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m Assess top documents for each of these queries

m Select many (dozens, hundreds) of features:
O Base rankers: PageRank, BM25, Language Models, ...
0 Each base ranker applied to title of document, body of
document, url, ...

m Compute feature values for all query-document pairs

B Train a combination of features that maximizes some metric
0 Combinations: Linear, neural net, ...
0 Metrics: nDCG, MAP, ...

® Apply the learned model in the wild
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Two Issues

1. Assessments
B expensive (laborious)
® incomplete (selection of queries, selection of documents)
m quickly outdated
B come from assessors instead of users
H

2. Choosing base rankers parameters

®m Don’t choose (choose many)
m From literature
m Using the learning to rank procedure
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Solutions to these issues

1. Assessments

m Use implicit user feedback (clicks) instead

B \Widely available (in industry)
B Natural byproduct
B Always up to date

m But: biased
B Online learning (with exploration) to rank (instead of supervised)

2. Choosing base rankers parameters

m Using the online learning to rank procedure
m But base rankers are not always linear
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A Case Study using BM25

® RQ1: How good are the manually tuned parameter
values of BM25 that are currently used?

m RQ2: Are they optimal for all data sets on average?
Are they optimal for individual data sets?

m RQ3: Is it possible to learn good values of the BM25
parameters from clicks?

® RQ4: Can we approximate or even improve the
performance of BM25 achieved with manually tuned
parameters?
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A Case Study using BM25

idf (qi) - tf (i, d) - (k1 + 1)
tf(qiyd) +ky - (1—b4b- 14

avgdl

BM25(q,d) = »
qi:tf (q:,d)>0

m \Ve optimize 2 parameters: K1and b

® Typical magnitudes:

o b between 0.45 and 0.9
1K1 between 2 and 25
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