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Abstract. Metric learning serves to mitigate, to a great extent, the class-imbal-

ance problem associated with large multi-class image databases. However, the 

computational complexity associated with metric learning increases when the 

number of classes is very large. In this paper, a novel localized metric learning 

scheme is proposed for a large multi-class extremely imbalanced face database 

with an imbalance ratio as high as 265:1. The Histogram of Gradient (HOG) fea-

tures are extracted from each facial image and these are given as input for metric 

learning. The proposed scheme involves confining the metric learning process to 

local subspaces that have similar class populations. The training dataset is di-

vided into smaller subsets based on the class populations such that the class im-

balance ratio within a local group does not exceed 2:1. The locally learnt distance 

metrics are then, one by one, used to transform the entire input space. The nearest 

neighbor of the test sample, in the training set, is noted for each transformation. 

A comparison amongst all transformations for the closest nearest neighbor in the 

training set establishes the class of the test sample. Experiments are conducted 

on the highly imbalanced benchmark Labeled Faces in the Wild (LFW) dataset 

containing 1680 classes of celebrity faces. All classes are retained for the exper-

imentation including those minority classes having just two samples. The pro-

posed localized metric learning scheme outperforms the state of the art for face 

classification from large multi-class extremely imbalanced face databases. 

Keywords: Extremely imbalanced dataset, Face recognition, Subspace-learn-

ing, Multi-class, Metric learning, Large margin nearest neighbor. 

1 Introduction 

An uneven class distribution in multimedia data is a matter of concern to machine learn-

ing researchers. The reason is the bias induced while training the classification model 

that mis-classifies most of the minority classes whose samples are scant as compared 

to that of the majority classes. The class imbalance problem, as it is generally called, is 

a well-known highlighted issue in data mining [1]. The conventional solutions mostly 

revolve around resampling strategies [2] and cost-sensitive learning [3]. Resampling 

involves data manipulation by oversampling the minority class, undersampling the ma-

jority class, or hybrid sampling approaches [4]. Cost-sensitive learning, on the other 

hand, modifies the learning process such that it becomes more sensitive to the cost 
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function pertaining to the under-represented minority class [5]. However, these solu-

tions, that are popular in data mining, were not found easy to adapt for multimedia 

datasets, mainly due to the large scale of the datasets involved, the large number of 

classes, and the high imbalance ratio between the majority and the minority classes [6]. 

Oversampling the minority class created replicas that further increased the scale of the 

dataset, while undersampling led to loss of discriminative information. Experiments to 

generate new minority samples were conducted in [7] that involved affine transfor-

mations of samples from the under-represented minority class. Data augmentation us-

ing Generative Adversarial Networks (GAN) is yet another technique to correct class 

imbalance by creating synthetic images for the minority class [8]. Creation of synthetic 

samples further increases the computational overhead associated with a large dataset, 

with parallel computing and high-performance computing machines usually being in-

volved [9].   

Most of the solutions to the class-imbalance problem in literature, including those 

discussed above, are meant for binary classification problems i.e. for datasets having a 

single majority class and a single minority class. All these algorithms work microscop-

ically with majority class samples and/or minority class samples as the chief particles 

of interest, and focus on either eradicating the redundant majority samples or replicating 

the minority samples. The severity of the class imbalance problem is based on the ratio 

of the majority class population to minority class population that is defined as the im-

balance ratio (IR). IRs of 50:1, 100:1 or higher are considered as indicators of extremely 

imbalanced datasets. In cases where the dataset was multi-class, researchers trans-

formed the problem into a two-class one by segregating the classes into two clusters 

based on the relative similarity between class populations, for the purpose of testing the 

utility of their sampling algorithms [10]. Fig. 1 illustrates the binarization of several 

popular multi-class datasets in various works in literature. 

   

 
                                   (a)                                                                  (b) 

 

     
                                       (c)                                                                  (d) 

Fig. 1. Binarization of multi-class datasets in different works in literature: (a) Pageblocks by 

Barua et al. (2014) [11] (b) Yeast by Barua et al. (2014) [11] (c) Yeast by Tao et al. (2019) [12] 

(d) Glass by Liu et al. (2020) [13] 

 

Apart from serving the purpose of testing and trying out new resampling strategies, 

the binarization of multiple classes destroys the original class information and renders 

the existing solutions useless for classifying the original multi-class dataset. Adaptation 
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of existing binarized classification solutions to large multi-class multimedia datasets 

where the number of classes is too high and the imbalance condition is severe, is thus 

highly impractical. In our paper, we propose a novel solution based on distance metric 

learning for tackling the class-imbalance in large multi-class image datasets. Distance 

metric learning [14] induces data space transformation that results in an improved clas-

sification for a dataset with imbalanced class-distribution. The chief advantage over 

resampling strategies is the prevention of loss of information by undersampling, and 

the creation of redundancy and computational overhead by oversampling. Though this 

idea has been explored before by Feng et al. (2018) [15], Wang et al. (2018) [16], Wang 

et al. (2021) [17] and Susan and Kumar (2019) [10], it has not been investigated, to the 

best of our knowledge, for larger datasets having more than thousand classes and for a 

multi-class scenario with severe class-imbalance problem. The reason is the computa-

tional complexity of metric learning that attains impractical limits when the number of 

classes are extremely high (>1000). Specifically, we focus on the large multi-class La-

beled Faces in the Wild (LFW) face database [25] containing 1680 classes, with a 

highly uneven class population profile ranging from 530 to 2. The researchers in [35] 

constrain metric learning to selected samples of the top-186 classes of LFW.  However, 

in the current work, all the classes of the LFW dataset are involved in the metric learn-

ing process. To minimize the computational complexity, the low-dimensional HOG 

features are used to prove the effectiveness of the proposed localized metric learning. 

The contributions of our work are summarized as follows: 

1. A novel localized metric learning scheme is introduced for handling severe class-

imbalance in large multi-class face datasets; the LFW face dataset used in our experi-

ments has a high imbalance ratio of 265:1. 

2. The classes are first sorted based on the decreasing order of class populations, and 

then divided into subsets such that the maximum imbalance ratio within a subset is 

approximately 2:1. 

3. Metric learning is performed in a distributed manner, locally within each subset. The 

local transformation matrices learnt are used, one by one, to transform the training and 

testing input space that comprise of HOG features. 

4. For each transformation, the minimum Manhattan distance of the test sample from 

the training samples is computed. Comparison among all transformations establishes 

the class label of the test sample from the label of the nearest neighbor in the training 

space. 

5. Experimental analysis has been conducted on a challenging public facial image da-

tabase having 1680 classes with all the minority classes retained, and results are com-

pared with the state of the art. 

6. Our classification scores are observed to be the highest among all existing methods 

in terms of accuracy, AUC score and F1-score, for a very challenging train-test split of 

50:50 with 2-fold cross-validation. 

The organization of this paper is as follows. Section 2 reviews the metric learning 

concepts and the limitations of its direct application to large multi-class datasets. Sec-

tion 3 describes the proposed localized metric learning scheme and section 4 describes 

the experimental setup and analyzes the results. The final conclusions are drawn in 

section 5. 
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2 Metric learning as an antidote for the class imbalance 

problem 

Distance Metric Learning (ML) is the process of learning a distance metric from labeled 

training samples for efficient classification [14]. The process involves learning a trans-

formation matrix that brings similar points closer and pushes dissimilar points farther 

apart. The result is reduced intra-class differences and increased inter-class differences. 

Without depleting or adding new samples, metric learning achieves improved classifi-

cation for imbalanced datasets. For best results, ML is used along with distance or sim-

ilarity classifiers in the classification module [18]. Weinberger et al. proposed the Large 

Margin Nearest Neighbor (LMNN) metric learning [19, 20] that learns a Mahalanobis 

distance metric for k-Nearest Neighbor (kNN) classification by semidefinite program-

ming. We use LMNN for metric learning and data space transformation in our experi-

ments, hence we start with a brief discussion on its procedure.  

Consider an input space of n training samples 𝑿 = {�⃗⃗� 𝒊}, 𝑖 = 1, 2, … , 𝑛. The correspond-

ing class labels are denoted by {𝑦𝑖}, 𝑖 = 1, 2, … , 𝑛. The objective of LMNN is to learn 

a transformation matrix T that transforms the input space such that the k nearest neigh-

bors of a training sample mandatorily belongs to the same class. The squared distance 

between two samples xi and xj in the linearly transformed input space is computed as 

 

                                               
( )

2

= −i jD T x x
                                                                          (1) 

                       

The authors in [19, 20] have proposed k=3 to be a suitable choice, and this is adopted 

for our implementation of LMNN in this work. For classes with samples fewer than 3, 

k was reduced accordingly. The cost function of LMNN imposes a penalty on large 

distances between a training sample and its k nearest neighbors belonging to the same 

class, and another penalty on small distances between the training sample and training 

samples belonging to other classes. The latter penalty is responsible for the term “large 

margin nearest neighbor” since it ensures that a large margin is maintained between 

samples belonging to different classes. The Euclidean distance between samples in the 

transformed space is proved to be equivalent to the Mahalanobis distance between the 

samples in the original input space [20]. The newly transformed input space Xnew yields 

improved performance for distance- or similarity-based classifiers such as kNN. The 

transformed input space is defined, in pure mathematical terms, by the matrix multipli-

cation of the original input space with the transposed transformation matrix as shown 

in Eq. (2). 

                                                    
=  t

newX X T
                                                                        (2) 

 

In case of imbalanced class-distribution for a real-world dataset, the majority sam-

ples outnumber the minority population, generating a decision bias towards the major-

ity class. The role of metric learning in reducing the class-imbalance was explored in 

the works of Feng et al. (2018) [15], Wang et al. (2018) [16], Wang et al. (2021) [17] 

and Susan and Kumar (2019) [10]. The idea was to transform the data space and 
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concentrate the class populations to confined spaces leading to better classification re-

sults. These methods, notably, marked a departure from the conventional solution of 

resampling that relied on depletion of majority samples and/or replication of minority 

samples for balancing the imbalanced dataset. Sampling was integrated with ML in a 

hybrid scheme in [21], where the distance metric was learnt from pruned datasets.  

The computational complexity of metric learning constrains its use for large multi-

class datasets. The real issue is the computation of the second penalizing term in the 

cost function that computes distance of a sample with all other samples of other classes. 

Hence, most of the imbalance treatment solutions mentioned above are for binary clas-

ses only with even multi-class datasets being recategorized to binary classes, as illus-

trated in Fig. 1. The limitations of the existing applications of ML to correct class-

imbalance are summarized as follows. 

1. The existing ML applications for class-imbalance treatment are limited, based on the 

size of the dataset and the number of classes (chosen to be two for most applications). 

2. The reason is the large number of computations required to calculate inter-class dis-

tances and intra-class distances between every pair of training samples, for computing 

the cost function in metric learning. 

3. Even if multi-class computations are somehow managed by high performance com-

puting machines, the resulting transformation matrix may not be altogether accurate in 

the presence of so many classes due to spatial limitations in adjusting so many classes. 

4. The transformation matrix T being a d×d matrix, the efficiency of transformation for 

the multi-class scenario is limited by the size of d. 

5. Metric learning does not take into account the non-linear relationships between sam-

ples and class labels, instances of which are present in most of the real-world datasets. 

 

Due to the above listed issues, ML has been rarely applied to correct class-imbalance 

in large multi-class multimedia databases. Some of the few works that did address this 

problem did so under computational constraints, and in no case, to the best of our 

knowledge, did the number of classes exceed 1000. In [22], the majority class was un-

dersampled to reduce the population, followed by ML. In [23], metric learning was 

used to improve road traffic sign detection from a LIDAR equipped vehicle, with 112 

sign categories affected by the class-imbalance problem; 20 to 80 samples were selected 

from each category to form a prototype set to ease the ML computations. Deep metric 

learning was used in [24], in an imbalanced class scenario, to augment the results of 

uncorrelated cost-sensitive multi-set learning (UCML) that identifies discriminative 

features for classification. Here, balanced subsets of Majority class: Minority class 

were created using Generative Adversarial Network (GAN), and the distance metric 

was learnt within each subset using an overall loss function incorporating the individual 

loss functions of all subsets. The datasets were converted to two-class datasets for the 

experiments.  

In our work, we seek to address the above limitations, for an extremely imbalanced 

large multi-class publicly available dataset LFW containing 1680 classes of celebrity 

facial images, for which conventional ML is rendered impractical. Further details of 

our proposed technique are presented in section 3. 
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3 Localized metric learning – the proposed approach 

Learning local metrics is considered computationally economical and efficient for large 

multi-class datasets rather than computing a global metric. This is the hypothesis on 

which we construct our idea. The concept was noted in [31] where a local similarity 

metric was computed for Locally Embedded Clustering (LEC), based on kd-tree parti-

tions specific to certain localities.  The objective function of SERAPH metric learning 

algorithm was decentralized in [32] to learn local metrics from a partitioned geograph-

ical region comprising of a finite number of nodes. With an aim to achieve parallel 

computation, the data in [33] is partitioned into medium-sized subsets, and results of 

local discriminative metric learning are aggregated into a global solution.    

 In our paper, we propose a localized metric learning scheme for the classification 

of facial images from large multi-class extremely imbalanced face databases containing 

more than thousand classes with numerous minority classes. Our technique, that is de-

void of any sampling procedure, relies entirely on locally learnt transformation matri-

ces. The local group formation, here, is based on the relative class sizes. LMNN is 

applied separately to each of the subsets, and the distance metric that is learnt from each 

local subspace is used, by turns, to transform the entire training and test space. For each 

test sample, the closest training sample in the transformed data space is determined in 

each case. A comparison among all transformations indicates the closest neighbor in 

the training space, the label of this training sample is assigned as the class label of the 

test sample. In summary, the work done in our paper is distinct in the following ways. 

1. Our method partitions the training space into discrete subspaces based on relative 

class sizes and performs metric learning locally within each subspace. The task at hand 

is the classification of severely imbalanced large datasets having numerous classes ex-

ceeding 1000. We include all the minority classes of LFW face dataset that have at least 

two samples, of which one sample is applied for training and the other for testing, in a 

50:50 split. To the best of our knowledge, very few works on LFW have included all 

the 1680 classes. 

2. The locally learnt transformation matrices (7 in number for LFW) are used, in 

turns, to transform the entire input space including both training and test spaces. 

3. The nearest (training) neighbor of the tests sample in the seven-times transformed 

training space provides the class label of the test sample. Therefore, a seven-fold chance 

is provided for each test sample to find its closest match in the training space as opposed 

to a single chance in the case of a global metric, the computation of which, for such a 

large database, is practically infeasible. 

4. Our method boosts the classification accuracies, especially of the minority classes 

that have very few samples in the training space. 

The steps are explained in greater detail in further sub-sections. 

 

3.1 Division of dataset into subsets 

The first task is the division of the dataset into smaller subsets for the purpose of local-

ized metric learning in which local transformation matrices are learnt from each subset. 

Fig. 2 shows the division of the dataset into seven groups or subsets for the LFW da-

taset. The classes are divided such that the maximum imbalance ratio (IR) within a 
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group is limited to approximately 2:1. This ensures that the metric learnt from a subset 

is not heavily biased towards one class, as is the situation with the LFW dataset, when 

considered as a whole. As observed from Fig. 2, subset 1 is a majority class subset and 

subset 7 contains the minority classes with least number of samples (=2 samples in each 

class). The distance metric is now learnt locally within each subset using the principles 

of LMNN explained in Eq. (1) and Eq. (2). 

 
subset 1 subset 2 subset 3 subset 4 subset 5 subset 6 subset 7 

Class size: 

[530, 236] 

Class size: 

[144, 71] 

Class size: 

[60, 30] 

Class size: 

[29, 14] 

Class size: 

[13, 6] 

Class size: 

[5, 3] 

Class size:     

  2 

IR=2.24:1 IR=2.02:1 IR=2:1 IR=2.07:1 IR=2.16:1 IR=1.67:1 IR=1:1 

 

Fig. 2. Division of LFW dataset into local subsets named as subset 1, subset 2,…..,subset 7 

 

3.2 Localized metric learning 

Within each training subset, LMNN distance metric learning, whose details were dis-

cussed in section 2, is locally applied. The overall process flow is shown illustrated in 

Fig. 3.  

  

 
                                                             (a) 

 

 

 
                                                              (b) 

 

Fig. 3. Proposed scheme for localized metric learning (a) Local LMNN application and data 

space transformation using M1 (b) Determining the closest nearest neighbor of the test sample in 

the training space using the Minimum (·) function over all possible transformations M1 , M2 ,…, 

M7 
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The Mahalanobis distance metric locally learnt from each subset is applied to transform 

the complete training and testing data, as shown in Fig. 3 (a). The figure shows Learning 

Module 1 that learns metric M1 from subset 1, and then uses it to transform the entire 

input space. The other Learning Modules numbered from 2 to 7 learn similar metrics 

from subsets 2 to 7, respectively. The process of determining the closest neighbor of 

the test sample in the training space is illustrated in Fig. 3 (b). The minimum Manhattan 

distance of the test sample from its nearest neighbor in the training space, under all 

seven transformations, indicates the class of the test sample. The computations are de-

tailed below. 

The metric M1 learnt from subset 1 is used to transform the entire training space and 

also the test sample. The transformation metric in (2) is set equal to M1 for subset 1. 

 

                                                         1= T M subset1
                                               (3) 

The Manhattan or city-block distance of the transformed test sample from the train-

ing data transformed by M1 is computed to determine the nearest neighbor in the trans-

formed training space. The city-block distance between two input vectors is the sum of 

the absolute differences between feature values. The class of the test sample and the 

corresponding minimum distance are given by equations (4) and (5) respectively. 

                                                        

                  

( ) ( ) ( )1 ( ) ( ) ( )( ) arg min


= −
M j l j

new new
l j

Class test X subset1 X test

      (4) 

 

                                                                    

                       

( ) ( ) ( )1 ( ) ( ) ( )( ) min


= −
M j l j

new new
l

j

dist test X subset1 X test

          (5) 

 

where, subset 1 has l training samples and each training sample has j features.  

 

Similarly, the transformation matrices M2,…,M7 are derived locally from the training 

subsets: subset 2,…subset 7, respectively, and are used to transform the entire input 

space, one by one. The class of the test sample is determined by finding the minimum 

Manhattan distance of the test sample from all the training samples in the seven-times 

transformed training space. This is summarized in equations (6) and (7). 

 

                                        

( )
arg min ( )



= iM

i

c dist test
                                            (6) 

 

                                      
( )

( ) ( )= cM
Class test Class test                                          (7) 
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3.3 Algorithm 

The universal features considered are the Histogram of Gradient (HOG) features [26] 

since we wish to have a fair comparison among the classification methodologies with-

out altering the feature space. It is understood that HOG features can be easily substi-

tuted by any of the other popular image features for the application. The algorithm for 

the application of localized metric learning on an extremely imbalanced face database 

is given below. 

4 Results and discussions 

The experiments were performed on an Intel dual core processor with graphics card, 

clocked at 2.8 GHz. The software platform is Python 3.7. The proposed approach was 

implemented as per the procedure outlined in section 3. The dataset for our experiments 

is the benchmark Labeled Faces in the Wild (LFW) dataset comprising of cropped fa-

cial images of celebrities [25]. Only classes with at least two samples were considered 

since at least one sample from a class is required for training purpose. The parameter k 

for LMNN was set to 3 for the subsets 1 to 5, while it was set to 2 for subset 6, and 1 

for subset 7 that contained only 2 samples per class. For developing a challenging clas-

sification problem to test the robustness of our algorithm, 50% of the images in a ce-

lebrity class were assigned for training and the remaining 50% images for testing. Two-

fold cross-validation (V, CV) was performed by swapping the train and test sets. Most 

of the current works on LFW consider subsets of LFW that contain majority classes 

only for efficient classification and for presenting decent scores. Very few works in-

clude the 2-sample classes (minority classes) for the experimentation, despite of their 

dominant presence, since they are mostly misclassified and cause the AUC and F1-

scores to drop. A total of 1680 classes of celebrities were shortlisted contributing to 

4857 samples in training and 4307 samples in testing. This dataset has severe class-

imbalance issues, with the class population ranging from 530 (George Bush) to 2 

(Michel Duclos), leading to an imbalance ratio as high as 265:1. The number of classes 

Algorithm Localized metric learning for extremely imbalanced face database 

Input: Training set, Test sample 
Output: Class label of Test sample  
1: Find the 1784-dimensional HOG features for each facial image  
2: Divide Training set into seven subsets based on similar class populations  
3: FOR each subset i, DO 
4:          Learn the LMNN distance metric Mi  
5:       Transform the entire input space using Mi as per Eq (2)  
6:       Find the minimum distance of the transformed Test sample from the 

transformed training space to determine its nearest neighbor  
7: REPEAT for i=1, 2, …., 7  
8: Find the nearest neighbor of the Test sample in the seven-times transformed 

training space  
9: Assign the class of the nearest neighbor to the Test sample as per Eq. (7)  
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with the minimum number of samples (2 Nos.) is 779 out of 1680 while the number of 

classes having a single digit class population is 1522 out of 1680, underlining the se-

verity of the class imbalance problem. The unevenness in class-distribution can be ob-

served in the population statistics of LFW compiled in Fig. 4. In this scenario, the clas-

sification accuracy of a large-population class would be high and that of a low-popula-

tion class would be poor due to a decision bias that favors the largely populated class 

with more than sufficient classes. The problem is aggravated by the presence of noise 

and outliers that are common characteristics of all classes in real-world datasets.  

 

                    
 

Fig. 4. LFW Class distribution sorted in decreasing order of class population ranging from 530 

to 2 

 

Metric learning transforms the data space within each local subset for efficient class 

separation. A demonstration of the same is shown for subset 1 in Fig. 5 where the two 

classes of George Bush (label 533) versus Colin Powell (label 310) are shown for Fea-

ture 1=1762 column of HOG feature and Feature 2=1763 column of HOG feature.  

 

                                 
Fig. 5. Effect of local transformation on subset 1 comprising of class labels 533 (George Bush) 

and 310 (Colin Powell) 

 

We compare our results with that of similar works that have tackled classification of 

large image datasets: HOG features with Cosine similarity measure by Chen et al. [28], 

HOG features with the Mahalanobis similarity metric by Fetaya and Ullman [29], HOG 

features with the Euclidean distance by Bhele and Mankar [30], HOG features with 
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metric learning with majority classes [35]. The universal features considered, in all 

cases, are the Histogram of Oriented Gradients (HOG) features [26] since we wish to 

have a judicious comparison among the classification methodologies without altering 

the feature space. It is understood that HOG features can be easily substituted by any 

of the other popular image features for the application. Table 1 shows the results of our 

experiments in terms of AUC scores, accuracy (%) and F1-score (macro). AUC is the 

Area Under Curve score derived from the Receiver Operating Characteristic (ROC) 

curve. As observed, the proposed method outperforms the existing methods by a con-

siderable margin. As compared to [35] which is metric learning with majority classes, 

the Validation (V) results of the proposed localized metric learning involving all 1680 

classes are found significantly improved with regard to all three performance metrics. 

The Cross-Validation (CV) results were found comparable for the AUC and F1-score 

metrics, while the accuracy was found improved when the Manhattan distance is used 

as the classifier, instead of cosine similarity, as observed from Table 1. 

 

Table 1. Results of LFW face recognition using HOG features 

 

It is observed from the previous works that learning the transformation matrices in 

metric learning consumes a lot of time (less than an hour in [35] for sparsely sampled 

186 classes of LFW). The comparison of computation times for the local transformation 

matrices is shown in Table 2, along with class profiles. Since the computations can be 

conducted parallelly, in a multi-processor system with parallel computation, this would 

translate to a computation time of 1548.1 secs that is the time taken by the sixth subset. 

 

Table 2. Time taken in secs to compute the local transformation matrices for the seven subsets 

and the details of classes within each subset  

 

 

Method AUC F1-score Accuracy 

 V CV V CV V CV 

Cosine similarity [28] 0.544 0.541 0.078 0.076 21.5% 19.1% 

Manhattan [29] 0.55 0.544 0.087 0.082 22.96% 21.1% 

Euclidean [30] 0.544 0.541 0.078 0.076 21.5% 19.1% 

Metric learning with majority 

classes [35] 
0.556 0.554 0.1006 0.097 26.8% 24.6% 

Ours (Cosine similarity) 0.558 0.551 0.1023 0.095 26.07% 23.65% 

Ours (Manhattan distance) 0.5625 0.551 0.1124 0.0962 27.72% 24.87% 

Subset M1 M2 M3 M4 M5 M6 M7 

Time (secs) 

 

55.96 67.75 154.94 276.05 692.07 1548.1 151.34 

Number of 

classes 

 

Class size 

2 

 

 

[530, 236] 

5 

 

 

[144, 71] 

27 

 

 

[60, 30] 

72 

 

 

[29, 14] 

205 

 

 

[13, 6] 

589 

 

 

[5, 3] 

779 

 

 

[2] 
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Fig. 6 shows the improvement in performance using the proposed localized metric 

learning scheme. The results are shown for some of the minority classes with very low-

class populations (ranging from 2 to 10) and some of the majority classes with high 

populations (ranging from 530 to 55) in Fig. 6 (a) and Fig. 6 (b), respectively. Our 

method thus improves classification scores for both the majority classes and the minor-

ity classes, especially for the minority classes as evident from the significant improve-

ment in classification accuracies in Fig. 6 (a).  Parallelization of the computations using 

a multi-GPU system is the next stage of our work. 

 

 
(a) 

 

 
(b) 

Fig. 6. (a, b) Minority and majority class performances using the Manhattan distance classifier, 

with and without the proposed metric learning scheme 

 

Overall, in our work, metric learning is introduced as an efficient solution for learn-

ing from large multi-class imbalanced datasets. This is achieved by localizing the 
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metric learning to training subspaces having similar class populations. Our approach, 

notably, improved the classification performance of minority classes (Fig. 6 (b)) that 

are usually discarded by the current deep learning techniques [34] due to inadequate 

training examples in the LFW minority classes to train deep neural networks.  

5 Conclusions 

A novel localized metric learning is proposed in our work for learning from an ex-

tremely imbalanced face database. The aim is to learn transformation matrices sepa-

rately for different class subsets having discrete groups of class populations. The data 

space transformation metric learnt locally from each training subset is used to transform 

the entire input space. The minimum Manhattan distance of the test sample from the 

training samples in the transformed space indicates the closest neighbor in the training 

space whose label is assigned to the test sample. Our localized metric learning method-

ology is applied successfully on a large face database LFW, with more than 1000 clas-

ses, containing a large quantity of minority classes. The results indicate a significant 

performance improvement for the minority classes despite of the dominating presence 

of the majority classes. 
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