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Abstract

Zero-shot learning (ZSL) endeavors to transfer knowledge
from the seen categories to recognize unseen categories,
which mostly relies on the semantic-visual interactions be-
tween image and attribute tokens. Recently, the prompt learn-
ing has emerged in ZSL and demonstrated significant po-
tential as it allows the zero-shot transfer of diverse visual
concepts to downstream tasks. However, current methods ex-
plore the fixed adaptation of the learnable prompt on the seen
domains, which make them over-emphasize the primary vi-
sual features observed during training, limiting their gener-
alization capabilities to the unseen domains. In this work,
we propose AENet, which endows semantic information into
the visual prompt to distill semantic-enhanced prompt for vi-
sual representation enrichment, enabling effective knowledge
transfer for ZSL. AENet comprises two key steps: 1) explor-
ing the concept-harmonized tokens for the visual and attribute
modalities, grounded on the modal-sharing token that repre-
sents consistent visual-semantic concepts; and 2) yielding the
semantic-enhanced prompt via the visual residual refinement
unit with attribute consistency supervision. It is further in-
tegrated with primary visual features to attend to semantic-
related information for visual enhancement, thus strengthen-
ing transferable ability. Experimental results on three bench-
marks show that our AENet outperforms existing state-of-
the-art ZSL methods.

Code — https://github.com/ManLiuCoder/AENet.

Introduction

Humans naturally interact with the world through various
channels such as vision and language, enabling them to iden-
tify unseen objects based on prior knowledge. Leveraging
this cognitive capability, zero-shot learning (ZSL) (Palatucci
et al. 2009; Lampert, Nickisch, and Harmeling 2009) aims
to classify objects from the unseen domain carrying knowl-
edge from seen categories. One of the mainstream methods
in ZSL is the embedding-based approach (Xu et al. 2020;
Liu et al. 2021; Chen et al. 2022d,b; Liu et al. 2024b), which
learns the semantic-visual alignment in a joint embedding
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Figure 1: Motivation of AENet. (a) Embedding-based
methods align visual and semantic features for ZSL, which
suffer from vague visual representations due to cross-dataset
bias. (b) Prompt-based methods add the learnable prompt to
pre-trained vision encoders, adapting them to ZSL scenar-
ios while over-emphasizing primary visual features. (c) Our
AENet distills the semantic-enhanced prompt that attends to
semantic-related details to enrich visual representations, en-
suring more comprehensive knowledge transfer.

space. Prior to such a cross-modal alignment, as depicted in
Figure 1(a), embedding-based models typically commence
with a visual encoder, such as ResNet (He et al. 2016)
or ViT (Dosovitskiy et al. 2021) pre-trained on ImageNet
(Deng et al. 2009), to initialize visual features. However,
this can introduce distribution discrepancy when applied to
downstream ZSL benchmarks as wider categories are unob-
served during pre-training, thereby resulting in cross-dataset
bias that produces vague or even misleading visual represen-
tations (Torralba and Efros 2011).

To mitigate the distribution discrepancy and cross-dataset
bias issues arising from using pre-trained encoders, recent
ZSL methods have incorporated attention mechanisms (Xie
et al. 2019; Zhu et al. 2019) and vision transformers (Chen
et al. 2022b,a, 2024). These approaches refine visual rep-
resentations by focusing on informative image regions and



capturing complex visual-semantic relationships. Recently,
motivated by the powerful zero-shot capabilities of prompt
engineering (Kojima et al. 2022; Cheng et al. 2023), some
works (Jia et al. 2022; Zhou et al. 2022b,a; Wang et al.
2023) propose to incorporate the learnable visual prompt
into pre-trained vision encoders to adapt the visual space to
downstream datasets (Figure 1(b)), which effectively allevi-
ates the cross-dataset bias. However, in these methods, the
learned prompt often tends to overfit the base seen classes
and concentrate solely on primary visual features essential
for recognizing seen categories (Zhou et al. 2022a). Conse-
quently, they may lack sufficient capacity to capture crucial
semantic-related visual features necessitated for a broader
range of unseen classes. These features, which are comple-
mentary to primary contents, are pivotal for effective cross-
domain semantic transfer.

To address these issues, in this work, we propose a novel
method, which embraces prompt learning with ZSL. This
method follows the existing prompt-based pipeline but in-
vestigates concept-harmonized semantic features to pro-
vide the semantic-enhanced prompt for visual enhancement,
thereby achieving more comprehensive knowledge discov-
ery. It takes the attribute, image, and initialized learnable vi-
sual prompt as input, to obtain corresponding embeddings.
Given the inherent disparity between the image and attribute,
we first devise the concept-aware attention (CAA) to har-
monize the concept of visual and attribute tokens. This at-
tention defines a modal-sharing token as the reference that
adapts both modalities to concept-harmonized tokens, which
are expected to reveal consistent semantic and visual con-
cepts. Then, a visual residual refinement unit (VRRU) oper-
ating in a simple yet efficient linear manner is constructed to
mine semantic-related details under attribute consistency su-
pervision. In this way, we can form the semantic-enhanced
prompt that attends to semantic-related features by com-
bining the predicted residuals with the initial prompt em-
bedding. They are further utilized to enrich the primary
visual representations, facilitating the efficacy of visual-
semantic alignment for unseen domain recognition. We call
this method AENet. Extensive experimental results show
that the proposed AENet leads to better performance on ZSL
benchmarks.

In summary, our work makes the following contribu-
tions: 1) We propose AENet that leverages prompt learn-
ing with concept-harmonized semantic features to enhance
visual-semantic alignment for ZSL. 2) We introduce the
concept-aware attention to harmonize visual and attribute
concepts grounded on the modal-sharing token. 3) We pro-
pose VRRU, a linear unit which mines semantic-related de-
tails under attribute consistency supervision, generating the
semantic-enhanced prompt through the combination of pre-
dicted residuals.

Related Work
Zero-Shot Learning

ZSL approaches primarily fall into two categories:
generative-based and embedding-based methods. Genera-
tive methods synthesize visual features for unseen cate-
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gories using techniques like generative adversarial networks
(Han et al. 2021) or variational autoencoders (Chen et al.
2021b,c). Although these methods compensate for the ab-
sence of the unseen domain during training, they intro-
duce extra data. The embedding-based method represents
the other mainstream branch of GZSL, achieved through
the projection and alignment of information from visual and
semantic modalities. Early works (Akata et al. 2013; Xian
et al. 2016) propose to align images and attributes within
a common feature space. However, global visual informa-
tion falls short of capturing the subtle yet substantial dif-
ferences between categories, weakening discriminative rep-
resentations. Thus, part-based methods attempt to highlight
the most important parts of the input, better refining the ex-
tracted visual representation. For example, some investiga-
tions (Xu et al. 2020; Wang et al. 2021; Chen et al. 2022d;
Liu et al. 2023a) have pursued semantic-guided attention
to localize discriminative attribute-related parts and capture
crucial fine-grained features. Distinctive visual features are
also emphasized by graph networks (Xie et al. 2020; Hu
et al. 2021) that incorporate region-based relational analy-
sis to mine complementary connections among diverse spa-
tial elements. However, they are still confused by the cross-
dataset bias issues arising from pre-trained encoders. In con-
trast to the previous methods, we embrace the idea of prompt
learning and enrich the visual features for desirable visual-
semantic alignment.

Prompt Learning

Prompt learning emerges as a pivotal methodology within
the realm of natural language processing (NLP), which can
adapt Large Language Models (LLMs) to various down-
stream tasks and scenarios (Liu et al. 2023b; Lyu et al. 2024;
Tan et al. 2024). Initially, the utilization of prompt learn-
ing depends primarily on hand-crafted prompts, which are
composed of thoughtfully selected words or phrases. While
potentially powerful, it presents non-trivial prompt engi-
neering challenges that require not only extensive domain
knowledge but also consume significant time due to its in-
herently iterative nature of trial and error. Studies such as
(Lester, Al-Rfou, and Constant 2021) and (Liu et al. 2023c¢)
attempt to introduce a learnable continuous prompt that is
updated dynamically during the learning process, boosting
model performance and efficiency. The success of prompt
learning in LLMs has sparked interest in computer vision
(Liu et al. 2024a; Wang et al. 2024). CoOp (Zhou et al.
2022b) enhances pre-trained vision-language models for
downstream image classification through continuous prompt
learning. Several methods (Zhou et al. 2022a; Wang et al.
2023) improve CoOp by introducing image-conditioned to-
kens or synthesized prompts for underrepresented classes,
which advance the capabilities of vision-language models in
few/zero-shot learning. However, these models mainly fo-
cus on primary visual content sufficient for seen classes but
ignore crucial visual details that are critical for unseen do-
mains. In this paper, we focus on improving the prompt-
based content by supplementing semantic-related informa-
tion for visual enhancement, allowing it generalize well to
the unseen classes.
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Figure 2: AENet processes attributes, images, and the learnable prompt through the pre-trained encoder. It performs concept-
harmonized token exploration using concept-aware attention, followed by semantic-enhanced prompt distillation with attribute
consistency. The enhanced prompt is then integrated with visual features to attend to semantic-related information, improving

knowledge discovery for unseen classes.

Methodology

The proposed AENet aims to explore the semantic-enhanced
prompt, which enriches primary visual representations to
conduct accurate semantic-visual alignment for ZSL. As
shown in Figure 2, AENet takes the attribute, image,
and initialized learnable visual prompt as input to pro-
duce corresponding embeddings via the text and image en-
coders. Upon these, there are two key steps in AENet: 1)
Concept-harmonized token exploration for visual and at-
tribute modalities, which is grounded on the modal-sharing
token that encodes consistent visual-semantic concepts by
using the concept-aware attention; 2) Semantic-enhanced
prompt distillation via the visual residual refinement unit
with attribute consistency supervision. After that, we in-
tegrate the enhanced prompt with visual features to at-
tend to semantic-related information for visual enhance-
ment, achieving more effective and comprehensive knowl-
edge discovery.

Problem Formulation

ZSL aims to discern the novel image categories within the
unseen domain D* by capturing knowledge derived from
the seen domain data D%. Here, D* {(z,y,ay)|x €
X%y e Yiay € A*} consists of the images « in X'®, cor-
responding label y, and its associated category prototype a,,
from A°. Similarly, the unseen domain data is defined as
D" = {(z",u,a,)}, where 2% € X*, u € Y*, a, € AY,
with A = A% U A“. Note that the category space is dis-
joint between seen and unseen domains, i.e., YV° N Y" = &,
yruyr =Y.

Utilizing D® during the training stage, the typical
embedding-based ZSL framework learns a mapping func-
tion M () that bridges the image space X'® with the attribute
space A®. This enables the model to generalize its knowl-
edge to D" and establish connections between X'“ and A4“
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for category inference. In scenarios where the test phase in-
cludes both seen and unseen classes, conventional ZSL is
often extended to generalized zero-shot learning (GZSL),
rendering it more applicable to real-world scenarios. Given
an input image representation f(x) during training, the op-
timization of the embedding-based framework is conducted
through the visual-semantic alignment, as follows:

exp (M(f(x)), ay)
ZEZ;I exp (M(f(z)), ag)

yeys

)

cls -

where the mapping function M(+) is generally implemented
via global average pooling (GAP) and linear projection. (-)
represents the cosine similarity used for category decision.

Concept-Harmonized Exploration

As shown in Figure 2, taking visual image patches E and
the initialized visual prompt P as input, inspired by (Jia et al.
2022), we extract visual tokens £ € RNv*P from patches £
conditioned on P using the transformer layers of ViT (Doso-
vitskiy et al. 2021) and produce the corresponding prompt
embedding P € RT*P_ Similarly, we can obtain the em-
bedded sharing attribute token S € R™s*? by encoding the
word vectors of each attribute descriptor with GloVe (Pen-
nington, Socher, and Manning 2014).

Concept-Aware Attention As illustrated in Figure 2, the
sharing attributes are incorporated with the prompt-based
visual features to provide hybrid multimodal information,
serving as the foundation for semantic-enhanced prompt
learning. However, visual images and textual descriptions
inherently differ in terms of semantic levels and granu-
larity (Shao et al. 2022; Chen et al. 2023b). Without ex-
plicit visual-semantic alignment, the attribute-related fea-
tures are prone to sub-optimal representation. Thus, the



concept-aware attention (CAA) is proposed to harmonize
the diverse representations across two modalities.

For the text modality, CAA learns attentive semantic rep-
resentations grounded on a modal-sharing token R. Specif-
ically, the attribute text .S is regarded as the query to select
distinct sharing tokens related to the attribute and generate
the following output:

S = softmax(GMP(Qs - K})) - Vg )
where )., K., and V. are the linear mapping functions for the
query, key, and value. R is the modal-sharing token with a
set of learnable parameters. GMP denotes the max-pooling
operation posed on the token-level relevance between S and
R. This operation helps eliminate the influence of irrelevant
noisy tokens that exhibit low relevance to modal-sharing to-
kens, producing a refined and compact concept-harmonized
attribute token S.

Similarly, for the visual modality, within CAA, the visual
feature E serves as the query, and R serves as both the key
and value:

E = softmax(GMP(Qz - K3)) - Vg 3)
As aresult, both image and attribute features are represented
as combinations of the common modal-sharing token R.
This explicit alignment ensures that the concepts of cross-
modal information S and FE are harmonized, which facili-
tates the subsequent prompt enhancement with a narrowed
cross-modal gap.

Semantic-Enhanced Prompt Distillation

Based on the concept-harmonized outputs S and F, these
features help reveal a more comprehensive representation
from both visual and semantic perspectives. Here, we ap-
ply the visual residual refinement to distill the semantic-
enhanced prompt by predicting the details specific to at-
tribute clues.

Visual Residual Refinement Unit (VRRU) Instead of re-
lying on the commonly used attention mechanism, which
has high computational complexity, VRRU adopts a simpler
yet effective approach inspired by LLaVa (Liu et al. 2024a).
This unit utilizes a straightforward linear layer to establish a
connection between the image embedding and the attribute
embedding. Specifically, we first concatenate the outputs of
CAA, i.e., S and E, to fuse multiple modality features. Then,
we employ a specialized linear prediction layer to estimate
residual details. As a result, we have the following output:

Z = ZLinear ({5’, E]) 4

where ZLinear function serves as a predictor with its
weights initially set to zero (Zhang, Rao, and Agrawala
2023), effectively eliminating harmful noise at the beginning
of the training process.

Enhancing Prompt for Visual Enrichment To ensure the
predicted residual Z carries meaningful and semantically
consistent information, we employ an attribute-guided opti-
mization strategy by aligning Z with category attribute pro-
totypes, denoted as a,, through a consistency 1oss Lcons:

Econs = ||Z - MLP(ay)” (5)
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where MLP refers to a multi-layer perceptron that projects
the attribute prototypes into the same space as Z. This con-
sistency loss function encourages Z to capture attribute-
specific features that are crucial for ZSL tasks.

Then, Z is utilized to enhance the visual prompt by merg-
ing it back to the original prompt embedding via a skip con-
nection:

P=[p+2Z,p2+2Z,....pr + Z] (6)
Z is added to each token (p;) of the original prompt, which
can augment each prompt token with the attribute-aligned
information from Z. The generated semantic-enhanced
prompt P incorporates attribute-related details derived from
the multimodal information, allowing it to capture fine-
grained semantics for distinguishing between similar classes
in zero-shot scenarios. Finally, we integrate the enhanced
prompt P with the visual token E to enrich the visual repre-
sentation f(x) for :

f)=|P.E| ™
Together with the enhanced prompt, AENet is expected
to achieve improved comprehensive transferable knowledge

discovery, containing complementary information that may
be overlooked by conventional prompt-based visual content.

Model Optimization and Inference

Optimization The overall objective loss function of
AENet is formulated as follows:

L= Ecls + )\consﬁcons + Adebﬁdeb (8)

where L is the classification loss (Eq. (1)). Acons and Agep
are the hyper-parameters controlling the weights of semantic
consistency loss L.,p,s and the debiasing loss Lgep, respec-
tively. In addition, as expressed in Eq. (8), we also apply a
debiasing loss L4 to mitigate the seen-unseen bias follow-
ing (Liu et al. 2023a, 2024b). It aims to balance the score
dependency in the seen-unseen domain, pursuing the distri-
bution consistency concerning both mean and variance:

Laep = [lovs — O‘uH% + 185 — ﬁuH% )
where o and (35 represent the mean and variance, respec-
tively, of the seen prediction score (M (f(x)), ag(gey«))-
Similarly, «,, and (3,, denote the mean and variance, respec-
tively, of the unseen prediction score (M (f(z)), ag(gey))-

Inference During training, the model merely learns about
the knowledge of seen categories, while unseen categories
are inferred at testing time:

§ = arg max (M(f(x)), ay))

In the GZSL setting, both seen and unseen categories are en-
compassed. To jointly define the category, calibrated stack-
ing (CS) (Chao et al. 2016) is applied:

y = argmax ((M(f(2)), ag) = Mgey+))

(10)

(11

where Iy s (-) represents an indicator function, yielding a re-
sult of 1 when § € S and 0 otherwise. The calibrated fac-
tor ~y is employed to trade off the calibration degree on seen
categories and determine the category y of an input visual
sample x.
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Generative-based Methods
Composer (Huynh and Elhamifar 2020a)
GCM-CF (Yue et al. 2021)

SDGZSL (Chen et al. 2021c¢)
CE-GZSL (Han et al. 2021)

ICCE (Kong et al. 2022)

FREE (Chen et al. 2021a)

HSVA (Chen et al. 2021b)

LBP (Lu et al. 2021)
f-VAEGAN+DSP (Chen et al. 2023a)
SHIP' (Wang et al. 2023)

NeurIPS’20
CVPR’21
ICCV’21
CVPR’21
CVPR’22
ICCV’21

NeurIPS’21

TPAMI’21
ICML’23
ICCV’23

69.4

75.5
71.5
78.4

62.8
61.9
62.8

56.4
61.0
59.9
63.9
67.3
55.7
52.7
42.7
62.5
553

63.8
59.7
66.4
66.8
65.5
59.9
58.3
71.6
73.1
58.9

59.9
60.3
63.0
65.3
66.4
57.7
55.3
53.5
67.4
57.1

62.6

55.1
479

22.0
37.8

314
42.2

71.5 | 62.1
60.4
64.6
63.1
65.3
60.4

59.3

71.3
75.1
73.6
78.6
82.3
75.4
76.6

68.8
67.0
68.8
70.0
72.8
67.1
66.8

72.1
70.4
72.7

63.348.8 38.6 43.1

41.7
433
38.1
48.1

47.4
48.6
39.2
7.1

37.2
39.0
36.9
41.3

63.8
63.2
68.6

74.2

88.8

63.7

71.6

Embedding-based Methods

APN (Xu et al. 2020)

DAZLE (Huynh and Elhamifar 2020b)
DVBE (Min et al. 2020)
GEM-ZSL (Liu et al. 2021)

DPPN (Wang et al. 2021)
GNDAN (Chen et al. 2022¢)

CLIP (Radford et al. 2021)

CoOP' (Zhou et al. 2022b)

MSDN (Chen et al. 2022d)
TransZero (Chen et al. 2022b)
TransZero++ (Chen et al. 2022a)
DUET*' (Chen et al. 2023c)
I2MVFormer* (Naeem et al. 2023)
ZSLViT* (Chen et al. 2024)

NeurIPS’20
CVPR’20
CVPR’20
CVPR’21

NeurIPS’21

TNNLS’22
ICML’21

1ICV’22
CVPR’22
AAAT22
TPAMI’22
AAATI’23
CVPR’23
CVPR’24

72.0
66.0

71.8
71.8
75.1

76.1
76.8
78.3
72.3
42.1
78.9

65.3
56.7
532
64.8
70.2
69.2
55.2
49.2
68.7
69.3
67.5
62.9
324
69.4

69.3
59.6
60.2
71.1
71.1
69.6
54.8
63.8
67.5
68.3
73.6
72.8
63.1
78.2

67.2
58.1
56.5
70.4
73.5
69.4
55.0
55.6
68.1
68.8
70.4
67.5
428 | -
73.6 | 68.3

61.6
59.4

41.9
523
45.0
38.1
47.9
50.0

34.0
243
37.2
35.7
35.8
34.7

37.6
332
40.7
36.9
41.0
41.0

68.4
67.9

57.1
60.3
63.6
64.8
63.1
60.2

724
75.7
70.8
715
86.8
80.8

63.9
67.1
67.0
70.6
73.1
69.0

67.3
73.3
71.0

62.8
61.5
65.3

67.7
70.2
725
7217
73.8
74.2

74.5
82.3
82.7
84.7
82.9
84.6

62.0
61.3
64.6
63.7

70.1
70.1
72.6
69.9
- |73.6/66.6
47.3]70.2 | 66.1

41.3
40.8
425
45.8

34.2
334
37.8
45.8

52.2
52.6
48.6
45.7

65.8
65.6
67.6
64.4

459 48.3

AENet* (Ours) | | 80.3|

73.1

76.4 74.7| 70.4| 58.6 452 51.0|75.2] 70.3 80.1 74.9

Table 1: Results (%) of the state-of-the-art ZSL and GZSL models on CUB, SUN, and AwA?2, including both generative and
embedding-based methods. The symbol “x”” denotes ViT-based methods. The symbol “{” indicates the prompt-based methods,

with results reported in (Chen et al. 2024).

Experiments

Experimental Settings

Datasets We conduct experiments on three standard
benchmark datasets: Caltech-UCSD Birds-200-2011 (CUB)
(Welinder et al. 2010), SUN Attribute (SUN) (Patterson
and Hays 2012), Animals with Attributes2 (AwA2) (Xian
et al. 2019). The categorization into seen and unseen cate-
gories follows the Proposed Split (PS) (Xian et al. 2019).
The CUB dataset consists of 11,788 images illustrating 200
bird classes, with a split of 150/50 for seen/unseen classes
and characterized by 312 attributes. SUN is a vast scene
dataset that contains 14,340 images spanning 717 classes,
divided into seen/unseen classes at 645/72 and annotated
with 102 attributes. AwA?2 contains 37,322 images of 50 an-
imal classes, with a 40/10 split for seen/unseen classes, and
is described by 85 attributes.

Evaluation Metrics We evaluate top-1 accuracy in both
the ZSL and GZSL settings. For ZSL, we calculate accuracy
solely on unseen classes, denoted as acc. In the GZSL set-
ting, following (Xian et al. 2019), we employ the harmonic
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mean (as H = 2x .S x U/(S+U)) to measure performance,
where S and U represent the top-1 accuracy of the seen and
unseen classes, respectively.

Implementation Details we apply the ViT-Base model
(Dosovitskiy et al. 2021) as visual feature extractor. The
input image resolution is 224 x 224, with a patch size of
16 x 16. Our framework is implemented using PyTorch and
executed on an NVIDIA GeForce RTX 3090 GPU.

Comparison with State-of-the-Art Methods

We evaluate our AENet and compare it with recently state-
of-the-art methods. The results are presented in Table 1.

Results of ZSL For conventional ZSL, our method
demonstrates significant acc improvements of 1.4%, 1.8%,
and 1.6% on CUB, SUN, and AwA?2 datasets, surpassing the
previous state-of-the-art methods (Chen et al. 2024, 2023a;
Naeem et al. 2023). AENet facilitates more comprehen-
sive knowledge transference for unseen classification, thus
achieving state-of-the-art accuracy performance of 80.3%,
70.4%, and 75.2% on CUB, SUN, and AwAZ2, respectively.
Compared to recent methods (Liu et al. 2021; Chen et al.



| CUB | SUN | AwA2
Methods | ZSL | GZSL | ZSL | GZSL | ZSL | GZSL
| acc | U S H | acc | U S H | acc | U S H
AENet w/o prompt P 70.2 | 67.0 69.1 68.0 | 645 | 53.8 258 348 | 70.7 | 61.0 882 72.1
AENet w/o residual details Z 75.8 | 723 7277 725 | 68.0 | 58.1 38.5 46.2 | 73.2 | 655 85.1 74.0
AENet w/o concept-aware attention | 78.8 | 75.6 72.1 73.8 | 68.8 | 43.6 549 48.6 | 73.7 | 66.8 81.8 735
AENet (w/ all) 803 | 73.1 764 7477 | 704 | 586 452 510 | 752 | 70.3 80.1 749

Table 2: Ablation study of AENet under the ZSL and GZSL settings on CUB, SUN, and AwA?2 datasets.

CUB AwA2
Methods acc H acc H
Linear + Skip 798 745 | 741 745
MLP + Skip 79.5 74.0 | 74.8 743
ZLinear + Gated Skip | 79.5 744 | 73.5 744
ZLinear + Skip 80.3 747 | 752 749

Table 3: Ablation study of different implementations for
semantic-enhanced prompt distillation.

=H = acc ----baseline H :-*- baseline acc

O — 9 e o

S—  — ) —
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Figure 3: Effect of the length (7") of P on CUB, SUN and
AwA?2 datasets.

2022b,a, 2024) that refine visual features obtained from pre-
trained visual encoders using attention mechanisms, AENet
achieves substantial improvements in acc, with gains ex-
ceeding 1.4%, 2.1%, and 2.6% on CUB, SUN, and AwA2,
respectively. Furthermore, our approach demonstrates su-
perior performance compared to the prompt-based ZSL
method (Chen et al. 2023c), yielding obvious improvements
of 8.0%, 6.0%, and 5.3% on the CUB, SUN, and AwA2
datasets, respectively.

Results of GZSL Table 1 also reports the results of
various methods in the GZSL setting. Results show that
AENet can achieve state-of-the-art H performance across all
datasets, i.e., 74.7%, 51.0%, and 74.9% on CUB, SUN, and
AwA?2, respectively. Similar to ZSL, our AENet also signifi-
cantly outperforms other prompt-based methods (Zhou et al.
2022b; Wang et al. 2023; Chen et al. 2023c) with substan-
tial margins of 7.2%, 5.2%, and 2.2% on CUB, SUN, and
AwA?2 datasets, respectively. These results demonstrate that
AENet significantly enhances cross-domain transferability
by enriching the visual representations.
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Effect of components in AENet As shown in Table 2,
we evaluate key components in AENet, i.e., the learnable
prompt P, semantic-related details Z for the semantic-
enhanced prompt, and concept-aware attention for the
concept-harmonized token generation. When the original
learnable prompt is removed, the model can be regarded
as the baseline that directly uses the visual features ex-
tracted from vanilla ViT and projects them into semantic
space for category inference. AENet outperforms the base-
line with large acc/H margins of 20.1%/6.7%, 5.9%/6.2%,
and 4.5%/2.8% on CUB, SUN, and AwA?2 datasets, respec-
tively. The performance of AENet degrades when residual
details are removed, as evidenced by decreases in both ZSL
and GZSL across multiple datasets: specifically, a reduction
in acc/H of 4.5%/2.2% on CUB, 2.4%/4.8% on SUN, and
2.0%/0.9% on AwA?2, compared to the full model imple-
mentation. Additionally, concept-aware attention provides
concept-harmonized visual and semantic representations, re-
sulting in acc/H improvements of 1.5%/0.9%, 1.6%/2.4%,
1.5%/1.4% on CUB, SUN, and AwA?2 datasets, respectively.
Additionally, we implement variants by replacing ZLinear in
Eq. (4) with MLP and a linear layer, and the skip connection
in Eq. (6) with a gated skip. As demonstrated in Table 3,
these more complex alternatives do not offer performance
improvements as the harmonized tokens are concise and in-
formative. Moreover, ZLinear consistently achieves better
performance compared to the linear.

Effect of T' T is the length of the learnable visual prompt
P. Here, we sweep prompt length 7' € {1,3,5,7,9} to in-
vestigate the effect of the prompts P on classification perfor-
mance. Figure 3 shows the values of acc and H as T varies.
We can observe that the best performance is achieved when
T is approximately 5. Notably, even with a single prompt,
AENet demonstrates significant performance improvements
over the baseline (1st row in Table 2). Based on these find-
ings, we set T'= 5 for CUB, SUN, and AwA?2 datasets.

Impactof \.,,s and ;. In this work, we combine the at-
tribute consistency loss L..,s and Lgep and debiasing with
the balance hyper-parameters of A.,,s and Agep respectively
to train the model. Here, we study the impact of \.,,,s and
Adeb as shown in Figure 4. As A, rises from 0.0 to 2.0,
i.e., the attribute-supervision L., is introduced into AENet
for the semantic prediction, H increases on all datasets.
The best H is obtained when A.,,s = 1.0. This demon-
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Figure 4: Effect of loss hyper-parameters.

strates the effectiveness of semantic consistency in predict-
ing semantically relevant details, closely aligning with cate-
gory prototypes to focus on attribute-specific features. When
Acons > 1.0, H decreases. Thus, we set .y, = 1.0 for op-
timal results. Besides, increasing Aqep leads to more consis-
tent distribution between seen and unseen predictions, im-
proving unseen accuracy U and overall H performance.

Visualization

Attribute Prediction To intuitively validate the capabil-
ity of AENet for capturing enhanced semantic informa-
tion necessary for unseen classes, we input unseen images
into AENet to predict the attribute scores (M(f(z))). As
shown in Figure 5, we can observe that AENet demon-
strates strong performance in predicting attributes across
various animal species in the AwA?2 dataset. For example,
for the horse, AENet closely matches the ground truth (GT)
on “brown”, “hooves”, and “domestic”, with slight discrep-
ancies in “chewteeth” and “oldworld”. The rat predicted
scores of the rat are remarkably accurate across all attributes,
showcasing precision for this species. These results illustrate
AENet’s robust capability in capturing enhanced semantic
information across diverse species, which is crucial for gen-
eralizing to unseen classes in ZSL tasks.

T-SNE Visualization As shown in Figure 6, we present
the t-SNE visualization of visual features for seen and un-
seen classes. Compared to full AENet, visual features ex-
tracted from the AENet w/o P lack distinctiveness within
certain classes. This intuitively suggests that the prompt
plays a crucial role in enabling the application of pre-trained
ViT to downstream ZSL tasks by obtaining high-quality fea-
tures for seen classes. Furthermore, compared to AENet w/o
Z, the visual features learned by our full AENet showcase
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Figure 5: Attribute prediction for visualization.
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Figure 6: t-SNE visualizations of visual features for seen
classes and unseen classes. The 10 colors denote different
classes randomly selected from the AwA?2 dataset.

desirable distinguishability with higher inter-class discrep-
ancy and clearer decision boundaries.

Conclusion

This paper introduces AENet, which leverages prompt learn-
ing and addresses the challenge of over-emphasizing pri-
mary visual features from seen domains. AENet comprises
two key steps. Firstly, the concept-harmonized tokens are
explored for visual and attribute modalities based on the
modal-sharing token with consistent concepts. Secondly, by
investigating the semantic-related details, the VRRU is pro-
posed to distill the semantic-enhanced prompt integrated
with primary visual features to attend to semantic-related in-
formation for visual enrichment. Consequently, AENet can
achieve superior visual-semantic alignment for generalizing
to unseen classes. Extensive experiments across three bench-
mark datasets show the superiority of AENet.
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