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Abstract

Proxy-based metric learning has enhanced semantic similar-
ity with class representatives and exhibited noteworthy per-
formance in deep metric learning tasks. While these meth-
ods alleviate computational demands by learning instance-to-
class relationships rather than instance-to-instance relation-
ships, they often limit features to be class-specific, thereby
degrading generalization performance for unseen class. In
this paper, we introduce a novel perspective called Disentan-
gled Deep Metric Learning (DDML), grounded in the frame-
work of information bottleneck, which applies class-agnostic
regularization to existing DML methods. Unlike conventional
NormSoftmax methods, which primarily emphasize distinct
class-specific features, our DDML enables a diverse fea-
ture representation by seamlessly transitioning between class-
specific features with the aid of class-agnostic features. It
smooths decision boundaries, allowing unseen classes to have
stable semantic representations in the embedding space. To
achieve this, we learn disentangled representations of both
class-specific and class-agnostic features in the context of
DML. Our method easily integrates into existing proxy-based
algorithms, consistently delivering improved performance.

Introduction

Owing to the remarkable representation capabilities of deep
neural networks, recent deep metric learning (DML) meth-
ods have achieved significant performance advancements.
These advancements have facilitated various practical appli-
cations in computer vision tasks, including image retrieval
(Yi et al. 2014; Schroff, Kalenichenko, and Philbin 2015;
Movshovitz-Attias et al. 2017; Oh Song et al. 2016), cluster-
ing (Xing et al. 2002; Hershey et al. 2016), and classification
(Snell, Swersky, and Zemel 2017; Sung et al. 2018).

The goal of DML is to learn a low-dimensional embed-
ding space using DNNs, in which semantically similar im-
ages are positioned close to each other, while dissimilar im-
ages are placed farther apart. In other words, the distance
in the embedding space plays an important role in repre-
senting semantic relationships. To achieve this goal, proxy-
based methods have emerged, involving the comparison of
instances to a proxy sample that represents specific classes
(Zhai and Wu 2018; Kim et al. 2020). These methods reduce
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Figure 1: Motivation of the proposed DDML. (a) shows
Grad-cam (Selvaraju et al. 2017) results for the same unseen
class. While the conventional NormSoftmax (Zhai and Wu
2018) method induces inconsistent activations for unseen
classes, our method demonstrates consistent activations. (b)
illustrates the positioning of training samples (i.e., red and
blue points) and test samples (i.e., gray points) in both the
embedding space and the input space for 2D synthesized
data. The NormSoftmax approach places testing samples in
either the red or blue regions due to the narrow uncertain re-
gion (i.e., white regions) caused by emphasizing only class-
specific features. In contrast, our method semantically dis-
tributes the testing samples gradually within the smoothed
uncertain region by leveraging class-agnostic features.

computational complexity by considering instance-to-class
relationships rather than instance-to-instance relationships.
However, learning instance-to-class relations limits the di-
versity of image features, making them overly class-specific.
Consequently, several studies (Milbich et al. 2020; Zheng
et al. 2021a,b; Gu, Ko, and Kim 2021) have advanced to ad-
dress this issue through feature diversification, with the goal
of improving generalization for unseen classes.

Our insight stems from observing the NormSoftmax (Zhai
and Wu 2018) method, which is frequently used as a base-
line in proxy-based DML. In Fig.1(a), the NormSoftmax ap-
proach induces inconsistent gradient activations for samples
belonging to the same unseen class in the CUB dataset (Wah
et al. 2011). This observation is evident from the experiment
with 2D synthesized data. In Fig.1(b), red and blue points
denote the training samples from two distinct classes in



the embedding space, whereas gray points represent testing
samples belonging to the same unseen class. In conventional
NormSoftmax approaches, these testing samples tend to be
located in either the red or blue regions (i.e., high probability
regions of the two distinct classes, respectively) because the
uncertain region around the decision boundary (i.e., white
regions) is very narrow. This observation implies that Norm-
Softmax primarily emphasizes distinct class-specific fea-
tures. For this reason, samples from unseen classes, which
lack predefined class-specific features, may be randomly
scattered when every region in the embedding space is de-
terministically associated with a particular class. Thus, the
conventional approach destabilizes the meaning of distances
in regions containing samples from unseen classes.

In pursuit of a better embedding space from this perspec-
tive, we propose a novel approach called Deep Disentangled
Metric Learning (DDML) within the framework of informa-
tion bottleneck. DDML learns disentangled representations
of both class-specific and class-agnostic features to infuse
the meaning of distance into uncertain regions. Our class-
agnostic features serve to bridge the gap between class-
specific features, thus widening the uncertain regions in the
embedding space. As shown in Fig.1(a), our approach facil-
itates consistent gradient activations for samples belonging
to the same unseen class by introducing class-agnostic fea-
tures. Similarly, in Fig.1(b), the uncertain region around the
decision boundary becomes broader and smoother, leading
to a seamless transition between class-specific feature re-
gions. The gray points, which represent testing samples from
the same unseen class, are gradually distributed in the ex-
panded uncertain region around the decision boundary. This
can be interpreted as testing samples similar to the red (blue)
points being located close to the red (blue) region. These ob-
servations suggest that features capturing the relationships
between classes enable unseen samples to be placed rela-
tively based on their semantic representations in the embed-
ding space, achieving the goal of DML even in uncertain re-
gion. In conclusion, the proposed DDML enhances feature
diversity, improving generalization for unseen classes.

The proposed method trains both class-agnostic and class-
specific features in the context of DML. The trade-off be-
tween learning class-specific and class-agnostic features can
be resolved by expanding the variational information bot-
tleneck (VIB) (Alemi et al. 2016) objectives. Class-specific
features are learned to extract the essential information
shared within identical classes, while class-agnostic fea-
tures are learned to enhance the generalization of DML.
For this, we design a class-agnostic regularization loss func-
tion composed of three loss terms: specific, agnostic, and
split losses. The specific loss term aims to increase the sim-
ilarity of class-specific features to their corresponding class
proxy, while the agnostic loss term decreases this similar-
ity by leveraging class-agnostic features. The split loss term
is responsible for mitigate the inherent interdependence be-
tween class-agnostic and class-specific features. Fig.2 illus-
trates the proposed network structure and the contribution of
each term in the class agnostic regularization loss function.

The contributions of the proposed method are as follows.

* We propose a novel Deep Disentangled Metric Learning
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method (DDML) that leverages disentangled representa-
tions of both class-specific and class-agnostic features.

* We introduce a loss function for class-agnostic regular-
ization and propose an extended framework along with
an optimization strategy that enables effective learning.

* Our loss function can be easily attached to existing DML
losses and enhances generalization performance.

Related Work

Proxy-based DML Proxy-based metric learning encodes
image similarity as distances in the embedding space by cap-
turing the relationship between sample points and class rep-
resentatives. A critical concern in proxy-based DML is ac-
quiring intra-class variation. ProxyGML (Zhu et al. 2020)
addressed issue by using fewer, trainable proxies per class,
while RankMI (Kemertas et al. 2020) estimated a tight lower
bound on joint probability divergence. Recent advance-
ments in proxy-based DML have increasingly focused on
strategies that address both intra-class and inter-class varia-
tions. DRML (Zheng et al. 2021b) captured both inter-class
and intra-class distributions by extracting diverse features,
thereby mitigating the issue of discarding intra-class varia-
tions. DiVA (Milbich et al. 2020) learned domain-invariant
representations by disentangling latent subspaces for do-
main, class, and residual variations, thus improving gener-
alization to unseen domains. DCML-MDM (Zheng et al.
2021a) employed losses across different sub-embedding
compositions to enhance the diversity of the encoded fea-
tures. HIST (Lim et al. 2022) used hypergraph modeling
with semantic tuples to capture multilateral relations, while
S2SD (Roth et al. 2021) addressed dimension bottleneck
through knowledge distillation, improving generalization.
In contrast, our method emphasizes class-agnostic feature
acquisition to promote feature diversification.
Regularization on DML If the embedding space is con-
tinuously arranged, it results in a smooth decision boundary,
which is crucial for robust model performance. Recogniz-
ing class relationships enhances generalization by embed-
ding test samples more accurately in the embedding space
(Gu, Ko, and Kim 2021; Venkataramanan et al. 2021). Tech-
niques such as mixup (Zhang et al. 2017; Verma et al.
2019) interpolate between samples to generate synthetic data
points, thereby promoting a smooth and semantically con-
sistent embedding space. The integrated mixup methodol-
ogy (Venkataramanan et al. 2021) further extends this by
performing mixup at the input, feature, and embedding lev-
els, significantly enhancing metric learning. The embed-
ding expansion method (Ko and Gu 2020) has been pro-
posed based on query expansion, which synthesizes new
features by combining existing features. These new fea-
tures are used during training to enhance network perfor-
mance, demonstrating that incorporating samples with ad-
ditional meaning can help construct a more robust embed-
ding space. Additionally, an augmentation method was im-
plemented to address class imbalance by controlling confi-
dence levels across classes with varying sample sizes (Liu
et al. 2020). Classes with a large number of samples tend
to dominate the embedding space, leading to inflated confi-



dence values, while tail classes may exhibit erroneously low
confidence. To address this issue, artificial samples were in-
troduced for the tail classes, allowing for large confidence
values and long-tail data distributions.

In contrast, our method does not rely on sample augmen-
tation. Instead, it uses a probabilistic framework to smooth
uncertain regions by leveraging class-agnostic features, of-
fering a more systematic approach than heuristic methods.

Variational Information Bottleneck The broader litera-
ture on the information bottleneck (IB) (Tishby, Pereira, and
Bialek 2000) introduces a strategy of maximizing the mutual
information I(Z;Y") while simultaneously minimizing the
mutual information I(Z; X). This is intended to preserve in-
formation relevant to the label Y within the latent vector Z,
while compacting the information associated with the input
X. In other words, IB extracts relevant elements by main-
taining only important information while discarding unnec-
essary information. However, due to the computational chal-
lenges of calculating mutual information, a variational infor-
mation bottleneck (VIB) (Alemi et al. 2016) has been pro-
posed. It utilized variational inference to obtain the lower
bound of the IB objective. The variational approach allows
the IB model to be parameterized using a neural network,
known as Deep VIB. It has been successfully applied to high
dimensional data across various fields, such as domain gen-
eralization (Du et al. 2020), detecting out-of-distributions
(Alemi, Fischer, and Dillon 2018), unsupervised clustering
(Ugur, Arvanitakis, and Zaidi 2020), dimensionality reduc-
tion (Abdelaleem, Nemenman, and Martini 2023), and mul-
tiview representation learning (Bao 2021).

We apply Deep VIB to DML and show that the trade-
off relationship between learning class-specific and class-
agnostic features can be resolved by expanding the VIB ob-
jectives. Class-specific features capture essential informa-
tion, while class-agnostic features enhance generalization.

Deep Disentangled Metric Learning

Assumption 1. X is a highly complex, high-dimensional
vector represented by an image, containing features of both
known and unknown classes.

Definition 1 (Domain). Given an input space X and a label
space Y, a domain is defined by the joint distribution Px y,
where the random variables X € X andY € Y. The known
classes form a subset of Y, with their label space denoted by
Y. The unknown classes are represented by Y,, = Y [ V.

We propose an extended Variational Information Bottle-
neck (VIB) method (Alemi et al. 2016) designed to cap-
ture features of unknown classes within the bottleneck la-
tent space Z, while learning class-specific features through
an additional bottleneck latent Z°. The Markov chain struc-
ture can be expanded from Y (Label) + X (Input) —
Z(Latent vector) to Y <> X — Z — Z*. In this frame-
work, Z serves as a bottleneck with a VIB objective for the
overall Y, encompassing both known and unknown classes,
and is referred to as the embedding bottleneck. Moreover,
7%, derived from Z through a probabilistic encoder, is de-
signed with a VIB objective specifically targeting the known
class Yy, which we refer to as the specific bottleneck. By
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extending the traditional VIB objective to the open-set sce-
nario, we propose a more robust variational information bot-
tleneck objective as follows:
max {I(Z;Yy) + al(Z;Y,) + BI(Z°;Yy) —~vI(Z*, Z)},
(M
where «, # and « are hyper-parameters that controls the rel-
ative influence of the terms. In (1), for the embedding bot-
tleneck Z, mutual information with both the known class Y},
and the unknown class Y,, is maximized (i.e., I(Z;Y}) +
al(Z;Yy,)). For the specific bottleneck Z¢, mutual informa-
tion with Y}, is maximized (i.e., 8I(Z*;Y})), similar to the
original VIB (Alemi et al. 2016). At the same time, mutual
information between Z° and the previous bottleneck Z is
minimized to disentangle class-specific features from class-
agnostic features (i.e., —yI(Z*; Z)). This strategy ensures
that Z° retains specific and relevant information about Y%,
while minimizing irrelevant information.

To facilitate learning with the proposed neural network
with the above objective, we derive the lower bound of (1)
and solve the problem by maximizing this lower bound,
thereby indirectly but efficiently optimizing the objective.
Using the proposed Markov chain and the chain rule of mu-
tual information, the lower bound of (1) can be obtained as

L= I(Z;Ya) + al(Z: ) + BI(Z% Ve) — 11(Z: 2°)
> [ dsdyudep(o)pinla)p(cla) loga(un2)
+ a/dxdyudzp(x)p(yu\x)p(2|$) log q(yu|2)

+ / drdyrdzdz"p(x)p(yr|z)p(z|z)p(2°|2) log q(yr|2")

p(2°|z)
r(z%) '
2

where x, yi, Y., and z are instances of random variables X,
Yi, Yy, and Z, respectively. q(y|2), q(yu|2) and q(yx|z*)
are the variational approximations for p(y|z), p(y.|z) and
p(yx|z*) respectively, while r(2*) is the variational approx-
imation for the marginal distribution p(2*). Please note that
the detailed derivation is found in supplementary materials.

- / dadyydzd="p(@)p(yrle)p(z|2)p(="]2) log

Optimization of (1)

We approximate (2) using training samples via probabilistic
encoders. For this, p(z, yi) is approximated by the empirical
distribution over the training samples, as follows.

N
Pl ye) = p()pule) = = S 6 — =)o — i),

3)
where 2™ and y;; denote the n-th training data point and its
corresponding label, respectively. N is the total number of
training samples, and J(-) denotes the Dirac delta function.

In (2), the first, third, and fourth terms are probabilis-
tic formulations concerning y* and can be approximated
using the empirical distribution of p(z,yy) in (3). How-
ever, the formulation of the second term involving y“ re-
quires an additional approximation. We define p(y,|z) as
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Figure 2: Illustration of the proposed network structure and the contribution of each loss term. (a) depicts the overall
network structure. The network includes two encoders (fg, f,,) and a decoder (fs), producing class-agnostic (z) and class-
specific (z°) features whose likelihoods are evaluated by the decoder. The specific loss increases the likelihood of z°, the
agnostic loss reduces that of z, and the split loss mitigates their interdependence. (b) illustrates these effects in embedding
space, where the black circle represents a sample and the blue cross represents the class proxy.

P (Ek [p(yr|z)] = %), which represents the likelihood that
the model assigns equal probabilities 4 to all classes
where P denotes the number of classes in label Yj. This ap-
proach is both practical and reasonable, as it ensures that the
network remains unbiased towards any specific class when
encountering an unknown class, thereby evenly distributing
the uncertainty across all possible known classes. Therefore,
the joint distribution for the unknown class y,, can be ap-
proximated as follows:

1 N
Pl 0) = p@)p(ale) = 5 D Sla—a"plyl"). )
n=1

Then, maximizing the hkehhood of p(y,|z) is equivalent to
ensuring that Ey[p(yx|z)] = +, which can be reframed as
minimizing the negative log-likelihood as follows.

/dzp z|z"™) log
&)

where we can exclude y, by expressing it in terms of yy.
Thus, y™ indicates the training data point for yy, hereafter.
Using (3) and (5), the proposed loss, Lppasr, is derived
by converting the maximization of the lower bound in (2)
into a minimization objective by adding a negative sign:

1

v =Jlz) 12

)

o

1
Lppmr = N Z |:]Ep(z|:rn)[_ log q(y"|2)]
n=1

DML Loss

P
—log > qly
j=1

Agnostic Loss

+ BEp(zsj2zmy [~ log q(y"|2%)] +y K L[p(Z%|z"),7(Z°)] |,

Split Loss

+ aEp(zjam) %) 5

Specific Loss

(6)
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where KL refers to Kullback-Leibler divergence.

Implementation Details

To optimize (6), we implement two stochastic encoders
p(z|x) and p(2%|2) and one decoder q(y|2T), 2T € {2, 2°}.

» We design the encoder p(z|x) as a Gaussian distribution
N (z|f§(x), f§ (x)), where fy represents a DNN with
trainable parameters 6. This network outputs the mean
f# (x) and variance f§ (x). The network has an output di-
mension of 2D, with the first D dimensions dimensions
corresponding to the mean and the remaining D dimen-
sions corresponding to the variance.

We design the encoder p(2°|2) = N (2°|fF(2), £ (2)),
where f, consists of a single fully connected layer with
the shape of D x 2D using the trainable parameter 7.

We design the decoder ¢(y|z1) = Softmaz(y|fs(zT))
by adopting a straightforward logistic regression model
with the trainable parameter ¢. Here, 27 € {z, z°},
fs(2T) = WzT, and W maps the D-dimensional em-
bedding space to the logit space of y.

* To compute the KL divergence, we design 7(z°)
N (z%]0,I) as a D-dimensional Gaussian distribution.

Specific loss: The third term of (6) facilitates the learning
of distinct features z; (Fig.2(b)). The input image is pro-
cessed sequentially through DNNs fj and f,, resulting in
class-specific features f}' and f;7 via the reparameterization
trick (Fig.2(a)). The decoder f4 computes the likelihood of
the input image belonging to the target class by projecting
the feature into the logit space.

Agnostic loss: The second term in (6) learns class-agnostic
features f), f¢ using the reparameterization trick by feed-
ing the input image into fy. The agnostic features are then
fed into the decoder f, to enforce a uniform probability of
% for all classes. Using the same decoder f is crucial, as it
has been trained with class-specific features. Following the
learning of representative features through the specific loss



| CUB | CAR | SOP

| Rl R@2 R@4 | Re@I R@2 R@4 | Re@I R@10 R@100
NS(Zhai and Wu 2018) 64.65+0.09 7568 =0.14 8420=0.13 | 8354+ 0.09 89.67 £0.05 94.06%0.05 | 78.55£0.04 90.43+£0.05 96.02 = 0.02
DDML(+NS) 65.96 = 0.06 76.58+0.03 84.56 = 0.26 | 84.85£0.07 90.06 =0.07 94.16=+0.04 | 79.38 +0.03 90.56 + 0.06 96.15 = 0.02
PA(Kim et al. 2020) 68.36£0.04 78.92+0.11 86.45+0.65 | 8599 +£0.07 91.65+0.17 9507 +0.20 | 78.84 +0.18 90.70+£0.05 96.09 = 0.08
DDML(+PA) 69.91+0.05 79.55+0.06 87.24+0.15 | 87.86£0.06 92.57+0.16 95.71=+0.05 | 79.87 +0.04 91.09 £ 0.03 98.80 % 0.02
HypViT(Ermolov et al. 2022) | 85.53 £0.07 9129+ 0.08 94.75£0.06 | 89.08 £0.06 93.97 £0.12 96.52+0.18 | 8586+ 0.04 94.86=+0.04 98.06 = 0.05
DDML(+HypViT) 8598 £0.05 9153=0.03 9510:+0.06 | 89.40+0.02 94.14£0.05 96.73=0.03 | 86.08+0.05 9501005 98.19 +0.04

Table 1: Performance evaluation of our method combined with different metric learning algorithms in terms of Recall @k.
We used NormSoftmax(NS) (Zhai and Wu 2018), ProxyAnchor(PA) (Kim et al. 2020), and HypViT (Ermolov et al. 2022), as
the baseline algorithms. The proposed disentangled module based on class-agnostic regularization in (6) was plugged into the
baseline networks, resulting in an increase in accuracy for each baseline network. The notation p + o represents the mean and
standard deviation of three runs, and bold numbers indicate performance improvements by adding DDML to the baseline.

(Fig.2(b)), the agnostic loss ensures that the similarity be-
tween the agnostic feature and the representative features of
all classes follows a uniform distribution.
Split loss: The fourth term in (6) minimizes the KL diver-
gence between p(z°|z) and the prior 2° (Fig.2(a)). This en-
forces z to have a diminished effect on z°, as shown in
Fig.2(b). When f,, is trained using this loss, the relevance be-
tween class-agnostic and class-specific features is reduced.
Please note that our method supports regularization, and
to ensure seamless integration with the existing DML loss,
the first term in (6) can be formulated to apply the standard
DML loss such as NormSoftmax (Zhai and Wu 2018) and
Proxy Anchor (Kim et al. 2020).

Experiments

We analyzed the performance of our method by integrat-
ing our disentangled module into existing DML methods
to highlight the benefits of disentanglement. We compared
the proposed method with other state-of-the-art DML ap-
proaches and evaluated our method against regularization
techniques. Finally, we conducted an ablation study on hy-
perparameters to interpret the impact of each loss term.

Experimental Settings

For experiments, we followed the protocol outlined in
(Oh Song et al. 2016). To evaluate the DML methods,
we utilized several benchmark datasets for metric learning:
Caltech-UCSD Birds (CUB) (Wah et al. 2011), CARS196
(CAR) (Krause et al. 2013), and Stanford Online Products
(SOP) (Oh Song et al. 2016). To demonstrate the applicabil-
ity of the proposed method to conventional DML methods,
we selected three baseline methods to which we attached
Lppumr: NormSoftmax (Zhai and Wu 2018), which is a
fundamental method, and Proxy Anchor (Kim et al. 2020),
known for its strong performance in CNN-based approaches,
and the recent HypViT (Ermolov et al. 2022) based on Vi-
sion transformer (Dosovitskiy et al. 2020).

Since the proposed method is a regularization technique
added to the baseline, it is essential to follow the baseline’s
experimental settings closely to ensure a fair performance
comparison. Therefore, hyperparameters, such as the opti-
mizer type, learning rate, weight decay parameter, embed-
ding space dimension, and batch size, were kept consistent
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with those used in the baseline methods. In all three base-
line methods, the structure up to the embedding space Z re-
mained consistent with each respective method, and a lin-
ear layer was added from the embedding bottleneck Z to the
specific bottleneck Z°. For NormSoftmax and ProxyAnchor,
which are proxy-based metric learning methods, the existing
decoders from the embedding space to the label space were
utilized. However, for HypViT, a pair-based metric learning
method, the same decoder used in NormSoftmax was added.
Note that details are found in the supplementary materials.

Performance Improvement By Our DDML

Table 1 shows that the proposed method consistently im-
proved performance for all baseline algorithms across all
datasets. We used NormSoftmax(NS) (Zhai and Wu 2018),
ProxyAnchor(PA) (Kim et al. 2020), and HypViT (Ermolov
et al. 2022) as the baseline algorithms. The DDML frame-
work utilized the baseline network as the DML loss in (6),
resulting in enhanced performance for each of the base-
line network, with an improvement in recall of up to 1.4%.
The combination of HypViT (Ermolov et al. 2022) and our
method exhibited the best performance. Although the base-
line methods already demonstrated high performance, the
incorporation of our disentangled module in (6) yielded a
further substantial enhancement in performance.

Comparison With Other Methods

Table 2 compares our method with other state-of-the-art
methods, with results organized by the backbone network.
When BN-Inception was used as the backbone, the proposed
method, which applies DDML to ProxyAnchor, achieved the
best performance across all recall values on the SOP dataset.
Although it might not have the highest performance across
all recall values on the CUB and CAR datasets, it did achieve
the best R@1, which is the most critical metric. Similarly,
when ResNet was used as the backbone, the proposed Prox-
yAnchor with DDML method also delivered the best R@1
performance across all datasets, while also demonstrating
strong performance in other recall metrics. When ViT was
used as the backbone, the proposed HypViT (Ermolov et al.
2022) with the DDML method achieved the best perfor-
mance across all datasets, with the exception of the R@1
score on the CUB dataset. It is noteworthy that VPTSP-G,
which achieved the best performance on the CUB dataset in



| | CUB | CAR | SopP
| R@k | 1 2 4 8 | 1 2 4 8 | 1 10 100 1000
NormSoftmax(Zhai and Wu 2018)* 553 670 776 854|752 847 904 942 | 69.0 845 93.1 -
MS(Wang et al. 2019)f 657 77.0 863 912|841 904 940 965 | 782 905 96.0 98.7
SoftTriple(Qian et al. 2019) 654 764 845 904 | 845 90.7 945 969 | 783 903 959 -
ProxyAnchor(Kim et al. 2020)* 684 792 86.8 91.6 | 861 91.7 950 973|803 914 964 987
ProxyGML(Zhu et al. 2020) 66.6 77.6 86.4 - 85.5 91.8 95.6 - 78.0 90.6 96.2 -
DRML(Zheng et al. 2021b)* 68.7 78.6 863 916|869 921 952 974|799 90.7 96.1 -
CircleLoss(Sun et al. 2020)f 66.7 774 862 912|834 89.8 941 965 | 783 90.5 96.1 98.6
_§ DAM(Xu et al. 2021)f 69.1 79.8 872 918|869 921 953 979 - - - -
;5; PADs(Roth, Milbich, and Ommer 2020)* 66.6 772 85.6 - 81.7 883 93.0 - - - - -
2 | HIST(Lim et al. 2022)F 69.7 80.0 87.3 - 874 925 954 - 79.6 91.0 96.2 -
E DDML(+ProxyAnchor(Kim et al. 2020))f 70.0 79.6 872 92.0 | 87.8 92.6 957 974|799 911 964 98.8
a NormSoftmax(Zhai and Wu 2018)* 61.3 739 835 900 | 842 904 944 969 | 782 90.6 96.2 -
Div&Conq(Sanakoyeu et al. 2019)* 659 76.6 844 906 | 84.6 90.7 941 965|759 884 949 98.1
MIC(Roth, Brattoli, and Ommer 2019)* 66.1 76.8 85.6 - 82.6 89.1 932 - 772 894 956 -
PADs(Roth, Milbich, and Ommer 2020)* 673 78.0 859 - 835 89.7 93.8 - 76.5 89.0 954 -
RankMI(Kemertas et al. 2020)* 66.7 772 851 910|833 89.8 938 965|743 879 949 983
EPSHN(Xuan, Stylianou, and Pless 2020)" 649 753 835 - 827 89.3 93.0 - 783 90.7 96.3 -
DiVA(Milbich et al. 2020)f 69.2 79.3 - - 87.6 929 - - 79.6 91.2 - -
ProxyAnchor(Kim et al. 2020)* 69.7 80.0 87.0 924 | 877 929 958 979 - - - -
DCML-MDW (Zheng et al. 2021b)* 684 779 86.1 917|852 91.8 96.0 98.0 | 79.8° 90.8 958 -
IBC(Seidenschwarz, Elezi, and Leal-Taixé 2021)" | 70.3 803 87.6 927 | 88.1 933 962 982 | 814 913 959 -
HIST(Lim et al. 2022)t 714 81.1 88.1 - 89.6 939 964 - 814 92.0 96.7 -
@ | HIER(Kim, Jeong, and Kwak 2023)f 70.1 794 869 - 882 93.0 95.6 - 80.2 915 96.6 -
g DDML(+cosFace(Wang et al. 2018))" 66.6 76.7 850 90.6 | 84.6 90.2 944 96.6 | 79.1 90.6 959 98.5
% | DDML(+SphereFace(Liu et al. 2017))f 657 768 849 90.5 | 84.8 90.5 942 972 | 789 90.7 959 985
A DDML(+ArcFace(Deng et al. 2019))f 66.7 774 850 90.7 | 850 90.8 948 96.8 | 79.1 90.6 957 98.6
DDML (+ProxyAnchor(Kim et al. 2020))" 71.5 812 830 926 | 89.6 939 959 976 | 81.5 91.7 96.6 99.0
HypViT(Ermolov et al. 2022)8 856 914 948 96.7 | 89.2 941 967 98.1 | 859 949 98.1 99.5
. | HIER(Kim, Jeong, and Kwak 2023)8 857 913 944 - 88.3 932 96.1 - 86.1 950 98.0 -
5| VPTSP-G(Ren et al. 2024)8 86.6 91.7 948 - 87.7 933 96.1 - 844 936 973 -
DFML-PA(Wang et al. 2023)% 79.1 86.8 - - 89.5 939 - - 842 9338 - -
DDML(+HypViT(Ermolov et al. 2022))$ 860 91.7 952 96.8 | 89.5 942 96.8 982 | 861 951 982 99.5

Table 2: Quantitative comparison on the CUB, CAR, and SOP datasets in terms of Recall @k. The symbols *, § and { represent
embedding space sizes of 128, 384 and 512, respectively. The best performance for each backbone was boldfaced.

BB BN-Inception ResNet50 ViT
Base ProxyAnchor ProxyAnchor HypViT
Reg. - PS DDML - Metrix DDML DDML
CUB || 684 692 700 | 69.7 704 71.5 85.6  86.0
CAR || 86.1 869 878 87.7 885 89.6 89.2 894
SOP || 79.1 798 799 - 81.3 81.5 859  86.1

Table 3: Quantitative comparison with other regularization
techniques in terms of Recall@1. BB refers to the back-
bone, Base indicates the type of baseline algorithm, and Reg.
represents the regularization method.

terms of R@1, leveraged Visual Prompts (VPT) as an ad-
ditional component during training. Although the baseline
HypViT showed superior performance attributed to a larger
pre-training set, the performance was further enhanced by
incorporating our DDML method. More experiment results
(e.g., MLRC evaluation, proxy-to-proxy affinity matrix, logit
visualization and experiments with class-imbalanced data)
are included in supplementary materials.

Table 3 provides a quantitative comparison with recent
DML regularization methods. PS (Gu, Ko, and Kim 2021)
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Agnostic Input

Specific

Figure 3: Visualization on Z and Z°. First row: input im-
ages, Second row: GradCam visualization for the agnostic
loss, Third row: GradCam visualization for the specific loss.
We can observe a complementary relationship between ag-
nostic and specific losses.

employed a mixup strategy in the embedding space to aug-
ment synthetic samples, thereby enhancing generalization
performance. Metrix (Venkataramanan et al. 2021) extended
this approach with an integrated mixup at the input, embed-
ding, and feature levels. Both studies presented experimental



Agnostic loss  Specificloss  Splitloss [ CUB. CAR  SOP
- - - 647 835 786
v - - 649 842 788
- v - 64.8 84.0 78.6
- - v 645 83.1 786
v v - 65.1 845 79.1
4 - 4 647 834 78.0
- v 4 65.0 842 787
v v v/ 66.2 849 794

Table 4: Ablation study on the proposed losses. Numbers
indicate the Recall@1 values.

results using ProxyAnchor as the baseline. However, PS was
evaluated solely with a BN-Inception backbone, and Metrix
was evaluated only with a ResNet50 backbone. In contrast,
our proposed method, DDML(+PA), provides a compre-
hensive comparison by demonstrating performance across
both BN-Inception and ResNet50 backbones. In the CUB
and CAR datasets, DDML(+PA) showed the highest per-
formance improvement, achieving more than a 1.5 % gain
over the baseline method, at least a 0.8 % gain over PS, and
over a 1.0 % gain compared to Metrix. For the SOP dataset,
while DDML(+PA) significantly improved upon the base-
line, its performance was comparable to that of other regu-
larization methods. Although the performance of the proba-
bilistic model may vary with the number of classes and im-
ages per class, the consistent improvement over the baseline
and the comparable performance with other regularization
methods highlight the effectiveness of the proposed DDML
as a regularization approach.

Analysis on Proposed Losses

Fig.3 shows the activation map obtained by GradCam (Sel-
varaju et al. 2017) for both the agnostic loss and the specific
loss in Lppasr, of (6) for CUB training data. For all in-
put images, the GradCam was activated for different regions
for each loss. As shown in the last row of Fig.3, the Grad-
Cam visualization for the specific loss exhibited activation
either on the facial region or the entirety of the bird, both
of which could be crucial attributes associated with birds.
In contrast, the GradCam visualization for the agnostic loss
exhibits different activation patterns, as shown in the mid-
dle row of Fig.3. Especially concerning the rightmost bird,
the specific loss tends to activate the beak and legs, whereas
the agnostic loss focuses on the head feathers. This obser-
vation indicates a complementary relationship between the
agnostic loss and the specific loss.

Table 4 compares our disentangled module in (6) across
various combinations of agnostic, specific, and split losses
on the CUB, CAR, and SOP datasets. Using the proxy-
based algorithm NormSoftmax to compute the DML loss
(LDML), we consistently applied LD M L while control-
ling the additional losses by setting hyperparameters «, /3,y
to specific values (¢ = 1, 8 = 1,y = le — 7) or to zero
to disable them. The baseline performance (Row 1) repre-
sents NormSoftmax without additional losses. Rows 2 to 4
indicate that applying any single loss term improves perfor-
mance, with agnostic and specific losses increasing perfor-
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Figure 4: Relationship between the three hyperparame-
ters and performance. R@1 performance with ProxyAn-
chor: (a) varying 8 and «y while fixing «, (b) varying « and
~ while fixing 3, and (c) varying « and 8 while fixing .
These results indicate a consistent relationship between each
hyperparameter and performance. Expanded figures are in
the supplementary materials.

mance by approximately 0.5% on the CAR dataset. Rows 5
to 7 demonstrate that combining agnostic and specific losses
yields a 0.4% to 1.0% improvement across all datasets, out-
performing each loss individually. The final row shows that
incorporating all three losses achieves the highest perfor-
mance, with improvements of 1.5%, 1.4%, and 0.8% on
the CUB, CAR, and SOP datasets, respectively. Adding the
split loss further enhances performance by 1.1%, 0.4%, and
0.3%, demonstrating its effectiveness in stabilizing learning
by reducing dependency between class-agnostic and class-
specific features. In conclusion, all three losses are essential
for improving DML performance.

We investigated the effects of three hyperparame-
ters—agnostic loss (a: le—7,1le—6, le—5, le—4, le—3),
specific loss (8: 0.1, 1), and split loss (v: 0.001, 0.01, 0.1,
1)—on R@1 performance using the CUB dataset with Prox-
yAnchor as the baseline and BN-Inception as the backbone.
Fig.4 illustrates that R@1 performance improves as 7y de-
creases for fixed « values (a) and as « increases for fixed
B values (b). Additionally, higher « values consistently en-
hance performance regardless of -y (c). These results demon-
strate a stable and consistent relationship between each hy-
perparameter and performance, highlighting the robustness
of the proposed method.

Conclusion

We propose a DML method for enhancing generalization
performance by leveraging the disentangled representations
of both class-specific and class-agnostic features. Our moti-
vation stems from the limitations of NormSoftmax methods,
which often exhibit inconsistent gradient activations for un-
seen classes. We introduce class-agnostic regularization that
can smooth uncertain regions and induce stable semantic
representations for unseen classes in the embedding space.
Furthermore, we have optimized our method by integrating
the VIB objectives into DML. Experimental results validate
the effectiveness of the proposed optimization method for
class-agnostic regularization, emphasizing its seamless inte-
gration with existing DML algorithms and consistent perfor-
mance improvements.
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