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Learning to Rank from Multiple Sources of
Different Relevance Distributions

YOSHIHIKO SUHARA,! SHINJI MIvAHARA,T!
YUukio UEMATSU, ™ Yuir KaNEDA,™ AkiNorr Fujinof+
and RyoJs1 KaTaokaf!

Learning to rank has become a hot research topic in recent years. Con-
ventional learning-to-rank algorithms use human relevance judgments or click-
through logs as training data. We consider that human relevance judgments can
perform better by complementing with the other souces such as click-through
logs. We assume that these datasets, click-through logs and human relevance
judgments, have different relevance level distributions. Thus, it is difficult to
gain better performance by combining them in a simple manner because con-

ventional learning-to-rank alrogithms based on supervised learning assume that
training data are sampled from identical distributions. In this paper, we propose
a general learning-to-rank framework, based on the transfer learning framework,
that resolves this problem. We also propose a novel learning-to-rank algorithm
called TRankBoost. To verify its efficiency, we conducted the experiments using
real dataset from the commercial mobile web search engine. Our experiments
show that TRankBoost outperforms the conventional methods of RankingSVM
and RankBoost on NDCG@5 and 10.
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Fig.1 Plots of documents for the same query in human relevance judgments (a) and click-through
logs (b) (y-axis = inlink number, z-axis = BM25 score). Relevance levels are represented by
the dots. Note that human relevance judgments and click-through logs have different relevance

levels for the same plot, implying that these data have different relevance level distributions.
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Algorithm TRankBoost

Input Data sets x?, x*, weak learn algorithm Learner and iteration number N
Initialize D; = (1,1,...,1), 8
Fort=1,...,N:

1. D¢(zo,z1) = Dt(xo,ml)/zzoyzlextuxd Dy (o, 21)

2. Train weak learner with Learner using distribution Dy.

4. Set ay (Eq.1).

5. Update the new weight vector:

D(zo,21) 3 To, 1 € X% A hy(20) — he(1) <0
Dt+1($0,$1) =
D(zq,z )et(he@o)=he(@D))  otherwise
Output H(x) = Ziv:M athe(z)

0 2 TRankBoost 0O0OOO0O
Fig.2 TRankBoost algorithm.
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Fig.3 Comparative table of RankBoost, TRankBoostI and TRankBoostII.
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Table 1 Summary of datasets.

dataset #query #doc/#query #pair

human 49
click 5,000

331.9 1,192,707
21.8 704,188

02 00000ooogo
Table 2 Feature set.

Feature

Description

BM25
BM25_log
within_site_inlink
between_site_inlink
refer_num

refer_num_log

Okapi BM25 score 26)
log of Okapi BM25 score
inlink number from inside the site
inlink number from outside the site
inlink number

log of inlink number
2)

PageRank PageRank score
URL_length URL length
URL_slash_num slash number in URL
title- length title length

query-in_title query is in title

is_index is index page
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Table 3 Results of experiment 1.

method NDCG@5 NDCG@Q10
RSVM_human 6161 .6186
RSVM_click .7060 .6956
RSVM_both 7072 .7075
RB_human .6407 .6385
RB_click 7104 .7188
RB_both .6957 7129
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TRB_1 .6789 .6642
TRB_2 7223 7217
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Fig.4 Results of experiment 1: RankingSVM (RSVM), RankBoost (RB) ranking performance across three dataset (human, click, both)
and TRankBoostl (TRB_1), TRankBoostII (TRB_2) ranking performance. (a) Proposed methods and baseline methods with human
dataset, (b) Proposed methods and baseline methods with click dataset and (c) Proposed methods, baseline methods with both
dataset and RB_comb (y-axis = NDCGQk value, z-axis = k value).
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