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Motivation

¥ Problem:Rank documentsof web seach.

¥There are mary machine learning techniques
learning to rank.

¥ Sometimesye can get expdrjudgments ér
training.

¥Usua|j/, easier to get training datadm users

¥ e.g. for personalized seah or for a specib
document collection.

¥ How do we get the most useful training data
from usersto quickly learn a god ranking?
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Formalization

3 Sy we hare a corpusc = {dy, ..., dig}
3 Sy we ar gien a quey g

¥ For this query,we want to learn the elevance

for eachd
Wy HE U I Relarance

¥ Some ranking function prides initial estimates

Goal:Learn the elevances with as little training
data as possible
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Seach Is aProcess

Goal:Learn the elevances with as little training
data as possible

¥ Seach involves a thee step pocess:

1. Given relevance estimatepjck a ranking to
displg to users. (our focus in this talk)

2. Given a rankingjsers povide £edback:

User clicks povide pairwise elevance judgment
[Joachims et al,"07]

3. Given kedbackypdate the elevance estimates.
(weOll briel3y @er this)
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Plan ofAttack

¥What we know:
1) We hare an estimate of thealevance of eacheasult.
2) We getpairwisecomparisons of the topefv results.
3)We do not hae absolute elevance indrmation.

(Goal:Learn the documentalevances quicid

¥We need to adress dur questions:
1) How to represent knavledge about docelevance
) How to maintain this knwledge as w collect data.
3) Given our knavledgewhat is the best ranking?
@) What rankings do w shawv users to get useful data?
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1) Repesenting Relence

¥ Given aquey, q,let M* = (Wi, ..., ) € M be
the true relevance values of the documents.

¥ We model our knavledge ofv/* with a Bgesian
framevork: P(M|D) = P(D|M)P(M)/P(D)

¥ AssumeP (M |D) is sphericaluttivariate normal
P(MID) = N('1,... . e 1o " i)

V4 '5 ' '3 ) Relarance
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1) Repesenting Relence

é z& Relevance

¥ Given a brd query, P (M |D) maintains our
knowledge about elevance as clicks amobsewned.

¥ This tells us which documentsanare sue about,
and which ones need merdata.
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2) Maintaining P(M|D
¥A standad gpproach to model noisy pairwise
judgments Is the Bradjelerry model:

rel(d)

P(di ! dj) = rel(di) + rel(d;)

[Bradley & Terry,52]

¥Adding a Gaussian priave can aply an
off-the-shelf algrithm to maintainP (M |D)
Glicko Rating System,commony/ used ér chess.

g
v; ! ou + T 19(032-)(87; E[S|V7;,Vj,032-])
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a [Glickman, ‘99]

Radlinski &ahchims Active Exploration for Learning Rankings from Clickthrough Data, KDD 07




3) Ranking,e. Inference

3 We want to assignalevancest = (i, ..., 1))
such thatt(M,M*') Is smalbutM* is unknaevn.

¥ We want argmin By p(ario)[L (M, M )]

¥ |f loss is pairwise decomposaple can write:
ol IQ

>N Ewcipmp) LT MM

=1 =i+l

¥R€C&||ZP(M D)= N((q,...,! |C|;"%7°'°7" |2c|)

! For misordered pairs & squad eror the
minimizer is the mode of P(M|D)NeOll use tha
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4) Getting Useful Data

¥ We could just pesent the mode ranking.
But then the data w get would alvays be
about the documents adady rankd highy.

TRADEOFF:
Show best ranking <{ Collect useful data

¥ Insteadye optimize the ranking stvn to users.

¥ WLOG, we consider modibcations that pick tt
top two documents to minimiz¢uture lossthen
append the mode ranking.

- Radlinski &aBchims Active Exploration for Learning Rankings from Clickthrough Data, KDD °07




4) Exploration Strategie

Expected Loss:

Icl Ic]
O i "L .
e i D> D> Emapup [LPT(M,M i)
Q< i=1j=i+1
Q.
N _

c Strategies:
3; Passig:Present the mode ranking.
5?‘ RandomPick top two randomy.
= _argest Expected LosSelect pair witt
= argest contribution to the loss.

L

One Step Lookahea&elect pair with
largest expectationaduction inLP'"
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. oss Function

What loss function do w want to optimize ér?

1. The loss 6r ranking aess elevantdocument
above amore relevantdocument should be
larger If the documents arpresented higher

2. The loss should be largerafror in relatie
relevancels larger

Lpair — e! " | (uz — I'l]) — (uz — u7) ’ 1mi80’rdered
— e —
(1) (2) (hinge}l)
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Performance Synthetic

¥ We sinulated users with a simple user model,
measuring the eftt of parameter settings & noise

¥ Performance of dirent strategies on synthetic data
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Performancel REC data

¥ Gaussian prior @er relevance no longer holds.
¥ Loss looks similar asif synthetic data.
¥ MeanAverage Pecision also immves quicky
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Alternative Loss Function:

¥ Lreir s cleary related to MAPbut is it best?

Loss Function MAP Scoe
e i (1! L)) “Lpnisordered | 0.481 £ 0.017
:(Ji*! )t ) “Lpnisordered | 0.281 % 0.017
AU AR S IRGIED 0.287 + 0.012
e i 1misordered 0.337 + 0.020

¥ Optimizing br the ordering performs nmuch
worse than optimizingolr relevance estimates!
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Conclusions

¥ We have formalized theranked relevance
elicitation poblem

¥We have demonstrated that Y using acte
explorationthe ranking impoves quicky.

¥ We presented a amber ofexploration
strategies

¥ The method vorks even if the Gaussian
assumptions arviolatedand br noisy clicks
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