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Abstract:

documents and queries are represented as a “bag of words” , and words are assumed to occur independently . This kind of document

One of the key issues in learning to rank is document representation. In most of the learning to rank algorithms

representation ignores relationships between different words. To capture the important relationships between words, we try to learn a
ranking model using the topic features of documents and queries. We define the ranking function as the topic relations between a
document and a query. A novel rank learning algorithm based on supervised topic model is proposed to learn the ranking function.
To evaluate the ranking accuracy of the proposed ranking algorithm, experiments are made on three benchmark datasets for informa-
tion retrieval, OHSUMED, MQ2007, and MQ2008 . The experimental results show that the proposed model can find the semantic re-

lation between a document and a query, and can improve the ranking accuracy.
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Nel N@2 N@3 N@4 N@5 N@6 N@7 N@8 N@9 N@10 Avg.

TRTM 0.51 0.46 0.45 0.44 0.44 0.43 0.45 0.43 0.43 0.42 0.446
RRTM 0.53 0.49 0.48 0.47 0.47 0.46 0.46 0.44 0.43 0.44 0.467
RTM 0.48 0.43 0.42 0.42 0.4 0.41 0.41 0.4 0.41 0.38 0.416
LDA 0.4 0.38 0.39 0.36 0.37 0.36 0.34 0.35 0.35 0.35 0.365
RankSVM-2 0.49 0.43 0.43 0.43 0.42 0.42 0.41 0.41 0.41 0.41 0.426
BM25 0.43 0.4 0.41 0.41 0.41 0.39 0.39 0.4 0.39 0.4 0.403
RankSVM-3 0.51 0.49 0.47 0.45 0.45 0.44 0.45 0.44 0.44 0.43 0.457
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Nel N@2 N@3 N@4 N@5 N@6 N@7 N@8 N@9 N@10 Avg

TRTM 0.34 0.37 0.38 0.38 0.38 0.35 0.36 0.37 0.35 0.33 0.361
LDA 0.13 0.12 0.15 0.16 0.17 0.16 0.14 0.16 0.15 0.14 0.148
BM25 0.14 0.16 0.2 0.22 0.21 0.21 0.19 0.18 0.2 0.18 0.189
RankSVM-2 0.33 0.34 0.35 0.36 0.37 0.36 0.35 0.34 0.33 0.32 0.345
RTM 0.34 0.32 0.34 0.32 0.34 0.33 0.33 0.34 0.31 0.29 0.326
RankSVM-3 0.36 0.4 0.4 0.39 0.41 0.38 0.39 0.4 0.41 0.35 0.389
RRTM 0.38 0.41 0.42 0.4 0.43 0.4 0.39 0.41 0.41 0.38 0.403

F3 MQ2008 HIEEHFIEE

N@l N@2 N@3 N@4 N@5 N@6 N@7 Nesg N@9 N@10 Avg.

TRTM 0.3 0.3 0.32 0.33 0.32 0.34 0.3 0.34 0.16 0.17 0.288
LDA 0.17 0.16 0.15 0.15 0.14 0.15 0.13 0.13 0.12 0.13 0.143
BM25 0.21 0.19 0.18 0.17 0.16 0.17 0.16 0.17 0.13 0.13 0.167
RankSVM-2 0.3 0.3 0.31 0.34 0.32 0.35 0.35 0.33 0.15 0.16 0.291
RTM 0.27 0.28 0.28 0.31 0.32 0.3 0.31 0.3 0.14 0.15 0.266
RankSVM-3 0.31 0.32 0.35 0.37 0.39 0.41 0.42 0.37 0.15 0.16 0.325
RRTM 0.33 0.33 0.34 0.38 0.4 0.41 0.42 0.39 0.18 0.18 0.336
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