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ABSTRACT

Learning to rank has been demonstrated as a powerful tool
for image ranking, but the issue of the “curse of dimension-
ality” is a key challenge of learning a ranking model from
a large image database. This paper proposes a novel di-
mensionality reduction algorithm named ordinal preserving
projection (OPP) for learning to rank. We first define t-
wo matrices, which work in the row direction and column
direction respectively. The two matrices aim at leveraging
the global structure of the data set and ordinal informa-
tion of the observations. By maximizing the corresponding
objective functions, we can obtain two optimal projection
matrices mapping original data points into low-dimensional
subspace, in which both global structure and ordinal infor-
mation can be preserved. The experiments are conduct-
ed on the public available MSRA-MM image data set and
“Web Queries” image data set, and the experimental results
demonstrate the effectiveness of the proposed method.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Informa-
tion Search and Retrieval; I.4.7 [Image Processing and
Computer Vision]: Feature Measurement
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ing Projection, Learning to Rank.

1. INTRODUCTION
Learning to rank has been demonstrated as a powerful

tool to create ranking models for image ranking [6, 12, 4,
20, 3, 17, 16]. It is designed to learn a ranking model with
the given either the pairwise preference relations or relevance
levels of the training data, while the model is hopefully ca-
pable of ranking the test data. However, it should be noted
that the high dimensionality of image space (up to hundreds
of thousands of dimensions) significantly increases the time
and space expenses for learning a ranking model. To enable
an effective and efficient learning process, dimensionality re-
duction becomes an important and promising way.

The objective of dimensionality reduction is to discover
the compact representation of the original feature space for
the given observations, so that the essentials in the origi-
nal data can be captured according to certain criterion [2].
Nowadays, various dimensionality reduction techniques have
been developed for clustering and classification. The most
popular dimensionality reduction algorithms include Princi-
pal Component Analysis (PCA) [14], and Linear Discrim-
inant Analysis (LDA) [15], which all require to transform
2D image matrices into 1D image vectors. The transformed
image vectors usually lead to a high dimensional feature vec-
tor space. It is difficult to evaluate the scatter matrices ac-
curately due to its large size in contrast to the relatively
small number of training samples. To overcome this prob-
lem, many two-dimensional (2D) dimensionality reduction
methods, such as (2D)PCA [19], (2D)LDA [11], are devel-
oped to directly extract feature based on 2D image matri-
ces rather than 1D vectors. As a further improved ver-
sion, the two-dimensional two-directional algorithms, such
as(2D)2PCA [22] and (2D)2LDA [13], are proposed, which
require fewer number of coefficients and less computing time
to learn a low-dimensional space than the standard (2D)PCA
and (2D)LDA methods.

As discussed above, most of previous methods attempt to
learn a compact embedding with a view to the global struc-
ture of data distribution, but with no consideration of ordi-



Relevant

Paritially relevant

Irrelevant

Query Image

   

(a) The distribution of images 

in image space

(b) The projection direction that preserves the global structure

(c) The projection direction that maximizes ordinal information 

(d) The projection direction that considers both 

global structure and ordinal information

Figure 1: Illustration of the idea of the proposed
method. (a) The image distribution in original s-
pace. (b) The projection direction that preserves
the global structure of data. (c) The projection di-
rection that maximizes the preservation of the or-
dinal information among data groups of different
ranking levels. (d) The desired projection direction,
which considers both global structure and ordinal
information.

nal information in image ranking. To this end, we propose a
novel dimensionality reduction method for learning to rank,
called ordinal preserving projection (OPP). The proposed
method can not only preserve the global structure of data,
but also keep the ordinal information among data groups of
different ranking levels. Figure 1 illustrates the motivation
of the proposed idea. Taking “tiger” as a query example,
we can rank images into three relevance levels as follows: 1)
the one of tiger as the unique foreground object is ranked as
“relevant”; 2) the one of the tiger accompanying with other
foreground object is ranked as “partially relevant”; 3) the
one without tiger is ranked as “irrelevant”. Figure 1(a) is
the image distribution in original space. Figure 1(b) shows
the projection direction that only preserves the global struc-
ture. Although the structure within each ranking level is
successfully described, some images from relevant and par-
tially relevant levels are inseparable as a result of the ig-
norance of the ordinal information. Figure 1(c) shows the
projection direction that only maximizes the preservation
of ordinal information. Obviously, the global structure of
dataset is seriously distorted, i.e., the projected data points
within the same ranking level are not equally distributed
any more. Figure 1(d) is the desired result obtained by our
work.
In our implementation, we first define an image covariance

matrix with ordinal regularization, which works in the row
direction of images. The diagonal terms in the defined ma-
trix measure the importance of the corresponding columns of
images in preserving both the global structure information
of data and the ordinal information among different data
blocks, and the off-diagonal terms measure the redundancy
among the columns of images in preserving the above two
kinds of information. We also define an alternative image
covariance matrix with ordinal regularization, which makes
OPP work in the column direction of images. Based on these
two definitions, we can leverage global structure information
and ordinal information, and obtain a new compact feature
space by optimizing new objective functions. In the new

feature space, the ranking model can be learned effectively
and efficiently for image ranking.

The rest of this paper is organized as follows. In Section
2, we review the related work of the proposed method. Our
OPP algorithm is introduced in Section 3. Experimental
comparison and discussion are shown in Section 4. Finally,
we conclude our work in Section 5.

2. RELATED WORK
A number of dimensionality reduction methods have been

proposed for various applications, such as pattern recogni-
tion, information retrieval, machine learning, etc. Generally
speaking, these methods can be broadly classified into two
categories: feature selection and feature transformation.

The philosophy behind feature selection is that not all the
features are useful for learning, and hence it aims at selecting
a subset of most informative or discriminative features from
the original feature set. Since the feature selection methods
are not our focus in this paper, we will mainly introduce the
related work about feature transformation in the following.

Feature transformation generally employs certain linear or
non-linear transformation function to generate the compact
representation from the original feature space. The repre-
sentative techniques include Principal Component Analysis
(PCA) [14], (2D)PCA [19], (2D)2PCA [22] etc, in which the
last two ones are the most relevant methods to ours. Accord-
ingly, we provide a brief review of (2D)PCA and (2D)2PCA
respectively.

Let {Xi}
N
i=1,Xi ∈ R

m×d, denote the training images, and
N is the number of training samples. (2D)PCA attempts
to seek one projection matrix U ∈ R

d×q by maximizing
variance in the row direction, such that N low-dimensional
data points {Yi}

N
i=1 in the subspace R

m×q can be obtained
by:

Yi = XiU (i = 1, 2, ..., N) (1)

We define A = XU, and adopts the following criterion to
obtain U:

J1(U) = trace{E[(A− EA)(A− EA)T ]}

= trace{E[(XU− EXU)(XU− EXU)T ]}

= UTE[(X− EX)T (X− EX)]

= UTGrU (2)

where Gr = E[(X − EX)T (X − EX)] is the image covari-
ance matrix. By maximizing the above criterion, the desired
projection matrix U can be acquired.

However, the key issue of (2D)PCA is that it needs many
more coefficients for image representation than the vector
based methods [22]. In order to further reduce dimension-
ality, (2D)2PCA tries to seek two projection matrices U ∈
R

d×q and V ∈ R
m×p(p ≤ m) mapping original data points

into low-dimensional subspace R
p×q by:

Yi = VTXiU (i = 1, 2, ..., N) (3)

(2D)2PCA utilizes the same way as Eq.(2) to obtain U. In
order to obtain V, (2D)2PCA adopts the similar criterion:

J2(V) = trace{E[(B− EB)(B− EB)T ]}

= trace{E[(VTX− E(VTX))(VTX− E(VTX))T ]}

= VTGcV (4)



where B = VTX,Gc = E[(X − EX)(X − EX)T ] is the
alternative image covariance matrix. V can be obtained by
maximizing the objective function in Eq.(4).
(2D)PCA and (2D)2PCA aim at preserving the global

structure of data, but they ignore the ordinal information
of images, which makes them not directly applicable to im-
age ranking.

3. ORDINAL PRESERVING PROJECTION

3.1 Problem Formulation
Suppose X = {(Xi, li)}

N
i=1 is the training set, where Xi ∈

R
m×d denotes the input data point and li ∈ {1, 2, ..., r} de-

notes the corresponding rank label. OPP aims at finding two
projection matrices U ∈ R

d×q(q ≤ d) and V ∈ R
m×p(p ≤

m) mapping the original N data points to a low-dimensional
subspace R

p×q by Yi = VTXiU (i = 1, 2, ..., N). In the
subspace, the global structure and the ordinal information
of data can be well preserved.
In order to obtain U and V, we first discuss some prop-

erties of (2D)2PCA. In (2D)2PCA, U and V are composed
of the orthonormal eigenvectors of image covariance matrix
Gr and alternative image covariance matrix Gc respective-
ly, i.e., U and V are completely determined by Gr and Gc

respectively. Here Gr and Gc represent the global structure
information of the original data in the row direction and the
column direction of images respectively. From Eq.(2), Gr

can be evaluated as:

Gr =
1

N

N∑

i=1

(Xi −X)T (Xi −X)

=
1

N

N∑

i=1

m∑

j=1

(X
(j)
i −X

(j)
)T (X

(j)
i −X

(j)
) (5)

where Xi = [(X
(1)
i )T (X

(2)
i )T · · · (X

(m)
i )T ]T ,X = [(X

(1)
)T

(X
(2)

)T · · · (X
(m)

)T ]T . X
(j)
i and X

(j)
denote the jth row

vectors of Xi and X respectively. Then the diagonal ter-
m of Gr is the sum of variance of all the elements in the
corresponding column where the large value corresponds to
important structure. The off-diagonal term of Gr is the sum
of covariance of the corresponding elements in two different
columns, and small value corresponds to low redundancy be-
tween them. As a result, the projection matrix U depending
on Gr is prone to the directions of the columns having large
variance and small covariance. However, it should be noted
that this projection direction may be not suitable for rank-
ing tasks due to the lack of supervised ranking information.
This point can also be verified in Figure 1(b). The similar
observation can be obtained from Gc.
Motivated by this point, we define two ordinal regular-

ized covariance matrices in the row and column directions
respectively, to embed the ordinal information in the diag-
onal terms and the off-diagonal terms of Gr and Gc, while
the global structure information is also preserved as much
as possible.

3.2 Image Covariance Matrix with Ordinal Reg-
ularization

We first define an image covariance matrix with ordinal
regularization to leverage global structure and ordinal infor-
mation in the row direction of images. The ordinal regular-

ized image covariance matrix Ĝr ∈ R
d×d is defined as:

Ĝr = Gr + λRr (6)

where Gr ∈ R
d×d denotes the image covariance matrix to

represent global structure in the row direction of images,
and it can be calculated according to Eq.(5). Rr ∈ R

d×d,
denotes the image ranking matrix to represent the ordinal
information in the row direction of images. λ ≥ 0 is a regu-
larization parameter.

In the following, we present some properties of image rank-
ing matrix Rr. Rr is composed of two parts: the diagonal
terms and the off-diagonal terms. The diagonal terms mea-
sure the importance of the corresponding columns of images
in keeping ordinal information, and the larger the values are,
the more important the corresponding columns are for rank-
ing. The off-diagonal terms measure the redundant ordinal
information among the columns of images, and the smaller
the values are, the less redundant ordinal information the
corresponding columns have.

For calculating the diagonal terms and the off-diagonal
terms of Rr, we uniformly split the original training set X

into two parts: the training subset X1 = {(Xi, li)}
N′

i=1 used
for training ranking models, and the validation subset X2 =
{{(Xi, li)}}

N
i=N′+1 used for evaluating the ranking model.

Let F = [F
(1)
r ,F

(2)
r , · · · ,F

(d)
r ] = (fi,j)m×d be the feature set,

where F
(j)
r denotes the jth column feature subset in F , and

(fi,j)m×d denotes the ith row and the jth column feature in
F .

3.2.1 Ranking Importance of Columns

We first utilize each feature (fi,j)m×d(i = 1, 2, ...,m; j =
1, 2, ..., d) to represent the training subset X1, and then we
train a Ranking SVM model [9] for the feature fi,j . Totally,
we train m× d ranking models, and correspondingly we ac-
quire m × d prediction ranking lists Li,j(i = 1, 2, ...,m; j =
1, 2, ..., d) on the validation subset X2. Finally, we use an e-
valuation measure to calculate the ranking performance for
each predicted ranking list Li,j , and take the evaluation re-
sult as the ranking importance score of the corresponding
feature. The normalized discount cumulative gain (ND-
CG) [7], which is a standard measure used for evaluating
ranking algorithms, is used in this paper. It is defined as:

NDCG(k, i, j) =
1

Zk

k∑

t=1

2lt,i,j − 1

log(1 + t)
(7)

where t is the position in the prediction ranking list Li,j ,
lt,i,j is the relevant score of the tth image in Li,j , and Zk is
a normalization constant to ensure that the correct ranking
results in an NDCG value of 1. k is the truncation level,
and we set k = 10 in the experiment.

After obtaining the evaluation result, we define the rank-
ing importance of the feature fi,j as:

Γ(fi,j) = NDCG(k, i, j) (i = 1, 2, ...,m; j = 1, 2, ..., d) (8)

The corresponding ranking importance of the jth column
is defined as:

R(F(j)
r ) =

m∑

i=1

Γ(fi,j) (j = 1, 2, ..., d) (9)

3.2.2 Ranking Redundancy between Columns



Ranking correlation reflects the redundant information in
keeping ordinal information between the features. Accord-
ing to subsection 3.2.1, we have m × d prediction ranking
lists Li,j(i = 1, 2, ...,m; j = 1, 2, ..., d) based on m × d fea-
tures. Then we calculate the similarity between two pre-
diction ranking lists, and take the similarity score as the
ranking correlation coefficient between features. The sim-
ilarity between two ranking lists is measured by Kendall’s
τ [21], which is demonstrated to be a good similarity mea-
surement for ranking lists. The Kendall’s τ value between
two ranking lists can be calculated as:

τ(Li,j ,Lg,h) =

∑
s,t

J(Li,j(s)− Li,j(t))(Lg,h(s)− Lg,h(t))K

N̂(N̂ − 1)

i, g = 1, 2, ...,m; j, h = 1, 2, ..., d (10)

where J•K is 1 if the inner condition is ture, and 0 otherwise.
Li,j and Lg,h denotes the prediction ranking lists based on
the features fi,j and fg,h. Li,j(t) denotes the position of the

image Xt in ranking list Li,j , and N̂ = N−N ′ is the number
of the validation subset X2. Note that the τ value is in the
range −1 ≤ τ ≤ 1. When τ = 1, i.e., two ranking lists
are the same, we regard that the corresponding two features
are completely positive correlation. When τ = −1, i.e., two
ranking lists are reverse, we regard that the corresponding
two features are completely negative correlation. When τ =
0, we regard the two features are independent.
After obtaining the ranking similarity score between t-

wo ranking lists, we take the score as the ranking correla-
tion coefficient between the corresponding two features, and
define the corresponding ranking correlation coefficient be-
tween columns as:

ρ(F(i)
r ,F(j)

r ) =
m∑

t=1

τ(Lt,i,Lt,j) i, j = 1, 2, ..., d; i 6= j (11)

Based on the ranking importance of column and rank-
ing correlation coefficient between columns, we define the
ranking covariance and regard it as the redundant ordinal
information between columns. Inspired by (2D)2PCA, the
ranking covariance between the ith column and the jth col-
umn is defined as:

S(F(i)
r ,F(j)

r ) = ρ(F(i)
r ,F(j)

r )×

√
R(F

(i)
r )×R(F

(j)
r ) (12)

After obtaining the ranking importance of column and the
ranking covariance between columns by Eq.(9) and Eq.(12),
respectively, we construct the row ranking matrix Rr as:
{

Rr(i, i) = R(F
(i)
r ) i = 1, 2, ..., d

Rr(i, j) = S(F
(i)
r ,F

(j)
r ) i, j = 1, 2, ..., d; i 6= j

(13)

According to the Eq.(6), we can obtain the ordinal regu-

larized image covariance matrix Ĝr, and maximize the new

objective function Ĵ1(U) = UT ĜrU for finding the opti-
mal projection matrix U. U is composed by the orthonor-

mal eigenvectors u1,u2, · · · ,uq of Ĝr corresponding to the
q largest eigenvalues, i.e. U = [u1,u2, · · · ,uq].

3.3 Alternative Image Covariance Matrix with
Ordinal Regularization

Ĝr works in the row direction of images. In this section,
we also define an alternative image covariance matrix with

ordinal regularization working in the column direction of im-
ages. The alternative image covariance matrix with ordinal

regularization Ĝc ∈ R
m×m is defined as:

Ĝc = Gc + ηRc (14)

where Gc ∈ R
m×m denotes the alternative image covariance

matrix to represent the global structure in the column di-
rection of images, and Rc ∈ R

m×m, denotes the alternative
image ranking matrix to represent the ordinal information
in the column direction of images. η ≥ 0 is a regularization
parameter.

The way of constructing Rc is the same as that of Rr

except that Rc is constructed in the column direction of
images, i.e., we need to calculate the ranking importance
of row and the ranking covariance between rows. Let F =

[(F
(1)
c )T , (F

(2)
c )T , · · · , (F

(m)
c )T ]T , where (F

(i)
c )T denotes the

ith row feature subset. The Rc is constructed as:
{

Rc(i, i) = R((F
(i)
c )T ) i = 1, 2, ...,m

Rc(i, j) = S((F
(i)
c )T , (F

(j)
c )T ) i, j = 1, 2, ...,m; i 6= j

(15)

where R((F
(i)
c )T ) is the ranking importance of the ith row,

and S((F
(i)
c )T , (F

(j)
c )T ) is the ranking covariance between

the ith row and the jth row.

According to the Eq.(14) and Eq.(15), Ĝc can be ob-
tained, and the optimal projection matrix V can be ac-

quired by maximizing the new objective function Ĵ2(V) =

VT ĜcV. V is composed by the orthonormal eigenvectors

v1,v2, · · · ,vp of Ĝc corresponding to the p largest eigenval-
ues, i.e. V = [v1,v2, · · · ,vp].

3.4 Low Dimensional Representation of Test
Images

For a set of unseen test data points {X̃i}
Ñ
i=1, where Ñ

denotes the number of test data points. We can map them
into the subspace R

p×q by:

Ỹi = VT X̃iU (i = 1, 2, ..., Ñ) (16)

4. EXPERIMENT
To evaluate the proposed method, we conduct the ex-

periments on two public available data sets: the MSRA-
MM image data set [18] and the “Web Queries” image da-
ta set [1]. We compare the proposed method with some
classical 2D and (2D)2 dimensionality reduction algorithm-
s, such as (2D)PCA [19], (2D)LDA [11], (2D)2PCA [22],
(2D)2LDA [13]. Note that when V = I and λ = 0 , OPP
is reduced to (2D)PCA. When λ = 0 and η = 0, OPP is
reduced to (2D)2PCA. In addition, we also use “With Orig-
inal Features” (WOF) as the baseline, in order to show the
benefit of conducting dimensionality reduction.

After obtaining the new matrix representation by the above
methods, we first unfold it into a vector, and then adopt
Ranking SVM [9] as the basic ranker to rank images. Rank-
ing SVM has one parameter C representing the trade-off
between empirical loss and model complexity. Following [5,
8], we set C = 0.01 for all the methods.

4.1 Data Sets
The first data set we used for the experiments consists of

68 queries and 19436 images from the MSRA-MM image da-



ta set [18]. Each query contains about 300 images. For each
image, its relevance to the corresponding query is labeled
with three levels: “relevant”, “partially relevant” and “irrele-
vant”. Some examples of the ground truth are illustrated in
Figure 2.

(a)

(b)

(c)

Figure 2: Some examples of the ground truth for
the query “Car”. (a) Relevant (b) Partially relevant
(c) Irrelevant.

The second data set consists of 346 queries and 51465 im-
ages from the “Web Queries” image data set [1]. Each query
contains about 150 images. Each image is labeled with t-
wo relevance levels according to its relevance to the corre-
sponding query, namely “relevant” and “irrelevant”. Some
examples of the ground truth are illustrated in Figure 3.

(a)

(b)

Figure 3: Some examples of the ground truth for the
query “Eiffel tower”. (a) Relevant (b) Irrelevant.

For simplicity, we first crop and normalize all the images
in both data sets to the size of 128x128. Then following [10],
32x32 patches with a 16 pixel overlap are used for extract-
ing features. Thus, there are totally 49 patches. For each
patch, 16-dimensional HSV color histogram, 8-dimensional
edge distribution histogram, and 25-dimensional Gabor tex-
ture features are extracted to construct a 49-dimensional

Figure 4: Ranking performance comparison of d-
ifferent algorithms with the corresponding optimal
reduced dimensions.

feature vector. Lastly, we take the feature vector of each
patch as a row vector, and obtain a new image representa-
tion with the size of 49x49.

4.2 Experiments on the MSRA-MM Data Set
We repeat the experiments 20 times by varying the num-

ber of the eigenvectors p and q (where p = 1, 2, · · · , 20, and
p = q). For a given value p, the corresponding dimension is
49×p for (2D)PCA and (2D)LDA, and is p×p for (2D)2PCA,
(2D)2LDA, and OPP. For each p, we perform a four-fold
cross validation test to evaluate the effectiveness of the pro-
posed algorithm for image ranking. For each experiment,
about 1/3 of the training data are used as a validation sub-
set to determine the optimal parameters such as λ and η in
our algorithm. The performance is evaluated by normalized
discounted cumulative gain (NDCG) [7]. The definition of
NDCG has been presented in the subsection 3.2.1.

Figure 4 plots the NDCG scores for different algorithms
with the corresponding optimal reduced dimensions. The
optimal dimensions of different algorithms are reported on
the top of the figure. From the figure, it is clear that OP-
P (our approach) is significantly better the other methods
at all values of k. At a truncation level of 5 (NDCG@5),
OPP is respectively, 7.4%, 9.3%, 13.7% and 14.1% better
than (2D)2PCA, (2D)PCA, (2D)2LDA, (2D)LDA, while the
former needs much reduced dimensions than the latter four.
Thus, OPP, which leverage global structure information and
ordinal information, can benefit from ordinal information
and improve ranking performance. In addition, OPP out-
performs WOF, which shows that it is beneficial to conduct
dimensionality reduction for learning to rank.

To further disclose the relationship between the ranking
performance and the dimension, ranking experiments under
a series of different dimensions among the above five dimen-
sionality reduction approaches are performed and the results
are plotted in Figure 5(a) and (b). It can be seen that OPP
outperforms the other methods under most of dimensions.

In order to see how many queries can benefit from the



Figure 5: Ranking performance in terms of NDCG@5 and NDCG@10 vs. the reduced dimensions. (a)
NDCG@5 (b) NDCG@10

proposed OPP, we count the number of queries for each
algorithm which outperforms all the other methods for a
specific query under the corresponding optimal reduced di-
mensions reported in Figure 4. The statistical results are
shown in Figure 6. OPP outperforms all the other methods
significantly. It means that OPP not only achieves the best
overall performance but also performs the best for most of
the queries.

Figure 6: The number of best performed queries of
different algorithms at NDCG@{1 to 10}

4.3 Experiments on the “Web Queries” Data
Set

We also conduct the experiments over the “Web Queries”
image data set [1]. The data are split into three parts, train-
ing, validation, and test. The validation is used to validate
the model parameter. 50 queries are randomly selected from
the data for training, and validation respectively. The re-
maining is used for test. In addition, we design another
dataset which contains 100 training queries to compare the
methods in a comparatively large training set. For each set-
ting, all the algorithms are still repeated 20 times by varying
the number of the eigenvectors p = 1, 2, · · · , 20. The evalu-

ation measure NDCG is used in this experiment too.
The performance of different algorithms with the corre-

sponding optimal reduced dimensions is shown in Figure 7.
The optimal dimensions of different algorithms are also re-
ported on the top of the figures. For 50 queries training set,
OPP performs consistently better than the other four algo-
rithms at various truncation levels, while our algorithm still
need much reduced dimensions than them. For NDCG@5
the improvements are about 6% compared with (2D)PCA.
For 100 queries training set, OPP still performs significant-
ly better than the other methods. For NDCG@1 and ND-
CG@5, the improvements are more than 8%, even up to
12% for NDCG@1, which is promising. In addition, OPP
still outperforms WOF on both 50 and 100 queries training
sets, which shows the benefit of conducting dimensionality
reduction.

We also conduct the ranking experiments under a series of
different dimensions. As previously mentioned, for a given
p value, the corresponding dimension is 49× p for (2D)LDA
and (2D)PCA, and is p× p for (2D)2LDA, (2D)2PCA, and
OPP, respectively. The results are shown in Figure 8. For
50 queries training set, the ranking performance of OPP
in terms of NDCG@5 and NDCG@10 are higher than the
other algorithms under most of dimensions. For 100 queries
training set, OPP outperforms the other methods in terms
of NDCG@5 and NDCG@10 under all the dimensions.

To verify that both of ordinal regularized image covari-

ance matrix Ĝr and Ĝc are helpful for improving ranking
performance, we conduct three different experiments under
100 queries training set. The experimental settings are de-
scribed as follows: 1) only utilize image covariance matrix
with ordinal regularization, which works in the row direction
of images in OPP, called OPP R; 2) only utilize alternative
image covariance matrix with ordinal regularization, which
works in the column direction of images in OPP, called OP-
P C; 3) use OPP as the baseline to compare with OPP R
and OPP C. In the three experiments, we fix the same num-
ber of projection vectors p = 9. In OPP, the parameters λ
and η are set 1. In OPP R and OPP C, there is just one



Figure 7: Ranking performance comparison of different algorithms with the corresponding optimal reduced
dimensions, on 50 queries and 100 queries training data respectively. (a) 50 queries (b) 100 queries.

Figure 8: Ranking performance in terms of NDCG@5 and NDCG@10 vs. the reduced dimensions on 50
queries and 100 queries training data respectively. (a) NDCG@5 on 50 queries (b) NDCG@10 on 50 queries
(c) NDCG@5 on 100 queries (d) NDCG@10 on 100 queries.



Figure 9: The results of three methods under differ-
ent truncation levels.

parameter λ and η respectively. We set λ = 1 for OPP R
and η = 1 for OPP C. The experimental result is shown in
Figure 9. OPP outperforms OPP R and OPP C in most
of truncation levels, which shows that ordinal information
in both the row direction and column direction can enhance
performance for image ranking, i.e. the matrices Ĝr and Ĝc

are both effective for ranking.

5. CONCLUSIONS
In this paper, we propose a novel dimensionality reduc-

tion method for learning to rank. The proposed method is
based on the observation that most of dimensionality reduc-
tion methods only preserve the global structure of data, but
ignore the ordinal information among data groups of differ-
ent ranking levels, so we aim at preserving the two kinds
of information in the row direction and the column direc-
tion of images simultaneously. Extensive Experiments on
two benchmarks demonstrated the power of the proposed
method compared to some related work.
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