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Deep metric learning (DML) achieves excellent performance in many open-set scenarios. How-

ever, the current multi-proxy methods rely on a classification framework and the performances 
of these methods rely on large batch size due to the representation limitation of mini-batch for 
neighbor distribution of proxies. This study proposes a multi-proxy method aiming to enhance 
the generalization ability of DML on unseen classes by enhancing the data representation ability. 
As a sample may not share all fine-grained semantic information of a class, our model does not 
require full association between samples and proxies, and is updated only according to the asso-

ciated pairs. Moreover, a mini-batch may not contain sufficient information for learning. So our 
model also considers the proxy-proxy relation in order to provide a global view of the data struc-

ture which improves the learning on the intra-class distance. This study also investigates how the 
positive and negative margins, i.e., the parameters of our model which control the required sim-

ilarity for a class and different classes, affect our performance, and finds that less demanding on 
the negative margin avoids over-training and improves generalization ability to unseen classes. 
The outstanding performance of our model is confirmed by experimental results compared with 
the state-of-the-art DML methods in the benchmark image retrieval datasets.

1. Introduction

Deep metric learning (DML) [1] is an algorithm to establish a metric that aims to quantify the similarity between objects using 
deep neural networks. Different from the traditional numerical methods for feature selection [2,3], deep learning generates discrim-

inative features of samples by learning the non-linear mapping with the artificial neural network. DML has demonstrated excellent 
performance in many open-set scenarios, for example, person re-identification [4], and few-shot classification [5].

A pair-based method [6,7] is one of the most popular DML methods. Informative sample pairs are chosen from a mini-batch in 
training. Samples in the same class are pulled closer, while those from different classes are pushed away. However, when the training 
size is large, the training complexity may increase exponentially [8]. Moreover, the training efficiency heavily depends on a sampling 
strategy since some sample pairs may not provide useful information.

A proxy-based method tackles these problems by providing a global view of a training set for each mini-batch [9,10]. A proxy or 
multiple proxies are assigned to a class to represent its data distribution and reside in the memory during the whole training. One 
drawback of using a single proxy [10] for a class is the limitation of the representation ability. A complicated class contains various 
characteristics and its distribution may not be like a hypersphere in a high-dimensional space. As a result, representing a complicated 
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Fig. 1. Influence of data augmentation impact on the movement of proxy. The dark circles represent samples sampled in the mini-batch, and the light circles represent 
the distribution of other samples in the entire dataset. Pentagrams represent proxies. Different colors represent different categories. The augmentation by the global 
view provided by the proxies to the local view of the samples in a mini-batch causes a more desirable update.

class by only one proxy not only increases the training difficulty but also reduces generalization ability. Some multi-proxy methods, 
such as SoftTriple [8] and ProxyGML [11], are proposed recently. These methods consider a classification loss, which generally leads 
the samples to get closer to their class and further to other classes. It may cause over-training easily and does not benefit an open-set 
scenario in which classes in inference may be different from the ones in training.

This study proposes a multi-proxy method aiming to enhance the generalization ability of DML on unseen classes by representing 
the data distribution properly. A number of proxies are assigned to each class to represent its fine-grained semantics in our method. 
As a sample may not has all fine-grained semantics of its class, the sample should not be required to associate with all proxies of its 
class (called positive proxies), e.g., the head and tail of a truck share few common characteristics. If a positive proxy is far away from 
a sample, our model assumes that they do not share the same characteristics and will not associate with them. On the other hand, a 
proxy with a different class to a sample (i.e., a negative proxy) is associated with the sample only if they are located closely. Only the 
associated proxies contribute to training. Because samples are only associated with proxies partially, a proxy represents only some 
characteristics of a class. Therefore, the variety of inner-class structures can be represented more easily and better.

The data distribution may not be represented by a mini-batch since it only contains a few training samples, which may lead to 
improper updates on a proxy. It is explained in an example shown in Fig. 1a. A circle and pentagram indicate a sample and proxy, 
and classes are represented by different colors. The ones with dark yellow, blue, and green are selected in a mini-batch in training. As 
those selected samples cannot represent the whole data distribution well, the green proxy may tend to the yellow class in an update. 
The improper update may not only cause the slow convergence but also the local optima in learning. Our model uses the proxies 
which represent the structures of all classes to supplement a mini-batch. The data augmentation provided by proxies offers a global 
view of the data structure in addition to the local information provided by the samples in a mini-batch. Since proxies are resident 
during the whole training process, the local and global views on the data structure are obtained in each update in our model, which 
increases the efficiency of learning. In our example due to the additional information provided by the proxies, the update in Fig. 1b 
is more desirable.

This study also investigates how the margins affect the performance of our model. Similar to other proxy-based methods, our 
method also contains two margins (i.e., positive and negative ones) to control the expected similarity for a class and different classes. 
Some studies [6,9,10] suggest that the negative margin should be larger than the positive one in order to separate the classes clearly. 
However, our experimental studies find that a small difference between the positive and negative margins is preferable for the 
generalization ability in our model. Less demanding on the negative margin avoids the over-training and encourages learning on the 
similar characteristics of different classes, which is beneficial to separate unseen classes. As a result, a hard sample may be retrieved 
more accurately. Moreover, our method is evaluated and compared with the state-of-the-art methods of pair-based, single-proxy, and 
other multi-proxy methods experimentally.

The generalization ability of deep metric learning is enhanced by boosting the data representation ability and determining a 
proper setting of margins in this study. The contributions of our study are as follows:

• A multi-proxy DML is proposed. Samples and proxies are associated partially and only the associated pairs are considered in 
an update. The structure of data can be presented more precisely by our model than by existing methods and our model has a 
better generalization ability in an open-set scenario.

• A mini-batch may only provide local information for learning due to a lack of training samples. This study devises an objective 
function which considers not only the sample-proxy relation but also the proxy-proxy relation providing a global view of the 
data structure. The distance of intra-class can be learned more efficiently.

• The influence of margins on the generalization ability of our method is explored. The performance of our method increases with 
the decrease in the difference between the positive and negative margins.

The rest of this paper is organized as follows. Section 2 introduces the basic concepts of DML related to this study, and our 
proposed model is devised and discussed in Section 3. Section 4 provides the experimental results and discussion. Finally, the 
2

conclusion and future work are given in Section 5.
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2. Background

The related concepts of this study, including pair-based and proxy-based metric learning, distance-based and classification-based 
loss functions, and single-proxy and multiple-proxy methods, are discussed in this section.

2.1. Pair-based vs proxy-based method

A pair-based method generates sample pairs from a mini-batch. A pair containing the samples with the same label is pulled 
closer, while the one with different labels is separated apart. A classic representative is Triplet Loss [6,12], which refers to a triplet 
containing a sample as an anchor, and the other two samples chosen from the same class and different class from the anchor. The 
anchor gets closer to its positive sample and gets away from the negative one with a fixed margin simultaneously. Quadruplet [13], 
N-pair [7], and Lifted-Structure losses [14] interact a sample with more samples from the same or different classes in order to 
increase the stability of training. In order to solve the high training complexity, hard-sampling [15] and semi-hard sampling [6] have 
been proposed which only focus on the samples located in between two classes. Additional modules, e.g., cross-batch memory (XBM) 
module [16] and Local Neighborhood Component Analysis (LNCA) module [17], are integrated into existing pair-based methods in 
order to extract useful information.

On the other hand, a proxy-based method [10,8,11,18,19] does not only focus on the sample-to-sample relation. Each class is 
represented by a proxy. The training process aims to reduce the distance between a sample and its same-class proxy, and increase 
the distance to the proxies from other classes. The advantages of a proxy-based method are low training complexity [10] and fast 
convergence [20]. Moreover, a proxy provides a global view of a class in each update and avoids the local optimum problem [9].

2.2. Distance-based vs classification-based loss function

A distance-based method [21] directly optimizes the distance between samples and samples or samples and the proxies. They are 
often accompanied by a margin, pulling the same labeled samples (or proxies) to make them closer than a fixed margin or pushing 
different labeled samples (or proxies) to make them farther than a fixed margin. On the other hand, in a classification-based method, 
one [22,23] or more proxies [11,24] are assigned to each class, and then SoftMax and CrossEntropy are utilized to discriminate 
samples in the mini-batch.

The margin-based methods can control the intra-class variety and inter-class discrimination through margins, but setting a fixed 
margin is not flexible due to different classes may have different intra-class varieties. To solve this problem, hierarchical metric 
learning [25] clusters the entire training data hierarchically, and sets different margins according to the hierarchical structure. 
However, this method faces the problems of complicated calculation and a lack of guarantee of the clustering effect.

Classification-based methods discriminate samples by optimizing the sample classification probability, thus avoiding the margin 
problem of distance-based methods. However, because the classification-based methods do not have a definite stopping boundary 
(margin) like the margin-based method, it will endlessly improve the discrimination ability between classes. Different classes are 
pushed as far as possible, which may prevent the model from learning the diverse features from the same class and the shared 
features between different classes, thereby impairing the generalization ability of the model.

2.3. Single proxy vs multiple proxies

A proxy provides a global view of a group of samples. Convergence and robustness of training can be improved by considering 
proxies in each training iteration. However, samples in the same class may be different from each other since the concepts represented 
by a class may be complicated. Thus, a single proxy is not enough to represent the intra-class structure well. To solve this problem, 
SoftTriple [8] loss assigns multiple proxies to each class as an ensemble of multiple weak classifiers to improve the performance [11]

of metric learning. On the other hand, ProxyGML is also regarded as an ensemble strategy, which assigns multiple proxies for each 
class and reduces the number of proxies associated with each sample in order to the training complexity.

3. Proposed method

Our proposed multi-proxy DML is introduced in this section. The procedure of our model is illustrated by the flowchart shown 
in Fig. 2. In each update, an embedding vector of each sample in the mini-batch is extracted by a CNN model. Then the similarity 
between proxies and samples is calculated in the embedding space for the sample-proxy (Section 3.1) and proxy-proxy (Section 3.2) 
relations construction. After that, a sample’s associated positive and negative proxies are identified according to the calculated 
similarities. Finally, the proxies and CNN model are updated in training by only considering associated positive and negative proxies’ 
relations (Section 3.3). Since the data structure of each class is represented precisely by multiple proxies, a better performance should 
be achieved by our model.

3.1. Sample-proxy relation construction

Given a dataset 𝐃 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), ..., (𝑥𝑛, 𝑦𝑛)}, where 𝑥𝑖 and 𝑦𝑖 ∈ 1,2, ..., 𝑐 denote the 𝑖th sample features and the corresponding 
3

label, 𝑐 is the number of classes, and 𝑛 is the number of samples.
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Fig. 2. The flowchart of our method. The similarity between samples in a mini-batch and all proxies is first calculated in the embedding space, and the positive and 
negative proxies are then identified. The proxies and CNN model are updated according to the chosen proxies only.

By assigning 𝑚 proxies to each class, various semantics of a class can be represented more easily in our method. A set proxy 𝐏 is 
defined as follows:

𝐏 = {𝑝𝑖
𝑗
|𝑖 = 1,2, ..., 𝑐, 𝑗 = 1,2, ...,𝑚}, (1)

where 𝑝𝑖
𝑗

indicates the 𝑗th proxy of the 𝑖th class. There are 𝑚 × 𝑐 proxies in total. As a sample may only obtain some characteristics 
of a class, our method allows a sample only associates some proxies of the class. The connection between a sample and its positive 
proxies is identified by (2). The value 𝑣𝑥𝑖,𝑝𝑗 represents how confident the sample 𝑥𝑖 relates to the proxy 𝑝𝑦𝑖

𝑗
in the high dimensional 

space of the DML model, where 𝑝𝑦𝑖
𝑗

is the 𝑗th proxy of the same class as 𝑥𝑖.

𝑣𝑥𝑖,𝑝𝑗
= 𝑒

𝑠(𝑥𝑖,𝑝
𝑦𝑖
𝑗
)∕𝑇∑𝑚

𝑘=1 𝑒
𝑠(𝑥𝑖,𝑝

𝑦𝑖
𝑘
)∕𝑇

, (2)

where 𝑠(𝑎, 𝑏) is a cosine distance between 𝑎 and 𝑏 obtained from a DML model. 𝑇 denotes the temperature parameter [26] indicating 
the confidence of a model. 𝑇 indirectly determines the number of associated proxies for a sample. A lower temperature reduces the 
number of positive proxies to increase confidence, and vice versa.

The positive relation 𝑅+ between a sample and proxies is defined according to 𝑣𝑥𝑖,𝑝𝑗 . The association between a sample and 
a positive proxy is determined according to 𝑣. When a sample (𝑥𝑖) associates with its positive proxies (𝑝𝑗 ), 𝑅+

𝑥𝑖,𝑝𝑗
= 1, otherwise, 

𝑅+
𝑥𝑖,𝑝𝑗

= 0. 𝑅+ is defined as (3).

𝑅+
𝑥𝑖,𝑝𝑗

=

{
1, if 𝑣𝑥𝑖,𝑝𝑗 > 𝛾

0, otherwise
(3)

If the confidence value of the sample 𝑥𝑖 and its 𝑗th positive proxy 𝑝𝑦𝑖
𝑗

is larger than 𝛾 , i.e., 𝑣𝑥𝑖,𝑝𝑗 > 𝛾 , 𝑥𝑖 and 𝑝𝑦𝑖
𝑗

are related. 
Otherwise, they are not related. 𝛾 denotes a threshold controlling the difficulty of association. When 𝛾 is large, less positive proxies 
are associated and the model allows larger inner-class variety. On the other hand, a class will be more compact as a sample relates 
to more positive proxies when 𝛾 is small.

Similarly, only negative proxies close to a sample are associated with our model. The remote proxies are not associated because 
further pushing negative proxies far away from a sample increases training complexity and may cause over-training. A negative 
proxy is associated with a sample 𝑥 if its similarity is higher than the maximal similarity between 𝑥 and its non-associated positive 
proxies. Noted that the criterion of choosing negative proxies is not fixed but is determined dynamically according to the similarity 
of positive proxies. It can be adaptive to different scenarios. The relation between a sample and its negative proxies is represented 
by the negative relation 𝑅− defined as (4).

𝑅−
𝑥𝑖,𝑝𝑗

=
⎧⎪⎨⎪⎩
1, if 𝑠(𝑥𝑖, 𝑝𝑗 ) > max

1≤𝑘≤𝑚
𝑠(𝑥𝑖, 𝑝𝑘) ⋅ (1 −𝑅+

𝑥𝑖,𝑝𝑘
)

0, otherwise
(4)

3.2. Proxy-proxy relation construction

In addition to the sample-proxy relation, our model also considers the proxy-proxy relation. Assume 𝑝𝑖 and 𝑝𝑗 represent the two 
4

different proxies belonging to the same class. The confidence (𝑣𝑝𝑖,𝑝𝑗 ), positive and negative relations (𝑅+
𝑝𝑖,𝑝𝑗

and 𝑅−
𝑝𝑖,𝑝𝑗

) are calculated 



Information Sciences 643 (2023) 119120P.P.K. Chan, S. Li, J. Deng et al.

according to (2), (3) and (4) respectively. The proxy-proxy relation is only applied to the negative relations in order to maintain 
the intra-class distances. During the update, two near proxies belonging to different classes are pushed away from each other. The 
proxy-proxy relation is defined as formula (5):

𝑄−
𝑝𝑖,𝑝𝑗

=

{
1, if 𝑠(𝑝𝑖, 𝑝𝑗 ) > max

1≤𝑘≤𝑛
𝑠(𝑥𝑘, 𝑝𝑖) ⋅ (1 −𝑅−

𝑥𝑘,𝑝𝑖
) ⋅ 𝕀(𝑦𝑥𝑘 ≠ 𝑦𝑝𝑖

) ⋅ 𝕀(𝑖 ≠ 𝑗)

0, otherwise
, (5)

where 𝑠(⋅) is a cosine distance between two proxies in the embedding space generated by the DML model. 𝕀(𝑏) denotes an step 
function. When 𝑏 is true, it is equal to 1; otherwise, it is 0. For each proxy, the different-class samples with the maximum similarity 
and not negatively associated are used as a reference for setting the threshold. Only the different-class proxies whose similarity is 
greater than the threshold are considered.

3.3. Loss function

The loss function used in our model consists of the components related to positive and negative relations, defined as follows:

𝓁(𝑋) = 1|𝑃+| ∑
𝑝∈𝑃+

log
⎛⎜⎜⎝1 +

∑
𝑥∈𝑋+

𝑝

𝑅+
𝑥,𝑝

𝑒−𝛼⋅(𝑠(𝑥,𝑝)−𝛿
+)
⎞⎟⎟⎠+

1||𝑃−||
∑
𝑝∈𝑃−

log
⎛⎜⎜⎝1 +

∑
𝑥∈𝑋−

𝑝

𝑅−
𝑥,𝑝

𝑒𝛼 𝑐𝑑𝑜𝑡(𝑠(𝑥,𝑝)−𝛿−) +
∑

𝑝′∈𝑃−
𝑝

𝑄−
𝑝′ ,𝑝𝑒

𝛼⋅(𝑠(𝑝′ ,𝑝)−𝛿−)
⎞⎟⎟⎠ ,

(6)

where 𝑃+ indicates the set of proxies that are positively associated with the samples in the mini-batch, and 𝑃− indicates the set of 
proxies that are negatively associated after data augmentation. 𝑋+

𝑝
and 𝑋−

𝑝
indicate the same and different-class sample sets with 𝑝

in the mini-batch respectively. 𝑃−
𝑝

represents the proxy set that is different-class from the proxy 𝑝. 𝛿+ and 𝛿− represent positive and 
negative margins aiming to control the expected similarity for a class and different classes. 𝛼 is the scaling factor. The proxies (𝑃 ) 
and DML model (𝑠) are updated according to (6) iteratively.

A sample may not contribute to training when it is not associated with any positive and negative proxies. This kind of sample 
locates in a region that is not close to positive proxies and far away from negative proxies. When a sample is only associated with 
negative but not positive proxies, the sample is not close to its class and too close to other classes. Conversely, when a sample 
is close to its class but not others, it will associate only with its positive but not negative proxies. Only associated positive and 
negative proxies identified by 𝑅+ and 𝑅− of a sample are considered in our loss function. This is because a sample may not share 
all characteristics of a class, especially the complicated ones. Moreover, only considering the negative proxies close to a sample in 
training avoids unnecessary updates, which may cause over-training and increase the complexity and instability.

Although the discrimination ability of a model increases when setting the positive margin larger and negative margin smaller 
[10,6,9], i.e., 𝛿+ = −𝛿− [10], this ability may not be generalized to novel classes in open-set scenarios. As a result, our study suggests 
the difference between 𝛿+ and 𝛿− should be small in our model. By releasing the requirement on the negative margin, the model 
will not overlearn the difference between classes of the training set. It is expected that the generalization ability of our model will 
increase since more general characteristics between classes may be learned.

4. Experiments

This section evaluates and compares our method with the state-of-the-art (SOTA) methods on three benchmark datasets of image 
retrieval experimentally. Besides accuracy, this study also explores the impact of parameters and discusses the running time of our 
method.

4.1. Experimental settings

4.1.1. Datasets

Three benchmark datasets, including CUB-200-2011 [27], Cars196 [28], and Stanford Online Products (SOP) [14], of image 
retrieval is considered in our experiments. CUB-200-2011 and Cars196 are both commonly used datasets for a fine-grain classification 
task. CUB-200-2011 contains 11,788 images of 200 bird species collected from Flickr and filtered by Amazon Mechanical Turk, while 
Cars196 contains 16,185 2D images of 196 different cars manually collected for testing 3D object representation ability. SOP contains 
120,053 images of the online products in eBay.com. The detailed information of each dataset is illustrated in Table 1. An open-set 
problem setting is used. Half classes are selected to form a training set and the rest of the classes are reserved as a test set for each 
dataset [10], and the classes in the training and test sets have no intersection.

4.1.2. Implementation detail

The parameters of our method are determined by maximizing the performance in preliminary experiments. 10 proxies are assigned 
to each class in Car196 and CUB200-2011, while 3 proxies are used in SOP. This is because the average number of samples per class 
5

is less than 5 in SOP. Moreover, in order to avoid the samples of a class being too scattered, temperature 𝑇 is set as 1 in SOP, which 
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Table 1

Three Benchmark Datasets Used in the Experiments. Half classes 
are selected for training and the rest are for evaluation.

Dataset Sample Number (Class Number)

Training Set Test Set

CUB-200-2011 [27] 5,924 (100) 5,864 (100)

Cars196 [28] 8,054 (98) 8,131 (98)

SOP [14] 59,551 (11,318) 60,502 (11,316)

Table 2

Comparison Between Our proposed Methods and the SOTA Methods. The Results of the Comparison Methods Are Obtained 
From Their Publications. Column ‘Type’: ‘A’, ‘P’, and ‘MP’ Denotes Pair, Proxy, and Multi-Proxy Methods, While Column ‘NN’: 
‘G’ and ‘BN’ Indicate GoogleNet [30] and Batch Normalized Inception Net [29]. ‘R@k’ Indicates the Success Rate of Retrieval 
on k Query Images. The Largest Value of Each Column Is Highlighted.

Method Cars196 CUB200-2011 SOP

Name Type NN R@1 R@2 R@4 R@1 R@2 R@4 R@1 R@10 R@100

SemiHard [15] A BN 51.5 63.8 73.5 42.6 55.0 66.4 66.7 82.4 91.9

Clustering [31] A BN 58.1 70.6 80.3 48.2 61.4 71.8 67.0 83.7 93.2

LiftedStruct [14] A G 53.0 65.7 76.0 43.6 56.6 68.6 62.5 80.8 91.9

HDC [32] A G 73.7 83.2 89.5 53.6 65.7 77.0 69.5 84.4 92.8

HTL [25] A BN 81.4 88.0 92.7 57.1 68.8 78.7 57.1 68.8 78.7

DAMLRRM [33] A G 73.5 82.6 89.1 55.1 66.5 76.8 69.7 85.2 93.2

HDML [34] A G 79.1 87.1 92.1 55.1 66.5 76.8 68.7 83.2 92.4

MS [35] A BN 84.5 90.7 94.5 65.7 77.0 86.3 78.2 90.5 96.0

ProxyNCA [9] P BN 73.2 82.4 86.4 49.2 61.9 67.9 73.7 - -

ProxyAnchor [10] P BN 86.1 91.7 95.0 68.4 79.2 86.8 79.1 90.8 96.2

SoftTriple [8] MP BN 79.1 87.1 92.1 65.4 76.4 84.5 78.0 90.3 95.9

ProxyGML [11] MP BN 84.1 90.4 94.0 66.6 77.6 86.4 78.0 90.6 96.2

Ours MP BN 90.3 93.7 96.3 69.6 79.9 87.0 80.1 91.3 96.6

encourages the association between samples and proxies. On the other hand, 𝑇 is set as 32 in both Car196 and CUB200-2011. 𝛾 is 
set as 1∕𝑛. Both 𝛿+ and 𝛿− are set as +0.15. The batch size is set as 60. The backbone of our method is BN Inception [29].

4.2. Comparison with state-of-the-art methods

Our method is compared with the SOTA methods of three kinds of DML methods: pair-based (A), single-proxy-based (P) and 
multi-proxy-based (MP) methods, and the results are shown in Table 2. Our method outperforms all other methods in all cases in the 
three datasets.

The performance of our method is significantly better than others in Car196. Our method achieves 4.2%, 2.0%, and 1.3% more 
than the second-best method, i.e., ProxyAnchor, in R@1, R@2, and R@4. Each car in Cars196 has multiple viewpoints with special 
features, which may be shared by different cars with the same viewpoints. The results may indicate that our method generalizes the 
features shared between different classes and maintains the inner-class variety. Our method also successfully reduces the inner-class 
variety and learns class discrimination features in CUB200-2011 and SOP, i.e., R@1 of the second-best method is improved by 1.2% 
and 1.0% in CUB200-2011 and SOP respectively.

4.3. Inner-class and intra-class similarity

Our method and the existing single-proxy and multi-proxy methods with the best performance, i.e., ProxyAnchor and ProxyGML, 
are chosen for further investigation in terms of the inner-class and intra-class similarity measures. These models are trained by 
following the suggestions in their publications tightly.

A partition 𝐃𝑎 of 𝐃 is defined according to a class 𝑎, i.e., 𝐃𝑎 = {(𝑥, 𝑦)|(𝑥, 𝑦) ∈ 𝐃, 𝑦 = 𝑎}. The average inter-class similarity (𝑆𝑖𝑛𝑡𝑒𝑟) 
and intra-class similarity (𝑆𝑖𝑛𝑡𝑟𝑎) are defined as follows:

𝑆𝑖𝑛𝑡𝑒𝑟(𝐃𝑎,𝐃𝑏) =

∑
𝑥𝑎∈𝐃𝑎

∑
𝑥𝑏∈𝐃𝑏

𝑥𝑎⋅𝑥𝑏‖𝑥𝑎‖‖𝑥𝑏‖|𝐃𝑎||𝐃𝑏| (7)

and

𝑆𝑖𝑛𝑡𝑟𝑎(𝐃𝑎) =
(
∑

𝑥𝑖∈𝐃𝑎

∑
𝑥𝑗∈𝐃𝑎

𝑥𝑖⋅𝑥𝑗‖𝑥𝑖‖‖𝑥𝑗‖ − |𝐃𝑎|)
(|𝐃𝑎|− 1)(|𝐃𝑎|− 1)

, (8)

Fig. 3 shows the inner-class and intra-class similarity on the training and test sets of Cars196. Both vertical and horizontal axes 
of each figure represent classes. Therefore, inner-class similarity values are shown in the diagonal while other regions indicate 
6

intra-class similarity values. Small and large values are shown in blue and red respectively.
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Fig. 3. Similarity value between classes of ProxyAnchor, ProxyGML and our method on the training and test sets of Cars196. The inner-class similarity is shown in 
the diagonal while the intra-class similarity is shown in other regions.
7
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Fig. 4. Mean discrimination ability (𝐼𝑘) with different 𝑘 when 𝑣 = 250 in the training and test sets of Cars196.

For ProxyAnchor, the inner-class similarity is high while the intra-class similarity is low in the training set, i.e., the diagonal 
and other regions are in red and white respectively. However, (a) and (b) show that the generalization of ProxyAnchor from the 
training set to the test set is weak. The similarity values in non-diagonal values are large in the test set. On the other hand, both 
inner-class and intra-class similarities of ProxyGML are relatively smaller than the ones of ProxyAnchor. Similar to ProxyAnchor, 
the discriminative ability of ProxyGML on the test set is also weaker than that on the training set in (c) and (d). Compared with 
ProxyAnchor and ProxyGML, the inner-class similarity is much higher than the intra-class similarity for our method. Moreover, the 
discrimination ability is generalized well from the training to the test set. It explains why our method achieves better performance 
than others.

4.4. Sample discrimination ability

The discrimination ability of ProxyAnchor, ProxyGML, and our method is quantified. The discrimination ability 𝐼(𝑥) of a sample 
𝑥 is defined as the distance difference between the closest positive and negative samples of 𝑥, shown as follows:

𝐼(𝑥) = max
𝑥′∈𝑋+

𝑠(𝑥,𝑥′) − max
𝑥′∈𝑋−

𝑠(𝑥,𝑥′), (9)

where 𝑋+ and 𝑋− denote the sets containing samples with the same and different classes to 𝑥 respectively, and 𝑠 is the cosine 
distance. A negative 𝐼(𝑥) value means 𝑥 is closer to its negative sample, i.e., 𝑥 is classified wrongly. 𝐼𝑘 is defined as the mean 
discrimination ability on the samples ranked from 𝑘 − 𝑣 to 𝑘 + 𝑣 according to 𝐼(𝑥).

𝐼𝑘 =
1
2𝑣

∑
𝑘−𝑣≤𝑖≤𝑘+𝑣

𝐼(𝑥(𝑖)), (10)

where 𝑥(𝑖) denotes the 𝑖th sample sorted according to 𝐼(𝑥), i.e., 𝐼(𝑥(1)) ≥ 𝐼(𝑥(2)) ≥ 𝐼(𝑥(3)) ≥ ... ≥ 𝐼(𝑥(𝑛)), and 𝑣 represents the interval 
size. A larger 𝐼𝑘 indicates better performance on the hard samples.

Higher discrimination ability on the hard samples is more important than on other samples since the hard samples may make 
mistakes easily. Fig. 4 shows 𝐼𝑘 with different 𝑘 values when 𝑣 is set as 250. When 𝑘 is smaller, the samples with a shorter distance 
difference between its closest positive and negative samples are considered, i.e., the samples are harder to be discriminated. Our 
method yields the largest 𝐼𝑘 when 𝑘 is less than and equal to 1,500 and 2,000 in the training and test sets respectively. It means that 
our method achieves stronger discriminative ability on the hard samples than other methods.

The discrimination ability of ProxyAnchor cannot be generalized from the training to test sets, i.e., 𝐼𝑘 drops dramatically on the 
test set. This may be because single-proxy methods cannot learn the various structures of classes, and extracted features cannot work 
well in a new domain. On the other hand, although ProxyGML achieves better performance on the test set than on the training set in 
general, it has the worst performance on the hard samples. It may be because it is a classification-based method that may not learn 
the similar characteristics between different classes. Thus it is easy to mistake them for the same class.

4.5. Visualization using t-distributed stochastic neighbor embedding (t-SNE) [36]

The distributions of the data extracted by ProxyAnchor, ProxyGML, and our method are visualized by t-SNE [36] in Fig. 5. All 
classes are isolated well by ProxyAnchor in the training set, but the separation cannot be generalized to the test set, in which some 
classes mix with others. The distribution of the training set is chaotic in the embedding feature space of ProxyGML. It may be because 
ProxyGML focuses on the local discrimination of each sample. Samples in a class may not be pulled close together due to the multiple 
proxies and softmax function. Classes are separately much clearer in the test set, which suggests that ProxyGML is able to learn the 
8

discriminant features successfully. Similar to ProxyAnchor, classes are clearly separated in our method but the inner-class variety is 
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Fig. 5. The T-SNE visualizations of the feature extracted by ProxyAnchor, ProxyGML, and our method on the training and test sets of Cars196.

larger and the intra-class difference is smaller. It confirms the objective of our model and the margin setting. Our method generalizes 
the class discrimination ability well to the test set. Most classes form their own clusters and have a clear margin with other classes.

4.6. Intuitive comparison

Image retrieval aims to find the samples which have same label with the query image in the database by calculating the distance 
between them. To intuitively compare our method with the SOTA methods. This section illustrates images retrieved by ProxyAnchor, 
ProxyGML, and our method. Samples with 𝐼(𝑥) close to zero are randomly chosen from the test set.

Fig. 6 illustrates the query image and the top six retrieved images. An image with a red or blue outline indicates the image is 
wrong or correct respectively. The similarity value output by each model is also displayed on top of each retrieved image. PA and 
PG stand for ProxyAnchor and ProxyGML. The performance of all methods is reasonable and most retrieved images are similar to 
9

the queries. However, ProxyAnchor is confused by the angle and color of the cars and retrieves wrong images more frequently than 
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Fig. 6. The top six images retrieved by ProxyAnchor (PA), ProxyGML (PG), and our method for three queries as illustration. A similarity value is shown on the top of 
an image, and the image with a red and blue outline indicates the wrong and correct retrieval respectively. The similarity value is shown on top of an image.

ProxyGML and our method. These results confirm the limitation of using a single proxy. On the other hand, our method retrieves 
more relevant images than ProxyGML, which suggests that more discriminative and generalizable features are extracted by our 
model.

4.7. Influence of hyperparameters

4.7.1. Positive and negative margins

The influence of positive and negative margins on the performance of our method is investigated. Fig. 7 shows the results of 
ProxyAnchor and our method with different positive and negative margins on Cars196 in terms of R@1. The scale of our model is 
set as 30.

As suggested in [10], the margin between samples and negative proxies should be opposite to the margin between samples and 
positive proxy in ProxyAnchor. However, our experimental results shown in Fig. 7a provide different opinions. ProxyAnchor performs 
the best when the values of both margins are similar, i.e., the cells in the diagonal are in dark red. The larger difference between 
the positive and negative margins may benefit the class discrimination on the training set, but the discrimination ability may not be 
10

generalizable to the test set due to over-training. The results confirm the findings in [35]. Our model has a similar performance as 
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Fig. 7. R@1 of ProxyAnchor and our method with different positive and negative margins on Cars196.

Fig. 8. R@1 of our method with 𝛿+ and 𝛿− using different temperature values on Cars196.

ProxyAnchor, and performs the best when the positive margin equals the negative margin. It explains the reason for setting 𝛿+ = 𝛿−

in the loss function.

4.7.2. Temperature of SoftMax function

The temperature (𝑇 ) of the softmax function shown in (2) indirectly determines the number of associated proxies for a sample. 
Fig. 8 illustrates R@1 of our methods with different positive and negative margins using different 𝑇 on Car196. All results basically 
follow the bell-shape distribution and the peak is roughly at 𝑇 = 1∕30, which suggests that too few and too many positive proxies 
are both not good for the performance. It is because the inner-class variety is controlled by the number of positive proxies associated 
with a sample. It is expected that a small temperature value is good for a larger inner-class variety, and vice versa. If the inner-class 
variety is large, the samples of different classes may overlap with others. However, the diversity of samples in a class may not be 
learned well when the inner-class variety is small. Therefore, R@1 of our model drops when 𝑇 is too small and large.

4.8. Running time

In each mini-batch, the proxy-sample relations are calculated in order to indicate the association between samples and proxies. The 
big-O of proxy-sample relations is in 𝑂(𝑛 × 𝑝), where 𝑛 and 𝑝 represent the number of samples and proxies. After data augmentation, 
the relation between the proxies and the proxies is also processed, the time complexity is 𝑂(𝑝2). So the comprehensive time complexity 
is 𝑂(𝑛 × 𝑝 + 𝑝2).

The training time on each epoch and convergence time of ProxyAnchor, ProxyGML, and our method are shown in Table 3. It is 
expected that our method requests a shorter running time than ProxyAnchor due to only a subset of proxies being associated with 
11

each sample. The time required by our method is longer than ProxyGML. It is because of positive and negative relation calculation.
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Table 3

Training Time Per Epoch and Convergence Time of ProxyAnchor, Prox-

yGML, and Our Method on Car196.

Methods ProxyAnchor ProxyGML Ours

Epoch time 1 m 12 s 54 s 1 m 6 s

Convergence time 53 m 16 s 48 m 31 s 50 m 14 s

5. Conclusion

Limited information provided by a mini-batch may mislead DML and downgrades the performance of its model. This study aims 
to provide a global view of the entire dataset by using multi-proxy in order to enhance the generalization ability of DML. Different 
from the existing multi-proxy methods, a positive proxy only represents a subset of samples in our model since a sample may not 
share all characteristics of its class. On other hand, negative proxies far away from a sample are also ignored in learning to avoid 
unnecessary updates and over-training. Since the flexibility of proxies increases the representation ability of our model on the data 
distribution, a better generalization ability is expected. A few training samples in a mini-batch may only provide local information on 
the data in training. Our study considers the sample-proxy and proxy-proxy relations representing local and global views of the data 
distribution respectively in training in order to enhance the efficiency of learning on the intra-class distance. In addition, the settings 
of positive and negative margins are also discussed. Our model works better when the value of positive and negative is close. The 
experimental results confirm the effectiveness of our model and also the margin setting. Our method outperforms all SOTA methods 
in all three benchmark image retrieval datasets. Although multiple proxies are used, our running time is close to other methods since 
only some subset of proxies are considered and the proxy-proxy relations provide useful information in learning. One possible future 
work is to extend the model by considering the fine-grained correlation between samples in order to enhance the local information in 
learning. The trade-off between local and global information should be investigated. Moreover, the computational complexity may 
be a concern and should be balanced with the generalization ability.
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