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Abstract

Metric learning is a fundamental problem in computer
vision. Different features and algorithms may tackle a prob-
lem from different angles, and thus often provide comple-
mentary information. In this paper, we propose a fusion al-
gorithmwhich outputs enhanced metrics by combining mul-
tiple given metrics (similarity measures). Unlike traditional
co-training style algorithms where multi-view features or
multiple data subsets are used for classification or regres-
sion, we focus on fusing multiple given metrics through dif-
fusion process in an unsupervised way. Our algorithm has
its particular advantage when the input similarity matrices
are the outputs from diverse algorithms. e provide both
theoretical and empirical explanationsto our method. Sig-
nificant improvements over the state-of-the-art results have
been observed on various benchmark datasets. For exam-
ple, we have achieved 100% accuracy (no longer the bull’s
eye measure) on the MPEG-7 shape dataset. Our method
has a wide range of applications in machine learning and
computer vision.

1. Introduction

Data samples are often given as high dimensional points,
whereas they live in much lower intrinsic spaces (mani-
folds); utilizing the intrinsic data manifold structure there-
fore is an important topic in learning and vision [29, 21];
computing faithful manifold metrics (distance/similarity
measures) leads to good performances in a wide range of
applications in classification, segmentation, regression, im-
age search/retrieval, and visualization [24, 16]. For high di-
mensional data, a direct approach of distance metric learn-
ing (e.g. Mahalanobis distances) [15, 36, 23, 7] is often
used in the context of supervised learning.

One ideato derive a good distance measureis to explic-
itly construct a new embedding space with distance propa-
gation which is more faithful to the manifold structure and
hence induces a better distance notion. The same idea can
be extended to semi-supervised cases, where a limited por-

tion of datalabelsare given. For example, label propagation
[40] and its variants [32] use a diffusion process to prop-
agate labels to the unlabeled data samples along the mani-
fold. One promising approach, diffusion map [5], definesa
new metric, diffusion distances, between data samples; an
input similarity matrix isthen improved through adiffusion
process.

The diffusion/propagation process improves the individ-
ual inputs; in practice, we are often given multiple measures
by different algorithms/metrics, which are also complemen-
tary to each other. We therefore are facing an additional
fusion [17] task on top of the metric learning problem.

From a different angle, co-training style algorithms al-
low classifiers trained on different views of the features
[4, 6, 31, 25] or different subsets of the training data[9, 39]
to pull out more samples from unlabeled data to help each
other. PAC boundswere given for co-training on multi-view
features [6] and tri-training on multi-classifiers [34]. Re-
cently, co-regularization has been adopted for multi-view
learning [31, 27]. However, there are few agorithmswhich
address the problem in an unsupervised manner. In [38]
an unsupervised Bayesian kernel was proposed to fuse the
information induced from multiple views. This simple fu-
sion technique suffers from being sensitive to the parame-
tersin the algorithm and noisein the data. In this paper, we
develop a dynamic process to fuse multiple metrics in an
unsupervised way.

In terms of application, shape/image retrieval is an im-
portant topic in computer vision; due to being intrinsically
high-dimensional and ambiguous, shape/imageretrieval re-
mains a challenging problem. Recent advancesin this cat-
egory attempts to apply transductive or semi-supervised
learning [37] to enhancethe retrieval results. Depending on
the affinity relationship on a simple graph, semi-supervised
learning techniques could be utilized to boost the image re-
trieval performance. However, it may not be sufficient to
represent the full affinity relations by only one fixed graph.

In this paper, we propose a metric learning algorithm,
cross-diffusion process, for generating enhanced similarity



measures by fusing multiple given metrics; it is particu-
larly advantageous when the input similarity matrices are
the outputs by diverse algorithms; in this case, we know the
pairwise distances but no explicit features are given. The
main contribution of this paper includes: (1) We tackle the
ranking/retrieval problem by performing fusion through a
dynamic process, cross-diffusion process, and we design an
extension to deal with multiple input metrics. (2) We show
the convergence of the cross-diffusion process and provide
theoretical interpretations to cross diffusion. (3) On a vari-
ety of benchmark datasets, e.g. the MPEG-7 shape dataset,
we observed significant improvement over the state-of -the-
art results, reaching a near-perfect 100% direct retrieval ac-
curacy (this is even a more difficult criterion than the tra-
ditional bull’s eye measure). Fig. 1 shows an example of
shape retrieval in MPEG-7 dataset. The first row shows
the retrieval results by the shape descriptor “ Shape Con-
texts’(SC) [3], and the second row is the result of another
descriptor “Inner Distance” [13]. The proposed method
combines these two shape descriptors and the retrieval out-
puts are shown in the last row. We can see our method can
greatly improve the accuracy over the baseline. We focus
on the image retrieval task here but our method can be ap-
plied to other learning tasks (we conducted other tasks for
e.g. classifications and dimensionality reduction and also
observed significant improvement over the state-of-the-art
methods, due to the space limit, we choose not to elaborate
on these applications).

1.1. Related Works

Graph-based approaches have been proposed to study the
manifold structure defined by a set of data points. For ex-
ample, label propagation [40] is used to propagate the |abel
information to unlabeled points along the data manifold;
Markov random walks are constructed for a more faith-
ful representation of data affinities respecting the manifold
structure [28]. More recently, attentions have been given to
thework of diffusion maps[5], which is based on the notion
of diffusion distancesinduced from a diffusion process.

There is also active research along the line of informa-
tion fusion. Theideain the seminal work of co-training [4]
isto bootstrap two conditionally independent classifiers by
providing each other with labelsfor the unlabeled data. The
existing literature on metric learning [36, 7] mostly focus
on learning a Mahal anobis distance metric. Very recently, a
co-training work for spectral clustering is proposed in [10],
but we focus on metric learning here; we perform cross dif-
fusion instead of clustering; thereis no theoretical justifica-
tionin[10].

The most related work to ours is the co-transduction
method [2] which fuses two input similarity measures
through transduction. However, our approach is more nat-
ural and general than co-transduction since we perform fu-
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Figure 1. Thefirst 10 retrieved shapes in MPEG7 by Shape Con-
text (SC) [3] (first row), Inner Distance(IDSC) [13] (second row)
and Cross Diffusion with SC & IDSC (last row).The first column
shows the query shape.

sion atogether whereasranking can only be performed one-
by-onein [2]; significantly improved results over those by
co-transduction have been observed aswe will seein the ex-
periments; since no global comparable similarity measures
can be obtained by co-transduction, the application of co-
transduction is rather limited.

2. Cross Diffusion

In this section, we describe our cross-diffusion method;
it has atie to the diffusion maps [5] algorithm. Due to the
space limit, we refer the readersto [5] for the detalls.

2.1. Background

Given afinite weighted graph G = (V, E, W), consist-
ing of aset of verticesV based onthedataset X = {z;,i =
1,...,n}, asubset edges F of V' x V, and a honnegative
symmetricweight functionW : £ — [0,1]. If W (¢, 5) > 0,
we say that there is an edge between z; and x;. We inter-
pret the weight W (4, j) asasimilarity measure between the
vertices ; and x;. A natural kernel acting on functions on
V' can be defined by normalization of the weight matrix as
follows: Wi i)

.. 1,7

P(i, j) S W) D
so that >,y P(i,j) = 1. Note that P is asymmetric
after the normalization. For any label vector or probabil-
ity distribution, f, the multiplication Pf is a local aver-
aging operation, with locality measured by the similari-
ties W. Multiplication by P can also be understood as a
generalization of Parzen window estimators to functions on
graphs/manifolds. The operation f’ P (f’ denotestranspose
of f) can beviewed asaMarkov walk of the vector f. Both
Pf and f'P can loosely be considered as a diffusion pro-
cess.

2.2. Local Similarities

Given agraph, G, we construct another graph G: the ver-
ticesof G arethesameasin G, and weighted edges are those
nearby onesonly. In other words, those similarities between
non-neighboring points (in terms of the pairwise similarity
values) are set to zero. Essentially we make the assump-
tion that local similarities (high values) are more reliable



than far-away ones; and accordingly local similarities can
be propagated to non-local points through a diffusion pro-
cesson thegraph. Thisisamild assumption widely adopted
by other manifold learning algorithms[29, 21]. If p isadis-
tance metric defined on the graph, then the similarity matrix
can be constructed as follows:
N p(xia xj)Q
W(Zvj) - h( MO_Q )7 (2)
for some function h with exponential decay at infinity.
A common choice is h(x) = exp(—x). Note that 1 and
o are hyper-parameters. o islearned by the mean distance
to K-nearest neighborhoods [37]. Using K nearest neigh-
bor (KNN) to measure local affinity, we construct G with
associated similarity matrix:

Wi, j) ifae; € KNN(z;)

W(i.5) = { 0 otherwise )
Then the corresponding kernel becomes:
. W(i, j
P(i,j) = 0. @

ka €K NN (x;) W(i, k)

Notethat P carriesthe full information about the similarity
of each data point to all others whereas P only encodes the
similarity to nearby data points. For clarity, we cal P the
status matrix and P the kernel matrix. For the remainder of
this paper, our algorithm always starts from P asthe initial
status and we use P as the kernel matrix in the diffusion
process for computational efficiency.

2.3. Cross Diffusion Processwith m = 2 Similarity
M easures

Our basic system deals with input as m = 2 similarity
measures or m = 2 sets of features (we will see extension
tom > 2 later) for aset of n datasamples. Let 27 € R%
be the features for the i-th samplein the j-th view where d;
isthe dimension of the feature space for view j, then vector
2 2 (M. 2™ represents the concatenated features
for the i-th data sample, and X 2 (2 29 rep-
resents all samples from the j-th view. Therefore, we can
obtain similarity matrix W) and W) using egn. (3). If
no explicit features are given, our agorithm directly takes
W) and computes W accordingly. Finally, PU) and PU)
are obtained by egn. (1) and egn. (4) respectively.

To explore the idea of mutual improvement and inspired
by the co-training [4] algorithm, we introduce our proposed
method, “Cross-Diffusion Process’. First, we calculate the
status matrices P(!) and P®) asin egn. (1) from two input
similarity matrices; then the kernel matrices P(*) and P(?)
are obtained asin egn. (4). Let PV = P and P{* =
P®), The cross-diffusion processis defined as:

P =P (P < (PO ©)
P =P® x () x (PO ©)

where Pt(l) isthe status matrix after ¢ times' iterations. This
process exchanges the status matrices each time and gen-
erates two parallel inter-changing diffusion processes. Af-
ter ¢ steps, the overall status matrix is computed as P(¢) =
L(p™M 4+ P®)). since P isaKNN graph of P which can
reduce some noise between instances, our cross diffusion
process is robust to the noise of similarity measures.

The input of our algorithms can be raw feature vec-
tors, pairwise distances, or pairwise similarities. We refer
to this method as “CrDP” in the remainder of this paper.
The learned status matrix P(¢) from the above method is of
different use for many machine learning tasks, such as re-
trieval, clustering, and classification; in this paper, we focus
on the tasks of image retrieval.

Convergence Analysis

Next we prove that the two status matrices in our cross
diffusion processin egn. (5) converge. First, we need to
define the distance between two kernels. Given two status
matrices P and @, the direct L1 distance can be computed
as.

APl == Y

i=1..n,j=1..n

Theorem 1 The distance between two status matrices
P e R and P € R™", defined in egn. (7) con-
vergeswith t — oo.

Proof: Based on egn. (5), without loss of generality at,
2t + 1, we have

Py =P (P@OPWY)x p) s (PEPMY )t (p1)) (8)

P =(POPWYxp@ sy pD 5 (PP x (PR PM))t (9)
Let {\1, Aa, ..., A} bethe eigen values of P PM), and

AL > |/\2| > ... > |/\r|

A general assumption for the transition matrix P! and
P2 for being irreducible and aperiodic can be made. Ac-
cording to the Perron-Frobenius Theorem [20], we have

(PPPW) = 1" + O™~ Aa"),
where 1 and 7 are the top right and left eigen vectors for
PR PW) and m, isthe algebraic multiplicity of \y. There-
fore, witht — oo, we have
(PEPMYQUPOPYY) = B,¥Q,
where B is afixed matrix dependent on 7 only. Therefore,
APy Pyt ) == d(BIPYD B(PY) = ¢,

where e is the difference between a fixed matrix B w.r.t.
itself after oneround of diffusion. This showsthat Pt(l) and



Pt(g) convergesto the same status matrix B with difference
in only one round of diffusion.

One can add extraregul arization as optional stepsto egn.
(5) to increase the robustness of our algorithm:

Py =P x (BY) < (PV) 401
P = PP x (PY) x (PD) + 1 (10)

The reason of adding n! is at least two-fold: (1) to avoid
the loss of the self-similarity through the diffusion process,
(2)to ensure more robust mass distributed. The convergence
after adding the regularized term is consistency observed in
various experiments (see Sec. 3). It is noted that although
using these optional steps slightly improves the algorithm
performance over egn. (5), improvement of CrDPisconsis-
tently observed over the baseline and contemporary meth-
ods with or without these options.

2.4. Probabilistic I nter pretation

We demonstrate the idea of cross diffusion from a prob-

abilistic view. Given the status matrix Pt(l), we can define
the diffusion distance[5] at time ¢ asfollows:

DM, g) = PV, - PG | (A

This meansthe diffusion process maps the data space into a
n-dimensional space %" in which each data point is rep-
resented by its probability to the other data points. It isrea
sonable to assume that for each datax!” € %", we have
px) = N (x|, PY). Note in the cross diffusion
process, two different kernels start merge in some sense. To
do this, we design an linear operator P(2):

x( = POxY + e (12)

where ¢ is white noise, i.e. p(s) = N (£[0,1). Under this
linear operation, we have:

p(xi i) = N P@x D). (19
The marginal distribution of xﬁ)l is

(2)

p) = [ NP, PHN(E, PP g 1) dxY

R
= N1 PO, PORN (PR 4 1)

From the above equation and Eqn.(5), we can see that, the
essence of cross diffusionisto do linear operation on diffu-
sion space iteratively. Let uslook at the linear operator in

Eqn.(12). P2 isa sparse version of P\? and only KNN
information in the space 9%(()2) is kept in the operator P(2):

2 . 2) . . 1 .
@ = Y PPHxDG) + e
JEKNN®) (i)

This projection combines information from two views.
Note x; is a point in the diffusion space. Instead of lin-
ear projection in the original data space, we do projection
on diffusion space. The advantages of projection on diffu-
sion space aretwo-folds: 1) The projectionisrobust to noise
and scales of data points; 2) The projection incorporatesthe
intrinsic structure of similarity manifold of the whole data
Set.

2.5. Geometrical I nterpretation

In this section, we provide a geometrical explanation to
our method. We suppose that the K-nearest-neighborsis
good to measure local affinity, i.e., for any example x: (1)
for some small ¢, there are at least K(1 — ¢) same-class
(or same cluster) examples in the K nearest neighbors of
z; (2) if there is another class example 2’ in the K nearest
neighbors of z, then 2 does not belong to the K nearest
neighbors of any other example, which means that " may
be an outlier. Let pur(mp) denote the purity of the con-
nected component 7ty in graph P, then

pur(mp) = max [|{x cxemg Ae(x) =1}/
mol, {z : @ € mg A c(x) = =1}|/|mpl|,  (14)

where ¢(z) denote the ground class (cluster) label of z. If
pur(mg) > 1 —eforal 1 < 6 < X\ where \ is the num-
ber of the connected component in graph P, we say that P
is an e-good graph [35]. For an easier denotation, we use
the two-class case, positive vs. negative, for discussion and
also focuson two views. We call a connected component as
positive (negative) component if most examplesin thiscom-
ponent are positive (negative). If the K -nearest-neighbors
is good to measure local affinity, obviously P(*) and P(?)
are e-good graphs.

For the convenience of discussion, we let P = P
and P¥) = P, With Eq.(5), wefind that

t t

P o (7)(1)7)(2)) P2 ((7)(2))’(7)(1))’) (15)
t t

Ly o (POPM) PO (PO (P@Y) . (16)

Theorem 2 If the K-nearest-neighborsis good to measure
local affinity, Péé}rl and Péf}rl are e-good graphs. The num-
ber of connected componentsin graph ngtlll isthesame as
that in graph Péf}rl, which is no larger than that in graphs
P and PP,

The proof is given in the appendix.

2.6. Extensiontom > 2

In this section, we extend our algorithm given multiple
(m > 2) similarities. The main idea is the same as in the



case of m = 2, and we just need to adjust egn. (5) to

PO =P x ( ZP x (POY 4+ qI, (17)
J#?
wherei = 1,...,m. The corresponding final status matrix

is computed asp(c) —Llym P()

3. Experimental results

The proposed method benefits from its robustness to the
parameter settings. In all of the experiments, we use the
same set of parameters, whicharex = 0.36in(2), K = 20
in(3),n = 1in (10). We use the term “baseline” to repre-

sent the accuracy of the initial metric without any learning :

techniques.

3.1. Retrieval
3.1.1 ShapeRetrieval

The proposed algorithm is first tested for shape retrieval
on a commonly used MPEG-7 database [11]. The dataset
contains 1,400 silhouette images from 70 classes, where
each class has 20 different shapes. Traditionally, the perfor-
mance is measured by the bull’s eye score: every shapein
the database is treated as a query and the accuracy of are-
trieval window of size 40 is accumulated and reported. As
the bull’s eye score saturates with our algorithms, it is re-
placed by another measure called direct accuracy score in
this paper: instead of using a retrieval window of size 40,
we use a size 20 window. Note it is a much stricter mea-
sure than the bull’s eye score: a 100% direct accuracy score
means perfect retrieval results.

Two different shape matching algorithms are being
fused: Shape Contexts (SC) [3] and Inner Distance (IDSC)
[13], each of which outputs a 1,400 x 1,400 similar-
ity matrix on the MPEG-7 shape dataset. Recent state-
of-the-art multi-view methods on this dataset include a
co-transduction(Co-T) fusion approach [2]. We also test
the diffusion maps (DM) [5] and Bayesian Co-training(B-
Co) [38] on combined descriptors. Asshownin Table. 1, the
advantage of our method over the competing approaches,
including a direct fusion of the input metrics, is evident.

In addition, we tested the performance of the proposed
method in the situation with multiple (m > 2) input simi-
larities. We use another similarity computed by data-driven
generative model (DDGM) [30]. Together with the other
two descriptors SC and IDSC, further improvement is ob-
served in Table. 1, which justifies the generalization capa-
bility of our method in cases with m > 2.

We report the performance of our agorithm and com-
pareit to some other state-of-art methodsin this dataset (see
Table.1); as we can see, our method improves the baseline
and the competing methods by alarge margin. Our method

achieves the perfect results (100% in pure accuracy which
isthe first time in the literature) when three descriptors are
combined. Note that the baseline of the simple sum of three
similarities is even worse than the baseline of combination
of SC and IDSC. This suggests that a direct combination of
all the similarities is not necessarily improving the overall
performance. Our cross diffusion processinstead uses a dy-
namic process to fuse the multiple metrics to make use of
their complementariness.

—— SC+IDSC+Co-Transduction
—}— SC+DDGM+Co-Transduction

IDSC+DDGM+Co-Transduction|

——— SC+IDSC+CIDP
SC+DDGM+CIDP
—v— IDSC+DDGM+CrDP

—4— scpsc+crop

SC+DDGM+CIDP

—— 1DSC+DDGM+CIDP

—ll— SC+IDSC+DDGM+CrDP

—=— SC+IDSC+DDGM+CrDP

0 5 10 15 2 0 20 60 80
Scope

@) (b)
Figure 2. (a) The Accuracy-Scope curve for comparison with Co-
Transduction and CrDP on MPEG-7. (b) Accuracy of CrDP on
MPEG-7 over along range of number of iterations

To fully compare to the co-transduction method which
is most similar to our method, we show the Accuracy-
Scope curvein Fig. (2.a). Compared with co-transduction,
our method is stable over long ¢ (as shown in Fig. (2.b))
while the performance of co-transduction drops fast when
the number of iterations becomeslarge[2].

3.2. Face Retrieval

When only asingle modality of featuresis available, our
approachisstill applicable so long as various metrics can be
defined on the features. With one modality, we can still cal-
culate different kinds of distances which provide different
aspects to describe the data points (a detailed description
of various distance functions can be found [1]). For ex-
ample, one can use L distance, L, distance, L 5 distance
Linduced metrics and cosine similarity metric 2 on the same
set of features. Here, we illustrate this point by some exper-
iments on aface retrieval application using the AT'&T face
image dataset [22]. This dataset consists of 400 images of
40 subjects, each one has 10 images with slight variation in
facial expression and illumination. We use a very common
face descriptor, LBP [18].

Retrieval accuracy is defined asthe direct accuracy score
with a retrieval window of size 10. The retrieval results
are shown in Table.2. Asisshown in the table, our method

The L, distance for n-dimensiona vectors a and b is (3 (a; —
1
bi)P)»

2The cosine similarity for vectors a and b is HaH Hbll

100



Table 1. Direct accuracy scores (see the text for definition) on MPEG-7 dataset. SC refers to [3]; IDSC refers to [13]; DDGM refers
to [30]; DM refers to diffusion maps [5]; Co-T refers to [2]. B-Co refers to [38]. The baseline retrieval accuracy of each descriptor

(SC,IDSC,DDGM) is 79.83, 76.07, 75.31, respectively

| [ SC+IDSC | SC+DDGM | DDGM+IDSC | SC+IDSC+DDGM |

Baseline 88.79 84.85
DM 89.00 89.10
Co-T 94.86 94.86
B-Co 87.95 88.70
CrDP 99.86 98.83

83.14 87.68
88.59 92.99
95.12 95.24
87.89 90.42
99.69 100

Table 2. Retrieval accuracies onthe AT'&T face dataset. The baseline of each distance measure(L2,L1, Lo.5, Cos.) is78.57, 78.64, 78.62,

79.80, respectively
Method | Lo+ L1 | L2+ Loss | Li+ | L2+ | Li+ | Los+ | La+ L1 | Lo+ L1 | La+Los | L1+ Los Lo+ Li+
Los Cos. Cos. Cos. +Lo.s +Cos. +Cos. +Cos. Lo.s + Cos.

Baseline 81.78 81.80 81.75 | 8208 | 8217 82.09 82.20 82.29 82.30 82.28 83.32
DM 82.84 82.80 82.89 | 8304 | 8297 83.10 83.09 83.15 83.14 83.19 83.38
Co-T 84.44 84.38 84.29 | 8474 | 84.61 84.59 84.88 84.87 84.80 84.86 84.97
B-Co 81.89 81.90 81.94 82.07 82.14 82.10 82.29 82.31 82.37 83.29 83.42
CrDP 92.38 92.65 9249 | 9258 | 92.67 92.70 93.25 93.41 93.35 93.38 94.27

has more than 8% improvement over the other existing met-
ric fusion methods, and more than 12% improvement over
the baseline with a single modality of features. We can see
that other methods can just achieve a slight improvement
over the baseline. Here the cross diffusion process benefits
from the complementariness of two/multiple different met-
rics rather than different feature modalities. Since L, dis-
tance captures the magnitude of the difference vector while
cosine similarity measures the angle between two vectors,
they provide complementary viewswhich can be effectively
combined by our algorithm.

These experiments show that our algorithmsare effective
to exploit the complementariness of two/multiple views,
which can come from either different feature modalities or
diverse similarity metrics defined on a single modality.

3.3. Caltech-101

Figure 3. Some sample images from the subset of the Caltech101
dataset [8] we used. They are chosen due to the relatively large
number of available images within the category.

We also tested our algorithm on a well-known Caltech-
101 dataset[8] which consists 101 classes and a collection of
background images. We selected 12 classes (including an-
imals, faces, building, etc.) from Caltech-101, which con-
tains total 2788 images. These classes are chosen due to
the relatively large number of available images within the
category. The number of images per category varies from
41 to 800, most of which are medium resolution, i.e. about

Table 3. Retrieval accuracies on the Caltech-101 subset. The best
accuracy is 100. The accuracy of each descriptor(siftLLC, sift-
SPM) is 78.57, 80.10, respectively

SfILLC | SftLLC | SftLLC+ | siftLLC+ | SiftLLC+
SftSPM | siftSPM | SiftSPM | siftSPM SiftSPM
(Basdling | +DM | +Co-T | +B-Co | +CrDP

[ 8238 [ 87.41] 86.85 | 85.79 | 94.11 |

300 x 200 pixels. Fig.3 shows some samples of the sub-
set. We use two kinds of variants of SIFT feature: SIFT
with locality-constrained linear coding (siftLLC) [33] and
SIFT with Spatial Pyramid Matching (siftSPM) [12]. The
SIFT features are both extracted from 16 x 16 pixel patches
on a grid with step size of 8 pixels. The codebook are ob-
tained by standard K-means clustering with the codebook
size 2,048. The distance between two imagesis obtained by
the 2 distance between two feature vectors. Note that the
retrieval window size is just the number of images in each
category. Thefinal accuracy isthe average accuracy of each
image.

The accuracy results are shown in Table3. The pro-
posed method improves the retrieval accuracy of baselines
by about 15%, and achieved large improvement over the
other methods. Note that diffusion maps(DM) is related to
the proposed method and performsquite well in this dataset.
This suggests that diffusion-based methods can somehow
discover the intrinsic structure of natural images collection.
We give a thorough comparison to diffusion maps by mea-
suring the retrieval performance using the Precision-Recall
curve (see Fig. (4)). Note that we only use precision-recall
curve in Caltech101 because the number of imagesin each
category is different. Precision-recall is a more accurate
way to describe the effectiveness of the method. The other
three data sets, the numbers of images in each category



Table 4. Retrieval accuracies on the N-S data set. The best ac-
curacy is 4. The baseline of each descriptor (GIST, SIFT) is
2.94,3.22, respectively

are the same, so it is enough to use accuracy only. The
Precision-Recall curves show that our method outperforms
diffusion maps; our method is also robust to large variance

. . . . GIST+SIFT GIST+SIFT GIST+SIFT GIST+SIFT GIST+SIFT
in the number of images in each class. In addition, one ]

. . . . . (Baseline) Co-T DM B-Co CrDP
drawback of diffusion maps is that its performance is sen-
sitive to choice of the number of iterations (as shown in | 319 | 342 | 335 | 324 | 368 |

Fig. (4.b). When DM iterates too many rounds, the perfor-
mance drops significantly. However, our method converges DM
to a promising result as the number of iterationsincreases.
Co-T

0o 7 —siftLLC+DM B-CO

08 SiftSPM4DM
e SIftLLC+siftSPM4DM
07 e SftLLC+siftSPM+CIDP

siftLLC

—e— siftSPM

—v— iftLLC+DM
—— SiftSPM+DM
——— SIfILLC+siftSPM+DM 01
—=— SifiLLC+siftSPM+CIDP

.
01 02 03 04 05 06 07 08 09 1 o 20 40 60 80 100
Recall number of iterations

(@ (b)
Figure 4. Comparison with single-view features with diffusion

maps and cross-diffusion process. (a) shows the precision and re-
cal. (b) shows the performance against the number of iterations.

In this experiment, we test the sensitivity of the three
parameters(y in ( 2), K in (3), n in ( 10)) in the proposed
method. We vary one parameters at a time while fixing the
others. For instance, when we test the sensitivity of pa-
rameter 1, we try different values of p within a range of
[0.1, 4] while the other two parameters K and 7 are fixed
to be 20 and 1 respectively. The corresponding retrieval re-
sults are shown in Fig.( 5). We can see that, our method is
very insensitive to those three parameters. That is why in
all experiments, we just use one fixed set of parameters.
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Figure 5. Sensitivity test on Caltech 101 over the set of parameters
(., K, n) in the proposed method.

Figure 6. The first 4 retrieved shapes in N-S dataset by GIST and
SIFT. The one |€eft the black line shows the query image. The last
column shows the corresponding method.

3.4. Natural Image Retrieval

In this section, we demonstrate the performance of the
proposed approach for natural image retrieval. We select
the Nister and Stewenius (N-S) dataset composed of 10, 200
images [26]. The N-S dataset consists of 2,550 objects
or scenes, and each is imaged from 4 different viewpoints.
Hence we havetotal of 2, 550 image classes, and each class
has only 4 images. Thisis a very challenging dataset, es-
pecialy for unsupervised manifold learning. We use two
different image descriptors: SIFT [14] and GIST [19]. We
calculate Chi-Square distance between image descriptors.

The retrieval results are shown in Table. 4. The retrieval
rate is measured by the average number of correct images
among the first four image returned. Therefore, the best ac-
curacy is 4 and the higher the value the better is the result.
We can see that our methods can greatly improve the base-
line methods, and show better performance than the other
unsupervised metric fusion methods. Fig.(6) shows some
examples of retrieval results.

4. Conclusion

We have presented a cross-diffusion approach for en-
hancing similarity measures given two/multiple metrics.
Our method takes advantage of multiple input similarity
metrics and fuses them in a dynamic process. Our algo-
rithm is easy to implement and generally applicable to a
wide range of applications. The learned/fused metric can
greatly improve the results of shape, face, and natural im-
age retrieval. Significantly improvement over the-state-of -
the-art has been observed on various benchmark datasets.
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5. Appendix

Proof of theorem 2.

For any positive (negative) example x, the negative (pos-
itive) example 2 (if any) in the K nearest neighbors of =
doesnot belong to the K nearest neighborsof any other neg-
ative (positive) examples, we know that the positive compo-
nent in graph P() will never have joint examples with the
negative component in graph PG—) (v = 1, 2). We know
that each connected component in graph P(MP2) is com-
posed of some connected components in graphs P! and
P2 which have joint examples. P.}” is an e-good graph
and the number of connected components in graph PQ(tl) is
no larger than that in graphs P(*) and P(?). Obviously, the
same result can be got for graph PQ(f). Considering that
P = 1(pM 4+ P, we know that P() is an e-good
graph and the number of connected components in graph
P(©) isno larger than that in graphs (") and 7(?). Though
ageneral Markov kernel is often assumed to be irreducible,
the convergence rate of Markov chain is also dependent on
conductance, which measures the bottleneck (components).
Thereal graph observes sparsity and locality, which makes
the assumption of components not unreasonable.
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