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Abstract
Zero-shot learning (ZSL) aims to classify unseen classes us-

ing semantic information from seen classes. However, existing
methods often struggle with visual variations within the same
attribute, leading to noisy features. We propose CRAE (Class
Representation and Attribute Embedding), a novel ZSL method
that combines class representation learning and attribute embed-
ding learning for improved robustness and accuracy. CRAE in-
troduces an adaptive softmax activation to normalize attribute
feature maps, reducing noise and enhancing discriminability. It
also employs attribute-level contrastive learning with hard sam-
ple selection and class-level contrastive learning to improve clas-
sification performance. Experimental results on CUB, SUN, and
AWA2 demonstrate that CRAE outperforms state-of-the-art meth-
ods, proving its superiority in zero-shot image classification.

Introduction
Supervised image classification has achieved remarkable ac-

curacy, but it heavily relies on large labeled datasets and can
only classify seen classes. Zero-Shot Learning (ZSL) addresses
this by transferring knowledge from seen to unseen classes using
shared semantic information. ZSL can be divided into Conven-
tional ZSL (CZSL) and Generalized ZSL (GZSL), where the
latter tests both seen and unseen classes. ZSL methods are typ-
ically categorized into embedding-based and generative-based
approaches. Embedding-based methods align visual features with
semantic vectors, but they struggle with local feature variability,
leading to noise. Generative methods synthesize features for un-
seen classes but often fail to generate discriminative features and
can be unstable.

Recent attention-based methods aim to focus on localized
features, but still face challenges with visual representation vari-
ability. Hence, developing methods that effectively capture both
class-level and attribute-level features while minimizing noise
is essential.

Zero-Shot Learning Methods
ZSL methods are divided into embedding-based and

generative-based approaches. Embedding-based methods align
visual features with class semantic vectors using CNNs, but they
often include irrelevant background information. Attention-based
methods like DAZLE [1] focus on local features to improve clas-
sification. Generative methods, such as GANs [2] or VAEs [3],
generate features for unseen classes but face instability and chal-
lenges in generating high-quality features.

Contrastive Learning in ZSL
Contrastive learning maximizes the similarity between pos-

itive pairs and minimizes it between negative pairs. Unsuper-
vised contrastive learning, like SimCLR [4], generates augmented
views of images to form positive pairs. Supervised contrastive
learning, such as SCL [5], treats images of the same class as
positive and those of different classes as negative. Recent meth-
ods like EMP [6] and CE-GZSL [7] introduce attribute-level con-
straints to improve transferability and feature alignment.

We propose CRAE (Class Representation and Attribute Em-
bedding), which combines class representation learning and at-
tribute embedding learning. CRAE uses an adaptive softmax
activation to reduce noise and enhance discriminability. Addi-
tionally, it leverages attribute-level contrastive learning with hard
sample selection and integrates class-level contrastive learning for
better feature alignment. Experimental results on CUB, SUN,
and AWA2 datasets show that CRAE outperforms state-of-the-art
methods in zero-shot image classification.

Method
In this section, we present the notation, problem settings, and

the proposed framework for zero-shot learning (ZSL). Our model
jointly optimizes class representation learning and attribute em-
bedding learning to acquire highly discriminative visual features.

Notation and Problem Settings
ZSL aims to transfer knowledge from seen classes (Y S )

to unseen classes (Y U ), where Y S ∩Y U = /0. The training
set is T s = {xs

i ,y
s
i ,ϕ(y

s
i )}Ns

i=1, where xs
i is an image, ys

i is the
class label, and ϕ(ys

i ) is the class semantic vector. The test set
is T u = {xu

i ,y
u
i ,ϕ(y

u
i )}Nu

i=1. In conventional ZSL, the goal is to
map seen class images to unseen class labels, i.e., X S → Y U .
In generalized ZSL, the goal is to map images to both seen and
unseen labels, i.e., X S → Y U ∪Y S .

Proposed Framework
Our framework includes two main components: class repre-

sentation learning and attribute embedding learning. These com-
ponents work together to extract discriminative features and align
them with corresponding prototypes.

Class Representation Learning: We use a ResNet-101
network to extract local features f (x), then apply global aver-
age pooling to obtain global visual features g(x). Class-level
contrastive learning enhances the discriminative power of these
global features, which are then aligned with their corresponding
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Figure 1: Illustration of our proposed framework.

class prototypes for classification.
Attribute Embedding Learning: Local visual features f (x)

are processed through a feature predictor to obtain attribute fea-
ture maps A(x). These maps are normalized using an adap-
tive softmax activation. We then apply attribute-level contrastive
learning to improve feature discriminability. Finally, we align the
attribute-level features with attribute prototypes to aid knowledge
transfer to unseen classes.

Loss Functions
We employ several loss functions to optimize our frame-

work.
Class-level Contrastive Loss: This loss encourages the net-

work to maximize the similarity between features of the same
class and minimize it between features of different classes:

Lccl =
1
B

B

∑
i=1

−1
|P(i)| ∑

p∈P(i)
log

exp(cos(g(i),g(p))/τ)

∑
B
a ̸=i exp(cos(g(i),g(a))/τ)

(1)

where P(i) represents the set of positive samples for class i.
Global Feature Alignment Loss: To align global features

g(x) with class prototypes, we use a cosine similarity-based loss:

Lcls =− 1
B

B

∑
i=1

log
exp(α cos(g(x),cpy))

∑
M
i=1 exp(α cos(g(x),cpi))

(2)

Attribute-Level Contrastive Loss: To enhance attribute
discriminability, we use a contrastive loss that brings features of
the same attribute closer and separates features of different at-
tributes:

Lacl =
1
K̂

K̂

∑
j=1

− 1
U
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S(â j
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+
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+
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)
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S(â j
f ,a

−
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(3)

Zero-Shot Classification
For zero-shot classification, we predict the class label ŷ using

the closest matching prototype.
Conventional ZSL: For unseen classes, we predict:

ŷ = arg max
ỹ∈Y U

α · cos(g(x),cpỹ) (4)

Generalized ZSL: We introduce a calibration factor γ for
seen classes:

ŷ = arg max
ỹ∈Y U∪Y S

α · cos(g(x),cpỹ)− γI[ỹ ∈ Y S] (5)

Experiments
We conduct experiments on three widely used datasets:

CUB-200-2011 (CUB) [8], SUN [9], and AWA2 [10].
To evaluate our model’s performance, we compare CRAE

with state-of-the-art algorithms in two categories: generative-
based and embedding-based zero-shot learning. Figure 2 visu-
alizes attribute feature maps on the CUB and SUN datasets.

Performance on CZSL: CRAE outperforms state-of-the-art
methods on all three datasets, achieving classification accuracies
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Table 1: Results (%) of CRAE and other state-of-the-art methods on CUB, SUN, and AWA2. The best results are marked in red. The
second-best results are marked in blue.

Type Methods
CUB SUN AWA2

CZSL U S H CZSL U S H CZSL U S H

Generative

f-CLSWGAN [2] 57.3 43.7 57.7 49.7 60.8 42.6 36.6 39.4 68.2 57.9 61.4 59.6
f-VAEGAN-D2 [11] 61.0 48.4 60.1 53.6 64.7 45.1 38.0 41.3 71.1 57.6 70.6 63.5
TF-VAEGAN [12] 64.9 52.8 64.7 58.1 66.0 45.6 40.7 43.0 72.2 59.8 75.1 66.6

Composer [13] 69.4 56.4 63.8 59.9 62.6 55.1 22.0 31.4 71.5 62.1 77.3 68.8
HSVA [14] - 52.7 58.3 55.3 - 48.6 39.0 43.3 - 56.7 79.8 66.3

Embedding

TCN [15] 59.5 52.6 52.0 52.3 61.5 31.2 37.3 34.0 71.2 61.2 65.8 63.4
AREN [16] 71.8 38.9 78.7 52.1 60.6 19.0 38.8 25.5 67.9 15.6 92.9 26.7
DAZLE [1] 66.0 56.7 59.6 58.1 59.4 52.3 24.3 33.2 67.9 60.3 75.7 67.1
RGEN [17] 76.1 60.0 73.5 66.1 63.8 44.0 31.7 36.8 73.6 67.1 76.5 71.5

CRAE (Ours) 79.4 71.4 78.2 74.6 67.7 49.6 41.2 45.0 75.8 68.6 88.1 77.2

original figure has belly color: whitehas wing color: grey has tail shape: rounded tail has head pattern: plain has leg color: orange

has leg color: pink has forehead color: iridescent has wing color: brown has tail pattern: striped has belly color: greyoriginal figure

(a) CUB

original figure trees naturalbrickvacationing

ocean cloud railroad treesoriginal figure

(b) SUN

Figure 2: Visualization results of attribute feature maps on CUB and SUN datasets.
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of 79.4%, 67.7%, and 75.8% for CUB, SUN, and AWA2, re-
spectively. CRAE surpasses the second-best method by 2.2% on
AWA2 and 1.6% and 1.7% on CUB and SUN, respectively.

Performance on GZSL: CRAE achieves the highest H met-
ric on all three datasets, with results of 74.6% on CUB, 45.0% on
SUN, and 77.2% on AWA2. The model outperforms the second-
best method by 1.7% on SUN, demonstrating improved perfor-
mance on both seen and unseen classes. CRAE effectively bal-
ances classification accuracy between seen and unseen classes,
mitigating the bias observed in existing methods.

Conclusion
This work addresses limitations in zero-shot image classi-

fication, particularly visual variations and noise from irrelevant
features. We propose CRAE, a framework that combines class
representation and attribute embedding learning.

CRAE optimizes class-level and attribute-level features for
better classification. Attribute-level contrastive learning with hard
sample selection reduces discrepancies, while adaptive softmax
activation mitigates noise. Class-level contrastive learning en-
hances global feature discriminability, improving classification
accuracy.

Experiments on CUB, SUN, and AWA2 datasets show
CRAE outperforms state-of-the-art methods, demonstrating its ef-
fectiveness for real-world zero-shot classification.
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