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a b s t r a c t 

Supervised deep metric learning led to spectacular results for several Content-based Information Retrieval 

(CBIR) applications. The success of these approaches slowly led to the belief that image retrieval and clas- 

sification are just slightly different variations of the same problem. However, recent evidence suggests 

that learning highly discriminative representation for a (limited) set of training classes removes valu- 

able information from the representation, potentially harming both the in-domain, as well as the out-of- 

domain retrieval precision. In this paper, we propose a regularized discriminative deep metric learning 

method that aims to not only learn a representation that allows for discriminating between different 

classes, but it is also capable of encoding the latent generative factors separately for each class, overcom- 

ing this limitation. This allows for modeling the in-class variance and, as a result, maintaining the ability 

to represent both sub-classes of the in-domain data, as well as objects that belong to classes outside the 

training domain. The effectiveness of the proposed method, over existing supervised and unsupervised 

representation/metric learning approaches, is demonstrated under different in-domain and out-of-domain 

setups and three challenging image datasets. 

© 2019 Elsevier B.V. All rights reserved. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

w  

r  

s  

c  

s

 

t  

o  

o  

i  

i  

t  

i  

f  

f  

w  

h  

r  

t  
1. Introduction 

Deep metric learning is at the cornerstone of most state-of-

the-art Content-based Information Retrieval (CBIR) systems, cov-

ering several aspects of their operation, ranging from metric

learning for image retrieval [24,38,39,47] , and supervised and

semi-supervised hashing methods [4,21,40,41,53] , to multi-view

representation learning [1,14,25,32] . Initially, representation/metric

learning for information retrieval tasks was handled in an un-

supervised way, e.g., by employing reconstruction-based objec-

tives [12] , since it was especially difficult to acquire and effec-

tively use annotations for a wide range of different information

needs. However, with the recent success of deep learning in su-

pervised learning tasks, along with the availability of larger anno-

tated datasets [2] , the interest has gradually shifted into exploring

whether supervised objectives, which directly employ class/label

annotations, can be effectively used for metric learning for in-

formation retrieval purposes [18,39,52] . Indeed, supervised metric

learning greatly outperformed the previously used methods in a
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ide range of settings and setups, ranging from hashing [40,41] to

e-identification [5,23] . In fact, the success of these approaches was

o spectacular that slowly led to the belief that image retrieval and

lassification are probably just slightly different variations of the

ame problem [49] . 

The aforementioned classification-retrieval equivalence assump-

ion has been recently challenged in [33] , suggesting that directly

ptimizing representations for a limited number of classes is not

ptimal for retrieval tasks, since it ignores that users are actually

nterested for both the in-class variations, as well as for retriev-

ng objects of novel classes that are potentially not seen during

he training. Learning a highly discriminative representation can

ndeed lead to excellent results for in-domain queries, i.e., queries

rom the same classes as the ones used during the optimization. In

act, just using a strong classifier to extract a binary representation

orks extremely well for this kind of tasks [33] . However, these

ighly discriminative representations are usually not suitable for

etrieving objects that belong to classes that were not seen during

he training process [28,33] , since most discriminative objectives

ely on reducing the in-class variance, throwing away potentially

seful information for other (possibly related) information needs.

his behavior was also confirmed in the experiments conducted

n this paper. These observations lead us to the main research
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uestion of this study: Is it possible to learn a discriminative rep-

esentation that will also maintain the in-class variance instead of

inimizing it? . Learning a representation with these properties will

llow for encoding both the in-class variations, as well as for bet-

er maintaining the ability to represent objects of classes not seen

uring the training process. 

In this paper, we propose a deep supervised metric learning

ethod for content-based image retrieval that is capable of over-

oming the aforementioned issues. Therefore, instead of just learn-

ng a representation that is capable of discriminating between the

ifferent classes used for training, we propose to encode the la-

ent generative factors for each class of the data. This allows for

) encoding the information arising from the in-class variance, as

ell as b) efficiently representing data samples that do not be-

ong to the classes that were used during the training process

out-of-domain retrieval) by (implicitly) modeling the structure of

he input space. Any kind of trainable feature extractor can be di-

ectly combined with the proposed method, ranging from tradi-

ional Bag-of-Words representations [9,29] to state-of-the-art re-

urrent and convolution neural networks [3,13] . As a result, the

roposed method constitutes a powerful metric learning tool that

an be used for a wide variety of information retrieval tasks, as

ell as combined with various types of feature extractors. 

Following the suggestions of Sablayrolles et al. [33] , we exten-

ively evaluate and demonstrate the effectiveness of the proposed

ethod under different in-domain and out-of-domain setups us-

ng three image datasets. Furthermore, two common evaluation

etups, i.e., learning image representations using deep Convolu-

ional Neural Networks (CNNs) from scratch as well as fine-tuning

 representation extracted from a pre-trained CNN, are employed

o demonstrate the effectiveness of the proposed approach. Note

hat even though the proposed method does not use data from the

arget domain during the optimization, it is capable of perform-

ng better than both its supervised counterparts trained with in-

omain data, as well as other unsupervised methods trained using

oth in-domain and out-of-domain data. 

The rest of this paper is structured as follows. First, the related

ork is briefly discussed and compared to the proposed method

n Section 2 , highlighting the shortcoming of existing approaches

nd providing further motivation for this work. Then, the proposed

ethod is derived in Section 3 , while a detailed experimental eval-

ation is provided in Section 4 . Finally, conclusions are drawn in

ection 5 . 

. Related work 

Several supervised metric learning approaches have been

roposed, ranging from the seminal contrastive [6] and

riplet [44] losses to more advanced and recently proposed

ethods, such as the N-pair loss [37] , lifted structural embedding

oss [26] , multi-similarity loss [43] , and the DDML method [20] ,

hat further increase the effectiveness of supervised metric

earning. The vast majority of the proposed supervised learn-

ng methods works by learning discriminative metric spaces

hich disentangle the representation of dissimilar objects, while

ringing the similar ones as close as possible. However, as we

rgue through this paper, this approach can negatively affect the

recision of an information retrieval system. 

In order to better understand the limitations of these discrim-

native objectives, we can consider a widely used metric learning

oss, the contrastive loss [6,35] : 

1 

2 

δi j || x i − x j || 2 2 + 

1 

2 

(1 − δi j ) max (0 , k − || x i − x j || 2 2 ) , (1) 

here the notation x i is used to refer to the vector representa-

ion of the i th training sample (as extracted through a deep neural
etwork), k refers to the minimum distance between samples that

elong to different classes (or samples marked as dissimilar) and

δi j = 

{
1 , if the i th and jth samples are similar, 

0 , otherwise. 
(2) 

herefore, contrastive loss works by forcing all the samples of the

ame class to be close together (ideally to collapse into one single

oint), while pushing away points that belong to different classes

n order to maintain at least a distance of k between them. The

egree up to which the in-class samples collapse depends both on

he used regularization methods, as well as on the learning capac-

ty of the employed machine learning model. 

Collapsing the in-class samples in this way usually allows for

mproving the in-domain accuracy, since it leads to reducing the

n-class variance and, as a result, learning representations that bet-

er discriminate the samples of the training classes between them.

owever, it is also comes with two important drawbacks. First, re-

ucing the in-class variance leads to stripping away useful infor-

ation regarding the in-class samples. Therefore, it is usually no

onger possible to reliably differentiate between the in-class sam-

les, e.g., retrieve sub-classes of the data. To better understand

his consider the following example. Suppose that the represen-

ation has been optimized to discriminate between the class “car”

nd the class “bicycle”. During the optimization process, all the at-

ributes of the data that are irrelevant to these classes are usually

iscarded, e.g., color, type of vehicle, etc., which is required in or-

er to reliable discriminate between the two classes. Therefore, the

earned representation is excellent for classifying cars and bicycles.

owever, what if a user is interested in retrieving “red cars” or a

pecific type of cars, e.g., “sedans”? A discriminative representa-

ion have probably already discarded this information (recall that

n (1) the in-class samples are forced to have as similar represen-

ations as possible). As a result, we would probably be unable to

eliable retrieve such objects just by relying on this representation.

Second, it can potentially harm the generalization ability of

he representation for classes for which it has not been trained

out-of-domain retrieval), since the representation space has been

ptimized in order to map every input sample into a small

et of points (in the perfect case). Indeed, it has been recently

emonstrated that these highly discriminative objectives can sig-

ificant harm the retrieval precision for out-of-domain retrieval

asks [28,33] . It is also quite easy to verify that most of the ex-

sting supervised learning objectives, such as triplet-based objec-

ives [27,34] , are also prone to this behavior, since they also pro-

ote collapsing the representation for similar samples. 

There is only a limited number of methods that indeed take

nto account the aforementioned behavior, despite the fact that

his kind of feature space distortion can have a devastating im-

act on the actual performance of a retrieval system. This prob-

em was studied both in [33] , where the precision of supervised

ashing methods on retrieving classes that were not seen during

he training was examined, as well as in [28,30] , where entropy-

ased objectives were employed to provide better regularized ob-

ectives for information retrieval. However, [33] mainly focused on

he evaluation metrics that should be employed to evaluate the

erformance of deep supervised hashing (instead of proposing a

ethod that can overcome the aforementioned limitations), while

he continuous approximation proposed in [28] is still vulnerable

o class collapse phenomena. 

Furthermore, the proposed method is also related to variational

earning approaches [11,16,17,19,31] . A variational approach for

etric learning, aiming at encoding the intra-class variance, was

lso proposed in [17] . However, the method proposed in [17] re-

ies on using existing supervised metric learning approaches for

isentangling the representation, without providing the ability to
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Fig. 1. Proposed method: Two different forces act on each training sample (shown 

in green line). A reconstruction objective ensures that the latent space will model 

the generative factors of the data, while the KL divergence ensures that each sample 

will be near the distribution that was used for generating it. Note the difference 

with existing discriminative objectives (e.g., contrastive loss) that only attract the 

in-class samples to each other. At the same time, the Gaussians used to model the 

data should be far enough (repulsive loss, shown in red line), ensuring that the 

learned metric space will be discriminative. (For interpretation of the references to 

colour in this figure legend, the reader is referred to the web version of this article.) 
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tweak the discrimination-representation trade-off, as the method

proposed in this paper, as we also experimentally confirm in

Section 4 . To the best of our knowledge, this is the first time that

the issues arising from the variance-minimization nature of ex-

isting supervised metric learning approaches are studied in detail

in structured way in the context of information retrieval. Finally,

it is worth noting that transfer learning and domain adaptation

tasks [27] , as well as few-shot learning [36,51] , are also related

to the aforementioned problem. However, in contrast with most

of these approaches, in this paper we revisit the process of super-

vised deep metric learning, identify critical limitations and propose

a novel way to overcome them. The proposed method is, in this

sense, orthogonal to existing transfer learning and domain adapta-

tion methods, since it can be combined with most of these meth-

ods. 

3. Proposed method 

Let X = { x 1 , x 2 , . . . , x N } denote a collection of N images. A fea-

ture extraction model f W 

(x i ) ∈ R 

m , where W denotes the trainable

parameters of the model, is then used in order to extract a com-

pact feature representation z i = f W 

(x i ) from each image. Note that

x i can be any kind of data, e.g., vector, tensor, sequential data, etc.,

given that the feature extraction model is capable of handling the

corresponding data. Also, in this work it is assumed that a typi-

cal image retrieval setup is employed: a query image q is provided

and the users are interested in ranking the images in X according

to their relevance to q . Note that images are ranked according to

the metric learned by f W 

( ·) instead of the original space. 

It is worth noting that learning feature extractors that are ca-

pable of a) keeping as much information as possible for each ob-

ject, while b) ensuring that objects that fulfill the same informa-

tion need (i.e., are similar according to a higher level semantic at-

tribute) will be similar according to the learned representation is

not an easy task [31] . This happens mainly due to the fact that

maintaining the intra-class variance tends to be usually conflicting

with the discriminative objective of most related metric methods

that aim at minimizing the intra-class variance, especially when an

appropriate regularization method is not employed. In this work,

we propose learning both a discriminative metric space, along with

the latent generative factors of each class, allowing for overcoming

the aforementioned limitations. To this end, we assume that a mix-

ture of Gaussians exists in the representation space, where each

of these Gaussians is mapped to a different class of the data, as

shown in Fig. 1 . Pushing the Gaussians apart (instead of the sam-

ples) ensures that the representation will be discriminative (repul-

sive loss in Fig. 1 ), while encoding the latent generating factors for

each class ensures that we will maintain the in-class variance for

each class in a meaningful way (reconstruction + KL loss in Fig. 1 ).

Before delving into the details of handling multiple informa-

tion needs, let’s first consider the case of having just one class.

Given a set of images that belong to the same class we are inter-

ested in modeling the intra-class differences between them. Per-

haps the easiest way to achieve this is to learn the latent genera-

tive factors for them, allowing for effective reconstructing each im-

age [11,16,19] . Therefore, each image is reconstructed by sampling

a vector z from the latent space and then using a separate image

decoder f dec ( z ) to reconstruct it. As a result, the proposed method

aims at maximizing the probability of correctly reconstructing each

training data x when sampling the latent space: 

P (x ) = 

∫ 
z 

P (x | z ) P (z ) dz , (3)

where P ( x | z ) corresponds to a Gaussian distribution centered

around the reconstructed sample, after employing an image de-

coder f ( ·), with a diagonal covariance matrix scaled by σ , i.e.,
dec 
P (x | z ) = N (x ; f dec (z ) , σ I ) . (4)

lso, P ( z ) denotes the density function of the latent space, which

s again usually set to be a Gaussian distribution with zero-mean

nd unit variance [11] : 

P (z ) = N (z ; 0 , I ) , (5)

here 

N (x ;μ, �) = (2 π) −
k 
2 det (�) 

1 
2 exp 

(
−1 

2 

(x − μ) T �−1 (x − μ) 
)
, 

(6)
nd k denotes the dimensionality of x . 

However, directly optimizing (3) is not tractable. Therefore, the

vidence lower bound (ELBO) will be maximized instead: 

E z∼Q(z | x ) [ log P (x | z ) − D KL (Q(z | x ) || P (z ))] , (7)

here Q ( z | x ) is a tractable model that we learn to appropriately

pproximate P ( z | x ), and D KL is the Kullback-Leibler (KL) divergence

etween two probability distributions. Then, the reparametrization

rick, along with Monte-Carlo sampling, are employed to optimize

his bound [11] . A neural network is used in this work to model

 ( z | x ). This network is used to predict the mean μQ ( x ) and the

ovariance matrix �Q ( x ) (constrained to be diagonal) for any given

 sample x . Then, a Gaussian is used to model the distribution Q :

Q(z | x ) = N (z ;μQ (x ) , �Q (x )) . (8)

inally, note that the representation of each training sample can

e obtained as f W 

(x ) = μQ (x ) . Thus, the feature extractor f W 

( ·) is
earned implicitly through this process. 

The aforementioned variational approach allows for learning

he latent generative factor for each class. However, at the same

ime, the learned representation should be able to discriminate be-

ween the different classes used during the training process. There-

ore, to handle multiple classes/information needs, we propose em-

loying separate Gaussians, each with separate mean μi and unit

ariance, for generating images of different classes. To this end, we
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efine P (z | c = i ) to be the probability of reconstructing an image

hat belongs to the i th class by a sample drawn from the i th Gaus-

ian. This probability, which should be maximized in order to en-

ure that the latent space will encode the generative factors of the

mages, is calculated as: 

P (x | c = i ) = 

∫ 
z 

P (x | z ) P (z | c = i ) dz , (9) 

here P (z | c = i ) = N (μi , 1) . Therefore, a different Gaussian is used

or each class, allowing for separately modeling the in-class vari-

nce of images that belong to different classes. Note that extra

aussians can be also used to model images that are not anno-

ated, allowing for performing semi-supervised learning. 

To optimize (9) the ELBO is again employed leading to the fol-

owing loss: 

L v ar (x ) = [ log P (x | z ) − αKL D KL (Q(z | x ) || P (z | c = i ))] , (10) 

here αKL controls the importance of minimizing the correspond-

ng KL-divergence, which is analytically computed as: 

D KL (Q(z | x ) || P (z | c = i ))] = (11) 

1 

2 

(
tr (�Q (x )) + (μQ (x ) − μi ) 

T (μQ (x ) − μi ) (12) 

−m − log det ( �Q (x ) ) 

)
, (13) 

here m is the dimensionality of the latent space. Also, note that

og P ( x | z ) is proportional to −|| f dec (z ) − x || 2 
2 

(appropriately scaled

y σ ). 

The loss given in (10) ensures that the latent space will not col-

apse into a single point for each class, since it models the genera-

ive factors for each class (collapsing would not allow for capturing

he in-class variability and, as a result, will not allow reconstruct-

ng the samples). However, it does not ensure that the learned rep-

esentation will be discriminative, i.e., that the data in the latent

pace will be indeed separable. To this end, the Gaussians should

e placed at a distance of at least ρ of each other. This allows for

eparating the different classes, while, at the same time, encoding

he semantic similarity between different classes. Therefore, the

enters μi are constrained to be at a distance of at least ρ dur-

ng the optimization, allowing for also encoding possible semantic

elationships between different classes. In this work, we propose

mploying a simple margin-based loss on the representation of the

aussian means (instead on that of individual samples) to achieve

his: 

L sup = 

1 

ρ

N C ∑ 

i =1 

N C ∑ 

j =1 , j � = i 
max (0 , ρ − || μi − μ j || 2 2 ) 

2 (14) 

here ρ denotes that minimum distance between the used Gaus-

ians and N C is the number of them. 

The final DL model is trained according to the following com-

ined loss: 

L = L v ar + L sup , (15) 

hich combines both the reconstruction-based objective (allowing

or capturing the in-class variation), as well as the discriminative

bjective (allowing for discriminating between different classes),

s also summarized in Fig. 1 . Minimizing the KL divergence be-

ween the current and target distributions, as described in (10) ,

nsures that the representation of each sample will be near to the

orrect Gaussian distribution. As a result, the hyper-parameter αKL 

which is typically set to 1, unless otherwise stated) allows for ef-

ectively controlling the trade-off between maintaining the intra-

lass variance and maximizing the inter-class distances. The Gaus-

ian centers are initialized using orthogonal initialization scaled

y the desired distance ρ , providing a good starting point for the
ptimization. Note that, as demonstrated in Section 4 , the hyper-

arameter ρ also allows for controlling the discriminative power

f the learned representations. 

The distribution Q ( z | x ), which is optimized through stochas-

ic gradient descent, along with the parameters of the decoder,

rovides the representation of the samples in the latent space as

f W 

(x ) = μQ (x ) . Note that the Adam optimizer is employed in this

ork for the optimization [10] , instead of the plain stochastic gra-

ient descent. The default optimization hyper-parameters are used

or all the conducted experiments. Finally, recall that the decoder

 dec ( ·) is not required during the inference process, since it is only

mployed to provide an auxiliary task during the training process. 

. Experimental evaluation 

The proposed method is extensively evaluated and compared to

ther related methods in this Section. First, the used datasets, net-

ork architectures and employed evaluation setups are briefly in-

roduced in the first subsection, while the experimental results are

rovided in the following subsection. 

.1. Evaluation setup 

Three different datasets are used for the evaluation, the Fash-

on MNIST dataset [48] , the Caltech-UCSD Birds 200 (CUB-200)

ataset [45] , and the Animals with Attributes (AwA2) dataset [46] .

he Fashion MNIST dataset contains 70,0 0 0 images (60,0 0 0 train-

ng and 10,0 0 0 testing images) that depict fashion-related items.

or the in-domain evaluation 5 classes were randomly selected,

hile the rest of them were used for the out-domain evalua-

ion. As for the Fashion MNIST dataset, for the in-domain setup

 classes were randomly selected for each experiments, while the

est of them were used for the out-of-domain evaluation. The Ani-

als with Attributes (AwA2) dataset consists of images that belong

o 50 different classes. For this dataset, 20 classes were selected

or the in-domain evaluation, while for the out-of-domain evalu-

tion the rest of them were employed. The CUB-200 dataset con-

ains 200 classes (100 of them were randomly selected for the in-

omain evaluation and the rest of them were used for the out-of-

omain evaluation). All the conducted experiments were repeated

 times. Both the mean and standard deviation of the metrics are

eported. 

The encoder used for the Fashion MNIST has the following ar-

hitecture: one 3 × 3 convolutional layer with 16 filters (stride 2)

nd one 3 × 3 convolutional layer with 32 filters, followed by an-

ther two convolutional layers with 64 and 128 filters respectively.

he output of the convolutional layers was fed to two fully con-

ected layers with 256 neurons and 2 m neurons respectively. The

imensionality of the latent space was set to m = 30 . For all the

ayers the ReLU activation function is used, while Batch Normaliza-

ion [8] is employed for all the convolutional layers. The encoder

redicts both the mean vector μQ ( x ) and the (diagonal) covariance

Q ( x ). For reconstructing each image, a symmetric decoder with

ranspose convolutional layers is employed (the strides were set

ppropriately). The sigmoid activation function is used for the last

ayer of the decoder, while the reconstruction error is measured

sing the binary cross-entropy loss. 

For the AwA2 and CUB-200 datasets a different setup was used.

he purpose of the experiments conducted using the AwA2 dataset

as to examine the ability of the proposed method to be combined

ith pre-trained feature extractors. Note that this transfer learn-

ng setup is commonly used, allowing for rapidly fine-tuning exist-

ng deep learning models for different tasks. A ResNet101 model,

hich was pretrained on the Imagenet dataset [46] , was employed

o this end. For the CUB-200 dataset, a ResNeXt101 [50] model,

gain pretrained on the Imagenet dataset, was used. An encoder



12 N. Passalis, A. Iosifidis and M. Gabbouj et al. / Pattern Recognition Letters 131 (2020) 8–14 

Table 1 

Evaluation results using the Fashion MNIST dataset (mAP, %). 

Method In-domain In-domain + Distractors Out-of-domain 

Variational Autoencoder [11] 51.05 ± 4.23 35.41 ± 1.91 49.04 ± 2.12 

Contrastive Loss [6] 85.90 ± 5.38 62.47 ± 5.05 58.21 ± 2.43 

Triplet [7] 82.04 ± 7.96 57.32 ± 7.87 58.68 ± 3.22 

Lifted [26] 88.16 ± 6.20 68.77 ± 3.95 62.10 ± 3.69 

N-Pair [37] 88.62 ± 6.33 68.86 ± 4.20 62.02 ± 3.20 

Proposed 90.45 ± 4.19 69.42 ± 2.23 63.35 ± 2.76 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4

 

M  

S  

a  

m  

e  

m  

c  

t  

p  

d  

i  

b  

e  

i  

m  

r  

o

 

s  

a  

p  

i  

p  

p  

p  

d  

o  

t  

Fig. 2. Effect of varying the hyper-parameter ρ (minimum distance between the 

Gaussians) on the in-domain and out-of-domain retrieval precision (the optimiza- 

tion ran for 30 training epochs). 
with three fully connected layers was used: a layer with 512 neu-

rons, followed by a layer with 128 neurons and a final representa-

tion layer with 2 m neurons, where m = 50 . As before, a symmetric

decoder was used and the ReLu activation function was employed.

Apart from the proposed method, five other well-known metric

learning approaches were used, four supervised ones (contrastive

loss [6] , triplet loss [7] , lifted structural embedding loss [26] (ab-

breviated as “lifted”), N-pair loss [37] ) and an unsupervised one

(Variational Autoencoder [11] ). The Variational Autoencoder was

fitted on the whole Fashion MNIST, while the margin k was set

to 10 for the constrastive loss. A online triplet generation method

was used for the triplet loss, following the approach described

in [7] (the margin was set to k = 0 . 5 without using any hard triplet

mining strategy). The implementation provided in [42] was used

for the lifted loss (using a margin of 0.5), while the implementa-

tion provided in [15] was used for the N-pair loss. Despite their

overall better performance compared to other supervised metric

learning methods, N-pair and lifted losses were especially unsta-

ble despite carefully tuning their hyper-parameters. The best per-

formance was obtained by first pre-training the networks for 5

epochs (30 for the CUB-200 dataset) using the contrastive loss and

then resuming training using each of these loss. This strategy lead

to significant improved results compared to not using pre-training.

The same architecture was used for the encoders for all the evalu-

ated approaches to ensure a fair comparison. The batch size was

set to 128 (a reduced batch size of 32 was used for the more

resource-intesive triplet-based approaches). For the Fashion MNIST

dataset the models were trained for 50 epochs using a learning

rate of 0.001. Finally, 10 training epochs were used for the AwA2

dataset ( η = 0 . 001 ), while 50 training epochs were used for the

CUB-200 dataset. 

The following evaluation setups were used for the conducted

experiments: 

1. “In-domain ’, where in-domain queries were employed to re-

trieve images from a database that was composed of in-

domain data (the in-domain queries belong to the same

classes as the training data, but the actual queries were not

seen during the training), 

2. “In-domain + Distractors ”, where a database that contains

both in-domain, as well as out-of-domain data (data from

classes not seen during the training), was queried by in-

domain queries, 

3. “Out-of-domain ” (out-of-domain), where a database that

contains out-of-domain data was queried using out-of-

domain queries, and 

4. “Out-of-domain + Distractors ”, where a database that con-

tains both in-domain and out-of-domain data was queried

using out-of-domain queries. 

The actual setup used depends on the available annotations

for each dataset. Following the standard retrieval evaluation ap-

proach, we report the 11-recall point-based mean Average Preci-

sion (mAP) [22] . Note again that only in-domain data were used

for training all the supervised methods evaluated in this paper. 
.2. Evaluation results 

First, the proposed method is evaluated using the Fashion

NIST dataset. The experimental results are reported in Table 1 .

everal conclusions can be drawn from the reported results. First,

ll the supervised learning methods lead to significant improve-

ents over the unsupervised one (variational AE), regardless the

mployed evaluation setup. Also, the contrastive loss seems to be

ore efficient than the triplet loss, leading to slightly more dis-

riminative representations, while the N-pair and lifted losses fur-

her increase the retrieval precision. On the other hand, the pro-

osed method leads to better generalization, increasing the in-

omain retrieval precision. At the same time, it also leads to signif-

cant precision improvements for the out-of-domain and distractor-

ased evaluation setups. These results confirm the hypothesis that

mploying additional auxiliary tasks, that allow for modeling the

n-class variance, allow for improving both the in-class perfor-

ance, significantly increasing the generalization abilities of the

epresentation, as well as provide the ability to better represent

bjects that belong to classes not seen during the training. 

The aforementioned observations are also confirmed in the plot

hown in Fig. 2 , which demonstrates the trade-off between the

bility of a representation to discriminative between in-class sam-

les and to represent unknown samples. Note that as the min-

mum distance between the Gaussians increases, the in-domain

recision also increases. However, after a certain point this hap-

ens at the expense of the out-of-domain performance. The hyper-

arameter ρ was set to 2 according to these results for all the con-

ucted experiments (except for the CUB-200, where a larger value

f ρ = 20 led to consistently better results for all the evaluation se-

ups) Table 2 . Similar results were also obtained when varying the
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Table 2 

Evaluation results using the CUB-200 dataset (mAP, %). 

Method In-domain In-domain + Distractors Out-of-domain 

Variational Autoencoder [11] 18.52 ± 0.74 15.63 ± 0.77 18.69 ± 0.64 

Contrastive Loss [6] 32.85 ± 0.09 27.57 ± 0.11 27.98 ± 0.67 

Triplet [7] 22.50 ± 0.67 18.66 ± 0.48 19.97 ± 0.46 

Lifted [26] 27.36 ± 0.76 22.80 ± 0.52 23.97 ± 0.56 

N-pair [37] 33.90 ± 0.69 28.74 ± 0.58 28.89 ± 0.62 

Proposed 40.52 ± 0.28 34.90 ± 0.44 29.43 ± 0.36 

Fig. 3. Effect of varying the hyper-parameter αKL on the in-domain and out-of- 

domain retrieval precision (the optimization ran for 30 training epochs). 
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KL hyper-parameter, i.e., higher values lead to more discriminative

epresentations, while lower values lead to better performance on

ut-of-domain tasks, as shown in Fig. 3 . 

Next, the performance of the method was evaluated using the

UB-200 dataset. Again, the supervised metric learning approaches

ead to significant performance improvements over the plain un-

upervised Variational AE, with the N-pair method leading to the

verall highest mAP over the rest of the supervised metric learning

pproaches. Note that triplet loss, despite improving the in-domain

recision, yields only margin improvements for out-of-domain re-

rieval. On the other hand, the proposed method yields an im-

ressive 20% relative improvement over the next best performing

ethod (N-pair) for in-domain retrieval, while it also improves the

etrieval precision in the presence of distractors (over 20% relative

mprovement). At the same time, it leads to the overall best per-

ormance for out-of-domain retrieval tasks, confirming the positive

ffect of modeling the intra-class variance. 

Finally, experiments using the AwA2 dataset were conducted.

he results are reported in Table 3 . Since no training/test split was

mployed for this dataset, only the “out-of-domain” (abbreviated

s “Out” in Table 3 ) and “out-of-domain + in-domain distractors”

abbreviated as “Out + ” in Table 3 ) results are provided. Note that

or the AwA2 evaluation, three out of the four supervised learning
Table 3 

Evaluation results using the AwA2 dataset (mAP, 

%). 

Method Out Out + 

VAE 45.39 ± 2.49 39.20 ± 1.03 

Contrastive 43.42 ± 0.53 37.68 ± 1.23 

Triplet 41.02 ± 2.18 35.53 ± 1.67 

Lifted 45.50 ± 1.68 39.19 ± 1.53 

N-pair 46.32 ± 1.71 40.27 ± 2.10 

Proposed 48.60 ± 1.58 42.56 ± 0.65 

 

 

 

 

 

 

 

 

 

 

ethods actually lead to lower retrieval performance compared to

 fully unsupervised Variational Autoencoder (VAE), while the best

erforming N-pair loss leads only to slight improvements over the

AE. This implies that the more discriminative representations are

ot necessarily the most suitable for out-of-domain retrieval tasks,

onfirming again the findings reported in the literature [28,33] .

gain, the proposed method leads to better performance compared

o all the other evaluated methods, improving the out-of-domain

etrieval precision by about 5% for both scenarios (relative im-

rovements). 

. Conclusions 

A regularized discriminative deep metric learning method for

ontent-based image retrieval, which works by modeling the latent

enerative factors for each class, was proposed in this paper. The

roposed method is capable of learning efficient representations

hat can discriminate between different classes, modeling both the

n-class variance and possible sub-classes, as well as representing

bjects from classes that were not seen during the training pro-

ess. The effectiveness of the proposed method was demonstrated

sing several experiments under different different in-domain and

ut-of-domain setups and three challenging image datasets, out-

erforming the evaluated supervised and unsupervised representa-

ion/metric learning approaches. 
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