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Talk Outline

A Search = Ranking
A Traditional Approach to Search Ranking
A Learning to Rank

A Our Work: Listwise Approach
I Probabilistic Model for Ranking
I Direct Optimization of Evaluation Measures

A Challenges and Opportunities



Means for Information Access

Classification _
Ranking

Clustering

Information Summarization

Extraction



Current Approach
Search = Ranking



Ranking Problem:
Example = Document Retrieval

documents
D={d,,d,,3 ,d}
ranking of documents
query dq,1
q o d,
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Ranking based on Relevance,
Importance, Preference



Relevance

A No rigorous definition

AQuery=a 0 | & Sdochinferit € about baseball
A document relevant

A Judgment by humans: several levels,

eg. O NBf STl Ll NI EEf ©ra NN



Key for Relevance: Matching between
Query and Document
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t(q,d)




Traditional Approach to Search
Ranking



Probabilistic Relevance Model
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relevant scores for ranking
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Okapl or BM25
(Robertson and Walker 1994)
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Learning to Rank
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Learning to Rank
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Issues In Learning to Rank

A Training Data Creation

A Features

A Learing Process

A Evaluation Measures

A Relations with Other Learning Tasks
A Existing Approaches



Training Data Creation

A Rank

I e.g., relevant, partially relevant, irrelevant

A Ordered Pair
I eg., A>B, B>C



Learning Process
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Features

A Relevance: BM25
A Importance: PageRank



Fvaluation Measures

A Important to ranking top results correctly

A Measures

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

I MRR (Mean Reciprocal Rank)

I WTA (Winners Take All)



NDCG

A Example: perfect ranking for g
i (3322111 rankr=3,2,1
1 (7,7,3,3,1,1,1) gain 2 _1q
i (1,0.63,0.5,0.43,0.39, 0.36, 0.33) position discount |
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I (1,1,1,1,1,1,1) NDCG for perfect ranking
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A Example: imperfect ranking
(2,323,111
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
ifoo0oX MndmMmMZEZ HAPmMmME X U
ifond®noZ ndtryZ ndyox Xodo

A An imperfect ranking for the query will always
decrease NDCG



Relations with Other Learning Tasks

A No need to predict category (or ordered category)
vs Classification

A No need to predict value of f(q,d)
VS Regression

A Ranking order is more important
vs Ordinal regression



Ordinal Regression
(Ordinal Classification)

A Categories are ordered
i 54,321
| e.g., rating restaurants
A Prediction
I Map to ordered categories



Existing Approaches

A Pointwise Approach (Ordinal Regression)
I SVM for Ordinal Regression (Shashua & Levin 2000)

A Pairwise Approach

I Ranking SVM (Herbrich et al 2000)
I RankBoost (Freund et al 2003)

I Ranknet (Burges et al 2005)




Previous Work: Pairwise Approach

A Transforming ranked list into document pairs
A Formalizing ranking as classification on document pairs
A Ranking SVM, RankNet, RankBoost

(i)
| Transform g
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Problems with Pairwise Approach

A Learning is suboptimal

I Not to optimize evaluation T e ens
measures (e.g. NDCG and MAP)

| Pairwise loss decre_ases, but H;’W -1
accuracy does not increase L U abad

1 .
accordingly hﬂ.ﬁ‘. e
Pl

L i L i L i i L
20 40 &0 Ed 100 120 140 160 180 200
iterations

i
i

Pairwise loss vs. (1-NDCG@5)
TREC Dataset
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Our Proposal: Listwise Approach



Probabilistic Model for Ranking



Plackett-Luce Model
(Permutation Probability)

A Probability of permutation “ is defined as

R S .
Pip) =0 =22
= d i=i So(i)

A Example:

P(ABC)=— 2 I B lHe
Sp S 5| S 5|
— /

PArankedNo.1)

PBrankedNo.2| ArankedNo.1)

PCrankedNo.3| ArankedNo.1, BrankedNo.2)
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Properties of Permutation Probability

A Object: ABC

A Scores. s, =55, =35 =1

A Property 1: P(ABC) is largest, RCBA) is smallest
A Property 2: swap B and C in ABC, P(ABC) > RACB)



Plackett-Luce Model
(Top-k Probability)

A Computation of Permutation Probabilities is intractable

A Top-k Probability

I Defining Top-k subgroup G(j,,  R) containing all
permutations whose top-k objectsarej,, g,

i P(G(jpy) = O 20

=1 A o o)

i Time complexity of computation : from n! to nl/(n- k)!

A Example:
SA
Syt S+

P(G(A))=



ListMLE Method

A Parameterized Plackett-Luce Model

exp f(ay ). w)

P(y‘xn w) = — N

A Maximum Likelihood Estimation



ListNet Method

A Loss function = KL-divergence between two Top-k
probability distributions (U = exp

~

K eP6,;)) 8|og?if) expWwX,;)) 8
= 4
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A Model = Neural Network
A Algorithm = Gradient Descent



Direct Optimization of Evaluation
Measures



Listwise LOSS
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AdaRank, SVM-MAP, PermuRank

A Optimizing Different Upper Bounds
A Loss Function
mmZ(l E(n(qi, di, ), )

feF

AType One Upper Bound

Zexp{ E(m,y) Zlog2 1+ gm0
A Type Two Upper Bound

~ omax  ((E(xr},y) — E(r,y) - [(F(gi di, ) < F(gi, di, mp)])
1 Tri GHi ;JTI'GHI'\HE.



Relations between Upper Bounds

basic loss function
(Equation 5)

type one bound __type two bound

exponential ' logistic loss function as type two bound
(Equation 6)

AdaRank hinge N

[r-x]. — exponentlal

yd
/hinge
‘ //7"'[1 'X].g_
d

SVM™# PermuRank

gistic



Loss Function of AdaRank

m

Any evaluation measure
max > [E(r(gndi ).¥)] o

FeF taking value between [-1,+1]
i=1

m

min Z (1 = E(n(g;,d;, f),Yyi))

JeF £
i=1
m

min Z expl—E(n(g;, di, ), ¥))

T
f(X) = Z N (X)
r=1

m

hfe%}}i,llw L(h,,a,) = Z exp{—E(n(q;, d;, fi-1 + a;hy),yi)}

=1
6/17/2008 37



AdaRank Algorithm

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,
L Sy Pt + E(n(g;, di, 1), y))

a; = = - In =; . )
T2 Y P —E (i diy hy), Y;

e Create f;

F@ =) ony().
k=1

e Update P,
P,.\(i) = exp{—E(n(q;. d;, ), ¥}
r+ =

YL exp(—E(n(g,. d;, [).y))
End For

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




Theoretical Results on AdaRank

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.



Ssummary of Experimental Results

A Listwise approach performs better than pairwise
approach!

A Listwise approach

I LIStMLE, ListNet, AdaRank, PermuRank, SVM-MAP
(Yue et al)

A Pairwise approach
I Ranking SVM, RankNet, RankBoost



Challenges and Opportunities



Challenges

A How to create high quality training data
A Generalization ability

A Adaptation to different query sets, domains,
user groups

A Taking into consideration other factors in
ranking: freshness, diversity



Ssummary



summary

A Search = Ranking

A Traditional Approach to Search Ranking
A Learning to Rank

A Our Work = Listwise Approach

A Challenges and Opportunities
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