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Abstract

Embedding-based generalized zero-shot learning (GZSL)
models often first forge robust latent semantic correlations
between visual and attribute features so that knowledge
can generalize to unseen categories. Despite leveraging at-
tributes as priors and learning a shared embedding space,
current methods exhibit two critical flaws. First, attributes
with heterogeneous granularity are treated uniformly, lead-
ing to semantic ambiguity. Second, the source of class-
level misclassification seldom aligns with attribute-level er-
rors, preventing models from targeting the specific attributes
responsible. To overcome these limitations, we introduce
Structured Attribute-Guided Enhancement (SAGE), a uni-
fied framework for GZSL. Consensus-aware bidirectional
attention first synchronizes visual-semantic focus regions
via a mutual-distillation scheme. Next, we partition all at-
tributes into pairwise-disjoint subsets—Global, Context, and
Local—and couple them with visual features extracted at
matching spatial scales. Finally, we design a cross-sample,
subset-aware distillation mechanism—when a sample is mis-
classified, SAGE identifies the culpable attribute subset, re-
trieves high-confidence prototypes from a memory bank, and
applies a Kullback-Leibler (KL) divergence constraint to the
corresponding feature branch. Comprehensive experiments
and ablations on the challenging AwA2, CUB, and SUN
benchmarks demonstrate the contribution of each compo-
nent, with SAGE achieving a new state-of-the-art throughout.
These findings underscore SAGE’s robustness and versatility,
marking a substantial advance in generalized zero-shot learn-
ing and paving the way for broader zero-resource recognition.

Introduction

Generalized zero-shot learning (GZSL) requires a model
to recognize both seen and unseen classes at test time,
thereby extending the conventional zero-shot setting. It re-
moves the need for exhaustive manual labels by transfer-
ring knowledge from a semantic space—typically attribute
vectors or textual descriptions—into the visual domain. De-
spite rapid progress, state-of-the-art (SOTA) GZSL methods
still lag behind fully supervised systems, particularly on un-
seen classes with subtle appearance variations or in visually
cluttered scenes. To bridge this visual-semantic gap, recent
work employs embedding networks and vision-language
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Figure 1: Attributes are partitioned into Global, Context and
Local subsets (left), a check mark indicates the predicted at-
tributes match the ground-truth label, whereas a cross mark
denotes a mismatch. Three scale-matched visual branches
align with the corresponding attribute subsets, and their fu-
sion predicts the full attribute vector (right), a check mark
here means a KL-divergence penalty is applied, while a
cross mark means the opposite.

transformers that learn to share a latent space. Yet two crit-
ical limitations remain largely unexplored, constraining the
performance of current GZSL pipelines.

First, in most methods, the entire attribute set—ranging
from abstract descriptors (fast, big) and contextual cues
(swims, desert) to fine-grained appearance details (paws,
furry)—is collapsed into a single flat vector. Such uniform
treatment ignores the underlying semantic hierarchy, letting
heterogeneous concepts interfere during training. The result-
ing entanglement yields ambiguous supervision, weakens at-
tribute discriminability, and ultimately diminishes general-
ization capacity to unseen classes.

Second, existing models lack targeted guidance for the at-
tributes responsible for misclassification. After a sample is
mispredicted, most GZSL models offer no mechanism to lo-
calize the semantic portion that caused the error, the con-
straint remains confined to overall feature layers, hinder-
ing the correction of local misalignment or semantic drift.
Consequently, hard samples—particularly those near class
boundaries—repeatedly receive noisy gradients and fail to
converge to discriminative representations.



To address these challenges, we present SAGE, a cross-
attention framework that cements integration between vi-
sual and semantic representations. Built upon a pretrained
Vision Transformer (ViT) (Dosovitskiy et al. 2021), we em-
ploy a multi-scale feature extractor (MSFE) to capture both
global abstractions and localized fine-grained details. On
the semantic side, we initialize attribute embeddings with
Word2Vec (Mikolov et al. 2013a,b) to encode prior inter-
attribute relationships. These embeddings are then refined
by an attribute mixer with contrastive learning (AMCL),
which not only enhances inter-class separability but also pre-
serves informative intra-class structures.

To further bridge the semantic—visual gap, we introduce
two complementary modules: semantic-guided visual atten-
tion (SVA) and vision-guided semantic attention (VSA).
This cross-attention scheme enables dynamic information
flow between modalities and strengthens mutual alignment.
We also apply mutual distillation to synchronize the weights
of SVA and VSA, enforcing consistency in both directions.

To decouple entangled attributes and investigate the
causes of mispredictions, we propose memory-bank-guided
fusion (MBGF). The core idea is illustrated in Fig. 1. We
first divide the attribute vocabulary into three semantically
coherent subsets—Global, Context, and Local. Each subset
is paired with a visual branch operating at a matching spa-
tial scale, obtained from the ViT backbone via convolution,
identity mapping, and transposed convolution, respectively.
During training, when the fused prediction misclassifies a
sample, we inspect each attribute group individually. If a
branch’s predicted attributes favour an incorrect class over
the ground-truth, we regard it as a group-specific failure. We
subsequently retrieve a high-confidence prototype for the
correct class and attribute group from a class-wise memory
bank and impose a KL-divergence loss on that branch. This
targeted intervention enhances feature discrimination while
avoiding over-regularizing well-aligned branches.

The main contributions are summarised as follows:

e Multi-granularity semantic-visual alignment. We ex-
plicitly decompose the attribute space into Global, Con-
text, and Local subsets and pair each with scale-matched
visual branches, yielding the first GZSL framework that
aligns semantic granularity with visual receptive fields
end-to-end

Cross-attention with mutual distillation. The cross-
attention module lets semantics guide vision and vice-
versa while a mutual-distillation loss enforces consensus,
markedly reducing cross-modal bias without extra infer-
ence cost.

Memory-bank-guided error correction. When a sam-
ple is misclassified, SAGE pinpoints the culpable at-
tribute subset and pulls a high-confidence prototype from
a class-wise memory bank, applying a targeted KL con-
straint that corrects only the problematic branch and
avoids over-regularization.

Comprehensive state-of-the-art validation. Extensive
experiments and ablations on AwA2, CUB, and SUN
show consistent gains on the harmonic mean, establish-
ing new SOTA while providing detailed insights into how
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each component contributes to GZSL robustness.

Related Work
Generative-based ZSL vs Embedding-based ZSL

Zero-Shot Learning (ZSL) now follows two main primary
paradigms—generative-based and embedding-based—both
of which seek to classify previously unseen classes by
leveraging auxiliary semantic information. While these ap-
proaches share a common goal, they differ considerably in
the strategies they employ to bridge visual and semantic rep-
resentations.

Generative approaches, often based on Generative Adver-
sarial Networks (GANs)(Goodfellow et al. 2014) or Vari-
ational Autoencoders (VAEs)(Kingma and Welling 2014),
synthesize visual features for unseen classes by condition-
ing on semantic descriptors. By producing pseudo-visual
samples for unseen categories, the ZSL problem transforms
into a more conventional supervised classification task. For
instance, Maunil (Vyas, Venkateswara, and Panchanathan
2020) employ GANs to generate class-specific features
guided by attribute vectors, effectively augmenting the fea-
ture space for novel classes. While such generative models
can be powerful in mitigating data scarcity, they often strug-
gle to produce high-fidelity features in domains with signif-
icant visual complexity or high intra-class variation.

Embedding-based methods, on the other hand, learn a
shared embedding space that unifies both visual features and
semantic representations, such as attribute-level word em-
beddings. Early work by Xie (Xie et al. 2019) and subse-
quent efforts by Xu (Xu et al. 2020) focus on projecting vi-
sual features into a space defined by semantic vectors, en-
abling recognition of unseen classes without requiring ex-
plicit sample generation. Although these methods offer a
more direct approach—bypassing the complexity of synthe-
sizing novel features—they often encounter a pronounced
semantic-visual gap. Our approach addresses the limitations
of static semantic embeddings by introducing a dynamic,
learnable semantic transformation which effectively bridges
the semantic-visual gap and yields stronger generalization in
zero-shot scenarios.

GZSL vs ZSL

GZSL builds upon the ZSL paradigm by exposing the model
to both seen and unseen categories at inference time, making
it more representative of real-world scenarios. Unlike con-
ventional ZSL, which presumes that all test instances be-
long strictly to unseen classes, GZSL introduces the critical
challenge of preventing excessive bias toward the seen cate-
gories. This bias arises because the model has been trained
extensively on seen classes, thereby predisposing it to clas-
sify ambiguous samples as one of the seen categories.

Early ZSL approaches (Xian et al. 2018) focus on learn-
ing a shared embedding space in which both visual features
and semantic descriptors can be mapped. While these meth-
ods show promise on standard ZSL benchmarks, they tend
to degrade in the GZSL setting due to an inherent prefer-
ence for classes observed during training. Subsequent solu-
tions (Mancini et al. 2021; Wang et al. 2023) address this is-



sue by introducing specialized loss functions or re-weighting
schemes to reduce bias toward the seen classes. However,
these methods often face performance degradation when a
significant semantic or domain shift exists, particularly if the
attribute distributions of unseen classes differ substantially
from those of the seen categories. Recent work (Li et al.
2024b) on GZSL endeavors to learn a unified latent space
that aligns both visual and semantic representations while
mitigating domain shifts. (Chen et al. 2023b) address the is-
sues of attribute imbalance and co-occurrence by contrastive
learning. Although these methods can alleviate data scarcity
by creating realistic representations for unseen categories,
balancing performance across seen and unseen classes re-
mains a difficult challenge.

Visual-Semantic Cross-Modal Learning

Recent developments in visual-semantic cross-modal learn-
ing emphasize the construction of shared embedding spaces
to establish meaningful correspondences between hetero-
geneous modalities from two complementary perspectives:
cross-modal representation learning and fine-grained align-
ment mechanisms.

The advent of deep learning has driven substantial
progress in multi-modal architectures. Shi (Shi et al. 2019)
pioneered a framework that aggregates image scene graphs,
subsequently extracting frequently co-occurring concept
pairs as generalized semantic units. Beyond deterministic
mappings, probabilistic approaches such as PCME (Chun
et al. 2021) encode cross-modal embeddings as Gaussian
distributions, explicitly modelling uncertainty to enable one-
to-many matching. Meanwhile, large-scale contrastive pre-
training, exemplified by CLIP-based methods (Lin et al.
2023), demonstrates remarkable few-shot generalization by
learning a unified embedding space through image-text
alignment at scale.

Moving beyond global feature matching, recent work
has explored fine-grained alignment to link local image re-
gions with semantic tokens or linguistic units. Leverag-
ing dynamic attention mechanisms, CHAN (Pan, Wu, and
Zhang 2023) formulates an information-theoretic approach
to image-text matching, isolating the most salient region-
word pairs and discarding weakly informative alignments.
TES (Li et al. 2024a) further extends this paradigm by in-
tegrating prompts that effectively capture crucial visual sig-
nals in whole-slide images, resulting in enhanced represen-
tational strength and significantly improved generalization.

Despite these advancements, challenges persist in en-
suring consistent cross-stream alignment and robust fine-
grained matching, particularly for complex scenes charac-
terized by rich contextual dependencies in GZSL. Under the
GZSL scenario with cross-modal learning, PSMVA+ (Liu
et al. 2025) utilizes selective cross-granularity learning to
find more reliable granularity, but it still fails to effectively
align the attribute with granularity. This limitation motivates
our proposed SAGE framework, which integrates disentan-
gling attribute supervision and memory-bank guided pro-
totype distillation to address both coarse-grained and fine-
grained alignment gaps.
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Method

Problem Definition

In the standard ZSL paradigm, test queries are confined to

the unseen label set Y. In contrast, GZSL accommodates

test samples from both seen and unseen classes, i.e., Y*UY".
Formally, let

D* = {(xi,9:) | xi € X, y; € Y},

denote the training set, where x; is the input data and y; is its
associated label from the seen category set J°. At inference
time, we aim to classify any sample that may originate from
either )° or the disjoint unseen set Y.

Because labels for Y* are not available during training,
each class y € ) is associated with an auxiliary semantic
representation a,, € .A. Concretely, we let

A={ay [y e YUY’}

be the collection of all attribute-level embeddings. The goal
of the learned model is to utilize these semantic represen-
tations a,, to bridge the gap between seen and unseen cate-
gories.

Overall Framework

We propose a bidirectional cross-attention framework to
tackle the challenges inherent in GZSL. Our approach in-
tegrates the ViT for extracting patch-level representations
from each input image, alongside a collection of Word2Vec-
based semantic embeddings {a,, | y € Y} that encode class-
level or attribute-level information.

Fig. 2 illustrates the high-level pipeline. First, an input
image is divided into multiple patches, which are then pro-
jected into a latent space by the ViT encoder. To capture
both global context and fine-grained details, these patch
embeddings are further processed by the MSFE module
across multiple representation levels. Concurrently, the en-
coded class-attribute matrix undergoes transformation via
the AMCL module, optimizing latent semantic representa-
tions for both class-level and attribute-level embeddings.

Next, we perform cross-attention between visual and se-
mantic streams with the VSA module and the SVA mod-
ule. This procedure is repeated three times with successive
hidden states from the ViT, thereby accumulating contex-
tual cues at different levels of abstraction. The outputs from
each level and scale are subsequently merged in the MBGEF,
guided by a memory bank-guided fusion strategy. The fused
visual feature ultimately serves as a basis for computing sim-
ilarity with the target class embeddings, enabling classifica-
tion.

Attribute-Mixer with Contrastive Learning

A critical challenge in ZSL/GZSL tasks lies in effectively
modelling semantic representations that remain both expres-
sive and distinct across various attribute-level and class-level
embeddings. To address this, we develop an Attribute-Mixer
module that leverages LayerNorm, as well as dimension-
expanding and dimension-reducing fully connected layers,
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Figure 2: Overview of the Structured Attribute-Guided Enhancement Framework(SAGE).

to enhance the representational capacity of the semantic em-
beddings. As depicted in Fig. 3 and Fig. 4, the module ap-
plies LayerNorm followed by linear projections to learn im-
plicit relationships among attributes, thus establishing se-
mantic bridges that connect shared traits across different
classes.

However, semantic overlaps and insufficient separabil-
ity remain common pitfalls, especially when multiple cat-
egories share similar attributes. To mitigate this issue, we
introduce a contrastive learning objective on the attribute-
level embeddings. For a mini-batch 3, we define:

> log

(i,5)€B

exp sun(ayl ;ay, )/7')

ZkeB exp (Slm(ayw Ay, )/ )

L:cont,a.ttr = - )

ey
where a,, denotes the attribute embedding for class y;,
sim(-, -) is a similarity function, and 7 is a temperature pa-
rameter. Positive pairs (7,7) satisfy y; = y;, while neg-
ative pairs have y; # y;. This objective compels embed-
dings sharing the same attribute to be closer while pushing
apart embeddings with different attributes, thereby improv-
ing attribute-level discrimination.
In parallel, we introduce an additional contrastive loss to
ensure sufficient class-level separability:

Z log

(1,7)€B

exp(sim(cy,, cy,)/T)
D pen exp(sim(cy,, €y, ) /7)’
(2
where c,, is the class-level embedding for category y;. This

formulation ensures that classes with distinct semantic pro-
files are well-separated in the latent space.

ﬁcont,cls =

Multi-scaled Feature Extraction

Given an input image, we first pass it through a pretrained
ViT, which partitions the image into patches and generates
patch-level embeddings {v,,}” ;. Each patch embedding
has dimension d, yielding an overall embedding tensor of
shape P x d, where P is the total number of patches.

To obtain a richer set of representations, we further trans-
form the patch embeddings across multiple scales, as il-
lustrated in Figs. 3 and 4. Specifically, we apply (i) stan-
dard convolutions, (ii) identity mappings, and (iii) trans-
posed convolutions to capture varying spatial resolutions.
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This procedure produces three feature maps:
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where P~, P, and P respectively denote different patch di-
mensions resulting from convolution, identity mapping, and
transposed convolution.

By integrating multi-scale representations, our approach
captures local and global cues in a complementary fashion.

Cross-modal Attention

To enable effective interaction between visual and semantic
modalities, we design a dual-stream cross-attention mech-
anism comprising two complementary modules: VSA and
SVA. This design allows visual representations to selectively
focus on relevant semantic cues while simultaneously en-
abling semantic embeddings to be refined according to spa-
tially grounded visual features.

In the VSA stream, as shown in Fig. 3, each semantic em-
bedding a, is treated as a query, while multi-scale visual
features derived from MSFE serve as keys and values. The
attention maps are further constrained by attribute supervi-
sion via:

dttr sem Z HMaXPOOl ) (3)
where W¢ denotes the attention weight for attribute a, and
Attr® is the ground-truth attribute label.

In the SVA stream, as shown in Fig. 4, each patch-level
visual feature V™" acts as the query, while the correspond-
ing semantic vector a, serves as both key and value. This
direction ensures that semantic features selectively empha-
size visual content that aligns with specific attributes. The
supervision is imposed via:

A
Lotirvis = Z [|softmax (W, )* — Attr“”i .
a=1
To enforce mutual consistency between the two attention
flows, we further introduce a symmetric alignment loss:

M
ahgn - Z KL m || ﬁ + Z KL(,Bm
m=1

where o™ and (3" are the normalized attention distribu-
tions from VSA and SVA streams, respectively. By minimiz-
ing La1ign, We encourage consistent attention patterns across
modalities.

“4)

[a™), (5)
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Figure 3: Overview of the visual-guided semantic attention.

Memory Bank-Guided Fusion

To account for the varying relevance and reliability of multi-
level representation, we introduce an MBGF module that se-
lectively emphasizes trustworthy branches while correcting
unreliable ones through prototype-level guidance.

Let {Z,,}M_, denote the outputs from M visual-
semantic branches, where each Z,, € R'*¢ encodes the
fused representation at a particular scale. To assess the con-
fidence of each branch with respect to the ground-truth class
1y, we compute the cosine similarity between Z,, and the
corresponding semantic embedding a,;:

_ LAy
1Zim| - llay |
These scores are normalized to obtain soft fusion weights:

exp(a - $m)

S exp(a )
where « is a temperature parameter controlling the sharp-
ness of the distribution. The final visual-semantic embed-
ding is given by a weighted sum:

M
Z= Zwm-Zm-
m=1

If the fused representation Z leads to a misclassification,
we activate a correction mechanism. Specifically, we revisit
each branch Z,, and evaluate whether its similarity to any
incorrect class y’ # 1y exceeds that of the true class v.
For such cases, we retrieve the corresponding prototype Zgl
from a confidence-aware memory bank M", which retains
only top-k high-confidence representations per class and per
scale by dynamically replacing the least reliable ones.

The misaligned branch Z,,, is then refined by minimizing
a KL divergence between its predictive distribution and that
of the stored prototype:

1l = KL [softmax(Z,,) || softmax(Z;") .

(©)

Sm = €08(Zp,, ay)

®)

©))

This mechanism ensures that each branch is not only se-
lectively fused but also retrospectively corrected when se-
mantic confusion occurs. The memory bank is updated dy-
namically during training: for each class y and scale m, we
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Figure 4: Overview of the semantic-guided visual attention.

enqueue new samples only if their prediction confidence ex-
ceeds a fixed threshold, and dequeue the oldest entries to
maintain a fixed memory size.

Training Objective

Given the fused visual-semantic representation Z obtained
from the MBGF module, we perform classification by com-
puting its similarity with each class-level attribute embed-
ding a,. This similarity serves as the prediction score for
class y, and the model is trained to maximize the score of
the correct class.

Formally, the classification loss is defined as:

exp(sim(Z7 ay))
Doy exp(sim(Z,a,))

Las = —log R (10)

where sim(+, ) denotes cosine similarity, and ) is the set
of all candidate classes (seen and unseen). This objective
encourages the final representation to be most similar to the
ground-truth class embedding.

To jointly optimize all components of the framework,
we aggregate the classification loss with several auxiliary
objectives introduced in previous subsections. These in-
clude the attribute-level and class-level contrastive losses
(Lcont.attrs Lcont_cls), the cross-attention alignment losses
(Lattrsems Lattr_viss Lalign), and the selective memory-bank
guided distillation loss (Ly).

The overall training objective is given by:

L= Ecls + >\cont £Cont + )\attr Eattr

+ Aatign Latign + Akt L, (11)
where {\;} are scalar hyperparameters that control the rela-
tive importance of each term. This multi-objective optimiza-
tion ensures that the model not only aligns fused features
with the correct class embedding but also maintains seman-
tic consistency across representation levels and improves ro-
bustness to hard examples via memory-guided distillation.



Method AwA2 CUB SUN

Azsl Au As H Azsl Au As H Azsl Au As H

Generative-based Method
CE-GZSL(CVPR’21) 704 63.1 78.6 700 77.5 639 668 653 633 488 386 43.1
FREE(ICCV’21) 689 604 754 671 648 557 599 577 650 474 372 41.7
HSVA(NeurIPS’21) 70.6 59.3 76.6 668 628 527 583 553 63.8 48.6 39.0 433
LBP (TPAMI’21) 74.1 - - - 619 427 71.6 535 632 392 369 38.1
ICCE(CVPR’22) 7277 653 823 728 784 673 655 664 - - - -
FREE+ESZSL(CLR’22) - 51.3 780 61.8 - 51.6 604 55.7 - 48.2 36.5 415
APN+TF-VAEGANICV’22) 735 609 79.1 688 747 656 763 70.6 663 52.6 373 437
f-VAEGAN+DSP(ICML’23) 71.6 637 888 742 628 625 731 674 68.6 577 413 48.1
VADS (CVPR’24) 825 754 836 793 868 74.1 746 743 763 64.6 49.0 557
Embedding-based Method

GNDAN(TNNLS’22) - 60.2 80.8 69.0 - 69.2 69.6 694 - 50.0 347 410
MSDN(CVPR’22) 70.1 620 745 6777 76.1 687 675 68.1 658 522 342 413
TransZero++(TPAMI’22) 72.6 646 827 725 783 675 736 704 67.6 48.6 378 425
ID2Former(NeurIPS’22) 764 668 768 715 454 353 57.6 438 - - - -
DUET(AAAI’23) 69.9 637 847 727 723 629 728 675 644 457 458 458
ZSLVIiT(CVPR’24) 70.7 66.1 846 742 789 694 782 7T73.6 683 459 484 473
PSVMA+(TPAMI’25) 792 742 864 798 788 718 77.8 7T4.6 T45 61.5 494 54.8
SAGE 83.7 781 87.2 824 82.1 751 775 763 772 637 522 574

Table 1: Comparison with state-of-the-art methods under the GZSL setting. The best result is indicated in boldface, and the

second-best result is indicated with an underline.

Experiments
Datasets and Evaluation Metrics

We conduct experiments on three widely adopted GZSL
benchmarks: AwA2, CUB, and SUN. Tab. 2 provides key
statistics for these datasets, including the number of classes,
the seen/unseen split, the number of attributes, and the to-
tal image count. We evaluate our model under the GZSL
setting. The ZSL accuracy denoted as A is reported with
validation solely on the unseen classes. For GZSL, we mea-
sure accuracy on both the seen and unseen classes and the
harmonic mean accross all classes, denoted as A, A, and
H, respectively.

Dataset Classes (S|U) Attributes Images
AwA2 50 (40]10) 85 37322
CUB 200 (150/50) 312 11788
SUN 717 (645]72) 102 14340

Table 2: Key statistics of the three benchmark datasets em-
ployed in our experiments. “S” denotes the number of seen
classes, and “U” denotes the number of unseen classes.

Comparison with State-of-the-Art

Tab. 1 summarizes our results against several GZSL frame-
works. Compared to generative methods (Han et al. 2021;
Chen et al. 2021a,b; Lu et al. 2021; Kong et al. 2022; Cetin,
Baran, and Cinbis 2022; Xu et al. 2022; Chen et al. 2023a;
Hou et al. 2024), our approach consistently demonstrates
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stronger performance on Harmonic mean. When evaluated
against embedding-based baselines (Chen et al. 2022b,c,a;
Naeem et al. 2022; Chen et al. 2023b, 2024; Liu et al. 2025),
we achieve more robust and better-harmonized results on
both the GZSL and ZSL scenarios. These outcomes high-
light SAGE’s capacity to reconcile local and global features
and to leverage attribute-level cues effectively, leading to re-
liable recognition even under significant domain generaliza-
tion.

Ablation Studies

‘We conduct an ablation study to assess the impact of the key
components in the SAGE framework, as shown in Tab. 3. All
experiments are conducted under identical conditions, and
we report the average results over three runs. The detailed
analysis of hyperparameters is shown in the Appendix.

The removal of L., leads to the most significant per-
formance drop, underscoring the necessity of explicit at-
tribute supervision for cross-modal learning. Eliminating
Ly results in considerable degradation, validating its role in
propagating multi-granularity knowledge and hard-sample
guidance. While discarding Lo, causes milder declines,
the consistent gains across datasets confirm the benefits of
well-clustered semantic prototypes. Notably, omitting La1ign
minimally affects overall accuracy but disrupts seen-unseen
class balance, revealing its specialized function in distribu-
tion alignment rather than pure performance boosting. The
full model achieves the best performance on both the ZSL
setting and GZSL setting across all benchmarks, demon-
strating synergistic effects among components.



Method AwA2 CUB SUN
Azsl Au As H Azsl Au As H Azsl Au As H

baseline 69.7 577 816 67.6 648 587 684 632 50.1 44.1 31.1 365
SAGE w/o L.y 723 664 722 692 675 613 694 651 51.6 462 31.8 37.7
SAGE w/o Ly 758 712 772 741 749 685 754 7T1.8 654 5177 451 482
SAGEw/o Lot 776 739 784 76.1 77.1 70,6 76.6 735 728 621 453 524
SAGE w/o Laign 829 732 853 788 782 708 80.0 75.1 76.6 665 48.5 56.1
SAGE 837 781 872 824 821 751 775 763 772 63.7 522 574

Table 3: Ablation study of SAGE on significant components. The best result is indicated in boldface, and the second-best result

is indicated with an underline.
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Figure 5: The t-SNE visualization of feature distributions.

Cluster Behavior Visualization

To better understand how different components of SAGE in-
fluence the distribution of learned features, we conduct an
analysis using t-SNE visualizations on the AwWA2 dataset.
We randomly sample 20 classes (10 from the seen and 10
from the unseen) and compare the clustering behavior of
features across four configurations. The results are shown in
Fig. 5. From the comparison, we observe that tri-granularity
leads to better inter-class separability than uni-granularity,
while the incorporation of MBGF consistently results in
more compact intra-class clusters. These trends confirm that
our proposed NAMED framework enhances semantic dis-
crimination across classes and local consistency together,
enabling SAGE to learn features exhibiting sharper bound-
aries” .

Attribute Attention Visualization

To further examine SAGE’s ability to model abstract at-
tributes, we visualize class-attribute attention maps for
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Figure 6: Visualization of attention maps for abstract class-
attribute pairs. (a) “horse’ - ’fast’, (b) ’rat’ - ’smelly’, (c)
"dolphin’ - *smart’.

three representative pairs: horse—fast, rat—smelly, and dol-
phin—smart, as illustrated in Fig. 6. In each case, the atten-
tion is not limited to superficial features but extends to se-
mantically relevant regions. For instance, fast activates the
horse’s body axis, smelly attends to both the rat and its
environment, while smart highlights interactions between
the dolphin and the human. These results demonstrate the
model’s ability to capture high-level semantic cues beyond
visual appearance, enabling more nuanced alignment be-
tween semantic attributes and corresponding visual charac-
teristics.

Conclusion & Future Work

We propose SAGE, a structured attribute-guided enhance-
ment framework for GZSL. By integrating multi-granularity
visual encoding, attribute-level semantic refinement, cross-
modal attention alignment, and memory bank-guided fusion,
SAGE effectively bridges the visual-semantic gap and im-
proves recognition of both the seen and the unseen classes.
Extensive experiments on three benchmarks demonstrate
consistent improvements over state-of-the-art methods. Vi-
sualization analyses further confirm SAGE’s capacity to
model multi-grained attributes.

While SAGE demonstrates strong performance in GZSL,
a key direction warrants further investigation. The current
attribute grouping mechanism relies on human-defined con-
figurations, exploring adaptive methods to automatically de-
termine the optimal number of groups and their composition
could further enhance the framework’s generalization capa-
bility.
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