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Exploring Unknown Image Generation for
Zero-Shot Learning via Diffusion Models

LEI Xiancl®

Abstract

Generation-based Zero-Shot Learning (ZSL) methods typ-
ically utilize generative models to synthesize features for un-
seen classes based on semantic attribute descriptions, bridg-
ing the gap between seen and unseen data. However, most
existing generative approaches focus solely on feature syn-
thesis, making the results difficult to interpret or visualize.
To overcome this limitation, we propose a novel method that
integrates a diffusion model into the ZSL pipeline to directly
generate images of unseen classes. To further improve the
generated images’ visual quality and semantic alignment, we
introduce a semantic neighbor-guided conditioning strategy
that enriches unseen class attributes with guidance from the
most similar seen class, leveraging the model’s ability to
generate high-quality seen images to ensure overall supe-
rior results. Extensive experiments on three standard ZSL
benchmarks demonstrate the effectiveness of our method in
both recognition performance and image quality.

1. Introduction

Zero-Shot Learning (ZSL) aims to identify novel classes
that are not included in the training data by leveraging
shared information, such as attributes [10] and word vec-
tors [16]. Due to the absence of samples of unseen classes,
a natural solution is to generate data to enrich the training
set. Generative ZSL methods [12], [13], [18], [22] address this
challenge by synthesizing visual features for unseen classes
conditioned on semantic attributes, enabling conventional
classifiers to generalize beyond seen categories.

These approaches have achieved promising results and
have received increasing attention in recent years. How-
ever, existing methods mainly focus on feature-level syn-
thesis rather than image-level generation, which limits in-
terpretability and practical applicability. To overcome this
limitation, we explore the generation of unseen images for
ZSL, leveraging the capabilities of powerful Diffusion Mod-
els (DMs). Compared with conventional generative models,
DMs are capable of generating high-quality and semantically
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faithful images, making them well-suited for interpretable
ZSL. Furthermore, to enhance the alignment of DMs with
ZSL objectives, especially when training with only seen data,
we introduce a semantic neighbor-guided conditioning strat-
egy. This strategy explicitly controls both primary (target)
and secondary (guide) conditions, ensuring the quality of
the generated unseen images guided by the most semanti-
cally similar seen class. This dual-conditioning mechanism
enhances the quality and discriminability of the generated
images for unseen categories, promoting more effective and
interpretable ZSL.

2. Related Work—Diffusion Models

DMs have been extensively studied in the generative mod-
eling community. Some recent works [19], [20] leverage them
to generate multiple images from the same prompt for con-
trastive learning, treating them as positive pairs. Other ap-
proaches, such as the Diffusion Classifier [11], apply them
directly for zero-shot classification, achieving competitive
results across various benchmarks. However, these meth-
ods rely on textual prompts as conditioning inputs, which
are not typically available in the ZSL setting. Instead, ZSL
relies on class-wise continuous attribute descriptions, where
each value represents the likelihood of an attribute occurring
in images belonging to a specific class.

3. Proposed Method

3.1 Overview

To address this challenge and improve the quality of gener-
ated images, we introduce a semantic neighbor-guided condi-
tioning strategy that integrates both primary (target class)
and secondary (guide class that are most similar with the
target class) attribute descriptions, leveraging the model’s
ability to generate high-fidelity seen class images, thereby
enhancing the relevance and detail of the generated unseen
images.

In ZSL, the dataset is divided into two disjoint subsets:
a seen dataset and an unseen dataset. The seen dataset is
denoted as D® = {(z5,y$)} 1, where 2§ and y§ € C° rep-
resent the i-th image and its corresponding label from the
set C'° of seen classes. In the same way, the unseen dataset
is denoted as D" = {(w;‘,y;‘)}é\zl, where x} and y3 € C*
represent the j-th image and its label from the set C* of
unseen classes. The seen and unseen classes are disjoint,
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Fig. 1: Architecture of the proposed method

i.e., C°NC" = (). Notably, the attribute descriptions across
seen and unseen classes share a common semantic space, i.e.,
A= AU A", where A®° = {af}ﬁ?, A" = {a}‘}ljc:ll and
aj,aj € RM . Each element of matrix A € RUCTIHIC"DxM
is represented by an M-dimensional vector, corresponding
to the same set of attributes. The difference between classes
lies in the attribute occurrence probabilities.

The overall framework is illustrated in Figure ??, which
consists of two stages: Stage 1 trains a generative model
on the seen dataset using the augmented attribute descrip-
tion. Once trained, the generative model is used in Stage
2 to generate unlimited images for the unseen classes by
providing their corresponding attribute descriptions. This
process transforms the zero-shot recognition problem into a
conventional supervised image classification task. Then, an
image encoder and a classifier in Stage 2 are trained by a
combination of real images from seen classes and generated
images of unseen classes. After training, the model can pre-
dict the class label for any input image, whether it belongs
to a seen or unseen class.

3.2 Stage 1: Generative Model Training

To generate high-quality images for ZSL, we adopt the
Diffusion Transformer (DiT) [15], which avoids training on
unseen class images, thus aligning with the ZSL setting.
Following the design of DiT, given an image x° from the
seen dataset D®, the input to DiT is a spatial representa-
tion zg through Transformer blocks with conditional mod-
ules (AdaLN-Zero [17]). The diffusion forward process is
then applied to generate infinite variations of the input by
progressively adding noise across timesteps, following the
forward diffusion chain as:

a(zir | 78) = [[ atzi | 50),

t>1

(1)

0z | 2i1) = N (25 V1= Bizi 1,81,

where ; is a pre-defined variance schedule, and N(-) de-
notes a Gaussian distribution with mean /1 — B¢z;_; and
covariance B:I. At the final timestep ¢t = T', the input be-

2)

comes nearly pure Gaussian noise. The maximum diffusion
step is set to T', and a timestep ¢t ~ [1,7T] is randomly sam-
pled during training. The noised inputs at timesteps ¢ — 1
and t are denoted as z{_; and z{, respectively.

Since only the seen dataset is available during training,
the model tends to exhibit a strong bias toward seen classes.
Meanwhile, we observe that DiT is capable of generating
high-quality images for these seen classes, indicating that
the model can effectively capture and reconstruct their pri-
mary visual content. To mitigate this bias and improve
generalization for unseen classes, we introduce a semantic
neighbor-guided conditioning strategy, which enhances the
unseen class condition by incorporating guidance from the
most semantically similar seen class. Since only seen images
are available during training and we employ a concatena-
tion operation to enhance the conditioning input, we con-
struct a combined condition vector ¢; by concatenating the
attribute descriptions of the same seen classes to train the
generative model. Specifically, two differently weighted ver-
sions of the attribute description aj are concatenated and
passed through a fully connected layer ¢(-) to produce the
augmented condition as:

3)

c; = ¢(concat(y1a;,vy2a;)),

where 1 and 72 are scalar weights that control the con-
tributions of the primary and secondary components of the
attribute vector, respectively. During sampling, we further
control the relative weights of seen and unseen classes, al-
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lowing us to balance between maintaining the quality of gen-
erated images and improving diversity across classes. Please
see Section 3.3 for details.

The denoising process is then formulated as:

pg(zﬂzf—lvcf) = N(zf—l;MQ(Z§7t7C5)729(Z§7t)>7 (4)

1 s /Bt s 5
(- e
(5)

/~1‘9(z§7ta Cf) =

where ay = 1 — B¢, ¢ = Zle «; and 6 is the parameters
of DiT.

To enhance conditional generation, Classifier-Free Guid-
ance (CFG) [8] is employed. During training, both condi-
tional and unconditional models are jointly optimized us-
ing a shared score estimator eg. At the inference time, the
guidance-modified score is computed as:

€0(2§7t: Cf) = (1 + w)€9(zfa t7 Cf) - w€9(2§,t, ®)7 (6)

where w is the guidance scale to adjust the conditioning,
and @ denotes a null (unconditional) input. Finally, the
generative model is optimized with the following objectives:

Loy =Y Dxr (a(zi|2i-1)llpo (21|25, ¢5)),  (7)
t
Emse = ||69(Z§) - EtH, (8)

where Ly is the variational bound loss, Dk, represents the
Kullback—Leibler divergence, and Lmse minimizes the pre-
diction error of the noise estimator €g.

3.3 Stage 2: Zero-Shot Classification

After training, the DiT model generates an unseen image
" conditioned on attribute descriptions. For brevity, we
denote the sampling process of DiT as G(-). The generated

unseen image £ is then obtained as:

i* = G(wég,cf), cf = ¢(concat(n1af,72a7)), (9)

where w is the weight of the condition, aj and a; denote the
attribute descriptions of the target unseen class and its most
similar seen class, respectively. 1 and 72 control the contri-
bution of the primary (target) and secondary (guide) con-
ditions, respectively. To obtain the reference seen class aj,
we perform a nearest-neighbor search to find the class most
similar to the target unseen class in the shared semantic
space. Since the trained DiT model generates high-quality
images of seen classes, adjusting the attribute description
weights allows us to preserve the primary characteristics of
the generated images.

Once the generated unseen image " is obtained, we adopt
a standard generative-based ZSL pipeline. To effectively ex-
tract image features, we employ ViT-base [6] as the Encoder
E(+). Accordingly, the visual features of seen and generated
unseen images are extracted as:

v’ = E(z%), v"=E(x"), (10)

where v* is the visual feature of the seen image x* and v* is
that of the generated unseen image z*. At last, to achieve
ZSL prediction, we need to train a Classifier f(-), which pre-
dicts attribute probability. Then, E(-) and f(-) are updated
using the cross-entropy loss Lce as:

exp(f(v®)" - aj)
Yarcas exp(f(vo)T - aj)

exp(f(¥*)" - a})
2arean exp(f(¥¥)T-a})’

where f(v®) and f(¥") are predicted attribute probabilities
of seen and generated unseen images, respectively, and aj,

Lce = —log
(11)

—log

and aj are the ground-truth attribute descriptions of seen
and generated unseen images, respectively.

After training the model, given an image x, we first ex-
tract its visual feature E(z). The prediction is then made
by matching the visual feature with the attribute prototypes
in the semantic space. The predicted label is given by:

§ = argmax f(E(z))” - a. (12)
acA
The definition of A depends on the evaluation setting: In
Conventional Zero-Shot Learning (CZSL), where test in-
stances come exclusively from unseen classes, A= A" and
in Generalized Zero-Shot Learning (GZSL), which involves
both seen and unseen test classes, A = A° U A%

3.4 Training Strategy

Training a diffusion model requires substantial computa-
tional resources, and even fine-tuning a pre-trained diffusion
model can be time-intensive. To overcome this limitation,
we follow the approach proposed by Xie et al. [24], which
fine-tunes only the bias terms of the model to significantly
reduce training time while maintaining performance.

4. Experiments

We conducted extensive experiments on three promi-
nent ZSL benchmark datasets: Animals with Attributes 2
(AWA2) [23], SUN Attribute (SUN) [14], and Caltech-UCSD
Birds-200-2011 (CUB) [21]. We followed the Proposed Split
(PS) setting [23] to split each dataset into seen and unseen
classes.

During inference, i.e., performing CZSL and GZSL classi-
fication, we followed the evaluation protocols in [23]. In the
CZSL setting, we calculated the average per-class Top-1 ac-
curacy of unseen classes, denoted as Acc. For the GZSL sce-
nario, we measured the Top-1 accuracy of the seen and un-
seen classes, defined as S and U, respectively. We also com-
puted their harmonic mean, defined as H = 2SU/(S + U).

To evaluate the effectiveness of the proposed method, we
compared it with several state-of-the-art methods, as shown
in Table 1, with a particular focus on generative methods.
On the CUB dataset, our method achieved a CZSL accuracy
of 77.4 and a GZSL harmonic mean of 68.0, indicating effec-
tive generalization on fine-grained bird categories. On the
SUN dataset, our method achieved 74.7 CZSL accuracy and
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Table 1: Performance comparison with state-of-the-art methods on the CUB [21], SUN [14], and AWA2 [23] benchmarks.

CUB [21] SUN [14] AWA?2 [23]
Methods CZSL GZSL CZSL GZSL CZSL GZSL
Acc U S H Acc U S H Acc U S H
Embedding-based Methods
DUET [5] 69.9 63.7 84.7 2.7 64.4 45.7 45.8 45.8 72.3 62.9 72.8 67.5
ZSLViT [3] 78.9 69.4 78.2 73.6 68.3 45.9 48.4 473 70.7 66.1 84.6 T74.2
Feature Generation-based Methods
FREE [4] — 60.4 75.4 67.1 — 47.4 37.2 41.7 — 55.7 59.9 57.7
CE-GZSL [7] 70.4 63.1 78.6 70.0 63.3 48.8 38.6 43.1 77.5 63.9 66.8 65.3
FREE+ESZSL [1] — 51.3 78.0 61.8 — 48.2 36.5 41.5 — 51.6 60.4 55.7
CLSWGAN+DSP [2] — 60.0 86.0 70.7 — 48.3 43.0 45.5 — 51.4 63.8 56.9
VADS [9] 82.5 75.4 836 79.3 76.3 64.6 49.0 55.7 86.8 74.1 746 74.3
Image Generation-based Method
Ours \ 774 \ 65.8 70.4 68.0 \ 74.7 \ 61.0 36.3 45.5 \ 76.0 \ 66.8 83.7 74.3
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Fig. 2: Comparative results of generated images in different condition settings on CUB [21].

a harmonic mean of 45.5, ranking among the top methods
in the classification of unseen classes, although with slightly
lower seen-class accuracy. On the AWA2 dataset, our
method achieved 76.0 in CZSL and a harmonic mean of 74.3
in GZSL, matching the best-performing method (VADS [9])
and outperforming other generative and embedding-based
methods. These results demonstrate that our method ef-
fectively enhanced cross-domain alignment while maintain-
ing strong recognition capability for both seen and unseen
classes.

To better illustrate the effectiveness of the enhanced con-
dition, we compared images generated with single and aug-
mented conditions as shown in Fig. 2. Semantic neighbor-
guided condition inputs produced clearer and more complete
images, while single-condition results often lacked structure.
Moreover, the augmented condition enabled the generation
of more detailed and semantically accurate images, for ex-
ample, finer visual characteristics were better captured for
the “White-Eyed Vireo” class.

5.

We proposed a novel generative-based ZSL method that

Conclusion

leveraged DiT [15] as the generation model. Unlike existing
generative-based ZSL methods that generate features, our
method directly generates unseen images, making the re-
sults more interpretable and visually observable. To further
improve the quality of the generated images, we introduced
an augmented conditioning mechanism that enhances un-
seen image generation.

For future work, we plan to optimize the conditioning
mechanism in the style of image editing, allowing more fine-
grained and controllable image generation.
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