SoftRank



SoftRank

A Evaluation measures are not smooth, due to
use of sorting

A Probabilistically approximate evaluation
measures (Soft NDCG)

A Model: Neural Net
A Algorithm: Gradient Descent



SoftRank Algorithm

A Calculate score distributions of documents

A Calculate position distributions of documents
A ComputeSoftNDCG

A OptimizeSoftNDC®y Gradient Descent



Score Distribution of Document

A Assuming that score of documestfollows Gaussian
distribution

Deterministic Score Probabilistic Score



