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a b s t r a c t

Learning a distance metric from training samples is often a crucial step in machine learning
and pattern recognition. Locality, compactness and consistency are considered as the key
principles in distance metric learning. However, the existing metric learning methods just
consider one or two of them. In this paper, we develop a multi-granularity distance learn-
ing technique. First, a new index, neighborhood granule margin, which simultaneously
considers locality, compactness and consistency of neighborhood, is introduced to evaluate
a distance metric. By maximizing neighborhood granule margin, we formulate the distance
metric learning problem as a sample pair classification problem, which can be solved by
standard support vector machine solvers. Then a set of distance metrics are learned in dif-
ferent granular spaces. The weights of the granular spaces are learned through optimizing
the margin distribution. Finally, the decisions from different granular spaces are combined
with weighted voting. Experiments on UCI datasets, gender classification and object cate-
gorization tasks show that the proposed method is superior to the state-of-the-art distance
metric learning algorithms.

� 2014 Elsevier Inc. All rights reserved.

1. Introduction

How to construct or learn a proper distance or similarity measure is a key problem in clustering and classification such as
k-means, and k nearest neighbor searching [10,51,54]. Whereas, the optimal distance metric may be problem-specific and up
to the underlying data structure and distributions. To this end, there have been increasing efforts made to learn a distance
metric in recent years [6,10,37,39,41,50]. Metric learning methods can be categorized into unsupervised [50], semi-
supervised [5] and supervised ones [1,11,25,27,34,53], according to the availability of the labels of training samples. Metric
learning has been proved to successfully improve the clustering and recognition performance in information retrieval
[29,30], bioinformatics [47] and computer vision tasks [6,10,12,16,39,37].

Generally speaking, metric learning aims to learn an effective distance metric, measured by which the samples from the
positive sample pair (i.e., samples with the same class label or similar samples) could be as close as possible, while the sam-
ples from the negative sample pair (i.e., samples with the different class labels or dissimilar samples) could be as far as pos-
sible. In most cases, a metric learning model has three key components: sample pairs; objective function; regularization. In
supervised learning, sample pairs can be generated from k nearest neighbors, e.g., large margin nearest neighbor (LMNN) [6]
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and neighborhood component analysis (NCA) [15]. In verification tasks, samples pairs could be randomly generated by putt-
ing two similarly labeled samples into positive pairs and two differently labeled samples into negative pairs [16,34,37,39,53].
In weakly supervised learning, side information is provided and similar/dissimilar sample pairs are given [50,18]. The objec-
tive function is often established by minimizing the distance between two samples in positive pairs and maximizing the dis-
tance between two samples in negative pairs [6,16,37]. Besides, Bar et al. proposed to maximize mutual information
between the original data and embedded data [3]. To get a stable solution and the expected property for the learned metric,
regularizations such as trace of matrix [53], log-determinant regularization [42], sparse regularization [23,32] and nuclear
norm [36] are imposed on the learned parameters in different applications [38].

In distance based classification, the performance of local classifiers, e.g., nearest neighbor classifier and neighborhood clas-
sifier, is greatly affected by the local distribution of the training samples. Many metric learning methods aim to learn a dis-
tance metric to get expected local data structure. The local data structure, i.e., neighborhood, can be evaluated from locality,
compactness and consistency. Locality means the neighborhood relationship in the original space, which should be kept in the
learning process. Locality preserving is widely applied in dimension reduction [17,40,43], spectral analysis [7,55] and sparse
coding [48]. Compactness measures the closeness of samples in the neighborhood, which is the main principle in many clus-
tering algorithms [24]. Consistency is used to measure ratio of the samples that can be recognized with the Bayes rule [9]. A
good metric should be capable to preserve locality, lead to compact local data structure and high consistency.

In [21], a neighborhood rough set model is proposed based on neighborhood granulation. The samples in the neighbor-
hood of each sample form a neighborhood granule. Then, a family of neighborhood granules forms an elemental granule sys-
tem that covers the universe. By computing the consistency of neighborhood granules, the universe is divided into decision
positive regions and decision boundary regions. The percentage of samples in the decision positive regions is defined as
neighborhood dependency [20,21]. Neighborhood dependency only counts the pure neighborhood granules and does not
reflect the real consistency. Then the decision boundary regions are further grouped into recognizable and misclassified sub-
sets based on the class probabilities in the neighborhood. The percentage of misclassified samples is defined as neighborhood
decision error rate [19]. Neighborhood decision error reflects the consistency of neighborhood structures. However, it does
not consider the locality and compactness. In this work we design a new evaluation index which simultaneously considers
the locality, compactness and consistency.

When we learn the distance metric with neighborhood information, a problem appears, i.e., how to set the size of neigh-
borhoods. It is suggested that multi-granularity data analysis may lead to performance improvement. Multiple granularity
leads to diverse viewpoints of the world. In different granular spaces, we may view an object differently or get different deci-
sions. This observation has been widely used in feature extraction, feature learning and classifier design. For example, in fea-
ture extraction, Gabor feature extracts features in different scales, that is, different down-sampling rate [33]. Additionally,
spatial pyramid model in matching uses pooling technique to combine the feature extracted in different patch sizes
[52,28]. In feature learning and representation, deep learning, is actually a multi-granularity method. Deep learning learns
low-level, middle-level and high-level features, and each level can be interpreted as a granularity [4]. For classifier design, a
multi-scale face recognition method is proposed by combining the decision of different scales [57]. In [56], an adaptive
neighborhood granularity selection and combination method is proposed to solve the granularity-sensitive problem in
neighborhood granular models. Hence, we can learn multiple distance metrics under different granularity and then combine
the decisions made from the learned metrics.

In this paper, we propose a multi-granularity neighborhood distance metric learning (MGML) method. Firstly, we propose
neighborhood granule margin to evaluate a distance metric. Neighborhood granule margin is defined by maximum log-like-
lihood of Bayes error. Then we formulate the metric learning problem as a support vector machines (SVM) model, which can
be effectively solved by standard SVM solvers. Hence, it is quite efficient and has good scalability. As the optimal neighbor-
hood size may be task-specific, we propose a multi-granularity method to combine the decisions of different granularity. For
each neighborhood size, we can learn a distance metric, and then a decision is got. By margin distribution optimization, the
granularity weights are learned. Finally, the decisions of different granularity are combined using the learned weights.
Experiments on UCI datasets, gender classification, object categorization show that the proposed metric learning method
is competent with the state-of-the-art metric learning methods.

The rest of this paper is organized as follows: Section 2 introduces neighborhood granule margin; Section 3 gives the met-
ric learning model by maximizing neighborhood granule margin; Section 4 proposes the multi-granularity distance metric
learning method; experimental analysis is described in Section 5, and Conclusions are given in Section 6.

2. Neighborhood granule margin

Given an information systemhU;A;Di;U ¼ fx1; . . . ; xng is a non-empty set of objects, A ¼ fa1; . . . ; amg is a set of attributes
which describe samples, and D is the decision variable.

Definition 1. [21] Given xi 2 U, the neighborhood dðxiÞ of xi is defined as

dðxiÞ ¼ fxjjxj 2 U;Dðxi; xjÞ 6 dg; ð1Þ

where D is a distance function defined in feature spaces and d is the neighborhood size.
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