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Course overview

. Data Data Data
Off“ne Acquisition :> Processing :> Storage

Online

llya Markov i.markov@uva.nl Information Retrieval 2



This lecture

Online Ranking

llya Markov i.markov@uva.nl Information Retrieval 8



Ranking methods

@ Content-based

o Term-based
o Semantic

@ Link-based (web search)
@ Learning to rank
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Machine learning

Traditional ML solves a prediction problem (classification or
regression) on a single instance at a time.

©

Input {x;}7_,
Output {y;}",
Learn a model h(x) that optimizes a loss function L(h(x),y)

©

©

o For a new instance Xpe, predict the output ¥y = h(Xpew)
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Learning to rank

The aim of LTR is to come up with optimal ordering of items,
where the relative ordering among the items is more important
than the exact score that each item gets.
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T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Machine learning

Outline

@ Machine learning
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Machine learning

Machine learning

o Input {x;}7_,
o Output {y;}",
o Learn a model h(x) that optimizes a loss function L(h(x), y)
o Examples
o Linear model h(x;) = w'x; = 22:1 Wi Xik
o Quadratic loss function L(h(x;),y:) = ||h(x;) — yi||?
o How to learn the model h(x), i.e., how to estimate its

parameters?
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Machine learning

Learning the model h(x)

o If there is a closed form solution for the parameters of h(x)

@ Compute the derivative of the loss function L with respect to
some parameter wy

@ Equate this derivative to zero: (%k =

@ Find the optimal value of the parameter wy

o If there is no closed form solution, use gradient descent
@ Compute or approximate the gradient of the loss function
VL= {‘%1’ el g—vﬂ using the current values of the
parameters

@ Update the model parameters by taking a small step in the
opposite direction of the gradient: w + w — VL
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Features

Outline

@ Features
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Features

Learning to
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T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Features

Query-document representation

o Each query-document pair (q(”),x,-) is represented as a vector

() _ ) ooy

of features x; B Xin s

o Features

o Content-based
o Link-based
o User-based
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Features

Content-based features

1D Feature description
1 Term frequency (TF) of body
2 TF of anchor
3 TF of title
TF of URL
5 TF of whole document
6 Inverse document frequency (IDF) of body
7 IDF of anchor
8 IDF of title
9 IDF of URL
10 IDF of whole document
11 TF*IDF of body
12 TF*IDF of anchor
13 TF*IDF of title
14  TF*IDF of URL
15 TF*IDF of whole document
16  Document length (DL) of body
17 DL of anchor
18 DL of title
19 DL of URL
20 DL of whole document
21  BM25 of body
22 BM25 of anchor
23 BM25 of title
24 BM25 of URL
25  BM25 of whole document

T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Features

Link-based features

D Feature description
40 LMIR.JM of whole document
41  Sitemap based term propagation

42 Sitemap based score propagation

43 Hyperlink base score propagation: weighted in-link
44  Hyperlink base score propagation: weighted out-link
45  Hyperlink base score propagation: uniform out-link
46  Hyperlink base feature propagation: weighted in-link
47  Hyperlink base feature propagation: weighted out-link
48  Hyperlink base feature propagation: uniform out-link
49  HITS authority

50  HITS hub

51  PageRank

52 HostRank

53  Topical PageRank

54  Topical HITS authority

55  Topical HITS hub

56  Inlink number

57  Outlink number

58  Number of slash in URL

59  Length of URL

T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Features

User-based features

Type of Online metric
interaction
ick- (") x:
Clicks Click through rate for (¢\", x;)
Avg. click rank for (g(", x;)
Avg. dwell time for (g{"), x;)
Time Avg. time to first click, when this click is on x;
Avg. time to last click, when this click is on x;
: Number of reformulations before/after g(")
Queries

Number of times g(" is abandoned

llya Markov
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LTR approaches

Outline

@ LTR approaches
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LTR approaches

Learning to rank approaches

ListMLE [129]
SoftRank [117]

AdaRank [131]
ListNet [17]

RankGP [134]
SVM-MAP |

Listwise Approach

36]

FRank [122]
Multiple hyperplane
ranker [97]

SVM [16]

RankingSVM [62]

Ordering with preference
function [29] RankBoost [47]

PRanking [34] straint
ordinal regression [26]
Ranking with large
margin principles [114] MCRank [78]
Discriminative

Polynomial regression
Function [49]

) Subset ranking

del for IF
model for IR [90 with regression [33]

< 2000 2000 2001 2002 2003 2004 2005 2006 2007 2008

Pointwise Approach Pairwise Approach

T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Pointwise LTR

LTR approaches
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LTR approaches

Pointwise LTR

Qo

Reduces to traditional ML

Input: query-document feature vectors

xgn) = [x,.(f),xl.(z"), . ,x,-(,")]

Output: relevance labels y;

©

©

©

Objective: learn a model h(x) that correctly predicts labels y
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LTR approaches

Regression

Picture taken from https://en.wikipedia.org/wiki/Regression_analysis
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https://en.wikipedia.org/wiki/Regression_analysis

LTR approaches

Classification

Picture taken from https://en.wikipedia.org/wiki/Statistical_classification
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https://en.wikipedia.org/wiki/Statistical_classification

LTR approaches

Ordinal regression

Category 1 Category 2 Category 3

|

ap b1 a2 b2
T.-Y. Liu, “Learning to Rank for Information Retrieval”
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LTR approaches

Pointwise LTR

o Pros

+ Intuitive interpretation of relevance
+ Clear, how to get relevance judgements

o Cons

— Has a different optimization objective compared to IR
(e.g., finding a correct class)
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LTR approaches

Pairwise LTR
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LTR approaches

e E

o Pointwise scoring function f(x;) with parameters {wj }\_;

©

Pairwise ground-truth P; = Z(x; > x;)

©

Probability of x; > x; is modeled using logistic regression

1

Pi=Plxi>x) = =@

©

Pairwise loss function (cross entropy)

C = —ﬁ,'j |Og P,J — (1 — ﬁ’]) |Og(1 — P,J)
= (1= Py)o(f — ) +log(1 + 71

o RankNet optimizes the total number of pairwise errors
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LTR approaches

RankNet (cont'd)

o Optimize the cost C

oC — 1 oC
of —O’|:(1—PU)_ 1+e‘7(ff_6')} __676_

o Update parameter wy of the function f(x;)

ac of  acC ag)
+ -4

e S Wk (87‘,-8Wk OF. wy
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LTR approaches

Speeding up RankNet training

o Define \j; as

oC — 1

af, — ¢ [(1 —Pi) =17 eo(ﬂ-—ﬁ)}

o Let 7 denote the set of pairs of indices {/,j}, for which x; should be
ranked differently from x; for a given query g

Aj =

I:{i,j\x,->xj}
@ Sum all contributions to update parameter wy

of: of;
o= ) <”a Jaw>

{iJj}ez

S )3] D DIPVELAR SRpVEA

i \jlijtez jiiter
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LTR approaches

Interpreting \'s

A= > Ni— D i

J{iJj}eT JU,iteT

o \;is a sum of “forces” applied to document x; shown for
query q

o All documents Xx;, that should be ranked below x;, push it up
with the force \j

o All documents x;, that should be ranked above x;, push it
down with the force Aj;
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LTR approaches

Pairwise LTR

o Pros

+ Easy to get preference judgements
+ Comes closer to optimizing the ranking

o Cons

— Still does not optimize the whole ranking
— Higher computational complexity compared to pointwise LTR
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LTR approaches
Listwise LTR
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LTR approaches

From RankNet to LambdaRank

o The black arrows denote the RankNet gradients (which increase
with the number of pairwise errors)

o RankNet cost decreases from 13 on the left to 11 on the right
@ The actual ranking gets worse
@ The red arrows is what we would actually like to see

C. Burges, “From RankNet to LambdaRank to LambdaMART: An Overview"
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LTR approaches

LambdaRank

Qo

Ajj in RankNet
Nj=o|(1-Py)

o )j in LambdaRank

—0

N = 1 ety (w0

o |Anpce| = NDCG(orig. ranking) — NDCG(x; and x; are swapped)

LambdaRank directly uses the ranking to compute gradients
(i.e., Ajj's) instead of computing and optimizing a cost function

©
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LTR approaches

LambdaRank (cont'd)

Proceed similarly to RankNet:

o Sum all Aj's for document x; and query g
=D Ni— D A

J{ijyel jdy.itel

o Update parameter wy of the function f(x;)

of;
8Wk

Wi < Wk—nZ)\,'
i
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LTR approaches

LambdaMART

Qo

Multiple Additive Regression Trees (MART)
MART does not need a cost function but gradients
Adopts gradients (\;'s) from LambdaRank

Hence the name: Lambda + MART

©

©

©
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LTR approaches

Listwise LTR

o Pros
+ Directly optimizes the whole ranking
o Cons

— Needs many judgements
— High computational complexity
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Experimental comparison

Outline

@ Experimental comparison
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Experimental comparison

LEarning TO Rank datasets (LETOR)

o Query-document pairs — precomputed feature vectors

o Relevance judgements

http://research.microsoft.com/en-us/um/beijing/projects/letor/
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Experimental comparison

Historical LTR datasets

o TREC 2003, 2004 Web IR track
o "Gov" corpus with 1,053,110 pages
o Tasks

o TD - topic distillation

o HP — homepage finding

o NP — named page finding

Task TREC2003 TREC2004
Topic distillation 50 75
Homepage finding 150 75
Named page finding 150 75

Figure: Number of queries

T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Results on NP2003

Experimental comparison

Algorithm Na1 N@3 N@lo0 Pal P@3 P@10 MAP
Regression  0.447 0.614 0.665 0.447 0.220 0.081 0.564
RankSVM 0.580 0.765 0.800 0.580 0.271 0.092 0.696
RankBoost 0.600 0.764 0.807 0.600 0.269 0.094 0.707
FRank 0.540 0.726  0.776  0.540 0.253 0.090 0.664
ListNet 0.567 0.758 0.801 0.567 0.267 0.092 0.690
AdaRank 0.580 0.729 0.764 0.580 0.251 0.086 0.678
SVMmaep 0.560 0.767 0.798 0.560 0.269 0.089 0.687

llya Markov

T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Results on HP2004

Experimental comparison

Algorithm N@l N@3 Na@l0 Pal P@3 PQ@l0 MAP
Regression  0.387 0.575 0.646 0.387 0.213  0.08 0.526
RankSVM  0.573 0.715 0.768 0.573 0.267 0.096 0.668
RankBoost 0.507 0.699 0.743 0.507 0.253 0.092 0.625
FRank 0.600 0.729 0.761 0.600 0.262 0.089 0.682
ListNet 0.600 0.721 0.784 0.600 0.271 0.098  0.690
AdaRank 0.613 0.816 0.832 0.613 0.298 0.094 0.722
SVMm™aep 0.627 0.754 0.806 0.627 0.280 0.096 0.718

llya Markov

T.-Y. Liu, “Learning to Rank for Information Retrieval”
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Experimental comparison

Experimental comparison

o Listwise ranking algorithms perform very well on most datasets
o ListNet seems to be better than the others

o Pairwise ranking algorithms obtain good ranking accuracy on
some (although not all) datasets

o Linear regression performs worse than the pairwise and listwise
ranking algorithms

T.-Y. Liu, “Learning to Rank for Information Retrieval”

llya Markov i.markov@uva.nl Information Retrieval 41



Summary

Outline

@ Summary
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Summary

Learning to rank summary

o Features

o Content-based
o Link-based
o User-based

o Approaches

o Pointwise (regression, classification, ordinal regression)
o Pairwise (RankNet)
o Listwise (LambdaRank, LambdaMART)
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Summary

Materials

o Tie-Yan Liu
Learning to Rank for Information Retrieval
Foundations and Trends in Information Retrieval, 2009
o Christopher J.C. Burges

From RankNet to LambdaRank to LambdaMART:
An Overview

Microsoft Research Technical Report, 2010
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Summary

Course overview

. Data ::: Data ::: Data
Offline Acquisition Processing Storage

Online

- [=]
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Summary

Next lecture

Query ‘

Online Processing
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