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Abstract:
The objective of metric learning is to search a suitable metric

for measuring distance or similarity between samples. Usually,
it aims to minimize the distance between samples of same class
and maximizes the distance between samples of different classes.
However, most metric learning methods do not consider the sizes
of classes, which may cause negative impact on the performance
in classification since the size of a cluster is usually ignored in the
distance comparison. In this work, we propose a triplet loss with
variance constraint. Our method focuses not only on the distances
between samples but also on the sizes of classes. The size differ-
ence between classes is also minimized in our objective function.
The experimental results confirm that our method outperforms
the one without the class size variance.
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1 Introduction

Metric learning [1] aims to represents the similarity of ob-

jects by a distance function. For a classification problem, the

distance between the objects in the same class is expected to

be small; otherwise, the distance should be large. Different

from the traditional classification which aims to find a separat-

ing plane, metric learning focuses on adjusting the metric to

separate the objects of different classes. Due to its flexibility

and adaptability, metric learning has been successfully applied

to applications, e.g. face verification system [2] and person re-

identification system [3].

One of research directions of the metric learning focuses

on the objective function in training [4]. For example, triplet

loss [5] is most commonly used objective function in the met-

ric learning. It ensures that an object (i.e.anchor) is closer to

other objects in the same class (i.e.the positive samples) than to

the others in different classes (i.e.the negative samples). How-

ever, the most of the existing methods does not consider the

similarity of clusters’ sizes. As in classification, an unseen ob-

ject may be ranked according to the distance between the object

and the center. The sizes of clusters are ignored in ranking. The

unseen sample may be classified as the small cluster although

it is located inside a large cluster if it is closer to the center of

the small cluster.

This work aims to demonstrate the importance of similarity

of clusters’ size when applying metric learning to a classifica-

tion problem. The variance of the average distance between the

center and samples for all classes is considered in the objective

measure. Our method encourages the similar sized clusters by

minimizing their variances. The variation of the cluster size is

small for classes trained by our proposed method comparing

with the traditional method. The better performance should be

achieved by our proposed method since the factor of radius of

a cluster is removed.

The rest of the paper is arranged as follows. Section 2 in-

troduces the related concepts of this study including the metric

learning and its objective functions. The proposed method is

discussed in detail in Section 3, and evaluated experimentally

in Section 4. Finally a conclusion is given in Section 5.

2 Related work

The common objective functions used in metric learning are

introduced and discussed in this section.
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2.1 Distance based method

Distance based method is one of the common methods in

metric learning. The intra-class and inter-class distances are

generally considered. The aim of metric learning is to mini-

mize the intra-class distance and also maximize the inter-class

distance in order to separate different classes clearly.

Some methods [6–8] consider the absolute value of the

distance. Usually, the intra-class or inter-class distances are

bounded by a pre-defined value. For example, MLSI [1] min-

imizes the intra-class distance with the constraint which inter-

class distance should be smaller than a threshold. However, the

determination on the absolute distance value is difficult. The

bound on the distances is ignored in the relative distance meth-

ods. These methods focus on the difference between the intra-

class and inter-class distance. For example, the difference be-

tween intra-class and inter-class distances is maximized [9].

2.1.1 Triplet loss

Triplet loss [5] is one of most famous and commonly used

objective functions in metric learning. It ensures that an object

(i.e.anchor) is closer to other objects in the same class (i.e.the

positive samples) than to the others in different classes (i.e.the

negative samples), which is defined as:

‖f(xa
i )− f(xp

i )‖22 + α < ‖f(xa
i )− f(xn

i )‖22 ,
∀(f(xa

i ), f(x
p
i ), f(x

n
i )) ∈ Γ

(1)

where xa
i is the ith anchor, xp

i and xn
i are the positive and neg-

ative of xa
i . f(·) is a function mapping a sample to a trained

space. α is a margin that is enforced between positive and neg-

ative pairs, and Γ is the set of all possible triplets in the training

set.

The triplet loss is defined as:

Ltri =

N∑
i

[
‖f(xa

i )− f(xp
i )‖22 − ‖f(xa

i )− f(xn
i )‖22 + α

]
+

(2)

where N is the number of all triplets. [·]+ represents the hinge

function defined as: L(mi) = max(0, 1 − mi(w)). By min-

imizing (2), samples of same class are closer together while

samples in different classes will be moved further away.

A study [5] points out that some triplets easily satisfy the

triplet constraint (i.e.the anchor is closer to a positive sample

than to a negative one). These triplets would not contribute

to the learning but slow down the training procedure. Hard

triplet [5] is proposed to train a model only using the triplets

that violate the constraint. A number of studies, for example,

a multi-stage training strategy [3], and MMD-NCA [10] revise

triplet loss function in order to learn better separation on differ-

ent kinds of objects.

3 Proposed method

After the metric learning, the difference between the size of

classes is usually ignored in classification. Figure 1 shows an

example when the size of two clusters are different. Assume

the unseen sample denoted by the red triangle belongs to the

class 1. Although it locates inside the cluster of the class 1,

it is classified as the class 2 since it is closer to the class 2.

This example shows that the radius is usually ignored in the

classification process. As a result, this paper proposes a novel

objective function which minimizes the variance of clusters’

size based on triplet loss.

FIGURE 1. An example of the clusters with different sizes. The distance

between an unseen sample and a cluster center of a class is used in

classification. Although the unseen sample is located inside the cluster of

the class 1, it will be classified as the class 2.

3.1 Triplet loss with variance

The proposed loss function defined as (3) contains two part-

s: the traditional triplet loss in (2) and the variance constraint,

which discourage the variance of the clusters’ sizes of classes.

Loss = (1− β) ∗ Ltri + β ∗ Lvar (3)

where β is a hyperparameter to control the importance of two

terms. We first define the size of a class (s(i)) as the average

distance of a sample and the center of its class. Assume xi is a

sample in the class i in (4).

s(i) =
1

N (i)

∑
x∈C(i)

d(x, x̄(i)) (4)

where C(i) denotes a set contains all samples of the class i,
N (i) = |C(i)| denotes the number of samples in the class i, and

x̄(i) is the average of all samples of the class i, i.e.Ex∈C(i)(x).
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d is a distance function. Lvar is then defined as the variance of

s(i) for all classes:

Lvar = vari=1,2,...,c(s
(i)) (5)

where c represents the number of classes.

4 Experiments

The experimental evaluation on the proposed and the tra-

ditional triplet loss function is discussed in this section. The

dataset is introduced including the collection process and da-

ta description in Section 4.1. The experimental setting is de-

scribed in Section 4.2. The experimental results and discussion

are included in Section 4.3.

4.1 Datasets

Two different datasets of dish identification (i.e.D1 and D2)

are collected from a restaurant in summer and winter. An auto-

matic identification machine (shown in Figure 2) is set up in a

restaurant. A photo is taken on a tray after a customer choos-

es the dishes, shown in Figure 3. Each dish is then segmented

from the image by edge detection [11] and feature points de-

tection and alignment [12], and resized to 128 × 128 pixels.

Examples of a segmented dish from D1 and D2 are illustrat-

ed in Figure 4. Finally, 2,695 images of 77 classes, and 1,260

images 36 classes are collected in D1 and D2.

FIGURE 2. The automatic identification machine in a restaurant.

FIGURE 3. A photo taken by the automatic identification machine.

(a) (b) (c) (d)

(e) (f) (g) (h)

FIGURE 4. Examples of dish images in two collected datasets. Images

in the first and second row are from D1 and D2.

4.2 Experimental setting

For each experiment, a dataset is divided randomly into train-

ing and test sets. Training and test sets contain 5 and 30 images

for each class in order to avoid the imbalance problem. Da-

ta augmentation [13–17] is applied to the datasets. The data

is then augmented by rotation, translation, cropping, scaling,

flipping and brightness adjustment. We set a specific range for

each parameters, and a parameter set is randomly chosen for

each augmentation. Two additional samples are generated for

each sample in D1, while additional one sample is generated

for D2. The model used for feature extraction in our method is

ResNet-50 [18] due to its satisfying performance in many ap-

plications [19–22]. All samples in the augmented training set

will be used as an anchor once in each epoch. For each anchor,

a positive and negative sample will be randomly selected from

the augmented training set to form a triplet. 50% chance to use

a hard triplet otherwise just triplet each time in our method. β is

set from 0.1 to 1.0 with the interval 0.1. The variance of class-

es’ size is calculated in each batch which contains 128 samples.

The loss defined as (3) is minimized by the back-propagation.

The centers of classes are calculated by using augmented

training samples in the feature space mapped by the trained

model. The distance between an unseen sample and these cen-

ters is calculated in the feature space in recognition. Three

commonly used metrics including accuracy, F1-score and Nor-

malized Mutual Information (NMI) are applied to evaluate the

performance of the model. Each experiment is carried out for

three independent runs.
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4.3 Experimental results and analysis

Figure 5 shows the results of our method with different β
and the triplet loss method in terms of accuracy, F1-score and

NMI on D1 and D2. As with different β is independent to the

triplet loss method, the values of the triplet loss method is con-

stant. When β tends to 0, our method is closer to the triplet loss

method; while β tends to 1, the triplet loss is ignored and the

newly added term is dominant.

The performance of all methods is consistent by all evalua-

tion methods. When β is relatively small, our method achieves

slightly better performance than the triplet loss method. This

indicates that considering the variance of the clusters’ size is

useful in learning. When β reaches to a threshold, which is

around 0.4 - 0.6, the performance of our method drops signifi-

cantly. As the variance term aims to complement the learning,

the performance of the model is bad when the variance dom-

inates the loss function. As a result, the value of β should be

between 0.1 - 0.4 in order to avoid the domination of the vari-

ance term.

The errors made by our method with β = 0.3 and triplet loss

method is illustrated by the confusion metric, shown in Figure

6. The color closer to blue (red) indicates the smaller (larger)

value (i.e.the percentage of samples of a class are assigned to

another class). Y-axis is the true class and x-axis is the predict-

ed class. The figures illustrate that after considering the addi-

tional variance term, the number of the mis-classified samples

is reduced significantly. The color of our method is more trends

to blue than the one of the triplet loss method. It suggests that

the variance of cluster is a critical factor in metric learning.

The change of average inter-class distance, and variance of

clusters’ size of the results of out method with different β are

shown in Figure 7. All values are normalized linearly into 0 to

1 for better illustration. Our method becomes the triplet loss

method when β = 0. Generally, the values of average inter-

class distance (denoted by the blue lines) and the variance of

clusters’ size (denoted by the green lines) are inversely propor-

tional to β, which means minimizing the variance term not only

reduces the variance of clusters’ size but also sacrifices the av-

erage inter-class distance. As closer classes are more difficult

to be distinguishable, using larger β may downgrade the per-

formance.

The correlation between the average inter-class distance and

predict probability of our method and the triplet loss method is

given in Table 1. The relation in our method is stronger (i.e.less

than -0.86) than the one in the triplet loss function (i.e.less than

-0.62). It explains that the variance of clusters’ size affects the

decision. After reducing the influence of the variance, the rela-

tion between the average inter-class distance and predict prob-

(a) Triplet loss method on D1 (b) Our method on D1

(c) Triplet loss method on D2 (d) Our method on D2

FIGURE 6. Confusion matrices of our method with β = 0.3 and the

triplet loss method on D1 and D2.

(a) D1 (b) D2

FIGURE 7. Average inter-class distance, variance and accuracy of the

results of our proposed method in D1 and D2.
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(a) Test accuracy on D1 (b) F1-score on D1 (c) NMI on D1

(d) Test accuracy on D2 (e) F1-score on D2 (f) NMI on D2

FIGURE 5. Accuracy, F1-score and NMI of our method and the triplet loss method on D1 and D2

ability is stronger.

TABLE 1. Correlation between the average inter-class distance and

predict probability.

Dataset Triplet loss Our method

D1 -0.628 -0.865

D2 -0.733 -0.872

5 Conclusion

This work proposes a new objective function considers the

triplet loss and the variance of the clusters’ size of classes. Our

method considers not only the distances between samples but

also the size difference between classes. The hyper parameter

β is applied to balance the importance of the triplet loss and

the variance. The experimental results show that the proposed

method is more accurate than the traditional one. This study

shows that the size difference of classes influences the classi-

fication accuracy. Reducing the variance is useful for accurate

prediction.
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