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Abstract

Zero-shot learning (ZSL) aims to categorize target classes with the aid of semantic knowl-
edge and samples from previously seen classes. In this process, the alignment of visual and
attribute modality features is key to successful knowledge transfer. Several previous studies
have investigated the extraction of attribute-related local features to reduce visual-semantic
domain gaps and overcome issues with domain shifts. However, these techniques do
not emphasize the commonality of features across different objects belonging to the same
attribute, which is critical for identifying and distinguishing the attributes of unseen classes.
In this study, we propose a novel ZSL method, termed dual-contrastive attribute embed-
ding (DCAE), for generalized zero-shot learning. This approach simultaneously learns
both class-level and attribute-level prototypes and representations. Specifically, an attribute
embedding module is introduced to capture attribute-level features and an attribute seman-
tic encoder is developed to generate attribute prototypes. Attribute-level and class-level
contrastive loss terms are then used to optimize an attribute embedding space such that
attribute features are compactly distributed around corresponding prototypes. This double
contrastive learning mechanism facilitates the alignment of multimodal information from
two dimensions. Extensive experiments with three benchmark datasets demonstrated the
superiority of the proposed method compared to current state-of-the-art techniques.

Keywords: zero-shot learning; attribute-level features; contrastive learning

1. Introduction

The development of deep neural networks has facilitated the pursuit of complex
object classification tasks, which typically require large quantities of labeled data [1,2].
Zero-shot learning (ZSL), modeled after the ability of humans to predict labels for unseen
targets (given prior knowledge), aims to transfer knowledge learned from seen classes to
target classes. This process utilizes semantic auxiliary information [3—6], which typically
includes human-defined attributes [7,8], word vectors [9], and their combinations. Zero-
shot learning methods can be divided into conventional ZSL (CZSL) and generalized ZSL
(GZSL), depending on the target classes used in the test phase [3]. The primary goal of CZSL
is to recognize unseen classes, while GZSL aims to recognize both seen and unseen classes.

ZSL has achieved significant progress in recent years, with several studies focusing on
embedding and generative methods. Embedding-based models typically learn mapping
functions, which are then used to link visual features and semantic information. Generative-
based models reduce large biases toward seen classes by generating visual features for
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unseen classes. Most embedding methods employ convolutional neural networks or
transformers to extract global visual features from images [10]. However, such features
often contain significant amounts of attribute-independent background information, which
enlarges the gap between visual features and semantic details. As such, attention-based
ZSL methods employ attribute descriptions to guide the learning of discriminative local
visual features used to address the challenges discussed above [11-15]. The performance of
ZSL methods can also be improved significantly by aligning attribute features and class
semantics. However, previous studies have typically extracted attribute representations
only for certain pictures, without taking into account the commonality between the attribute
features of different object classes, which can lead to relatively discrete distributions of
representations for the same attributes in an embedding space. Furthermore, this approach
has the potential to prevent models from recognizing attributes in unseen classes, which
is the cause of the domain shift problem [16]. In order to address these issues, the same
attribute features for different objects must be more compactly distributed in the embedding
space, with features for different attributes further apart. This approach can effectively
improve attribute identification, as shown in Figure 1.

attribute embedding

—)

learning

!! = .a x’&f;;m
@ attribute feature of claws O attribute prototype of claws

A attribute feature of hooves A\ attribute prototype of hooves

Figure 1. An illustration of attribute features in the embedding space. In existing methods, the com-
monality of similar attribute features cannot be learned from various objects with obvious visual
differences, which leads to the domain shift problem. In the present study, this issue is addressed by
explicitly learning attribute-level features and attribute prototypes used to improve the discriminative
capacity of the embedding space.

In light of these observations, we propose a novel GZSL method, termed dual-
contrastive attribute embedding (DCAE) for generalized zero-shot learning, which is
designed to overcome the domain shift problem. In this process, an attribute semantics
encoder is first developed to map one-hot attribute vectors into a set of prototypes. Feature
maps can then be obtained simultaneously using an attribute filtering network. An in-
cluded embedding module then outputs attribute-level visual features and triplet loss is
used to align the features with corresponding attribute prototypes, allowing features from
the same attribute to be distributed around corresponding prototypes. In addition, visual
feature distributions can be made more compact, with distributions for distinct attributes
further apart, by using a contrastive loss strategy based on adaptive hard sample selection.
This approach constrains the attribute embedding space, which allows the model to more
effectively identify attributes. In addition, a class-level contrastive loss term, constructed
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by concatenating attribute features, is used to optimize the attribute vectors for each image
in a batch. In addition to the learning of attribute embedding spaces, class-level features
were also extracted from images and optimized using corresponding class prototypes.
In summary, the primary contributions of the proposed DCAE method can be described
as follows:

* Anovel framework is introduced to extract attribute-level features and generate pro-
totypes used to learn highly discriminative embedding spaces. In this way, the model
can better recognize attributes and overcome the domain shift problem.

*  An attribute-level contrastive loss term is proposed based on adaptive hard sample
selection and used to improve the discriminative capacity of attribute representations.
In addition, class-level contrastive loss is employed to optimize these representations
and enhance GZSL performance.

* A double contrastive learning mechanism is developed to facilitate the alignment of
multimodal information from two dimensions. Experiments with three challenging
benchmark datasets (CUB [17], AWA2 [18], and SUN [19]) demonstrate that our
method outperforms many state-of-the-art GZSL models.

The remainder of this paper is organized as follows. Section 2 introduces related works
investigating zero-shot learning and contrastive learning. Section 3 introduces the proposed
method, including basic notations, network architectures, and loss functions. The perfor-
mance of DCAE is further evaluated using several benchmark datasets in Section 4 and
conclusions are provided in Section 5.

2. Related Work

This section introduces related work on ZSL methods and contrastive learning frameworks.

2.1. Zero-Shot Learning

Existing ZSL methods can be divided into generative- and embedding-based models.
Generative methods typically utilize generative adversarial networks (GANSs) [5,20] or
variational autoencoders (VAEs) [21,22] to produce samples for unseen classes from existing
data and construct a complete dataset. These techniques involve training a classifier on both
generated and seen samples, thereby converting a GZSL problem into a traditional super-
vised classification problem. The benefit of generative models is their ability to effectively
reduce classification bias for seen classes. However, the visual features in unseen classes
generated by generative models are similar to those of seen classes, which limits further
performance improvements in GZSL. In contrast, embedding methods [23-26] can more
directly transfer semantic knowledge from seen classes to unseen classes by associating
visual features with semantic information. In other words, these techniques map low-level
visual features to a semantic embedding space or map semantic information to a visual
embedding space, by learning an embedding function. The learned function is then used
to identify unseen classes by measuring the similarity between predicted and prototype
representations of sample points in the embedding space. SCILM [27] involves a novel
strategy that balances model training by randomly selecting an equal number of samples
from each training category. In addition, attention mechanisms have recently been em-
ployed for extracting rich attribute features to narrow semantic gaps. Similarly, MSDN [28]
gradually learns intrinsic attribute representations through attention and knowledge dis-
tillation mechanisms. DPPN [29] constructs two prototypes to record prototypical visual
patterns for classes and attributes, which is beneficial for improving the transferability of
attribute knowledge. Unlike these studies, we focus on mining commonalities between the
same attributes exhibited by objects with obvious visual differences. Additionally, some
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cross-disciplinary works in optimization and decision-making have been studied in other
domains [30,31].

2.2. Contrastive Learning

As a characteristic representation learning method, contrastive learning has achieved
considerable performance in both unsupervised [32,33] and supervised tasks [34,35].
The primary aim of contrastive learning is to maximize the similarity of positive pairs
while minimizing the similarity of negative pairs. As such, the construction of positive
and negative samples is critical for learning robust and discriminative representations.
SimCLR [32] considers the same image from two different views as a positive pair, while the
remaining images are considered to be negative pairs. MoCo [36] treats contrastive learning
as a dictionary look-up task and constructs a large and consistent dictionary for performing
contrastive unsupervised learning. SCL [37] introduces a self-supervised mechanism based
on contrastive learning for few-shot learning, aiming to minimize the distance between
each training sample and its augmented variants, thereby enhancing sample discrimination.
In supervised contrastive learning [34], images from the same class constitute positive pairs
and images from different classes constitute negative pairs. CE-GZSL [38] introduces both
instance-level and class-level contrastive learning into the zero-shot learning framework,
in an attempt to learn highly discriminative embedding spaces. However, positive and
negative pairs in these techniques are not representative. In contrast, the attribute-level
comparative learning step in this study includes positive and negative sample selection,
aiming to improve the discriminative capacity of the attribute embedding space.

3. Methodology

In this section, the notation and problem definitions for zero-shot learning are first
developed sequentially. An illustration of the proposed framework and corresponding
formulation are then provided in detail. More specifically, our model learns highly discrim-
inative visual features through the joint optimization of class representation learning and
attribute embedding learning.

3.1. Notation and Problem Settings

Zero-shot learning (ZSL) attempts to recognize unseen classes (YY) by transferring
knowledge learned from seen classes (Y®) with the assistance of class semantics. In this case,
seen and unseen classes are disjoint (i.e., Y° N YUY = @) and the corresponding image spaces
can be represented as X = X° U X!. The training set then contains attribute vectors and
labeled images from seen classes (i.e., T° = {x¢,%, ¢(y3) }Y,). Here, x{ is an image in X5,
v; is a corresponding class label, and ¢(y$) € RX is a class semantic vector. The test set for
unseen classes can thus be defined as T* = {x¥, y*, ¢(y*)}"|. Class semantic information
is defined as CS = { (i)}, which is provided to facilitate knowledge transfer from seen
to unseen classes. Here, M is the total number of categories in both sets of classes. The goal
of CZSL is then to predict the labels for objects in unseen classes (i.e., X° — YU). However,
the goal of GZSL is to predict objects from both classes (i.e., X° — YU U Y®).

3.2. Overview

Figure 2 demonstrates the proposed framework, which includes five components: an
image encoder network, a class semantics encoder, an attribute filter network, an attribute
embedding module, and an attribute semantics encoder.

Prototype Generation Network. The proposed prototype generation module consists
of two encoders: a Class Semantics Encoder and an Attribute Semantics Encoder, as il-
lustrated in Figure 3. The class semantics encoder maps class semantics CS = {¢(i)},

to class prototypes CP = {cp;}M,, while the attribute semantics encoder maps attribute
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one-hot vectors AS = {as]-}]K:1 to attribute prototypes AP = {ap]-}]l.il. By embedding
semantic information into the visual representation space, increasingly separable and
discriminative prototype features can be obtained.

(a) Overview of our proposed framework
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Figure 2. (a) An illustration of the proposed framework, which includes five components: an image

encoder network, a class semantics encoder, an attribute filter network, an attribute embedding
module, and an attribute semantics encoder. The two encoders on the right map attribute and
category semantics into attribute and category prototypes, respectively. The image encoder and
attribute embedding modules then extract class representations and attribute features from the images,
respectively. (b) The attribute embedding module takes visual representation and attribute feature
maps as input and then outputs attribute-level visual features after operations such as transposing,
reshaping, and matrix multiplication.
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Figure 3. Prototype Generation Network.

Class prototype

Class Semantics Encoder: Directly aligning class features with semantic vectors in the
semantic embedding space may lead to the hubness problem, as different classes often
share overlapping attributes. Consequently, feature embeddings of different classes may
cluster around similar semantic vectors, reducing discriminability. To mitigate this issue,
the DCAE model projects class semantic vectors into a high-dimensional visual embedding
space to obtain class prototypes CP = {cpi}f\i 1» which are more suitable for classification
tasks. The class semantics encoder is implemented using three fully connected layers with
two ReLU activation functions. The input dimensionality corresponds to the number of
attributes, while the output dimensionality is set to 2048, matching the feature dimension
of the ResNet-101 backbone.
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Attribute Semantics Encoder: To enhance the transferability of class features and
alleviate the domain shift problem, we further design an attribute semantics encoder to
discriminate and localize visual attributes more effectively. Similar to the class semantics
encoder, it projects one-hot attribute vectors into an attribute embedding space to obtain
attribute prototypes AP = {ap j}]K:l' This network adopts the same structure, consisting of
three fully connected layers and two ReLU activations.

Initialization and Interpretability: All prototype parameters are initialized using Xavier
initialization to ensure stable convergence and balanced feature scaling. Since both class and
attribute prototypes are generated through the projection of semantic descriptions, they
preserve clear semantic correspondence—each dimension can be interpreted in relation to
specific attributes or categories. This design enhances the semantic interpretability of the
learned prototypes while maintaining strong discriminative capability in both class and
attribute embedding spaces.

Image Encoder Network. An image encoder network was leveraged to extract visual

representations f(x) € RHXWxC

of the image x. Global average pooling was then applied
over H and W to learn global visual features (x) € RC.

Attribute Filtering Network. The attribute filtering network, which consists of K
1 x 1 x C convolutional kernels and a softmax operation, maps visual representations f(x)
into attribute feature maps A(x) € RHF*WxK,
Attribute Embedding Module. The attribute embedding module was designed to

learn attribute-level visual features AF = {af;}X | from images.

3.3. Class Representation Learning

For a given image x, with a global visual feature denoted by h(x) and a label repre-
sented by y, the class semantics vector ¢(y) serves as the corresponding class prototype
cpy after passing through a class semantics encoder. Cross-entropy loss based on cosine
similarity can then be used as the classification loss, which yields more robust results in
the visual embedding space [39]. The probability that image x is correctly classified is then
given by:

. h(x),
py =SBl cos(h(x) cpy)) "

¥ expla- cos(h(x),cpy))

i=1

where « is a scaling factor. The classification loss for B images in a batch can then be
expressed as:

1 B
Las = _E Zlog pi- )
i=1

3.4. Attribute Embedding Learning

Attribute Embedding Module. Attribute-level features were acquired by the attribute
embedding module illustrated in Figure 2, which accepts visual representations f(x) and
attribute feature maps A(x) as input and outputs attribute features (AF). First, the di-
mensions of A(x) are converted to K x HW after undergoing sequential reshaping and
transposing operations. Similarly, the dimensions of f(x) become HW x C after a reshaping
step. Matrix multiplication of f(x) and A(x) is then performed to acquire the attribute
features AF = {af;}K .

Attribute Feature Alignment. In this study, solutions to the domain shift problem
were pursued by learning the invariance of given attribute features for different objects.
Specifically, attribute features were allowed to be distributed around corresponding at-
tribute prototypes, such that the feature af; of the j-th attribute was as close as possible
to its attribute prototype ap; in the embedding space. It is worth noting that attribute
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features in this case should be the attributes belonging to the image x. For a given batch
of images, attribute features could then be filtered out if they did not belong to any of the

o~ —K
images, producing a new eligible set of attribute-level features AF = {af; }].:1. For a given

ﬂ/_f]‘, the objective is then to optimize the cosine similarity for a corresponding attribute
prototype ap; while ensuring a considerable distance from other attribute prototypes ap;r.;
in the embedding space. Triplet loss could then be applied to align attribute features and
corresponding attribute prototypes as follows:

K
Lyt = Y " Relu(cos(afj,ap;) — 0.5n,17ién cos(afj, apjr)). 3)
j=1 I 7]

Attribute-level Contrastive Learning. The domain shift problem arises when the
visual differences between seen and unseen objects is obvious and their embedding spaces
are heterogeneous. In this study, domain shift is addressed by improving the discrimina-
tive capacity of the embedding space by bringing the visual features of similar attributes
closer together and moving the visual features of different attributes further apart. While
general supervised contrastive learning [34] can be used for this purpose, implementing
the algorithm without removing easy samples will increase computational complexity and
produce a relatively fuzzy boundary between attributes. Specifically, we can optimize
attribute representations by introducing a novel contrastive loss for hard samples, which
adaptively selects difficult data and learns a highly discriminative attribute embedding
space in response. As demonstrated in Figure 4, attribute-level contrastive learning aggre-
gates visual features for the same attributes from different objects, which is beneficial for
prompting the model to recognize coarse-grained images. As in attribute alignment loss,

filtered attribute features AF = {a f]} are used instead of full attribute features. The hard
sample selection strategy is then based on cosine similarity rankmgs Specifically, for every

f in AF, other attribute features belonging to the same attribute f] are taken as positive
samples, for which the cosine similarities with a f] are sorted from large to small. The top
u (0 < u < 1) simple positives are then excluded and the remaining positives constitute
hard positive samples {a JZ U . Attribute features belonging to different attributes a/fj are

then taken as negative samples, for which the cosine similarities with L;]?j are sorted from
small to large. The top € (0 < & < 1) simple negatives are then excluded and the remaining
negatives constitute hard negative samples {a f ~}V_,. The similarity between a fjand a ].J[‘

+
ju

can be defined as S (a/f]-,a ;) = exp(cos(a/]?]-,a )/T), while the similarity between c?j\‘j
and af]-; is given by S(Ef]', a ];) = exp(cos(af], a ]-U)/T). Here, T denotes a temperature
parameter used to control the degree of attention for hard negatives. The selection operates
adaptively at the attribute level: for each attribute feature, easy positives and negatives are
dynamically excluded based on cosine similarity ranking rather than fixed thresholds. This
enables the model to flexibly capture difficult boundary samples. Future work may explore
theoretically grounded or uncertainty-driven adaptive strategies to further enhance the
technical novelty.

A value of T = 0.1 was assumed in the experiments and the attribute-level contrastive
loss for every a/fj in AF was expressed as [34]:

1 U S(af;,afi)
pj = T Zlog T ‘//u — , 4)
u=1 S(afj,a J’D+U§15(afj’a j;)

U=
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where U and V denote the number of positives and negatives for a/j?j, respectively.
The attribute-level contrastive loss for AF can then be expressed as:

R
= Ly 5)
e g Pj
=1

As illustrated in Algorithm 1, the model adaptively selects hard samples based on cosine
similarity ranking, rather than relying on a fixed distance threshold. This enables more
flexible capture of feature boundaries between different attributes. Additionally, The design
of DCAE, through attribute-level contrastive learning and attribute filtering mechanisms,
can automatically enhance the discriminability of key attributes while suppressing the
influence of redundant attributes, thereby alleviating, to some extent, the limitations of
imperfect attribute definitions. In addition, the attribute embedding distributions and
attention weights learned by the model provide insights for attribute design: by analyzing
clustering patterns in the embedding space, one can guide attribute selection and granular-
ity optimization, facilitating the future design of more discriminative and generalizable
attribute sets.

Attribute Features

has claws has hooves

Contrastive |
Learning

\
\,

A HIH

H

7]
B | Attribute-level
l Contrastive Learning

~~~~

.......

Figure 4. A description of double contrastive learning for attribute features.

Class-level Contrastive Learning. The attribute embedding space was made more
discriminative for classes by introducing class-level contrastive learning. As shown in
Figure 4, this process brings attribute representations across images (corresponding to the
same class) closer together, which is beneficial for recognizing fine-grained images. All
attribute-level features corresponding to an image x are then concatenated to acquire an
attribute representation vector ary € RKC. The eligible set of attribute representation vectors
for images in a batch is then given by AR = {ar;}? |, where B indicates the batch size.
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Likewise, the similarity between ar; and ary, is defined as S(ar;, ary) = exp(cos(ar;, arp)/ 7).
Class-level contrastive loss can then be defined as:

18 S(ar;,ary)
= 5 Ly B o ©
i=1 F’EP Y. S(ar;ary)
a=1,a%#i

where P(i) = {p € {1,...,B} : yp = y;, p # i} is the set of indices for all positives and
|P(i)] is the corresponding cardinality.

Algorithm 1 Adaptive Hard Sample Selection based on Cosine Similarity Ranking

Require: Filtered attribute feature set AF = {E]?j}]l-%:l, exclusion ratios y, €, temperature
coefficient T
Ensure: Hard positive sample set {a f 31U | and hard negative sample set {a f]v 3

1: for each attribute feature a f] € AF do
Compute cosine similarity between 11/]?]- and all other features in AF

Positives < features sharing the same attribute as a/j?]'
Negatives < features belonging to different attributes
Sort Positives in descending order of similarity

Sort Negatives in ascending order of similarity
Remove the top u x |Positives| easy positives
Remove the top ¢ x |Negatives| easy negatives
Remaining positives — hard positive set {a f;}

10:  Remaining negatives — hard negative set {a f];}

11: end for
122 Compute attribute-level contrastive loss L7/’ according to Equation (5)

The dual-contrastive optimization in DCAE consists of attribute-level and class-level
contrastive learning. Attribute-level contrastive learning enhances the discriminability
of local features by aggregating features of the same attribute and separating features of
different attributes. Class-level contrastive learning aggregates samples of the same class
to form global class embedding clusters. The combination of both forms a hierarchical
embedding structure: local attribute constraints ensure fine-grained discrimination, while
class-level constraints ensure coarse-grained discrimination. This structured embedding
space reduces the likelihood of unseen class samples falling into incorrect clusters, thereby
improving the model’s generalization ability.

Attribute Localization. The strength a(x) of all attributes was predicted using global
max pooling applied to H and W for the attribute feature maps A(x) [15]. The a(x) term
was then optimized by minimizing the mean squared error (MSE) using a class semantics
vector ¢(y) as follows:

Lise = [la(x) — ¢(y) |13, (7)

where y is the label for image x. This loss is intended to improve the localizability of
the attributes.

3.5. Optimization

The overall loss function for the proposed end-to-end model can be defined as:

L =Lgs+ AMLmse + AZLZ; + /\3Lﬂtt + /\4Lcla ®)

cl
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where Ay, Ay, A3, and A4 are hyper-parameters used for MSE loss, attribute-level alignment
loss, attribute-level contrastive loss, and class-level contrastive loss, respectively. The joint
training of class representation and attribute embedding is critical for GZSL.

3.6. Zero-Shot Recognition

Once the full model is learned, a mapping function from low-level visual features
x to class representations /(x) can be directly used for zero-shot learning inference in
CZSL. Given an image x, the classifier searches visual embedding spaces with the highest
compatibility as follows:

7 = argmaxua - cos(h(x),cpy) - )
jeyu

In the case of GZSL, images must be tested from both seen and unseen classes. However,
only seen classes are available in the training phase, which leads to significant bias in
the predicted results for seen classes [40]. To resolve this issue, a calibrated stacking
(CS) [41], which subtracts a calibration factor 7 from the scores of seen classes, giving
unseen classes a fairer evaluation. DCAE provides highly discriminative attribute- and
class-level embeddings, enabling CS to adjust scores more effectively in the embedding
space. Together, they ensure reliable recognition performance for unseen classes in GZSL.
The GZSL classifier used in this study can be defined as:

§ = argmaxua - cos(h(x),cpy) —7I[y € Y?], (10)
JeYHUYS

where the a parameter appeared previously in Equation (1) and I = 1 if §j belongs to the
seen classes (I = 0 otherwise).

4. Experiments
4.1. Datasets

Experiments were conducted with three widely used datasets, including CUB-200-
2011 (CUB) [17], SUN [19], and Animals with Attributes 2 (AWAZ2) [18]. The CUB dataset
consists of 11,788 images featuring 200 species of birds. This includes 150 seen classes and
50 unseen classes, each of which exhibits 312 attributes. SUN comprises 14,340 images from
717 scenario categories, including 645 seen samples and 72 unseen samples, with each class
containing 102 attributes. AWAZ2 is an animal dataset comprising 37,322 images from 40
seen classes and 10 unseen classes, with 85 attributes in total.

4.2. Metrics

In CZSL tasks, the top-1 accuracy was evaluated for unseen classes (i.e., acc). The har-
monic mean H = (2 x S x U)/(S + U) was then used to validate GZSL model perfor-
mance [18]. In this case, U and S denote the top-1 accuracy for unseen and seen classes,
respectively.

4.3. Implementation Details

The image encoder consisted of a ResNetl101 [42] backbone pretrained on Ima-
geNet [43]. The included class semantics and attribute semantics encoders consisted
of multilayer perceptrons with two 1024-unit hidden layers and a 2048-unit output layer.
A ReLU activation function was then adopted in all fully connected layers and contrastive
learning (AF) was implemented using a liner layer, in which the output size was 1024.
An SGD [44] optimizer was also adopted with a momentum of 0.9 and a weight decay
of 1075, The initial learning rate of 10~3 decayed every 10 epochs with a decay factor
of 0.5 and hyperparameters in the model were acquired using a grid search applied to
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the validation set. The temperature parameter T for both attribute-level and class-level
contrastive loss steps was set to 0.1. When selecting hard samples, u was set to 0.32 and ¢
was set to 0.42 for all datasets, with a scale factor («) of 25. The calibration factor v was 1.0
for AWA2 and 0.7 for CUB and SUN. The M-way N-shot episode-based training method
was also applied with M = 16 and N = 2 for CUB and AWA2. Similarly, values of M = 8
and N = 2 were used for SUN.

4.4. Comparisons with State-of-the-Art Methods

The superiority of the proposed DCAE technique was demonstrated through com-
parisons with representative state-of-the-art ZSL methods, which can be categorized into
embedding-based and generative-based zero-shot learning models.

CZSL Performance. DCAE was compared with recent state-of-the-art models, which
can be divided into generative and embedding methods. Table 1 shows CZSL results for
all three datasets. In the case of CZSL, DCAE consistently achieved the highest accuracies,
including values of 77.0%, 67.2%, and 74.4% for CUB, SUN, and AWA2, representing
improvements of 0.9%, 1.2%, and 0.8%, respectively. These results suggest that our model
can effectively transfer knowledge learned from seen classes to unseen classes. The obvious
increases in accuracy for the SUN dataset are likely the result of improvements in the
mining of commonalities between features from the same attribute, facilitating the accurate
recognition of attributes from unseen classes. The excellent performance for CUB confirms
that our method can effectively achieve fine-grained recognition due to its capacity to learn
discriminative attribute embedding spaces.

GZSL Performance. Table 1 displays the results of applying the proposed method
and other state-of-the-art algorithms for GZSL. It is evident from the table that DCAE
achieved the best performance with H values of 74.0%, 43.6%, and 76.9% for CUB, SUN,
and AWA?2, respectively. This represents an improvement of 4.1% for AWA2, which is
particularly significant. It is also worth noting the top-1 accuracies for unseen classes
in both CUB and AWA?2 are the highest among all methods, which confirms that DCAE
can effectively overcome the domain shift problem and is more discriminative for object
classification tasks. In addition, the accuracy for unseen classes in CUB was 2.8% higher
than the accuracy for seen classes produced by the MSDN method [28], indicating that
existing models are more prone to overfitting with seen classes. These benefits are a result
of double contrastive optimization for attribute features, which enables the proposed model
to recognize attributes in target classes with the help of learned knowledge.

DCAE demonstrates relatively robust performance on coarse-grained attributes be-
cause these attributes reflect prominent differences between classes, and the corresponding
visual features are easy to capture, allowing contrastive learning to directly align the fea-
tures. However, for fine-grained attributes (SUN), the inter-class differences are subtle,
requiring precise local feature extraction and accurate alignment. For highly abstract at-
tributes or those requiring complex reasoning, the model may struggle to fully capture
discriminative information, leading to potential confusion in the embedding space. To ad-
dress the challenges posed by coarse- and fine-grained attributes, future work could explore
cross-modal attribute enhancement, attention mechanisms, multi-step reasoning modules,
and adaptive feature alignment strategies to further improve the model’s generalization
across varying attribute granularities and heterogeneous data scenarios.
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Table 1. CZSL and GZSL results for the CUB, SUN, and AWA?2 datasets. The best and second-best
results are marked in red and blue, respectively. The - symbol indicates that no results were reported.
Methods are categorized into embedding-based and generative-based zero-shot learning techniques.
Validation metrics are expressed as percentages.

CUB SUN AWA2
Type Methods CZSL GZSL CZSL GZSL CZSL GZSL
acc u S H acc u S H acc u S H
f-CLSWGAN [45] 573 437 577 49.7 608 426 36.6 394 682 579 614 59.6
f-VAEGAN-D2 [46] 61.0 484 60.1 53.6 647 451 380 413 711 576 706 63.5
LisGAN [47] 58.8 465 579 51.6 61.7 429 378 40.2 - - - -

Generative
TF-VAEGAN [48] 649 528 64.7 581 66.0 456 40.7 430 722 598 75.1 66.6
HSVA [49] - 52.7 583 55.3 - 48.6 39.0 433 - 56.7 79.8 66.3
ICCE [50] - 67.3 65.5 664 - - - - - 653 823 72.8
TCN [51] 59.5 526 520 523 615 312 373 340 712 612 658 634
DAZLE [11] 66.0 56.7 59.6 58.1 594 523 243 332 679 603 757 67.1
RGEN [13] 761 60.0 735 66.1 63.8 44.0 31.7 368 73.6 671 765 715
Embedding APN [15] 720 653 693 672 61.6 419 340 376 684 571 724 639
DCEN [52] - 63.8 784 704 - 43.7 39.8 417 - 624 81.7 70.8
MSDN [28] 76.1 687 675 681 658 522 342 413 70.1 620 745 67.7

DCAE(Ours) 770 703 781 740 672 462 412 436 744 693 864 769

4.5. Ablation Studies

Component Analysis. This section evaluates the effectiveness of various components
included in the proposed method by conducting a series of ablation studies with three
datasets. The effects of each DCAE component are presented in Table 2. The extraction
of attribute-related discriminative features is crucial for zero-shot learning, as it is key
to bridging semantic gaps and overcoming the domain shift problem. We first defined
Lc1s + A1Luse, which represents both classification loss in class representation learning and
MSE loss in attribute localization. Triplet loss was then added, followed sequentially by
attribute-level contrastive loss without hard sample selection, attribute-level contrastive loss
with hard sample selection, and class-level contrastive loss. The results clearly indicated
that L2, L, and L improved initial model performance. Specifically, the L2 term could
also be used to learn clear attribute prototypes and to align attribute features with these
corresponding prototypes. The learning of attribute features was further strengthened by
using LI to make features from the same attribute more compact in the embedding space,
with clearer boundaries between the features of different attributes. Improvements in H
were observed to be 3.6%, 1.9%, and 2.3% for CUB, SUN, and AWA?2 after the addition
of Lt and LA, respectively, indicating the combined importance of attribute prototype
generation and attribute-level feature optimization.

Performance differences were evaluated for methods both using and not using hard
sample selection for attribute-level contrastive learning. These results demonstrated that
hard sample selection improved outcomes for CUB, SUN, and AWA?2 samples by 2.6%,
0.1%, and 1.6%, respectively. Decreases in accuracy for unseen classes in the SUN dataset
may be attributable to the more abstract nature of attribute-level features in scene im-
ages. Specifically, since features of this type typically require global image consideration,
contrastive learning mechanisms based on negative sample selection may not effectively
address this issue. However, accuracy for seen classes improved across all datasets. As such,
selecting hard samples effectively improved the discriminative capacity of the embedding
space. An Lg“ term was also added, further enabling our model to recognize different types
of objects and taking into account the overall condition of all attributes. Improvements in H
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were 0.3%, 0.3%, and 1.1% for CUB, SUN, and AWA?2 after the addition of Lcla indicating

c’
that class-level contrastive loss can further improve performance.

Table 2. The results of an ablation study involving three datasets. The best results in each case
are marked in bold, while HS denotes hard sample selection. Validation metrics are expressed
as percentages.

CUB SUN AWA2
u S H u S H u S H

Las+MLmse 637 779 701 409 419 414 631 879 735
FALE 67.8 745 710 436 420 428 628 884 734
+AsL% w/oHS 655 778 711 472 398 432 654 859 742
FALwHS 698 781 737 438 428 433 675 865 758
AL 703 781 740 462 412 436 693 864 769

Method

Training Method Analysis. The validation experiments utilized an episode-based
training approach to enhance model generalizability. Specifically, M categories and N
images were sampled from each mini-batch, in which M varied between {4,8,16} and N
was fixed at 2. In addition, the impact of these values on model performance was recorded
and compared with a random sampling approach utilizing a mini-batch size of 32. Table 3
indicates this episode-based training approach achieved better performance than random
sampling for all datasets. This is likely because the number of training categories is fixed,
which can result in the formation of more reliable positive and negative sample pairs.
For example, our model produced the highest accuracy for CUB and AWA2 with M = 16
and N = 2 and for SUN with M = 8 and N = 2.

Table 3. The influence of training methodology on GZSL results. The best outcomes are marked in
bold and validation metrics are expressed as percentages.

Training Method M-Way N-shot U S H
Random Sampling - - 69.8 68.5 69.1
CUB ‘ 4 2 65.9 74.3 69.8
Episode-Based 8 2 67.5 78.4 72.6
16 2 70.3 78.1 74.0
Random Sampling - - 55.7 34.0 422
SUN . 4 2 47.2 39.5 43.0
Episode-Based 8 2 46.2 41.2 43.6
16 2 421 43.8 429
Random Sampling - - 61.4 88.1 72.4
AWA?2 . 4 2 60.2 85.7 70.7
Episode-Based 8 2 66.4 83.5 74.0
16 2 69.3 86.4 76.9

4.6. Computational Complexity Analysis

To evaluate the computational efficiency of the proposed DCAE model, we measure
the computational cost using FLOPs, which represent the number of floating-point opera-
tions required for a single forward pass. We compare DCAE with several representative
embedding-based zero-shot learning methods, including AREN [12], APN [15], DCEN [52],
DPPN [29], and GEM-ZSL [39]. All experiments are conducted on the CUB dataset with a
batch size of 1, and the backbone ResNet-101 is fine-tuned during training, meaning that the
parameters of the feature extraction network are updated in each iteration. Table 4 presents
the comparison of FLOPs among different methods. As shown, all methods are within the
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same order of magnitude (10'°). GEM-ZSL achieves the lowest FLOPs (3.13 x 10'9), indicat-
ing the highest computational efficiency, while DCEN has the highest FLOPs (8.46 x 10')
due to its dual ResNet-101 architecture in feature extraction. In comparison, DCAE requires
4.05 x 1010 FLOPs, which is lower than that of DCEN and DPPN, demonstrating better
computational efficiency. Furthermore, DCAE introduces only a lightweight covariance-
adaptive modeling module in the feature enhancement stage, which does not significantly
increase the number of parameters or memory usage. As a result, both training and in-
ference remain computationally feasible and efficient. Although DCAE is not the most
computationally efficient among all compared methods, it achieves a favorable balance
between computational complexity and recognition performance, exhibiting strong com-
petitiveness in both conventional and generalized zero-shot learning tasks.

Table 4. Comparison of FLOPs among different ZSL methods on the CUB dataset. The bolded FLOPs
values indicate the minimum computational cost among all compared models.

Method FLOPs

AREN 3.15 x 1010
APN 3.18 x 1010
DCEN 8.46 x 1010
DPPN 4.13 x 1010
GEM-ZSL 3.13 x 1010
DCAE (Ours) 4.05 x 1010

4.7. Hyperparameter Analysis

The Importance of Hard Sample Selection. The selection of positive and negative
samples is critical for contrastive learning [53]. Samples from the same class exhibit-
ing lower correlation are defined as hard positives, while samples from different classes
exhibiting higher correlation are defined as hard negatives. In this case, hard samples
were beneficial for improving the discriminative capacity of the attribute embedding
space. CZSL and GZSL results for CUB were then recorded by varying y and ¢ from
{0.32,0.35, 0.42, 0.45}, while fixing the other parameters as defaults. As shown in Figure 5,
our model performed poorly when y was set too large or € was set too small, due to the
number of positives being smaller than the number of negatives. Removing too many
easy positives and too few easy negatives can also limit the robustness and discriminative
capacity of the attribute embedding space. These results also indicated that our model
achieved the best GZSL performance for CUB when p and & were set to 0.32 and 0.42,
respectively. The same values were used for SUN and AWA?2 for convenience.

br

70

‘The harmonic mean (H, %)

65

The top-1 accuracy (acc, in %)

0.45
0.42
0.35

€ 0.32
P

Figure 5. CUB recognition results using different values of y and ¢, expressed as a percentage.
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Balance Factors for A3 and A4. The effects of A3 and A4 on DCAE performance were
evaluated using the CUB and AWA?2 datasets. Figure 6 shows U, S, and H results for both
CUB and AWA2 samples when varying A3 and A4 over {0.01, 0.05, 0.1, 0.5, 1}. The left
subplot shows GZSL performance for the CUB dataset when A4 was set to 0.05 and A3
was varied. The right subplot shows GZSL performance when Az was set to 0.8 and A4
was varied. Similar results are shown for AWA2 data, with A4 set to 0.1 and A3 varied
(left subplot) and A3 set to 1 with A4 varied (right subplot). As seen in the figure, H was
incremented with gradual increases in A3 and A4, indicating gradual improvements in
network performance. This is because the incorporation of attribute-level contrastive loss
and class-level contrastive loss force DCAE to mine commonalities between the same
attributes from different objects. However, as A3 and A4 increase further, the accuracy
decreases slightly since overly large coefficient values hinder the learning of discriminative
class representations. Also, CUB is a fine-grained dataset in which different types of birds
are not easy to distinguish visually. Thus, in order to improve the discriminative capacity
of the proposed model, the value of A4 should not be too small. In contrast, AWA?2 is
a coarse-grained dataset, in which the same attributes for different types of animals are
visually distinct. As such, A3 must be set to a larger value to constrain the distribution of
attribute-level features in the embedding space.

As shown in Figures 4 and 5, the proposed model exhibits stable performance across a
wide range of hyperparameter values, indicating strong robustness to moderate variations
in u, ¢, A3 and A4. When these hyperparameters slightly deviate from their optimal values,
the overall performance remains relatively consistent, suggesting that the optimization
process is not sensitive to small perturbations. This stability mainly stems from the adap-
tive balancing mechanism between the attribute-level and class-level contrastive learning
objectives, which effectively prevents any single loss component from dominating the
optimization during training.
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Figure 6. GZSL results for CUB and AWA?2 data using different values of A3 and Ay4.

4.8. Qualitative Results

A t-SNE Visualization of Class Representations. Figure 7 presents t-SNE visualiza-
tion results [54] for class representations (i.e., global visual features i(x)) from both seen
and unseen classes in the CUB and AWA?2 datasets. The experiments involved the first
10 seen classes and 10 unseen classes from CUB and the first 10 seen classes and all unseen
classes from AWA2. It is evident from these visualization results that the distributions
of representations for a single given class were compact, while the representations for
different classes offered good separability, which confirms the proposed model was able
to learn a highly discriminative visual space. Visualization results for unseen classes also
illustrated that our model could effectively overcome the domain shift problem.
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Figure 7. The t-SNE visualization of class representations for seen and unseen classes from CUB
and AWAZ2. Different colors represent different categories.

The t-SNE Visualization of Attribute Features. The discriminative capacity of the
attribute embedding space was further validated using a t-SNE visualization of attribute-
level features from the first 15 attributes in multiple CUB and AWA?2 images. Figure 8
demonstrates that attribute features from different attributes were easily separated, while
features from the same attributes were clustered together. This outcome confirms the
proposed model can mine common traits from features across images belonging to the
same attribute, offering the ability to accurately identify attributes, which is also conducive
to overcoming the domain shift problem.

Although the t-SNE visualization results in Figures 6 and 7 demonstrate the proposed
model’s advantages in feature discriminability, we also observed several challenging cases.
Specifically, when fine-grained categories exhibit highly similar visual characteristics (e.g.,
bird species with nearly identical colors or shapes) or when semantic attribute descriptions
lack sufficient distinctiveness, the model may generate less separable embeddings, leading
to feature alignment confusion and recognition errors for unseen classes. In future work,
we plan to introduce semantic disambiguation mechanisms and uncertainty-aware feature
optimization strategies to further alleviate such failure cases and enhance the model’s
robustness in complex scenarios.
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Figure 8. A t-SNE visualization of attribute features from CUB and AWA2. Different colors represent
different categories.

5. Conclusions

This study introduced a novel embedding-based ZSL framework, termed dual-
contrastive attribute embedding (DCAE), for generalized zero-shot learning. This approach
overcomes the domain shift problem by explicitly learning discriminative attribute-level
features and well-separated attribute prototypes, both of which are optimized by attribute-
level contrastive loss and class-level contrastive loss. In addition to the optimization of
attribute features, DCAE also learns class representations and class prototypes in visual
space. Extensive experiments on three popular benchmark datasets demonstrated the
superiority of DCAE over existing state-of-the-art ZSL methods.
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The following abbreviations are used in this manuscript:

Abbreviation  Full Term

ZSL Zero-shot Learning
DCAE Dual-contrastive Attribute Embedding
CZSL Conventional ZSL
GZSL Generalized ZSL
GANs Generative Adversarial Networks
VAEs Variational Autoencoders
MSE Mean Squared Error
CS Calibrated Stacking
CUB CUB-200-2011
AWA2 Animals with Attributes 2
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