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Abstract—Ranking is a central problem for information
retrieval systems, because the performance of an information
retrieval system is mainly evaluated by the effectiveness of its
ranking results. Learning to rank has received much attention
in recent years due to its importance in information retrieval.
This paper focuses on learning to rank in document retrieval
and presents a ranking model named OrdRank that ranks
documents with ordered multiple hyperplanes. Comparison of
OrdRank with other state-of-the-art ranking techniques is
conducted and several evaluation criteria are employed to
evaluate its performance. Experimental results on the
OHSUMED dataset show that OrdRank outperforms other
methods, both in terms of quality of ranking results and
efficiency.
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Ranking is a central problem for information retrieval,
because the performance of a search engine is mainly
evaluated by the accuracy of its ranking results. Recently,
machine learning techniques have been employed to
construct ranking model automatically and is known as
learning to rank. Learning to rank aims to learn a model
which can be used to assign scores to objects and rank the
objects on the basis of the scores.

Several methods for learning to rank have been
developed and applied to information retrieval, including
RSVM [1], RankBoost [2], RankNet [3] and some improved
methods such as MHR [4], AdaRank [5] and ListNet [6].
RSVM and MHR are based on Support Vector Machine
(SVM), RankBoost and AdaRank are based on boosting,
RankNet and ListNet are based on neural nets. Recently,
learning to rank functions has been a major issue in the
machine learning community [7] and has produced many
applications in information retrieval [8, 9, 10].

This paper focuses on learning to rank in document
retrieval and presents an alternative approach to RSVM. We
propose a new method OrdRank which performs the learning
and ranking task based on the order relations between the
ranks. It employs ordered multiple hyperplanes as the base
decision functions and aggregates the rank lists of
hyperplanes for final ranking. Experiments on OHSUMED
dataset demonstrate the effectiveness of OrdRank.

The rest of this paper is organized as follows. Section 2
introduces learning to rank for information retrieval and the
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RSVM method. Section 3 introduces our ranking model.
Experimental results are reported in Section 4 and the
conclusion and future work are given in the last section.

II.

Assuming that there exists an input space X € R", where
n denotes the number of features. There exists an output
space of ranks represented by label set Y ={n,r,...x,} ,
where m denotes the number of ranks. Further, assume that
there exists a total order between the ranks 7 >~r, ~...>-7,,

ANALYSIS OF RSVM

where > denotes a preference relationship. In training phase,
a set of labeled instances T' = {(x,, y,),(x,, ¥,),....(x , ¥ )} is

given, where x, € X is the feature vector of instance i, and

», €Y is the rank label of instance i.

R. Herbrich et al. [4] proposed formalizing the above
training problem as that of learning for classification on pairs

of instances. Note that the relation x, > x between instance
pairs x and x can be expressed by a new instance x, —x .

If x is ranked ahead of x,, we assign a label +1, otherwise -1

to the new instance. In this way, we produce a new training
data set. Constructing the SVM model is equivalent to

solving the following problem, where ||a)||2 denotes /, norm

measuring the margin of the hyperplane and & denotes a

slack variable.

min,,; ol +CX¢,

s.t.<a),xi —xj>> 1-&,,Vx, = x,,5,20

(M

To illustrate the limitation of RSVM, an example
showing the distribution of instances for query 43 of
OHSUMED dataset is presented in Fig. 1 Principle
Component Analysis (PCA) is performed on the data of
OHSUMED dataset and the first and second principle
components are displayed in the figure. In Fig. 1, red circles
denote “irrelevant” (R1) documents, blue diamonds
“partially relevant” (R2) documents, and green squares
“definitely relevant” (R3) documents. We can observe that
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RSVM exploits a single hyperplane to rank all kinds of the
documents and treats the instance pairs from all rank pairs
equally. There are more instances in the ranks of R2 and R3,
the ranking model of RSVM tends to be close to that of R2-
R3, i.e., the hyperplane that separates R2 and R3. As a result,
RSVM could not well separate the instances in the ranks of
R1 and R2.

O irrelevant
o partially relevant
O definitely relevant

Figure 1. Distribution of instances in OHSUMED dataset (Query 43)

III.  ORDRANK

We propose a novel approach for learning to rank,
referred to as OrdRank. It exploits ordered multiple
hyperplanes as base decision functions and uses the vote
strategy to aggregate the rankings of the base decision
functions. OrdRank is a two-stage process. In the first stage
it constructs hyperplanes based on the order relationships of
the ranks as the base decision functions. The second stage of
OrdRank is a decision process performed by the voting of
the base decision functions.

A.  Base decision function

Different from classification, the training instances of

ranking are generally belong to certain rank, such as
“definitely relevant”, “partially relevant” and “irrelevant”.
There exists some order relations between the ranks. Using
the order relations to build multiple hyperplanes, both the
number of hyperplanes and the number of training instances
will be greatly reduced. Firstly, we give the relation of ranks
in Definition 1.
Definition 1. Rank m is adjacent to rank # iff there is
no rank between m and n. If rank m is adjacent to n
and higher than n, the order relation between m and
nis denoted asm > n .

We build a hyperplane for each rank pair m and n when
m > n . If there are k ranks, then there will be only k-1 base
decision functions for the -1 rank pairs.

1
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where @, , denote that the parameter vector of base decision
function for the rank pair m and n, x,indicates an instance

from the rank m and X, indicates an instance from the rank 7.

Fig. 2 shows an example of the OrdRank method, in a two-
dimensional space described by the two principal coordinates.
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Considering the order relations, OrdRank trains hyperplanes
for every adjacent rank pairs: one is between “definitely
relevant” and “partially relevant”, the other is between
“partially relevant” and “irrelevant”.
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Figure 2. OrdRank for Query 43 of OHSUMED dataset

B. Voting

The rank label for any new instance is determined by a
voting process. Let D denote the set of instances to be ranked
and n the number of instances in D. S; denotes the score of

instance i given by decision function g. OrdRank regards the
ranking of the base decision function as the vote for instance.

The vote v;’ of decision function ¢ for instance 7 andj is:

e ool
1 ifs, >s);
0 otherwise.

3)

Vi

Formally, the nxn matrix V¢ of decision function q is as
the follows:

q q q q

v] 1 v12 VI 3 vl n

q q q q

V21 VZZ v23 vZn

1 — q q q q

Ve = Vi Vi Vi V3 (4)
q q q q
_V nl v n2 v n3 v nnl

The sum of i-th row entries of V¢ can be regarded as the
vote of instance x, given by decision function ¢ The vote
v(x,) for instance x; is the average of v/ . After the vote

process, OrdRank sorts the instances according to the value
of v(x,).

V) = Zfﬁ )

IV. EXPERIMENTAL RESULTS

A.  Evaluation criteria

In information retrieval, ranking results are usually
evaluated in terms of performance measures such as Mean



Average Precision (MAP) [11], Normalized Discounted
Cumulative Gain (NDCG) [12].

number of relevant instances in top n
P@n= (6)

n

P @ n measures accuracy of top n results for a query.

Given a query ¢, , average precision 4vgP is defined as

AveP = Z P@nx pos(n) ™

-1 number of relevant instances

where 7 is position, N is number of instances retrieved, pos(n)
is a binary function indicating whether the instance at
position 7 is positive. MAP is defined as the mean of average
precisions over a set of queries.

NDCG is also a measure commonly used in IR, when
there are more than two categories in relevance ranking.

Given a query g, , the NDCG score at position n in the
ranking of documents is defined as

NDCG@n =2, (2" ~1)/log(1+ j) 8)

where R(j) is the rating of the j-th document and Z is a

normalization constant. Z is chosen to guarantee that a
perfect ranking’s NDCG score at position 7 is 1.

B.  Experiments

In the experiment, we use the OHSUMED collection [13]
which was created for information retrieval research. The
collection consists of 348,566 records and 106 queries. Each
query has a number of associated documents. There are a
total of 16,140 query-document pairs upon which relevance
judgments are given by experts in advance. Each instance
consists of a vector of features, determined by a query and a
document. We adopted both ‘low-level’ and ‘high-level’
features used in document retrieval, which are summarized
in Table 1. In order to conduct five-fold cross validation, we
partitioned the OHSUMED collection into five parts. For
each fold, we use three parts for training, one part for
validation, and the remaining part for testing. All results
reported in this section are obtained by averaging five trials.

In the experiments, we used LibSVM [14]. The
experiments were conducted on a PC with 3.0 GHz CPU and
1G memory. Table 2 shows the P@n of RSVM, MHR and
OrdRank respectively.

Fig. 3 and Fig. 4 show the performance comparison of
RSVM, MHR and OrdRank on the OHSUMED dataset in
terms of MAP and NDCG respectively. For MAP, OrdRank
outperforms MHR with more than 1%, and outperforms
RSVM with almost 6%. For most NDCG values, OrdRank
outperforms MHR with more than 1% relative improvement.

For NDCG@4, the relative improvement is as large as 2%.
These results show that the order relations can help improve
the ranking performance.

TABLE L. LOW-LEVEL AND HIGH-LEVEL FEATURES FOR OHSUMED
DATASET
Feature Description
L1 2 €@ d)
L2 2 analog(ela,d)+1)
c(g;.d)
L3 Zq,eqﬂd ‘d‘
c(g:,.4)
L4 qugqmlog[ ] +1
q|
L5 lo ‘
2o g[df(qf)J
ql
L6 c(q.,C)lo ‘7
2 e €@:0) g(dj(qi))
<
L7 log| lo ‘—
Lo g( g(df(m
¢
L8 lo ‘7+1
2 g[c(q,,C) ]
clg,d)_|c]
L9 log| ——— +1
2o g( a4, 0)
clg.d), [ 1C]
L10 log| ——=—log| —— |+1
ot {0
H1 BM 25
H2 log(BM 25)
H3 LMIR with DIR smoothing
H4 LMIR with JM smoothing
H5 LMIR with ABS smoothing
TABLE IL THE P@N VALUE OF RSVM, MHR AND ORDRANK FOR
OHSUMED DATASET
Algorithm P@1 P@2 P@3 P@4
RSVM 0.61346 0.57245 0.53645 0.49834
MHR 0.64372 0.60043 0.57359 0.56017
OrdRank 0.65274 0.60462 0.56724 0.57673
Algorithm P@5 P@6 P@7 P@8
RSVM 0.48745 0.46149 0.45806 0.44573
MHR 0.5387 0.53254 0.53003 0.5224
OrdRank 0.54341 0.54033 0.5321 0.52592
MAP
0.50
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048 I mMmHR
046 I @ OrdRank

0.44 |
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Figure 3. The MAP value of RSVM, MHR and OrdRank on the
OHSUMED dataset
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Figure 4. The NDCG value of RSVM, MHR and OrdRank on the
OHSUMED dataset

TABLE III. TRAINING TIME OF THE RSVM, MHR AND ORDRANK
MHR
Minutes RSVM
@ @, 3 (oW sum
Trial 1 1728.64 306.16 51.64 228.43 586.23
Trial 2 2013.57 456.41 38.72 283.57 778.7
Trial 3 1845.36 329.31 35.44 260.85 625.60
Trial 4 906.53 157.74 17.23 139.27 314.24
Trial 5 1113.72 202.01 14.63 163.51 380.15
Average 1521.56 290.33 31.53 215.13 536.98
OrdRank
Minutes
Hyperplane 1 Hyperplane 2 sum
Trial 1 342.97 56.08 399.05
Trial 2 494.22 41.28 535.5
Trial 3 308.59 34.75 343.34
Trial 4 158.14 17.39 175.53
Trial 5 204.29 14.63 218.92
Average 301.64 32.83 334.47

As aforementioned, OrdRank uses the order relations
between ranks to generate the base decision functions. In this
way, less instance pairs are used and the computation time in
training is greatly reduced. We also compared the training
time between OrdRank, MHR and RSVM. Table 3 shows
the results. In each trial, the total training time of OrdRank is
only one-fifth of RSVM and two-third of MHR. In summary,
the experimental results in this section demonstrate the
effectiveness of OrdRank: it has good ranking performance
with low training complexity.

V.

In this paper, we proposed a two-stage ranking method
OrdRank for document retrieval. Experimental results show
that OrdRank outperforms RSVM and MHR in ranking on
the OHSUMED dataset and it is more effective and efficient.

There are several avenues for future research. One
possible direction is the base decision function construction.

CONCLUSIONS
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In this paper, we have only investigated one type of methods.
A comprehensive investigation on base decision function
construction is a natural next-step. Secondly, voting is
another important component of OrdRank. In this paper, we
have examined the effectiveness of using a simple voting
method. There are many other methods proposed, such as
Bayesian voting, weighted voting etc., and we will further
study whether they can be incorporated in our OrdRank
method. Finally, the optimization of the loss function also
needs further investigations.
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