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In this paper, we introduce a novel shape/object retrieval algorithm shortest path propagation (SSP).

Given a query object q and a target database object p, we explicitly find the shortest path between them

in the distance manifold of the database objects. Then a new distance measure between q and p is

learned based on the database objects on the shortest path to replace the original distance measure. The

promising results on both MEPG-7 shape dataset and a protein dataset demonstrate that our method

can significantly improve the ranking of the object retrieval.

& 2011 Elsevier Ltd. All rights reserved.
1. Introduction

In this paper, we address the problem of finding nearest objects
(shape, images, etc.) of the same class in a database, which is called
object retrieval/ranking. Finding nearest neighbors is a general idea
that underlies many artificial intelligence tasks, including machine
learning, data mining, natural language understanding, and informa-
tion retrieval. Shape retrieval is a very critical problem in computer
vision and bioinformatics. Most of the shape retrieval meth-
ods [1,15,17–25] focused on pairwise shape similarity measure.
Yet, these methods ignore the fact that some differences are more
relevant while other differences are less relevant for shape similar-
ity. No matter how good a shape similarity measure is, this problem
must be addressed if we want to obtain a better performance. There
is now a growing interest in learning context-sensitive or contextual
similarity [1,14] from a collection of pairwise similarities among
the database (context) objects, which uses the context information
to improve the similarity between the query object and the target
object.

As pointed out by [1], a ‘‘good’’ similarity between a query q

and a known object p should describe the relationship between q

and p in the context of the database. The intuition in [1] is to
compute a new similarity s for a given similarity measure s0 by a
graph transduction method named label propagation (LP). In their
method, each query object is considered in the context of the
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objects of the database, and a new similarity function is learned
by implicitly finding the shortest paths on the similarity manifold
formed by the similarities among the known objects and the
query object. With the similar manner of [1], locally constrained
diffusion process (LDCP) [15] was developed to explore the
context information, which achieves a better performance on
several shape benchmarks than the LP method [1]. Another
contribution of [15] is that some ghost objects are also con-
structed and added into the similarities space to enhance the
context information. Recently, Egozi et al. [16] proposed a novel
contextual similarity function—meta similarity (MS). It charac-
terizes a given object by its similarity to its KNN objects. One
advantage of MS is the low time complexity, as it does not require
propagating the similarities. An interesting distance learning
method called contextual dissimilarity measure (CDM) [14] is
motivated by the observation that a good ranking is usually
asymmetric in image search. CDM can significantly improve the
distance measure by bag-of-features, but its improvement on
shape retrieval is not so obvious, for the shape distance measures
has a different distribution from bag-of-features. (We will show
the result of CDM on shape dataset in Section 3.)

The methods above-mentioned explore the context informa-
tion but without explicitly learning the shortest path on the
distance manifold, so some redundant context may influence the
final results. For example, [1] learns the new similarity s(p,q) by
computing the weighted mean of similarities between q and all
the other objects (reference objects) in the database, which may
bring much redundant information and reduce the influence of
the relevant objects. An alternative way could be to replace
reference objects with only the neighbors of p, but this also
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ignores the relationship between p and q by only considering p.
Thus, the key to computing a ‘‘good’’ similarity s(q,p) depends
how to select the reference object set R(q) which is relevant to the
query and the target object. Intuitively, for a query object q, the
similarity s(q,p) can be weighted by averaging s0ðq,pRÞ,pRARðqÞ.
The size of R(q) need not to be very large, as long as R(q) can
sufficiently describe the relationship between p and q.

In this paper, we focus on this problem of selecting an
appropriate reference object set for learning a new similarity
between q and p. We select the nodes in the shortest path
between p and q explicitly, which are directly relevant to the
query object q and the target object p. Then, the new similarity
between q and p is computed by propagating the similarities
along these reference nodes. Thus, we call the proposed method
shortest path propagation (SSP).

The remainder of this paper is organized as follows. Section 2
gives a brief introduction to the graph transduction based con-
text-sensitive similarity framework and the definition of refer-
ence objects set. Then, the proposed SSP algorithm is presented.
Several experiments are performed in Section 3. Finally, Section 4
concludes the paper.
2. Shortest path similarity propagation

We first describe the classical setting of similarity-based
ranking. It has been applied to many retrieval scenarios like key
word, document, image, and protein retrieval. Given a set of
objects X ¼ fx1, . . . ,xng and a similarity function sim¼ X � X-R2

that assigns a similarity value (a positive value) between each
pair of objects, we assume that x1 is a query object (e.g., a query
protein shape), and fx2, . . . ,xng is a set of known database objects
(or a training set). Then, by sorting the values simðx1,xiÞ in
decreasing order for i¼ 2, . . . ,n, we obtain a ranking of database
objects according to their similarity to the query, i.e., the most
similar database object has the highest value and is listed first.

2.1. Graph transduction based context-sensitive similarity

Before introducing our method, we review graph transduction
(GT) [1] simply. Bai et al. [1] introduces a method to learn a new
similarity function simT that drastically improves the retrieval
results of sim for the given query x1 by using graph transduction.
First, a KNN graph G¼{V,E,W} is constructed. The node set V

corresponds to n objects in X, E is the edge set, and

E¼ fðxi,xjÞjxjAKNNðxiÞg ð1Þ

means that the neighboring size K must be large enough to make
sure that G is a connected graph.

Let W ¼ fwijg ði,j¼ 1, . . . ,nÞ be a similarity matrix, which is also
called an affinity matrix, and wij ¼ simðxi,xjÞ be the weight of edge
between xi and xj. Let D¼(dij) be a distance matrix computed by
some distance function, which is converted into wij using a
Gaussian kernel:

wij ¼ exp �
d2

ij

s2
ij

 !
ð2Þ

Kernel size sij is defined based on the mean distance to K-nearest
neighborhoods [2]:

sij ¼ a �meanðfknndðxiÞ,knndðxjÞgÞ, ð3Þ

where meanðfknndðxiÞ,knndðxjÞgÞ denotes the mean distance of the
K-nearest neighbor distance of the sample xi ,xj and a is an extra
parameter. Both K and a are determined empirically. They are
selected by 2-cross validation. The retrieval score or classification
accuracy is calculated for each different pair of parameters, and
the best parameter pair with the highest score will be selected. As
the test dataset in 2-cross validation is half of the whole dataset,
we double the K for the whole dataset. An n�n probabilistic
transition matrix P as a row wise normalized matrix W is also
defined

Pij ¼
wijPn

k ¼ 1 wik

: ð4Þ

Then a new similarity measure s is sought. Since s only needs to
be defined as similarity of other elements to query x1, let
f ðxiÞ ¼ sðx1,xiÞ, for i¼ 1, . . . ,n. A key function in [1] is f and it
satisfies

f ðxiÞ ¼
Xn

j ¼ 1

Pijf ðxjÞ ð5Þ

where Pij is the probability of transit from nodes i to j.
Thus, the similarity of xi to the query x1, expressed as f(xi), is a

weighted average over all other database objects, where the
weights sum to 1 and are proportional to the similarity of the
other database objects to xi.

The solution to (5) is implemented by the following recursive
procedure:

ftðxiÞ ¼
Xn

j ¼ 1

Pijft�1ðxjÞ ð6Þ

for i¼ 2, . . . ,n, and we set

ftðx1Þ ¼ 1: ð7Þ

We define a sequence of newly learned similarity functions
restricted to x1 as

simtðx1,xiÞ ¼ f ðxiÞ: ð8Þ

Since the goal is ranking the database objects according to their
similarity to the query, we stop the computation after a suitable
number of iterations t¼T. Like the usual practice with iterative
processes that are guaranteed to converge [1], the computation
halts if the difference jft�ft�1j becomes very small. The conver-
gence can be observed in Fig. 7(b) in [1], where the differences
jft�ft�1j as a function of t are plotted. In particular, the curve
decreases very slowly after about 1000 iterations, and after 5000
iterations, they are nearly constant.

2.2. Shortest path reference set

Let xt denote a target object in the database, and our goal is to
compute an accurate similarity sðx1,xtÞ between query x1 and
target xt. Being the same as the formula (5), sðx1,xtÞ ¼ f ðxtÞ.

Now we give the definition of reference objects, which is denoted
as R(xt). The similarity f(xt) between xt and the query x1 should be
the weighted average over R(xt). Apparently, in [1,15] for each target
xt of the database, RðxtÞ ¼ Xðxt AXÞ are all the database objects. With
the reference objects, Eq. (5) can be rewritten as

f ðxtÞ ¼
X

jARðxt Þ

Ptjf ðxjÞ: ð9Þ

We assume that not all the objects are needed to estimate such a
similarity, and a few objects including xt are enough as the reference
objects. The K nearest neighbors of the target can be included in
such reference objects together with the query x1 and the target xt

itself, which is denoted as local reference set RL(xt):

RLðxtÞ ¼ fx1,xtg [ fxjjxjAKNNðxtÞ, j¼ 1, . . . ,Kg: ð10Þ

RL(xt) only includes the neighboring objects of xt as shown
in Fig. 1(c). We call the reference set R(xt) used in Eq. (9) global
reference set RG, since RG(xt)¼X includes all the database object as
shown in Fig. 1(b). Some experiments implemented by Bai et al. [1]



Fig. 1. Reference object sets (green circles within the dotted line) used to estimate the similarity between query xq (red triangle) and target xt (blue circle): (a) original sets;

(b) global reference object set RG(xt) containing all the objects in the database; (c) local reference object set RL(xt) containing only the objects near xt; (d) extended shortest

path reference object set RrESPðxtÞ containing the objects near the nodes in the shortest path between xq and xt. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)

Fig. 2. A key idea of the proposed distance learning is to replace the original shape distance between (a) and (e) with a distance propagated along a ‘‘bridge’’ or ‘‘chain’’

between (a) and (e). One such path is (a)–(e) in this figure.
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show that such RL(xt) is inferior to RG(xt). A possible reason is that
local reference set which only includes the neighboring objects of xt

may neglect the relation between query x1 and target xt.
To solve this problem, we should look for an effective R(xt),

which should satisfy the following conditions:
1.
 The size should not be too large. There are two reasons for this
requirement:
(a) If the local reference object set RL(xt) is too large, (an

extreme case is when K¼n�1, which means all the objects
in X are included in KNN(xt), RL(xt) is identical to RG(xt)).
RL(xt) will contain many redundant or irrelevant reference
objects as a global one. This will reduce the impact of the
key reference object, which is a limitation of RG(xt).

(b) In [1], one training object is also in other ones’s reference
object set, so after the procedure of iterations, all the
similarities of the objects to the query is computed as
sðx1,xiÞ ¼ f ðxiÞ; but the local RL(xt) does not contain all the
other objects, after the iterations, only the sðx1,xtÞ ¼ f ðxtÞ

can be returned as similarity between x1 and xt. When the
size is too large, the iterations for each object will not be
acceptable in time complexity.
2.
 The relation between x1 and xt should also be reflected.
Apparently, RG(xt) contains all the objects so we can make
sure that it can satisfy such requirement; however, RL(xt) is
defined only according to xt, which has a bias of xt, while
neglect that there exist a group of objects which can build a
bridge between x1 and xt. For example, in Fig. 2, two shape
objects (a) and (e) look quite different, but we can find several
objects to connect them together as a chain (a)–(e), so that we
can discover that they are similar.

According to these two requirements, we can find that RL(xt) can
fulfill the first requirement but cannot satisfy the second one,
while RG(xt) is on the contrary. Therefore, we try to set R(xt) as the
set of nodes belonging to the shortest path in G between x1 and xt

with their neighbors.
Our idea is to propagate the similarity along the shortest path

from xi to xt. Here we denote the nodes on the shortest path
between x1 and xt as a set of objects SP(x1,xt). The correspond-
ing R(xt) is called shortest path reference object set, which is
denoted as

RSPðxtÞ ¼ SPðx1,xtÞ: ð11Þ

To obtain more context information around the shortest path, we
extend RSP(xt) so that it also includes the neighboring objects.

Let dSPðxi,xjÞ denote the shortest path distance between two
nodes xi and xj. The shortest path distance between node xi and a
node set AAX is defined as

dSPðxi,AÞ ¼min
xk AA

dSPðxi,xkÞ: ð12Þ

Similar to [5], we consider a sequence of node sets fXSP
r ðxtÞg

R
r ¼ 0,

such that

RSPðxtÞ ¼ XSP
0 ðxtÞAXSP

1 ðxtÞAXSP
2 ðxtÞA � � � AXSP

R ðxtÞ ¼ X: ð13Þ

The sets XSP
r ðxtÞ contain all the nodes that are within a certain

distance to the nodes of the shortest path RSPðxtÞ and are formally
defined as

XSP
r ðxtÞ ¼ fxijd

SPðxi,R
SPðxtÞÞrqrg, ð14Þ

where qr ,r¼ 0, . . . ,R is a pre-specified non-negative threshold
with q0¼0 and qR ¼maxxi AXðd

SPðxi,XÞÞ, so that qr ¼ ðr=RÞqR. An
example of the sequence of node sets fXSP

r ðxtÞg
R
r ¼ 0 is shown

in Fig. 3.
Given an r, we can select an object set from the sequence of

sets in (13) as a new reference object set RðxtÞ ¼ XSP
r ðxtÞ. We call

it ‘‘r-extended shortest path reference object set’’, denoted as
RrESPðxtÞ ¼ XSP

r ðxtÞ. We will use RrESPðxtÞ to learn the new similarity
function by the same way as in Section 2.1.



Fig. 3. Sequence of sets (green circles within the dotted line): (a) RSPðxtÞ ¼ (b) XSP
0 ðxtÞA (c) XSP

1 ðxtÞA (d) XSP
2 ðxt Þ ¼ X. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)
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2.3. Similarity learning algorithm

Given a query x1 and a target xt, we try to learn their similarity
using the reference object set RrESPðxtÞ. The first problem is to find
the shortest path SPðx1,xtÞ between query x1 and a target xt. Given
one node x1 in the graph, Dijkstra algorithm [3] can be used to
find the shortest paths SPðx1,xiÞ between any node xi,i¼ 2, . . . ,n.
However, Dijkstra algorithm is quite time consuming with the
time complexity of O(n2). Considering an inline query procedure
and each object in the database should be compared, the time
complexity of indexing one query against all the database objects
is O(n3), which is unacceptable for an inline retrieval system,
especially when the database’s size is large.

Here we propose an alternative method to obtain SPðx1,xiÞ,
i¼ 2, . . . ,n, which has two steps:
1.
 Off-line learning phase: a pairwise shortest path SPðxi,xjÞ,
i,j¼ 2, . . . ,n between any two nodes of the database is extracted
with Floyd–Warshall algorithm [4], which is a pairwise shortest
path routing algorithm. (Though the time complexity of Floyd–
Warshall algorithm is O(n3), it is acceptable for the off-line
procedure.)
2.
 Online querying phase: Given a query x1 and a target xt, we
search the nearest neighbor of x1: xNN¼NN(x1), and then the
shortest path SP(xNN,xt) between xNN and xt is considered as an
approximation of SP(x1,xt),

SP0ðx1,xtÞ � x1 [ SPðxNN ,xtÞ: ð15Þ

This method allows for the shortest path routing algorithm off-
line, and the online search procedure only finds the nearest
neighbor xNN of x1 with a low time complexity of O(n).

The probabilistic transition matrix P in (9) is normalized using
RG(xt), which is not fit for RrESPðxtÞ. To solve this problem, we
define the smoother probabilistic transition matrix PrðxtÞ, whose
(i,j)th element is given by

Pr
ijðxtÞ ¼

wijP
kARrESP ðxtÞ

wik
, ð16Þ

where Pr
xt

is a jRrESPðxtÞj � jRrESPðxtÞj stochastic matrix, i.e., all its
rows sum up to 1. Using this transition matrix PrðxtÞ, we can give
the similarity learning algorithm as in Algorithm 1.
Algorithm 1. Shortest Path Similarity Propagation Algorithm.

Require: The n�n similarity matrix wij ¼ simðxi,xjÞ for

i,j¼ 1, . . . ,n;
Require: The query object x1;
Require: The target object xt.

Initialize f1ðx1Þ ¼ 1, and f1ðxiÞ ¼ 0,i¼ 2, . . . ,n, k¼1;
Find the approximation of SPðx1,xtÞ using (15);

Construct the reference object set RrESPðxtÞ using (14);
Compute the smoother probabilistic transition matrix PrðxtÞ

for RrESPðxtÞ using (16);

while koT do

for iARrESPðxtÞ do
fkþ1ðxiÞ ¼

P
jARrESP ðxt Þ

Pr
ijðxtÞfkðxjÞ

end for
fkþ1ðx1Þ ¼ 1;
k++;

end while
Output the learned new similarity f ðxtÞ ¼ sðx1,xtÞ between

query x1 and target xt.
3. Experiment results

In this section, we show that the proposed approach can
improve the performance of retrieval problems. We adopt a
shape dataset (MPEG-7 shape dataset) and a 3D protein struc-
ture dataset (FSSP/DALI protein dataset) for the experimental
evaluation.
3.1. The experiments on MPEG-7 shape dataset

MPEG-7 CE Shape-1 Part-B dataset consists of 1400 silhouette
images grouped into 70 classes. Each class has 20 different shapes.
Some example images of this dataset are shown in Fig. 4. Similar to
graph transduction [1], we use IDSC [10] as our baseline distance
measure. For MPEG-7 shape dataset, the retrieval performance is
often measured with the bulls-eyes test: Each shape in the database
is compared to all the other shapes, and the number of shapes
from the same category among the 40 most similar shapes is
reported. The bulls-eye score is the ratio of the total number of



Fig. 4. Some images of MPEG-7 CE Shape-1 Part-B dataset.

Fig. 5. We plot the bulls-eye scores obtained by SSP algorithm for several different

sequential thresholds r on the MPEG-7 dataset.

Table 1
Retrieval rates (bulls-eye) of different methods on the MPEG-7 dataset. Symbols

in the table: MDS—multidimensional scaling, SC—shape context, DP—dynamic

programming, EMD—Earth mover’s distance, GM—geometric matching, CDM—

contextual dissimilarity measure.

Methods Bulls-eye score (%)

Visual parts [17] 76.45

Shape contexts [18] 76.51

Curve edit distance [19] 78.17

Generative models [20] 80.03

MDS+SC+DP [21] 84.35

Planar graph cuts [22] 85.00

IDSC+DP [21] 85.40

IDSC+DP+EMD-L1[23] 86.56

Shape-tree [11] 87.70

GM+IDSC [16] 87.47

GM+SC [16] 88.11

IDSC+CDM [14] 88.30

Contour flexibility [24] 89.31

IDSC+graph transduction [1] 91.61

GM+IDSC+meta descriptor [16] 91.46

GM+SC+meta descriptor [16] 92.51

Locally constrained diffusion [15] 93.32

IDSC+SSP 93.35
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shapes from the same category to the highest possible number
(which is 20�1400).

We use the following parameters to construct the affinity
matrix: a¼ 0:25 and the neighborhood size K is 14, which are the
same to the settings of [1]. For a fair comparison, we select
T¼5000 as stop condition for SSP, which is also same to the
setting of graph transduction [1]. Since [1] has proposed a super-
wised learning method for determining these parameters in
details, we no longer review it here.

An important parameter of the proposed method is qr, hence
we do the experiments to show the evolution of the performances
according to this parameter. In our experiment, we set R¼10, so
that the whole dataset can be divided into 10 sequential sets.
Then qr ¼ ðr=RÞqR ¼ r=10qR,r¼ f0,1, . . . ,10g, and we can select a
sequential set XSP

r ðxtÞ as the reference set by choosing a special r.
The bulls-eye score on MPEG-7 dataset with different r is given
in Fig. 5. A low qr¼0 value means that we consider only the
shortest paths. Considering only the shortest paths gives small
chance to two nodes to appear together on the same path, which
leads to a constantly low correlation. While a large one, qr¼qR

will include all the objects in the whole training dataset as
reference set. This will make SSP identical to the original graph
transduction. Still, the shortest path with qr¼0 can achieve a
better retrieval performance (92.19%) than graph transduction [1]
(91.61%). As shown in Fig. 5, we can discover that the retrieval
performance is not sensitive to the parameter r. Based on this
observation, we use a constant sequential threshold of r¼2 and
qr ¼ ð2=10qÞR. These XSP

2 ðxtÞ is then selected as the reference of the
target object xt.
From the retrieval rates collected in Table 1, we can observe
that the similarity learning method using graph transduction
including original [1] and our SSP produces better results than
the IDSC [10] method. The shape similarity learned using graph
transduction [1] is able to improve the IDSC retrieval rate to
91.61%, while the similarity proposed in this paper using shortest
path propagation achieve the retrieval rate of 93.35%, which ranks
as the top one in the list. The second highest result is 93.32%
obtained by Locally Constrained Diffusion [15]. This is a solid
evidence that similarity methods by SSP do achieve promising
effects.

In order to visualize the gain in retrieval rates by our method
as compared to IDSC, we plot the recall-precision curves in Fig. 6.
Clearly, the graph transduction [1] and the SSP outperform the
original IDSC [10] approaches on the MPEG-7 datasets. This
means that the contextual similarity learning increases not only
the bulls-eye score, but also the ranking of the shapes. The
proposed SSP method consistently achieves better performance
than the graph transduction [1]. These results suggest that using
the proposed algorithm with the nodes in the shortest path as
reference object set is still better than performing weighted
average among all the other objects.

For each query, the average running time of graph transduc-
tion [1] method on MEPG-7 is about 30 s in Matlab. As comparison,
the running time of the our SSP is about 97 s for each query, which
is almost three times of graph transduction [1]. However, it is still
acceptable for a online shape retrieval system. As mentioned



Fig. 6. A comparison of recall–precision curves between IDSC [10] (blue circles),

the result improved by Graph Transduction [1] (red stars) and the proposed SSP

method (green triangles) for MPEG-7. (For interpretation of the references to color

in this figure legend, the reader is referred to the web version of this article.)

Table 2
Results of 1NN classification improvement.

Similarity Classification rate (%)

IDSC 94.71

IDSC+graph transduction [1] 95.71

IDSC+SSP 96.29

Table 3
Overall Protein classification accuracy using the different protein similarity.

Similarity Classification rate (%)

Euclidean distance 98.52

Euclidean distance+graph transduction [1] 98.90

Euclidean distance+SSP 99.09

Fig. 7. A comparison of retrieval between Euclidean distance (green squares), and

the result improved by the graph transduction [1] (blue stars) and the proposed

shortest path propagation (red circles) for a part of the FSSP/DALI database.

(For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)
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in Section 2.2, for graph transduction [1], all the similarities of the
objects to the query is computed after the one iteration, while for
SSP, after one iteration, only the sðx1,xtÞ ¼ f ðxtÞ can be returned as
similarity between x1 and xt, so it is understandable that the running
time of SSP is several times more than graph transduction. None-
theless, when the SSP algorithm is applied to object retrieval on a
large size database (for example, with millions or billions of objects),
it is not practical to perform SSP among the whole database. In such
a situation, we can first compute a short-list of objects for a query
using a pairwise distance function, and then learn similarities of
each short-listed objects to re-rank them using SSP. The shortest
path information used by SSP can be learned in an off-line
procedure, which will not affect the online querying procedure.

The nearest neighbor (NN) algorithm is among the simplest of
all machine learning algorithms. The proposed similarity learning
algorithm could also improve the recognition rate of NN classifi-
cation. The classification results of MPEG-7 dataset have shown
the improvement. We divided the MPEG-7 dataset into two sets:
training set and testing set. For each class, 10 shapes are chosen as
the training samples and the remaining 10 shapes are then used
for testing. The results are shown in Table 2. We observe that the
NN classification performance on these datasets has improved by
SSP and graph transduction [1]. In particular, SSP always outper-
forms graph transduction [1] and yields the best classification
rate 96.29%.
3.2. The experiments on FSSP/DALI protein dataset

In order to evaluate the performance of the proposed method
following [6], a portion of the FSSP database [7] is also used. This
database is constructed according to the DALI algorithm [8,9] and
consists of 2635 proteins classified into 27 classes. For feature
extraction, we use the descriptor Kraw00 & FT02 proposed in [6].
The benchmark metric of similarity is based on the Euclidean
distance between the Kraw00 & FT02 descriptor vectors.

The performance of the classification was evaluated in terms
of overall classification accuracy using leave-one-out experiment.
The overall classification accuracy is the percentage of the
correctly predicted class labels among all 2635 proteins of
the database. First, the contextual similarity learning methods
are evaluated, which rely on the Euclidean distance measure.
We use the following parameters to construct the affinity matrix
for SSP and graph transduction [1]: a¼ 0:4 ,the neighborhood
size is K¼20. Moreover, we set qr ¼ 2=10qR to construct the
shortest path reference set, and stop condition T¼1000.
The overall classification accuracy results are very satisfactory
(Table 3). The overall performance of SSP is close to 100% of
the best. This suggests that, for context-sensitive shape
similarity by graph transduction, is the most useful information
contained in shortest path between query and target object to be
compared.

The efficiency of the proposed shape similarity learning method is
also evaluated in terms of information retrieval performance. Each
model of the database is used as query and the retrieved proteins are
ranked in terms of shape similarity to the query. For the presentation
of the results, the information retrieval precision–recall curve is
used. Fig. 7 depicts the information retrieval precision–recall curve
for all geometrical descriptor vectors used. From these results, we
can see that SSP and graph transduction [1] outperform Euclidean
distance in protein datasets. However, the difference in terms of
performance is very little. The protein descriptor Kraw00 & FT02 used
in this experiment is very powerful. Based on this descriptor, the
basic Euclidean distance has archived a good retrieval performance,
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leaving little space to improvement by SSP and graph transduction.
In many settings, SSP achieves retrieval precision that is 0.60% to
over 4.33% better than the precisions attained by the Euclidean
distance. The SSP can improve protein accuracy for FSSP/DALI beyond
the corresponding graph transduction [1] based similarity learning
algorithms. The results demonstrate that the SSP has the potential to
incorporate the knowledge of intrinsic shape differences, which is
explicitly expressed by shortest paths on the Euclidean distance data
space formed by the known shapes and the query shape.

In term of timing analysis, except for protein descriptor
computation and Euclidean distance computation, all the other
steps of the protein search system, i.e., iterative propagation,
are computed several times instead of only once in graph
transduction [1]. In our experiment, for each query protein,
the average running time of graph transduction [1] method on
MEPG-7 is about 50 s in Matlab. The running time of the SSP
is about 3 min for each query, which is almost three times of
graph transduction [1]. For a large protein database, it is still
acceptable to rank 2000 proteins in 3 min, without any program
optimization.
4. Conclusion

Our main contribution is the development of a contextual
similarity learning algorithm for the retrieval and classification of
shape. By defining a new reference object set, the proposed
similarity algorithm propagates the similarity along the shortest
path from the query to the target, in the [1] manner.

We then validated this contextual similarity algorithm on
shape and protein datasets, in which nearest neighbor classifica-
tion and retrieval tasks are performed. Experimental results have
shown the advantages of this algorithm win over [1]. When the
similarity propagation strategies avoid the redundancy produced
by using the whole database as the reference, the performance of
SSP is improved over graph transduction. We also note that the
improvements are data dependent, which are also affected by the
features used to describe the shapes. However, we can consis-
tently observe improvements by replacing the global reference
with shortest path.
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