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Abstract—Generative zero-shot learning (ZSL) synthesizes vi-
sual features for unseen classes from semantic descriptors, then
trains a fully supervised classifier. Although effective, most meth-
ods depend on large volumes of synthetic data and heavyweight
generators which dilutes the original ZSL premise. We propose
BUP-FSIGenZ framework that approaches the generative ZSL
by taking few-shot learning (FSL) as an inspiration instead of
conventional supervised formulation. Consequently, the method
focuses on generating only a handful of bootstrapped prototypes
per unseen class. Instead of modeling full distributions with
adversarial or variational generators, we expose the variability
of seen classes using statistical resampling and estimate the same
for unseen classes by knowledge transfer to unseen domain.
Concretely, we bootstrap the seen data to obtain multiple class
prototypes that capture stable yet diverse modes; and then
estimate unseen bootstrapped prototypes through knowledge
transfer from seen to unseen domain. This way we generate few
prototypes for each unseen class and use them as unseen synthetic
training data. For classification, we introduce a classifier trained
jointly with binary cross-entropy and KL-divergence objectives
on visual-semantic contrast. This unified design drastically re-
duces compute and sample count, and attains competitive ZSL
performance on SUN, AWA2, and CUB with significantly fewer
synthetic features than conventional generative baselines.

Index Terms—Zero-shot learning, generalized zero-shot learn-
ing, knowledge transfer, feature synthesis

I. INTRODUCTION

Zero-shot learning (ZSL) is a machine learning paradigm
that aims to recognize objects from unseen (target) classes that
do not appear during training by transferring knowledge from
seen (source) classes through semantic side information such
as attributes or word vectors [1], [2]. This ability to generalize
beyond labeled training classes makes ZSL particularly ap-
pealing in large-scale recognition scenarios, where collecting
data for every possible category is impractical due to the scale
and annotation cost of modern datasets [3]. Depending on
how the test data are constructed, ZSL is commonly evaluated
under two settings: (i) conventional ZSL (CZSL), in which
test instances are drawn exclusively from unseen classes, and
(ii) generalized ZSL (GZSL), a more realistic and challenging
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setting where test instances may belong to either seen or
unseen classes [4], [5].

A long line of methods learns a compatibility function or
a shared embedding space that aligns visual features with
semantic representations, enabling classification by nearest-
neighbor search or distance-based matching in the semantic
space [2]. Although effective, embedding-based models are
typically trained on seen data and hence develop a bias to-
ward seen classes, which often leads to misclassifying unseen
examples as seen in the GZSL setting [6]. This “seen-class
bias” is a central obstacle to robust GZSL performance.

Generative approaches attempt to mitigate this bias by
synthesizing visual features for unseen classes, effectively
converting ZSL into a fully supervised problem [7]. Popular
choices include Generative Adversarial Networks (GANs) [8]
and Variational Autoencoders (VAEs) [9], which condition on
class-level semantics to produce pseudo-examples for unseen
classes. While successful, these methods often rely on large
quantities of synthetic features and frequently select samples
based on perceived “realness” rather than downstream utility
[10]. The attendant computational burden and the difficulty
of curating informative synthetic sets can limit scalability and
interpretability.

Inspired by few-shot learning (FSL), we explore an alter-
native perspective: instead of flooding the learner with vast
synthetic datasets, furnish it with a small number of prototype-
like synthetic examples per unseen class. From this viewpoint,
the goal is not to model the full data distribution for each
class but to estimate a compact and discriminative set of rep-
resentative points that capture the principal modes of variation
relevant for recognition. Such a strategy preserves the benefits
of generative ZSL (reducing seen-class bias by supplying
unseen evidence) while markedly lowering computational cost
and simplifying training.

In this paper we instantiate this idea with a lightweight and
interpretable mechanism by utilizing multiple “means” (pro-
totypes) for each seen class by bootstrapping the training data



and then estimate bootstrapped means for the unseen classes
through seen-to-unseen knowledge transfer. These predicted
means act as a few synthetic training examples—compact
surrogates for the unseen distribution that can be fed to a
carefully designed classifier. By design, this approach avoids
heavy generative modeling and yields prototypes that are easy
to inspect and reason about. An overview of the proposed
method is presented in Fig. 1, and the complete procedure is
outlined in Algorithm 1.

We evaluate our approach under both CZSL and GZSL
on the standard SUN, AWA?2, and CUB benchmarks. Despite
generating only a handful of synthetic points per unseen class,
our method attains competitive performance with state-of-the-
art generative ZSL approaches. The main contributions are as
follows:

o We approach generative ZSL through the lens of FSL,
replacing large-scale synthetic datasets with a compact
set of bootstrapped prototype-like synthetic examples per
unseen class.

e We propose a unified ZSL framework that estimates
multiple bootstrapped-like unseen means per class and
utilize them as unseen training data to train a classifier
specially designed to handle limited unseen data.

« Extensive experiments on SUN, AWA2, and CUB show
that our method attains competitive ZSL results while
using far fewer synthetic features than prior generative
methods.

II. RELATED WORKS

Embedding methods preserve the original training set of
seen classes and aim to learn a projection or compatibility
function that enables generalization to unseen categories.
These approaches differ mainly in the space where classifi-
cation occurs—visual, semantic, or a shared latent embed-
ding space [5]. Visual embedding methods project semantic
attributes into the visual domain, either by generating vi-
sual prototypes directly from semantic vectors [11] or by
exploiting semantic relationships among classes to construct
classifiers capable of extending to unseen categories [12],
[13]. Semantic embedding methods instead map visual features
into the semantic space using learned projection functions
[14]. Latent embedding approaches jointly embed both visual
and semantic representations into a shared latent space to
bridge the gap between seen and unseen classes and facilitate
transfer [15]. Overall, embedding-based ZSL methods focus
on aligning visual and semantic modalities through appropriate
projection functions, enabling recognition of unseen classes
without synthesizing new visual data.

Generative methods synthesize visual features for unseen
classes using seen class images and semantic information,
effectively converting ZSL into a supervised learning prob-
lem. This approache leverages adversarial frameworks such
as GANs conditioned on class semantics. For example, f-
CLSWGAN [7] generates discriminative visual features by
aligning synthesized samples with semantic attributes in a joint
embedding space. Extensions such as cycle-CLSWGAN [16]

impose semantic cycle consistency to better match generated
and true feature distributions, while f-VAEGAN [17] merges
the strengths of VAEs and GANs into a unified generative
framework. Methods like Dual-VAEGAN [18], FREE [19],
and CMC-GAN [20] further refine feature synthesis through
enhanced semantic alignment, cross-dataset generalization, or
hallucination strategies. ZeroGen [21] employs large language
models to synthesize features directly from textual prompts, re-
ducing reliance on heavy generative architectures. More recent
methods integrate embedding models with generative mecha-
nisms to improve robustness across seen and unseen classes
[22]-[24]. For instance, CE-GZSL [22] combines contrastive
embedding with class- and instance-level supervision, while
RE-GZSL [24] extrapolates unseen features using semantic
relations, contrastive losses, and feature mixing to produce
more realistic and discriminative samples.

Non-adversarial generative methods offer an alternative to
GAN-based feature synthesis by relying on sampling, inter-
polation, or statistical modeling rather than heavy adversarial
training. These approaches generally provide better training
stability, lower computational cost, and fewer issues such
as mode collapse and high computational costs [25], [26].
For example, TDCSS [27] disentangles attribute-relevant and
irrelevant components and controls pseudo-sample diversity
to improve feature transferability. GG [28] models each class
with a simple Gaussian distribution, generating features using
estimated statistical parameters without any deep generator.
Attribute-based models such as Composer [29] and ABS-Net
[30] synthesize unseen examples by recombining or perturbing
attribute patterns, while interpolation-based methods like BPL
[31] and AGZSL [32] transfer class-specific variations from
seen to unseen categories through projection and semantic
enrichment techniques.

These non-adversarial strategies demonstrate that effective
unseen feature synthesis does not require complex generative
architectures; instead, lightweight statistical or compositional
models can achieve strong performance with significantly
lower computational overhead. Our method is conceptually
aligned with this line of work, as it avoids adversarial gen-
eration and employs a simple, interpretable mechanism for
producing unseen class prototypes.

III. APPROACH
A. Problem Settings

In ZSL framework, the label space is partitioned into two
disjoint subsets: the seen classes ) with K categories and
the unseen classes Y with L categories, where Y5 N Y% = ).
The indices {1,...,K} correspond to seen classes, while
{K+1,..., K+ L} denote unseen ones. The training dataset
comprises N labeled samples from the seen classes, repre-
sented as D = {(x;,y;) | xi € X, y; € Y*}¥|, where X
denotes the visual feature space. No labeled instances from
unseen categories are accessible during training. Each class
c € Y®UY" is associated with a semantic descriptor a.,
and the complete attribute set is denoted by A, = {a .} <h%,
which encodes transferable semantic information between seen
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Fig. 1: Overview of the BUP-FSIGenZ framework. The model comprises two main phases: feature generation (on left of
the dotted line) and visual-semantic contrastive learning (right). Green-toned elements denote seen classes, while red-toned

elements denote unseen classes.

and unseen classes. The objective of CZSL is to learn a
classifier f : X — Y* that predicts unseen categories only,
while in the GZSL setting, the classifier must infer over both
seen and unseen categories, i.e., f : X — YU Y".

B. Attribute Rescoring

We utilize the model-specific attribute scoring strategy in-
troduced in [33] to adjust the class-level attributes as follows:

A=(Ap+Aq)W,, (1

where W, is a scalar coefficient, A represents the original
attribute matrix, and A4 comprises the elements of Ay that
surpass a predefined threshold ¢, formulated as:

Aq=Ap O (Ap > tn), 2

with ® denoting the element-wise multiplication operator, and
(Ap > t) yielding 1 when the condition is satisfied and 0
otherwise.

C. Unseen Data Synthesis

We can estimate virtual class centers for unseen classes by
transferring the semantic embedding manifold into the visual
feature space [34], as follows:

A" = R(A%) = M" = R;(M?), 3)

where A® and A" are the attribute descriptions of seen and
unseen classes, respectively; M® and M™ correspond to their
feature means; and R, represents the relation function that
maps seen classes to unseen ones.

In this formulation, the attribute embeddings A" for unseen
classes are inferred by applying the relation function R, to
the attribute descriptions A® of seen classes. Likewise, the
virtual class centers M™ of unseen classes are computed by
transferring the seen-class cluster centers M ° through R . The
relation function R(:) is learned using a Ridge-regularized
linear reconstruction model, as:

. 2 2
min [jag — A%alf3 + A3, C)
where o = [aq,...,ax]? is the reconstruction coefficient
vector, and A controls the degree of regularization.
Finally, the estimated cluster centers of the unseen classes
are obtained as:
w= Msa, 5)

where pf* represents the estimated cluster center of the /'

unseen class.

Estimating a single cluster center for each unseen class is
relatively straightforward; however, the challenge arises when
multiple centers must be generated per class. To address this,
we adopt a bootstrapped mean estimation strategy for unseen
classes. Specifically, we first compute N3F bootstrapped
means for each seen class and group them into N3%" batches,
where each batch M*®" contains exactly one mean for every
seen class. Using these batches, we then synthesize N 1§F
synthetic features for each unseen class as follows:

M;Lb:Msba, forb=1,2,~~~7NI§F (6)

where 41, represents the estimated bootstrapped prototypes
of unseen classes in b*" batch .



Algorithm 1 BUP-FSIGenZ

Input: Images I, Number of Unseen features per class N 1§F R
class attributes A, initialization ©
Output: ZSL classification

# Extracting Image Features
for each image i do
Extract ViT features: F;° TV « ViT(I,)
end for
Rescore class attributes: A < Ap
# Synthesizing Unseen Features
Compute the relation, o <— R for a given A
Obtain N ng batches of bootstrapped means for the seen
classes
9: Estimate bootstrapped prototypes for unseen classes:
i Mia, for b=1,2,..., N3F
10: Utilize py as synthetic unseen features
11: Obtain augmented train data, /' by combining synthetic
unseen data and real train data

12: # Train the Classifier
13: for each iteration ¢ do
14:  Encode class semantics with MLP: £; - MLP(a;)
15:  Compute instance to all class scores:

Cij < fl(Zw) with Zij — .E X Sj
16:  Compute instance to unseen class scores:

Cij, fg(Ziju) with Ziju — O'(Riju) — Fi® g‘u
17:  Optimize training objective, £
18: end for
19: # Perform Inference
20: for a given test image ¢ do
21: Predict CZSL class: y&#5% « argmax;{c;; } 1 0F
22:  Predict GZSL class: y&451 « arg max;{c;; }JK:'EL
23: end for

A A o S

Substituting these diverse M?®® values into equation (5)
results in N2¥ number of cluster centers per unseen class.
These centers are visual prototypes, each capturing a different
bootstrap statistics, act as unseen train data. In essence,
the estimation of bootstrap statistics offers an efficient and
principled way to simulate the natural heterogeneity within
unseen classes—an idea that aligns with our few-shot-inspired
approach.

D. Classifier Design

Let N* is the number of bootstrapped unseen class means.
These means are included as unseen class features with the real
seen features and form a augmented training set. We define a
one-hot class indicator vector m;; based on the ground-truth
class label y; of the i instance as follows:

1, lfyL:.]a

mi; = 7
’ {0, otherwise. ™

The joint representation of an instance—class pair is then
formulated as

Zij = J—"(Xl) ® g(aj), (3

where F(x;) denotes the visual feature of the i instance,

&(a;) represents the semantic embedding of class j, and ®
indicates element-wise multiplication. To quantify the com-
patibility between an instance 7 and a class j, we define a
contrastive score Cij as

Cij = fl(Zij)a ©)

where f1(-) denotes a contrastive learning function that mea-
sures the alignment between the fused visual-semantic repre-
sentation Z;; and the target class embedding.

Using these definitions, a classifier can be trained to learn
visual-semantic alignment through the following contrastive
loss function, computed over the unified dataset that includes
both real and synthesized samples:

NS+N* K+L
Ly =-— Z Z myjlog(cij) + (1 — my;) log(1 — ¢ij),
i=1  j=1

(10)
This formulation does not explicitly address the issue of class
imbalance—particularly among unseen categories—since the
few-shot-inspired ZSL setting often yields a limited number
of synthetic samples per unseen class.
Training Strategy: To mitigate this we decompose the above
training objective into the following:

L = Lseen + Lunseen, (11)

where (3 is a hyperparameter that controls the contribution of
the unseen-class loss.

Computing Lseen: For each training instance, whether orig-
inating from real data (seen classes) or synthesized samples
(unseen classes), we partition the class indicator m;; and the
contrastive score ¢;; into their respective seen and unseen com-
ponents, denoted by superscripts s and u. The first objective,
Lseen, is a binary cross-entropy (BCE) loss applied to the
model’s predictions over seen classes, defined as:

Ne4N* K
Lseen = — Z mej log(cj;) + (1 —mj;)log(1 — cf;),
=1 j=1

(12)
Computing Lunseen: Now, to compute the loss using the
model’s prediction over unseen classes, we need to consider
that the unseen class features are limited set of estimated boot-
strapped class means and may not fully reflect the complexity
of the real data. To mitigate this, we compute a unseen loss
term as:

Lunseen = Ly + nLky, (13)

To compute Lunseen, we first employ another branch of
contrastive learning that measures scores between an instance
and unseen classes. To do that, we take the instance to unseen
class joint representation from equation (8)

Zij, = F(xi) ® E(ay,,), (14)

and compute

Rij, = f2(Zi5,), (15)



TABLE I: Performance of different methods on CZSL (T1) and GZSL (H). The best and second-best results are shown in
bold and underlined, respectively, while red and blue indicate the best and second-best results among generative approaches.

Method SUN AWA2 CUB
Tl U S H TI U S H TI U S H

TCN [35] 61,5 312 373 340 712 612 658 634 595 526 520 523

T DAZLE [36] - 523 243 332 - 603 757 671 659 567 59.6 58.1
& VITZSL [37) - 445 553 493 - 519 900 658 - 673 752 710
& MSDN [38] 658 522 342 413 701 620 745 677 761 687 675 68.1
£ SCILM [39] 624 248 326 282 712 489 778 60.1 523 245 549 338
€  DUET [6] 644 457 458 458 699 637 847 727 723 629 728 675
£ BGSNet [40] 639 452 343 390 69.1 610 818 699 733 609 73.6 667
& PRZSL [41] 642 536 377 444 736 658 778 713 771 688 637 662
7S-VAT [42] 626 456 338 388 722 599 808 688 752 675 68.1 678
f-CLSWGAN [7] 60.8 426 366 394 - - . - 573 437 577 497
f-VAEGAN-D2 [17] 647 451 380 413 71.1 576 706 635 61.0 484 60.1 53.6
OCD-CVAE [43] 635 448 429 438 713 595 734 657 603 448 599 513
TE-VAEGAN [44]  66.0 456 407 430 722 598 75.1 666 649 528 647 58.1
HSVA [45] 63.8 486 390 433 - 567 798 663 628 527 583 553
TGMZ [46] - - - - - 641 773 7001 - 603 568 585
GCM-CF [47] - 479 378 422 - 604 751 670 - 610 597 603

©  CE-GZSL [22] 633 488 386 43.1 704 63.1 7864 700 775 639 668 653
£ FREE[19] - 474 372 417 - 604 754 671 - 557 599 577
3 AGZSL [32] 633 299 402 343 738 651 789 713 572 414 497 452
&  SE-GZSL [48] - 458 407 431 - 599 807 688 - 531 603 564
£ ICCE [23] - - - - 727 653 823 728 784 673 655 66.4
£ TDCSS [27] - - - - - 592 749 661 - 442 628 519
©  LCR-GAN [49] - 576 438 498 - - - - - 536 615 597
DFCA-GZSL [50]  62.6 489 388 433 747 665 815 733 800 709 63.1 668
RE-GZSL [24] . - - - 731 677 811 738 789 723 624 670
AREES [51] 643 513 359 422 736 579 770 66.1 657 53.6 569 552
JFGOPL [52] - 488 380 427 - 626 742 679 - 564 627 594
DENet [53] - 523 408 458 - 626 848 720 - 650 719 683
DPCN [54] 63.8 48.1 394 433 706 654 786 714 80.1 727 657 69.0
Zheng et al. [55] - - - - - 633 740 682 - 710 657 683
FSIGenZ [33] 67.8 425 499 459 750 67.6 823 742 73.0 659 727 69.1
BUP-FSIGenZ (Ours) 67.9 42.6 50.1 460 77.4 683 842 754 73.1 646 750 69.4

where fo(-) is the contrastive learning function that outputs
raw contrastive logits, I7;;, that pass through sigmoid activa-
tions denoted by o(+):

Ciju = U(Riju)- (16)
Then, we compute
N*+N* L
Ly =— Z Z mi; log(cijcij, )
i=1 j=K+1

+(1- mfj) log(1 — c}bjciju), a7

Now, we compute class-to-class semantic similarities by solv-
ing the following optimization problem:

K+L

ap — E A¢5pq

q=1

Sp :argrrslin + @|Ispll2 (18)

2

where a,, represents the semantic embedding of class p, and
Spq is the g™ element of the similarity vector s,, repre-
senting the semantic proximity between class p and class
q. The regularization parameter ¢ prevents trivial solutions

by discouraging any single similarity score, particularly self-
similarity, from dominating. Once the similarity vector is
obtained, we apply temperature-scaled normalization to its

unseen portion:
su
e ()

K+L S;q’ ’
Zq’:K+1 exp ( T

R;;, is also normalized via a temperature-scaled softmax:
Tiju
exp (=£+)

K+L Tijl, ’
Zj{,:K+1eXp< T )

We compute the temperature-scaled knowledge distillation
loss by minimizing the Kullback—Leibler (KL) divergence as
follows:

-y
Spqg =

19)

Tiju =

(20)

Lxr = 72Dkr (1?3 I S“) : Q1)

E. Zero-Shot Recognition

Zero-shot recognition is performed using f; network by
evaluating contrastive scores between the visual feature of an
input image and the semantic embeddings of all candidate



classes. In the CZSL setting, predictions are restricted to
unseen classes, and each image is assigned to the unseen class
with the highest contrastive score. In contrast, the GZSL set-
ting considers both seen and unseen classes, and the predicted
label corresponds to the class with the maximum contrastive
score across all categories.

Pczsl (931) - mjax{cij }f:—;g—&-l . (22)

Possi(wi) = maxfey 00" (23)

IV. EXPERIMENTAL STUDIES

This section presents the experimental setup, including the
datasets, evaluation protocols, and implementation details. It
then reports the experimental results and ablation studies.

A. Experimental Setup

Datasets. We evaluate our method on three widely used ZSL
benchmarks: SUN [56], AwA2 [1], and CUB [57]. AwA2
is a medium-scale, coarse-grained dataset containing 37,322
images from 50 animal categories described by 85 attributes.
CUB is a fine-grained bird classification dataset with 11,788
images spanning 200 species, annotated with 312 attributes.
SUN is another fine-grained benchmark, consisting of 14,340
images across 717 scene classes, each represented by 102
attributes.

Evaluation Protocols. We assess performance under both
CZSL and GZSL settings. For CZSL, we report the average
per-class Top-1 accuracy (T1) on unseen classes. For GZSL,
we compute Top-1 accuracies on seen (S) and unseen (U)
classes, and summarize overall performance using the har-
monic mean, H = 2 x gig, which reflects the balance
between seen and unseen class recognition.

Implementation Details. We extract 786-dimensional image
features using the ViT-Base backbone [58] pre-trained on
ImageNet-1k, and utilize the class attributes provided in [1].
For attribute rescoring, the threshold—weight pairs (¢, W)
are set to (0.005, 0.8), (0.005, 0.4), and (0.3, 0.7) for the
SUN, AwA2, and CUB datasets, respectively. Our classifier
has a two-layer fully connected network that projects class
semantic vectors into the feature space, with 1024 units in
the first layer and 786 units in the second. It further employs
two contrastive learning networks, f; and fo, each consisting
of a fully connected layer with a 1024-dimensional hidden
representation. The network f; outputs a single-dimensional
sigmoid score, whereas fo outputs raw logits. The MLP
classifier uses ReLU and Leaky ReLU activations, while f;
adopts ReLLU followed by a sigmoid activation, and fo applies
ReLU only in its hidden layer. The hyperparameters 3 and
n are selected empirically, with 8 = 0.2 for all datasets,
and n = 0.4 for SUN and CUB and 0.5 for AwA2. The
temperature 7 is set to 0.6, 0.8 and 0.6 for SUN, AwA2, and
CUB, respectively.

B. Comparison With State-of-the-Art Methods

Table I provides a detailed comparison of state-of-the-art
ZSL approaches on the SUN, AwA2, and CUB benchmarks.
BUP-FSIGenZ attains the best CZSL performance on SUN
(67.9%) and AwA2 (77.4%), and achieves competitive accu-
racy on CUB (73.1%). Under the GZSL setting, it obtains har-
monic mean (H) scores of 75.4% on AwA2, 69.4% on CUB,
and 46.0% on SUN—ranking first, second, and third on these
datasets, respectively. No other method in the comparison
demonstrates this level of consistent strength across all bench-
marks; most alternatives excel only on particular datasets.
Moreover, several methods that surpass BUP-FSIGenZ on
isolated GZSL results—such as LCR-GAN (49.8%) and ViT-
ZSL (49.3%) on SUN, or ViT-ZSL (71.0%) on CUB—do
not report CZSL scores, limiting their overall evaluability.
In contrast, BUP-FSIGenZ delivers robust performance across
both CZSL and GZSL settings, making it the most consistently
effective method in Table L.

Compared with other generative approaches, BUP-FSIGenZ
attains the highest CZSL Top-1 accuracy on SUN (67.9%)
and AwA2 (77.4%), as well as the best GZSL harmonic
mean on AwA2 (75.4%) and CUB (69.4%). On SUN, it also
achieves the second-highest harmonic mean (46.0%), trail-
ing only LCR-GAN (49.8%). Notably, although LCR-GAN
achieves a higher harmonic mean on SUN, its CZSL Top-
1 accuracy is lower than that of BUP-FSIGenZ, suggesting
weaker performance on the core ZSL task. A similar pattern
appears on CUB, where DPCN reports the best CZSL accuracy
(80.1%), yet BUP-FSIGenZ slightly surpasses it in harmonic
mean (69.4% vs. 69.0%). In addition to its strong predictive
performance, BUP-FSIGenZ is also highly efficient in feature
synthesis. It generates only 15, 90, and 10 synthetic features
per class for SUN, AwA2, and CUB, amounting to 1080, 900,
and 500 total synthetic features—orders of magnitude fewer
than those generated by competing models (see Table II).
For example, LCR-GAN and DPCN synthesize up to 43,200
and 15,000 unseen features on SUN and CUB, respectively.
Despite using dramatically fewer synthetic samples, BUP-
FSIGenZ matches or outperforms these methods across ZSL
metrics. This efficiency reflects a different design philosophy:
rather than reframing ZSL as a large-scale supervised learning
problem, BUP-FSIGenZ adopts a more FSL-oriented perspec-
tive, relying on a small number of features that effectively
capture the underlying structure of unseen classes.

C. Ablation Study and Sensitivity Analysis

Ablation Study. To better understand the contribution of each
component in BUP-FSIGenZ, we conduct ablation studies by
removing the attribute rescoring mechanism, the unseen-class
loss Lunseen, and the KL-alignment loss Lkp. The results on
SUN, AWA2, and CUB are reported in Table III. Removing
attribute rescoring leads to consistent drops in both T1 and
H across all datasets e.g., SUN: T1 decreases from 67.9%
to 66.0% and H decreases from 46.0% to 41.4%; CUB: T1
from 73.1 to 72.1 and H from 69.4% to 66.7%. Excluding
Lunseen Tesults in the most severe degradation, especially on



TABLE II: Statistics of unseen data across different methods after incorporating synthetic features. Here, NY°F" denotes the

number of synthetic unseen features, NV

represents the number of real unseen features, and N EF indicates the number of

synthetic features generated per class. The notation (U/S) specifies whether synthesis is performed only for unseen classes or

for both seen and unseen classes.

SUN AwA2 CUB
Method
T1 H NUSF NURF NgF T1 H NUSF NURF N}S;F T1 H NUSF NURF NEF

HSVA [45] 63.8 433 28800/14400 1440 400/200 (U/S) 66.3  4000/2000 7913 400/200 (U/S)  62.8  55.3  4000/2000 2967 400/200 (U/S)
CE-GZSL [22] 633  43.1 7200 1440 100 (U) 704 70.0 24000 7913 2400 (U) 775 653 15000 2967 300 (U)
FREE [19] - 41.7 21600 1440 300 (U) - 67.1 46000 7913 4600 (U) - 57.7 35000 2967 700 (U)
ICCE [23] - - - - - 727 728 50000 7913 5000 (U) 784  66.4 20000 2967 400 (U)
LCR-GAN [49] - 49.8 43200 1440 600 (U) - - - - - - 59.7 20000 2967 400 (U)
RE-GZSL [24] - - - - - 73.1 738 50000 7913 5000 (U) 789  67.0 20000 2967 400 (U)
DENet [53] - 45.8 7200 1440 100 (U) - 72.0 35000 7913 3500 (U) - 68.3 10000 2967 200 (U)
DPCN [54] 63.8 433 5760 1440 80 (U) 70.6 714 25000 7913 2500 (U) 80.1  69.0 15000 2967 300 (U)
Zheng et al. [55] - - - - - - 68.2 24000 7913 2400 (U) - 68.3 35000 2967 700 (U)
BUP-FSIGenZ (Ours) 67.9  46.0 1080 1440 15 (U) 774 754 900 7913 90 (U) 731 69.4 500 2967 10 (U)

TABLE III: Ablation studies for different components of
BUP-FSIGenZ on the SUN, AWA2, and CUB datasets. The
red and blue highlights are the best and second-best results,
respectively.

Method SUN AwA2

Tl u S H Tl U N H Tl u S H
BUP-FSIGenZ w/o attribute rescoring ~ 66.0  36.7 475 414 763 655 849 739 721 602 747 667
BUP-FSIGenZ w/o Lunseen 65

BUP-FSIGenZ wlo L1, 661 30.1 508 378 775 679 834 748 722 642 696 668
BUP-FSIGenZ (full) 679 426 S04 460 774 683 842 754 731 646 750 694

AWA?2 where unseen accuracy falls from 68.3% to 8.6%.
Eliminating the KL-alignment loss Lg; also harms perfor-
mance (e.g., CUB: T1 drops from 73.1% to 72.2% and H
drops from 69.4% to 66.8%), demonstrating that distributional
regularization improves semantic—visual alignment. Overall,
the full BUP-FSIGenZ model achieves the strongest results on
nearly all metrics, confirming that each component contributes
complementary benefits.

Impact of Synthetic Features. Across all datasets, the number
of synthesized unseen-class features consistently affects both
T1 and H (see Fig. 2). On SUN, T1 peaks at 15 instances and
then stabilizes, while H follows a similar upward trend before
gradually declining. For AwA2, both metrics increase steadily
as more synthetic features are generated, reaching their highest
values at 90 instances before slightly dropping. On CUB, T1
and H achieve their best performance at 10 instances, with
mild decreases afterward. Overall, these results indicate that
balanced feature synthesis improves both T1 and H, though the
optimal number of synthesized samples is dataset-dependent.
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Fig. 2: Results with varying synthetic instances for unseen
classes of the (a) SUN, (b) AwA2, and (¢c) CUB datasets.

V. CONCLUSION

In this paper, we present BUP-FSIGenZ, a generative zero-
shot learning framework that synthesizes a compact set of
diverse prototypes per unseen class, in contrast to conventional
approaches that rely on large volumes of synthetic data. It
transfers the statistical bootstrapping of seen class features to
unseen domain utilizing class semantics to synthesize unseen
prototypes. To address the inherent class imbalance arising
from the small number of generated prototypes, we employ
a carefully designed contrastive classifier that enhances dis-
crimination between seen and unseen classes. Overall, BUP-
FSIGenZ supports that few-shot inspired generative modeling
can serve as a powerful alternative to traditional large-scale
generation by achieving competitive performance on SUN,
AwA?2, and CUB.
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