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Abstract

With the rapid growth of visual content in open-world en-
vironments, zero-shot hashing image retrieval (ZSHIR) has
emerged to tackle the challenge of recognizing novel classes
using attribute-level and semantic information. However, ex-
isting methods often rely on shallow fusion of multi-source
cues (e.g., attributes, labels, and visual features) through ex-
ternal supervision or feature concatenation, failing to capture
the underlying semantic structure in a generative way. Partic-
ularly, current bridging strategies between modalities suffer
from information fragmentation and weak alignment, hinder-
ing the model’s ability to fully understand complex attribute-
visual relations. Moreover, subtle semantic gaps or “semantic
drift” between seen and unseen classes further degrade inter-
class separability and the scalability of hashing models. To
address these issues, we propose a novel framework called
Proxy Zero-Shot Hashing with Multimodal Fusion via Sta-
ble Diffusion (PZSH), which integrates generative modeling
and contrastive learning. PZSH leverages a pre-trained Stable
Diffusion model to synthesize multimodal content, and uses
dual BLIP encoders to enhance semantic alignment across
modalities. We further design a proxy hashing loss to en-
force discriminative binary representations. Extensive experi-
ments on benchmark datasets show that PZSH achieves state-
of-the-art performance with stronger generalization to unseen
classes.

Code — https://github.com/caoyuan618/PZSH

Introduction
The recent decade has witnessed the fast development of
hashing for semantic image retrieval (Luo et al. 2023; Wang
et al. 2016, 2018; Zhu et al. 2024). Hashing-based meth-
ods are particularly popular for encoding images into com-
pact binary codes, enabling efficient similarity search. Su-
pervised deep hashing approaches (Rongkai et al. 2014; Liu
et al. 2016a; Su et al. 2018; Yang, Lin, and Chen 2018;
Qiu et al. 2018; Chen et al. 2021; Zhang et al. 2022), in-
tegrating semantic labels and convolutional neural networks
(CNNs) (Cong et al. 2020; Mi, Lei, and Gui 2013; Cheng
et al. 2025; Huo et al. 2025; Sun et al. 2023; Pu et al.
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2025a,b), have demonstrated strong performance by pre-
serving semantic similarity. However, most existing meth-
ods depend on known, predefined categories, limiting their
practical use in dynamic scenarios where new categories fre-
quently emerge (Qiu et al. 2017). Thus, there is an urgent de-
mand for hashing models capable of generalizing to unseen
categories, supporting Zero-Shot Hashing (ZSH) retrieving
images from novel classes without annotated examples.

ZSH techniques aim to enable retrieval for novel cat-
egories by transferring knowledge from seen to unseen
classes using auxiliary semantic information such as at-
tributes, word embeddings, or class descriptions. A range
of methods (Wang et al. 2021; Yong et al. 2024) have ex-
plored embedding alignment, similarity transfer, and struc-
tural constraints to improve generalization, with notable ef-
forts integrating semantic vectors into the hashing process
or leveraging transductive strategies. These advances have
made initial progress in bridging the domain gap between
seen and unseen classes.

Despite recent advances, existing deep hashing methods
for ZSH still face significant limitations. First, the integra-
tion of visual and semantic information is often superfi-
cial—typically via simple feature concatenation or auxiliary
losses—failing to model complex cross-modal interactions
and often treating attribute and visual cues as disjoint inputs
without unified fusion. Some methods (Shen et al. 2018;
Dong et al. 2024) explicitly train visual-semantic mapping
networks, but they frequently come with high computational
costs and limited scalability. Second, some approaches (Guo
et al. 2017; Jiang et al. 2025) rely on coarse, label-level
supervision without effectively aligning detailed structural
relationships between visual and semantic spaces, limiting
their ability to discriminate fine-grained semantics. Lastly,
although semantic descriptions (e.g. attributes or class la-
bels) are used to represent unseen classes, most methods
lack mechanisms to synthesize corresponding visual repre-
sentations, which is critical in cold-start scenarios where no
visual data is available.

To overcome these challenges, we introduce a novel
framework named Proxy Zero-Shot Hashing with Multi-
modal Fusion via Stable Diffuison (PZSH). This method
unifies visual, semantic, and label information to enhance
generalizability, particularly under zero-image scenarios. At
its core, PZSH leverages a pre-trained Stable Diffusion (SD)

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

12529



model to generate multimodal images that blend class-level
semantics and visual features at the data level. Unlike exist-
ing strategies that fuse modalities in shallow feature space,
our framework achieves deep semantic integration through
generative visual representation, resulting in more expres-
sive and transferable features. A key component of our ap-
proach is a dual-branch contrastive learning mechanism built
on BLIP (Li et al. 2022) encoders. By independently encod-
ing both real and SD-generated images and aligning them
in feature space via contrastive loss, the model is guided
to capture consistent, fine-grained visual semantics across
variations. This facilitates a richer understanding of subtle
attribute-level distinctions which are overlooked by conven-
tional label-supervised methods. In scenarios where real vi-
sual data for unseen categories is entirely absent, PZSH fur-
ther introduces a zero-image data augmentation strategy. In-
stead of relying on annotated samples, we synthesize im-
ages directly from semantic prompts—such as class names
or attributes—using the SD model. These synthetic samples
serve as informative proxies, enabling zero-image training
for unseen categories, thus greatly alleviating the cold-start
problem faced by conventional ZSH models.

Taken together, these innovations form a comprehensive
and scalable solution to the problem of generalized Zero-
Shot hashing, combining generative modeling, contrastive
learning, and semantic synthesis in a unified framework. Our
main contributions can be summarized as follows
• We propose a novel Zero-Shot hashing framework with

strong multimodal fusion capability, which effectively
aligns semantic and visual representations under unseen-
category settings and significantly improves image re-
trieval performance.

• A generative augmentation strategy is introduced to en-
hance the model’s generalization ability in zero-image
scenarios. Furthermore, we present a novel proxy loss to
enforce discriminative binary codes.

• We conduct extensive experiments on two common zero-
shot retrieval benchmarks (AWA2 and CUB). The results
demonstrate that our method achieves superior perfor-
mance compared with state-of-the-art baselines.

Related Work
Hashing
Hashing is widely used for large-scale image retrieval due
to its ability to compress high-dimensional visual data into
compact binary codes while preserving semantic relation-
ships. Traditional methods such as Locality Sensitive Hash-
ing (LSH) (Gionis, Indyk, and Motwani 1999) and Itera-
tive Quantization (ITQ) (Gong et al. 2013) introduce data-
independent hash functions. However, their semantic mod-
eling capacity is limited. To address this issue, supervised
data-dependent hashing approaches emerge. Kernel-based
Supervised Hashing (KSH) (Liu et al. 2012) and Super-
vised Discrete Hashing (SDH) (Shen et al. 2015) incorpo-
rate label supervision into the learning process, enhancing
semantic consistency. The introduction of deep learning fur-
ther revolutionize this field. End-to-end deep hashing frame-
works such as DSH (Liu et al. 2016b), DPSH (Li, Wang,

and Kang 2016), and DSDH (Li et al. 2017) enable simul-
taneous learning of image representations and binary codes
in a unified network. Subsequent advances focus on tackling
the discrete optimization challenge and improving quanti-
zation quality. HashNet (Cao et al. 2017), DHN (Zhu et al.
2016), and BNNH (Zhang et al. 2021) apply continuation
methods and specialized quantization losses to reduce the
performance gap between continuous and binary representa-
tions. Other work lines explore semantic-aware hashing by
introducing class centers (CSQ) (Yuan et al. 2020a) or struc-
tural guidance through pairwise and graph-based constraints
(DAPH, DFH) (Shen et al. 2017; Li et al. 2019) to enhance
the discriminability of hash codes. However, these methods
show poor performance when dealing with unseen classes.

Zero-Shot Hashing

Zero-Shot hashing (ZSH) extends supervised hashing to set-
tings where test-time categories are unseen during training.
This is achieved by leveraging auxiliary semantic informa-
tion such as class attributes, word embeddings, or textual de-
scriptions to enable knowledge transfer from seen to unseen
classes. Early methods like TSK-ZSH (Yang et al. 2016)
and SitNet (Guo et al. 2017) construct similarity-preserving
frameworks that transfer supervision from seen to unseen
domains. To improve semantic alignment, structural regu-
larization strategies are proposed. ZSH-OP (Zhang, Long,
and Shao 2019) and CHOP (Yuan et al. 2021) introduce
orthogonal constraints to preserve inter-class relationships,
while transductive methods like VSB2-Net (Li et al. 2021)
and TZS-ML (Zou et al. 2022) utilize unlabeled test data
during training to better capture unseen-class structure.
More recently, generative approaches have gained traction
in ZSH. DSH-GAN (Qiu et al. 2017), COMAE (Li et al.
2025), and CRAR (Wang et al. 2024) synthesize representa-
tive visual features from semantic embeddings using gen-
erative adversarial networks (GANs), which mitigates the
zero-image challenge by enriching training data for unseen
classes. Meanwhile, prompt-based and part-aware frame-
works have emerged. AgNet (Ji et al. 2020) incorporates
attribute-guided embedding learning for cross-modal trans-
fer. PIXEL (Dong et al. 2024) introduces prompt-driven
alignment between vision and language using transformer
encoders. RAZH (Jiang et al. 2025) proposes part-aware re-
construction to enhance fine-grained alignment between tex-
tual semantics and visual regions.

Despite recent progress, existing ZSH methods still
exhibit key limitations. Many rely on shallow fusion
strategies—such as feature concatenation or auxiliary
losses—that fail to capture the complex interplay between
attributes, text, and visual content, thus limiting semantic
transfer in fine-grained scenarios. Generative methods using
GANs often produce low-fidelity features with limited diver-
sity, and rarely explore image-level synthesis for richer train-
ing signals. Moreover, fine-grained alignment across modal-
ities remains challenging, especially under subtle attribute
shifts. These issues highlight the need for a more expressive
framework capable of unified semantic-visual modeling and
robust zero-image generalization.
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Figure 1: An overview of the proposed PZSH framework. The system integrates semantic labels and class attributes to synthe-
size pseudo-images via Stable Diffusion. A dual-branch contrastive mechanism aligns visual and synthetic features. A hashing
network generates compact binary codes for retrieval.

Methodology
Framework Overview
As shown in Figure 1, our framework consists of a Multi-
modal Fusion Generator to fuse conditions of images, la-
bels, and attributes and a Feature Alignment Module to su-
pervise the encoding model aligning the fused conditional
information. Furthermore, a proxy hashing loss is used for
hash training.

Problem Definition
Zero-Shot hashing image retrieval (ZSHIR) aims to retrieve
instances from unseen categories without using their vi-
sual samples during training. Let the training set be Xs =
{xs

1, . . . , x
s
Ns

}, where each image xs
i belongs to a seen class

from the label space Cs = {cs1, . . . , csks
}. The training set is

annotated by a one-hot label matrix Ys ∈ {0, 1}Ns×ks .
At test time, retrieval is conducted over instances from an

unseen class set Cu = {cu1 , . . . , cuku
}, where Cs∩Cu = ∅. The

objective is to learn a hash function h : X → {−1,+1}K
such that semantically similar images—regardless of being
from seen or unseen categories—are mapped to nearby hash
codes in Hamming space. To facilitate semantic knowledge
transfer across disjoint categories, we leverage manually de-
fined attribute vectors as semantic embeddings for each class
c ∈ Cs ∪ Cu, which serve as auxiliary guidance for training
hash functions with generalization ability.

Multimodal Fusion Generator
In Zero-Shot hashing image retrieval, a key challenge
lies in effectively integrating visual features with seman-
tic information such as class attributes and labels. Most
prior methods perform this fusion via shallow strate-
gies—feature concatenation, auxiliary loss terms, or addi-
tive weighting—which fail to capture the nonlinear inter-
actions between visual structures, category semantics, and

fine-grained attributes. As a result, such methods suffer from
limited transferability to unseen classes.

To address this issue, we propose a Multimodal Fusion
Generator based on Stable Diffusion (SD), enabling deep-
level semantic-visual fusion at the image generation stage.
Each training sample is represented by

• A stylized image xstyle
i , obtained by transforming the

original image xi into a color-block representation that
preserves its layout and color distribution;

• A textual prompt Ti, which combines the class attribute
and label:

Ti = “A photo of a ⟨attributei⟩⟨labeli⟩”.

These two inputs are passed into the pre-trained SD model
via a T2I-Adapter (Mou et al. 2024) to generate a multi-
modal pseudo-image:

Gi = G(xstyle
i , Ti), (1)

where G(·) denotes the diffusion-based generation function,
and Gi is the resulting image that visually mimics xi while
semantically reflecting both attribute and label information.

This design enables deep cross-modal fusion at the data
level, effectively capturing category-level semantics through
the generation process. The resulting image Gi can be seen
as a semantically enriched extension of the original sample,
improving the model’s ability to generalize to unseen cate-
gories.

Feature Alignment Module
To enhance the model’s ability to capture fine-grained intra-
class variation and inter-class distinctions, we introduce a
feature alignment module based on a dual-branch BLIP en-
coder. For each sample, we extract semantic embeddings
from the original image xi and its synthesized multimodal
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counterpart Gi as fi = BLIP(xi) and f ′
i = BLIP(Gi), re-

spectively. These representations are aligned in the feature
space through a log-softmax contrastive objective.

We first normalize both fi and f ′
i , then compute the pair-

wise similarity matrix as

sim(fi, f
′
j) =

f⊤
i f ′

j

τ
, (2)

where τ is a temperature parameter controlling the sharp-
ness of similarity distributions. A row-wise log-softmax op-
eration is then applied

Llog-soft(i, j) = log
exp(sim(fi, f

′
j))∑N

k=1 exp(sim(fi, f ′
k))

. (3)

To identify positive pairs, we construct a binary mask
M ∈ {0, 1}N×N , where Mij = 1 if and only if xi and
Gj share the same class label:

Mij = I[yi = yj ]. (4)

To avoid trivial identity alignment, the diagonal is removed
Mii = 0. Then, we normalize each row to ensure equal
weight for each valid positive:

M̃ij =
Mij∑

j Mij + ϵ
. (5)

The final contrastive loss encourages alignment of all
same-class image pairs in the log-softmax space:

LCL = − 1

N

N∑
i=1

N∑
j=1

M̃ij · Llog-soft(i, j). (6)

This formulation enables the model to leverage all avail-
able positive samples for alignment while avoiding overfit-
ting to self-matching. By directly enforcing consistency be-
tween the original and generated image representations, the
module promotes robust and generalizable semantic embed-
dings, crucial for effective Zero-Shot retrieval.

Hashing Module
The final component of our framework is designed to
learn compact, discriminative, and generalizable binary hash
codes that preserve semantic similarities in Hamming space.
Given an input image xi, the BLIP-encoded feature fi ∈ RD

is projected by a lightweight hash head into a latent repre-
sentation ui ∈ RK , followed by a tanh activation to pro-
duce a continuous hash code bi ∈ (−1,+1)K , where K is
the hash length.

To explicitly enhance the class separability and intra-class
compactness of hash codes, we employ a center-based hash
supervision strategy. A set of semantic hash centers C =
{c1, . . . , ck} ⊂ {−1,+1}K is generated via a Bernoulli-
sampling strategy that ensures high inter-class dispersion in
Hamming space (Yuan et al. 2020b). Specifically, each cen-
ter cj is sampled from a balanced binary distribution and
selected from multiple trials to maximize average pairwise
Hamming distances:

cj ∼ Bernoulli(0.5) with E[Ham(cj , cl)] ≥
K

2
,

∀j ̸= l.
(7)

We define a cosine-softmax classification loss to match
each hash code with its corresponding center. Let C ∈
Rk×K be the matrix of class-wise centers, yi ∈ {0, 1}k be
the one-hot label vector of image i. The classification loss is
computed as

Lcos = − 1

N

N∑
i=1

k∑
j=1

yij log
exp (α · cos(bi, cj))∑k
l=1 exp (α · cos(bi, cl))

,

(8)
where cos(bi, cj) =

b⊤
i cj

∥bi∥∥cj∥ , and α =
√
K is a scaling

factor.
To encourage binarization, we introduce a quantization

loss:

Lquant =
1

N

N∑
i=1

∥|bi| − 1∥22 , (9)

which minimizes the deviation between the continuous code
bi and its binary target {−1,+1}K .

In addition, to further refine inter-sample discriminability,
we incorporate a proxy contrastive loss. With the historical
codes as tj , the proxy loss is defined as

Lproxy = E(i,j)∼P

[
log

(
1 + exp

(
1− cos(bi,bj)

2

))]
,

(10)
where P contains positive pairs (same class). The Proxy loss
quantifies semantic consistency between continuous hash
codes bi and bj via cosine similarity, enforcing intra-class
hash code compactness by minimizing loss for high similar-
ity and amplifying loss for deviations—ultimately enhanc-
ing the discriminative power of binary representations to ad-
vance zero-shot retrieval efficacy.

The final objective for the hashing module combines all
terms:

Lhash = Lcos + Lquant + βLproxy, (11)
where β is the balancing hyperparameter. This center-
supervised cosine-softmax formulation enables our hash
codes to align with well-separated semantic anchors, ef-
fectively improving the discriminability and generalization
ability of the learned binary representations, especially un-
der Zero-Shot settings.

Finally, we formulate the overall loss of PZSH as:
Ltotal = αLhash + LCL, (12)

where α is the balancing hyperparameter.

Model Optimization Strategy
For the purpose to further enhance support to unseen classes,
we propose a data-level optimization strategy that synthe-
sizes pseudo-images exclusively from the class names of un-
seen categories. Given a zero-shot setting where visual sam-
ples from unseen classes Cu are absent, we construct seman-
tic prompts for each class label using the following template:

Prompti = ”A photo of a ⟨label⟩”.
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Method AWA2 CUB
24 bits 48 bits 64 bits 128 bits 24 bits 48 bits 64 bits 128 bits

LSH (1998 STOC) 0.0106 0.0151 0.0204 0.0306 0.0055 0.0076 0.0095 0.0095
SH (2008 NeurIPS) 0.1833 0.2729 0.2955 0.3441 0.0568 0.0810 0.0886 0.1191
ITQ (2011 CVPR) 0.1999 0.2821 0.2964 0.3764 0.0533 0.0765 0.0892 0.1182
IMH (2011 CIKM) 0.1282 0.1536 0.1613 0.1681 0.0330 0.0361 0.0364 0.0386

PCA (2009 NeurIPS) 0.2165 0.2530 0.2701 0.2719 0.0547 0.0598 0.0632 0.0695

HashNet (2017 ICCV) 0.2086 0.2386 0.2516 0.2749 0.0528 0.0566 0.0595 0.0633
GreedyHash (2018 NeurIPS) 0.3420 0.4169 0.4240 0.4639 0.1132 0.1707 0.1841 0.2326

JMLH (2019 ICCV) 0.3607 0.4364 0.4408 0.4711 0.1078 0.1555 0.1987 0.2310
ADSH (2018 AAAI) 0.3360 0.4787 0.5105 0.5454 0.0858 0.1607 0.1827 0.2424
CSQ (2020 CVPR) 0.3194 0.3988 0.3773 0.4072 0.0996 0.1588 0.1712 0.2201
DPN (2020 IJCAI) 0.1783 0.2086 0.2378 0.2565 0.0445 0.0728 0.0772 0.1003

BiHalf (2021 AAAI) 0.3440 0.4036 0.4223 0.4577 0.0794 0.1280 0.1573 0.2142
OrthoCos (2021 NeurIPS) 0.1709 0.2302 0.2312 0.2566 0.0451 0.0660 0.0736 0.0984

CIBHash (2021 IJCAI) 0.2113 0.2304 0.2481 0.2618 0.0351 0.0404 0.0411 0.0453
TBH (2020 CVPR) 0.0941 0.1201 0.1073 0.1730 0.0157 0.0176 0.0226 0.0252

TSK (2016 MM) 0.2262 0.3109 0.3873 0.4151 0.0739 0.1200 0.1394 0.1112
SASH (2022 TIP) 0.2560 0.3421 0.3898 0.3947 0.0744 0.1278 0.1426 0.1535

ASZH (2023 TKDE) 0.2619 0.3787 0.4032 0.4158 0.0764 0.1192 0.1294 0.1727
SitNet (2017 IJCAI) 0.2344 0.2406 0.2549 0.2650 0.0880 0.1127 0.1141 0.1167

OPZSH (2023 ICASSP) 0.1056 0.1390 0.1618 0.1961 0.0632 0.0879 0.0962 0.1143
AH (2022 CVPR) 0.2275 0.1989 0.3154 0.3557 0.0480 0.0897 0.1089 0.1445

PIXEL (2024 CIKM) 0.3819 0.4792 0.5133 0.5465 0.1136 0.1777 0.1994 0.2519

PZSH(Ours) 0.5129 0.5921 0.6297 0.6477 0.1640 0.2284 0.2651 0.2775

Table 1: Comparison of mAP@all results for different methods on AWA2 and CUB with 24, 48, 64, and 128 bits. The best
results are highlighted in bold, the second-best results are underlined.

These prompts are then fed into the pre-trained SD model to
generate a set of auxiliary pseudo-images:

Gu = {SD(Prompti) | cui ∈ Cu} . (13)
This strategy effectively enriches the training distribution

with diverse and class-consistent pseudo-visual information
for unseen classes. Unlike prior methods that rely solely
on attributes or embeddings for semantic transfer, our ap-
proach injects visual context into the learning process, en-
abling the model to acquire transferable semantics in a data-
driven manner. Furthermore, this zero-image augmentation
mechanism significantly alleviates the cold-start challenge
in real-world retrieval systems where new categories may
appear dynamically without labeled data.

Why using BLIP rather than CLIP or ViT? We adopt
the BLIP encoder instead of CLIP (Radford et al. 2021) or
ViT (Dosovitskiy et al. 2021) due to its superior capability in
modeling fine-grained multimodal semantics. CLIP focuses
on global image-text alignment via coarse caption supervi-
sion, which often fails to capture subtle intra-class varia-
tions. ViT, while strong in visual representation, lacks ex-
plicit multimodal alignment. In contrast, BLIP is pretrained
on both generative and understanding tasks (e.g., VQA,
image-grounded dialogue), enabling it to encode object-
level attributes and contextual relationships more effectively.
This fine-grained semantic reasoning is essential for align-
ing real and synthetic images in Zero-Shot settings, where
robust cross-domain generalization is critical.

Experiments
We conducte extensive experiments on two widely used
benchmark datasets for zero-shot learning and retrieval
tasks, to evaluate our method in terms of both search accu-
racy and scalability. We also compare it with several state-
of-the-art hashing and Zero-Shot hashing methods.

Datasets

AWA2 (Animals with Attributes 2) (Xian et al. 2018)
includes 37,322 images of 50 animal species, each anno-
tated with an 85-dimensional attribute vector for visual traits
(color, shape, habitat). Using the standard Zero-Shot split
(40 seen, 10 unseen classes), we train on 100 real images per
seen class (4,000 total) and 40 Stable Diffusion-generated
pseudo-images per unseen class (400 total), yielding 4,400
training images. For evaluation, 1,000 queries (100 per un-
seen class) are retrieved from a database of remaining un-
seen and all seen images.

CUB (Caltech-UCSD Birds-200-2011) (Wah et al. 2011)
has 11,788 images of 200 bird species, each with a 312-
dimensional binary attribute vector for fine-grained proper-
ties (beak shape, feather color). With the standard Zero-Shot
split (150 seen, 50 unseen classes), we train on 30 real im-
ages per seen class (4,500 total) and 30 pseudo-images per
unseen class (1,500 total), totaling 6,000 training images.
The query set has 1,500 images (30 per unseen class), and
the database includes all remaining unseen and seen images.
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Variant AWA2 CUB
24 bits 48 bits 64 bits 128 bits 24 bits 48 bits 64 bits 128 bits

w/o USI 0.4913 0.5430 0.5804 0.6183 0.1158 0.1506 0.1915 0.2280
w/o FAM 0.4858 0.4992 0.5561 0.6135 0.1032 0.1370 0.1599 0.1938
w/o Lpair 0.4884 0.5321 0.5618 0.6220 0.1396 0.2002 0.2375 0.2551
w/o Lquant 0.5009 0.5858 0.6206 0.6291 0.1545 0.2123 0.2502 0.2613
BLIP → CLIP 0.5044 0.5789 0.5942 0.6233 0.1290 0.1861 0.2085 0.2626
PZSH 0.5129 0.5921 0.6297 0.6477 0.1640 0.2284 0.2651 0.2775

Table 2: Ablation study of individual components in our framework on AWA2 and CUB. The full model PZSH includes BLIP
encoder, Unseen Synthetic Images (USI) and Feature Alignment Module (FAM).

Evaluation Metrics
Following conventional ZSH evaluation, we report mean
Average Precision (mAP) retrieved results to assess seman-
tic consistency of retrieved instances. All methods are evalu-
ated under identical training/test splits and hash lengths (24,
48, 64, 128 bits).

Implementation Details
Our model is optimized using RMSProp with a learning rate
of 1 × 10−5 and weight decay of 1 × 10−5. The batch size
is set to 32. The hyperparameters in the loss functions α
and β are set as (0.1,0.7) on CUB and (0.5,1.0) on AWA2,
respectively. The temperature parameter τ is fixed at 0.07
throughout. We train the network for 50 epochs and reduce
the learning rate by a factor of 0.5 every 15 epochs.

Results and Analyses
Due to the unavailability of official code for several base-
line models, we directly adopt the mAP results reported in
the PIXEL paper (Dong et al. 2024). This ensures consistent
and fair comparison across all methods under the same eval-
uation settings. Compared to conventional and deep super-
vised hashing methods, Zero-Shot hashing (ZSH) methods
demonstrate a clear advantage in handling unseen categories
by leveraging semantic side information. As shown in Ta-
ble 1, traditional unsupervised methods yield very limited
performance due to their inability to incorporate semantic
signals. Deep supervised hashing methods like JMLH and
ADSH perform notably better on datasets like AWA2, which
is a coarse-grained dataset where semantic differences be-
tween categories are large and easier to distinguish. This
allows supervised models to perform relatively well given
sufficient label supervision. However, their performance de-
grades on the fine-grained CUB dataset, where semantic dis-
tinctions between classes are much more subtle and demand
stronger transfer learning capabilities. Since deep super-
vised hashing models typically lack mechanisms for cross-
class generalization, they struggle to effectively retrieve in-
stances from unseen fine-grained categories. In contrast,
Zero-Shot hashing approaches like TSK, SASH, ASZH, and
PIXEL offer improved retrieval accuracy on both AWA2 and
CUB, with our proposed method PZSH achieving the high-
est mAP scores across all bit lengths. This is attributed to
its generative semantic augmentation and fine-grained con-
trastive alignment, which better capture transferable visual

semantics. Notably, even compared to strong ZSH baselines
such as PIXEL and ASZH, PZSH shows a significant mar-
gin, especially at higher bit lengths, validating the effec-
tiveness of our SD-based multimodal synthesis and BLIP-
guided feature alignment in zero-image scenarios.

Ablation Study

To evaluate the contribution of each component in our
framework, we perform ablation experiments on AWA2 and
CUB across different code lengths, as shown in Table 2. Re-
moving the unseen-class pseudo-image generation leads to
consistent performance drops (from 0.6477 to 0.6183 on
AWA2-128 bits), confirming its effectiveness in reducing
the semantic gap. Further discarding the Multimodal Fu-
sion Generator and Feature Alignment Module results in
even lower performance (0.5561 on AWA2-64 bits), show-
ing that modality-level integration and contrastive alignment
are crucial for learning discriminative codes. Lastly, replac-
ing BLIP with CLIP yields slight degradations (from 0.6297
to 0.5942 on AWA2-64 bits), highlighting the benefit of
BLIP’s fine-grained multimodal pretraining. These results
jointly demonstrate the necessity of each proposed design
choice in our framework.

Hyperparameter Sensitivity Analyses

We perform a grid-based sensitivity analysis to examine how
the weights of contrastive loss (α) and proxy loss (β) af-
fect the retrieval performance. Figure 3 displays the 3D sur-
face plots of mAP@all across varying (α, β) pairs with 64
hash bits on the CUB and AWA2 datasets. On CUB, the per-
formance surface reveals clear peaks around (0.1, 0.7) and
(0.3, 1.0), reaching mAP values of 0.2651 and 0.2595, re-
spectively. This indicates that relatively low contrastive loss
combined with stronger center regularization yields more
discriminative hash codes, especially in fine-grained sce-
narios. In contrast, AWA2 exhibits a flatter response sur-
face with its highest mAP of 0.6297 appearing at (0.5, 1.0).
The wider plateau of strong results suggests that AWA2
is less sensitive to hyperparameter variation and benefits
from moderate to strong regularization on both terms. All
in all, the results demonstrate that our method remains ro-
bust across a broad range of hyperparameter choices, with
optimal regions differing slightly between fine-grained and
coarse-grained datasets.
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Figure 2: t-SNE visualizations of hash codes based on PIXEL and PZSH on AWA2 and CUB under 64-bit and 128-bit hash
lengths. For AWA2, all 10 unseen classes are included. For CUB, 10 unseen classes are randomly selected for clarity. Circles
represent query codes and crosses denote database codes.

Figure 3: Hyperparameter sensitivity curves on AWA (left)
and CUB (right) with shared triplets under 64-bit hash
length.

T-SNE Visualizations

To qualitatively assess the semantic alignment and gener-
alization ability of learned hash codes, we visualize the t-
SNE projections of query and database embeddings from
10 unseen classes on both the AWA2 and CUB datasets un-
der 64-bit and 128-bit settings (as shown in Figure 2). The
circles denote queries and crosses represent corresponding
database samples. Compared to PIXEL, PZSH exhibits no-
ticeably more compact and semantically consistent clusters,
where query points are tightly aligned with database coun-
terparts. On the coarse-grained AWA2 dataset, semantic dis-
tinctions are preserved more effectively, while on the fine-
grained CUB dataset, our method demonstrates stronger
intra-class cohesion and inter-class separability. These re-

sults confirm that the proposed generative-contrastive design
enables more robust Zero-Shot generalization in both coarse
and fine-grained settings.

Conclusion

In this paper, we propose PZSH, a novel zero-shot im-
age retrieval framework that integrates multimodal image
synthesis via Stable Diffusion with dual-branch contrastive
learning based on BLIP encoders. PZSH generates syn-
thetic images conditioned on class-level semantic prompts
and leverages BLIP-based contrastive alignment to enforce
fine-grained semantic consistency between real and gener-
ated modalities. This synergy enables PZSH to construct
a unified embedding space capturing both global category-
level semantics and subtle attribute variations. By aligning
heterogeneous modalities in a discriminative representation
space, our method effectively bridges the domain gap be-
tween seen and unseen categories. Extensive experiments on
AWA2 and CUB demonstrate consistent improvements over
state-of-the-art methods across multiple hash lengths, espe-
cially in challenging fine-grained settings.
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