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Abstract
This paper investigates the potential of vision-language models
(VLMs) in addressing the challenges of universal cross-domain
retrieval (UCDR), where queries originate from unseen domains or
classes. For adapting VLMs like CLIP to downstream tasks prompt
tuning is frequently adopted as a lightweight alternative to full fine-
tuning. However, this approach often struggles with the domain and
semantic shifts inherent in UCDR. To overcome these limitations,
we propose a novel prompt decoupling strategy that separates
prompts into universal domain prompts (UDPs) and class prompts
(CPs). Specifically, UDPs are designed to unify features from both
seen and unseen domains, while CPs are tailored to capture class-
specific visual characteristics, enabling robust retrieval across both
known and unknown classes. To ensure effective decoupling, we
introduce a dedicated decoupling loss that enforces the domain-
agnostic nature of CPs. Additionally, we employ a regulation loss
to align features from the frozen CLIP domain with those of the
universal domain by selectively integrating or excluding UDPs. This
mechanism fosters a synergistic domain ensemble effect, enhancing
retrieval generalization across diverse domains. Finally, we propose
the domain-aware triplet-hard (DaTri) loss to mitigate overfitting
by reducing the risk of class collapse. The proposed framework,
referred to asDomain Ensemble using Decoupled Prompts (DePro),
demonstrates state-of-the-art performance and effectively enhances
the model’s generalization capacity across unseen domains and
classes, as validated through extensive experiments. Code is here.

CCS Concepts
• Information systems → Multimedia and multimodal re-
trieval.
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1 Introduction
Cross-domain retrieval (CDR) [12, 21] is crucial for the advance-
ment of information retrieval (IR) systems [3, 13, 35], which aims to
retrieve relevant instances from one domain in response to queries
originating from another domain. While CDR has demonstrated
promising results, it typically operates under the assumption that
the testing phase involves known domains and classes. This as-
sumption significantly restricts the applicability of CDR methods
in real-world scenarios, where it is natural to encounter unseen
domains and classes. To address this limitation, we shift our fo-
cus to more practical yet challenging CDR scenarios that utilize
data from unseen domains, unseen classes, or a combination of
both, as queries to retrieve semantically similar examples from the
Real domain. These scenarios are termed as universal cross-domain
retrieval (UCDR) [8, 26, 32], U𝐶CDR and U𝐷CDR (see Fig.1).

Recently, pretrained vision-language models (VLMs), such as
CLIP [28], have exhibited exceptional performance across a diverse
range of downstream tasks [22, 36, 41]. Their remarkable “zero-
shot” generalization capabilities position them as promising tools
to address the UCDR problem. However, pretrained VLMs, even
when enhanced with prompt tuning [18, 20, 37, 41], may struggle to
effectively tackle the challenges of domain shift and semantic shift
in UCDR. Currently, there are few prompt tuning-based studies fo-
cused on the UCDR problem [8], highlighting a significant demand
and challenge in developing effective prompt tuning methods to
overcome these shifts. To address this, we introduce a novel prompt
decoupling strategy that divides prompts into two types: univer-
sal domain prompts (UDPs) and class prompts (CPs), designed to
separately address domain-specific and class-specific challenges.

In general prompt tuning methods such as CoOp [41] and VPT
[18], prompts play a crucial role in tailoring model outputs toward
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Figure 1: Illustration of three practical CDR scenarios. After
training, retrievals are performed using data from unseen
classes (U𝐶CDR), unseen domains (U𝐷CDR), or both (UCDR),
targeting data of the same class within the Real domain.

target domains. When applied to UCDR, which involves multiple
training domains, an intuitive approach is to utilize domain-specific
prompts (see Fig. 2-a) for training and utilize all these prompts
collectively for handling unseen domains at inference. This strat-
egy has been also adopted in ProS [8], the only UCDR method
based on VLMs with prompt tuning. Given the inherent focus on
cross-domain retrieval, the primary objective of UCDR is to syn-
thesize domain-invariant features. We argue that domain-specific
prompts, while tailored to their respective domains, may fall short
in promoting the synthesis of domain-invariant features during
inference, as they risk overfitting to the source domains and thus
limit generalization to unseen domains. Therefore, we introduce
universal domain prompts (UDPs, see Fig. 2-b), which provide a
consistent representation across diverse domains, ensuring a uni-
fied embedding space capable of accommodating unseen domains
during inference. Unlike domain-specific prompts, UDPs are jointly
optimized across all source domains, enabling them to capture the
shared characteristics of the source domains and effectively map
instances into a more robust, universal domain. This is supported
by the empirical study shown in Fig. 5.

While UDPs effectively address the domain shift, tackling unseen
classes requires a complementary approach. To this end, we intro-
duce class prompts (CPs), designed to extract class-specific insights
based on individual images. Specifically, we input each image into
a trainable adaptive semantic-prompter (ASP) to generate adaptive
CPs, which enables the generation of CPs for previously unseen
classes. It’s worth noting that the generated CPs may inevitably
incorporate domain-specific information, leading to overlapping
roles or even conflicts with the UDPs. To facilitate prompt decou-
pling, we introduce a decoupling loss defined as a cross-entropy
loss applied to the outputs of the text and image encoders after
removing UDPs. This loss ensures that the visual outputs, derived
from prompts containing only CPs, are aligned with the frozen CLIP
visual outputs, thereby maintaining the domain-agnostic nature of

the learned CPs. Note that visual outputs with UDPs represent the
learned universal domain, while outputs without UDPs correspond
to the frozen CLIP domain. During training, we introduce a regu-
lation loss between these outputs, facilitating a domain ensemble
effect, improving the model’s generalization ability.

This paper also systematically investigates the triplet-hard loss
[16], a loss function widely used in metric learning tasks [5, 23,
24, 30]. Typically, it employs a 𝑃𝐾 sampler, selecting 𝑃 classes and
𝐾 images per class, forming a mini-batch of size 𝐵 = 𝑃 × 𝐾 . In
the context of UCDR, we consider two variants: the 𝑃𝐾 domain
sampler and the 𝐷𝑃𝐾 domain sampler (Fig. 2-c). The 𝑃𝐾 domain
sampler generates PK samples independently for each domain,
while the 𝐷𝑃𝐾 domain sampler ensures that each domain includes
the same classes. Our results indicate that the triplet-hard loss
based on the 𝐷𝑃𝐾 domain sampler performs significantly better.
This improvement likely arises because when the 𝐷𝑃𝐾 domain
sampler is adopted, the least similar positive samples to the anchor
always come from other domains (89.88% in our experiments),
which reduces the distance between domains during optimization
and mitigates overfitting by preventing class collapse [4] when
positive samples are from the same domain. Building on this, we
introduce the domain-aware triplet-hard (DaTri) loss. In DaTri, the
proportion of least similar positive samples from other domains is
maintained at 100% using an in-domain mask, further enhancing
the benefits of the 𝐷𝑃𝐾 domain sampler.

Thewhole presented framework, referred to asDomainEnsemble
using Decoupled Prompts (DePro). Experiments on three large-
scale multi-domain datasets demonstrate the effectiveness of our
DePro. In summary, our contributions are featured as follows: ❶

We introduce the DePro framework, which utilizes two types of
prompts: UDPs for unifying image features across domains, en-
suring consistent representation, and CPs for maintaining class-
specific discrimination within the universal domain. ❷ We intro-
duce a decoupling loss that ensures the generated CPs remain
domain-agnostic. ❸ We propose a regulation loss to to play a do-
main ensemble effect, thereby enabling more generalizable retrieval.
❹ We systematically investigate the use of triplet-hard loss and pro-
pose a DaTri loss to amplify the benefits brought by the cooperation
of triplet-hard loss and 𝐷𝑃𝐾 domain sampler.

2 Related Work
Universal Cross-Domain Retrieval. While Cross-Domain Re-
trieval (CDR) [10, 17] has achieved promising progress, it typically
assumes that the domains and classes involved in both the training
and testing phases are known and have labeled data available. This
assumption limits the generalizability of CDRmethods to real-world
scenarios, where new, unseen domains and classes are often en-
countered. To address this limitation, researchers have turned their
attention to Universal Cross-Domain Retrieval (UCDR), which aims
to facilitate retrieval across various unseen domains and unseen
classes. SnMpNet [26] represents a pioneering effort in tackling
UCDR by advocating for the representation of unseen classes based
on their relational positions with seen classes, leveraging the mix-
up technique to acquire a domain-invariant embedding. SASA [32]
introduces a novel approach utilizing ViT [6] to preserve the global
structural information of images. Moreover, ProS [8] marks the
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Figure 2: (a) During training, only the domain-related prompts are passed to the network, while during testing, all visual
prompts are utilized. (b) Universal domain prompts are shared across all training domains and are also employed during testing.
(c) Different samplers, from top to bottom: the simple domain sampler is used in ProS [8]; the PK domain sampler generates
PK samples for each domain; the DPK sampler ensures that each domain contains the same classes.

initial exploration into fine-tuning VLMs by employing adaptive
domain-specific prompts and tailored semantic prompts.
Downstream Adaptation of CLIP. As a milestone in vision-
language learning, CLIP [28] has significantly enhanced various
downstream tasks through prompt tuning techniques. Notable ex-
amples include CoOp [41], which adds prompts to the text encoder,
and VPT [18], which appends prompts to the vision encoder. Ad-
ditionally, MaPLe [19] builds upon CoOp and VPT by introducing
multi-modal prompting to better align vision and language rep-
resentations, achieving great success. Regarding adapters, CLIP-
Adapter [11] pioneers a lightweight adapter module for generating
adapted multi-modal features. Tip-Adapter [40] and CaFo [39] sig-
nificantly reduce training costs by employing adapters via a key-
value cache mechanism. CALIP [14] innovates with a parameter-
free attention mechanism for cross-modal interactions. While these
approaches have demonstrated impressive performance, directly ap-
plying them to the UCDR problem may not be sufficient to address
the inherent domain and semantic shifts. To fill this gap, we intro-
duce the DePro framework, which leverages decoupled prompts to
effectively tackle these challenges, significantly enhancing CLIP’s
generalizable retrieval capability.

3 Method
In this section, we first introduce the concept of Universal Cross-
Domain Retrieval (UCDR) and revisit CLIP as the preliminary. Then
we present the details of our DePro framework.

3.1 Problem Definition
UCDR. In UCDR, the training setup includes at least two source
domains (𝑁𝑆 ≥ 2), collectively represented as D𝑆={D 𝑗

𝑆
}𝑁𝑆

𝑗=1. Each

source domain is defined as D 𝑗

𝑆
= {(𝑥 𝑗

𝑖
, 𝑦
𝑗
𝑖
)}𝑃 𝑗
𝑖=1, where 𝑥

𝑗
𝑖
denotes

the 𝑖-th image out of a total of 𝑃 𝑗 images in the 𝑗-th source domain,
and𝑦 𝑗

𝑖
represents its class label. All source domains share a common

label space Y𝑆 . The Real domain D𝑅 , consisting of natural images,
plays a dual role. It is partitioned into two subsets based on classes:

D+
𝑅
, which contributes to training as part of D𝑆 (i.e., D+

𝑅
∈ D𝑆 ),

and D−
𝑅
, which serves as the gallery set during testing. For evalu-

ation, a query set D𝑄 = {(𝑥𝑞
𝑖
, 𝑦
𝑞

𝑖
)}𝑃𝑞
𝑖=1 is provided to enable image

retrieval from D−
𝑅
, where 𝑃𝑞 samples are drawn from an unseen

domain and correspond to unseen classes. By default, the classes in
D−
𝑅
are identical to those in D𝑄 , and we denote this scenario as

UnseenGallery. However, in a realistic scenario, D−
𝑅
may include

additional classes, such as those from the training phase, which is
refereed to as MixedGallery.
U𝐷CDR and U𝐶CDR are two degraded variations of UCDR. In
U𝐷CDR, the query class is known from the training phase, but the
domain of the query is unseen. Conversely, in U𝐶CDR, the query
domain is known from the training phase, while the class of the
query is unseen.

3.2 CLIP Preliminary
CLIP.Our approach is built uponCLIP, a pre-trained vision-language
model (VLM) that leverages 400 million image-text pairs for con-
trastive pre-training. CLIP aligns texts and images using a image
encoder V(·) (ViT [6] by default) and a text encoder T (·). For
zero-shot inference with𝐶 classes, CLIP inserts all class names into
a pre-defined textual template, e.g., ‘a photo of a <category>’,
generating 𝐶 inputs {𝑡𝑖 }𝐶𝑖=1 for the text encoder T (·). WithV(𝐼 )
denotes the visual representation for the image 𝐼 , the text features of
the text templateswith class labels {1, 2, ...,𝐶} arematched using the
formula 𝑝 (𝑦 |𝐼 ) = exp(𝑠𝑖𝑚 (T (𝑡𝑦 ),V(𝐼 ) ) )∑𝐶

𝑖=1 exp(𝑠𝑖𝑚 (T (𝑡𝑖 ),V(𝐼 ) ) ) , where 𝑦 ∈ {1, 2, ...,𝐶},

T (𝑡𝑦) ∈ R𝑑 , V(𝐼 ) ∈ R𝑑 , 𝑑 is the output dimension shared by both
encoders, and 𝑠𝑖𝑚(·, ·) refers to cosine similarity. For simplicity, we
will use T (𝑦) in place of T (𝑡𝑦) in the following content.
Textual Prompt Tuning. To efficiently adapt the pre-trained VLM
for downstream tasks, CoOp [41] avoids fine-tuning the entire net-
work by only fine-tuning the textual template. Specifically, CoOp
replaces the phrase ‘a photo of a’ with𝑀𝑡 trainable vectors, i.e.,
‘[𝑉 ]1 [𝑉 ]2 ...[𝑉 ]𝑀𝑡

<category>’. Each [𝑉 ]𝑖∈{1,2,...,𝑀𝑡 } ∈ R𝑑𝑡 is a
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Figure 3: Overview of DePro: DePro decouples prompts into universal domain prompts and class prompts to address the
domain and semantic shifts inherent in UCDR. To facilitate this decoupling, a decoupling loss, L𝑑𝑒𝑐

𝑖𝑡𝑚
, is introduced, along with

a regulation loss, L𝑟𝑒𝑔, to enable a domain ensemble effect. Additionally, based on the DPK domain sampler, the DaTri losses,
L𝑑𝑡𝑟 and L𝑑𝑒𝑐

𝑑𝑡𝑟
, are introduced to mitigate the risk of class collapse.

learnable vector with the same dimension 𝑑𝑡 as the word embed-
dings. The text encoder T (·), consisting of 𝐿 Transformer layers
[34] {T𝑖 }𝐿𝑖=1, performs a fine-tuning forward as:

(𝑃 𝑗 ,𝑊𝑗 |𝑦) = T𝑗 (𝑃 𝑗−1,𝑊𝑗−1 |𝑦), 𝑗 = 1, ..., 𝐿, (1)

where𝑊0 |𝑦=[𝑤1
0 |𝑦,𝑤

2
0 |𝑦, ...,𝑤

𝑁𝑡

0 |𝑦]𝑇 ∈ R𝑁𝑡×𝑑𝑡 represents the text
embeddings conditioned on class 𝑦, with 𝑁𝑡 indicates embedding
length, and 𝑃0 = [𝑉 ]1 [𝑉 ]2 ...[𝑉 ]𝑀𝑡

. The output of the text encoder
is then calculated as:

T (𝑦, 𝑃0) = TextProj(𝑤𝑁𝑡

𝐿
|𝑦), (2)

where TextProj is a fully-connected layer (𝑑𝑡 → 𝑑).
Visual Prompt Tuning. Given that the image encoderV(·) also
consists of 𝐿 Transformer layers {V𝑖 }𝐿𝑖=1, VPT [18] introduces the
application of prompt tuning to the visual backbone. Specifically,
VPT introduces𝑀𝑣 learnable vectors 𝑃0 = {𝑃𝑖0 ∈ R𝑑𝑣 }𝑀𝑣

𝑖=1, with 𝑑𝑣
denotes the visual embedding dimension. Similarly, the fine-tuning
forward is formulated as:

[𝑥 𝑗 , 𝑃 𝑗 , 𝐸 𝑗 |𝐼 ] = V𝑗 (𝑥 𝑗−1, 𝑃 𝑗−1, 𝐸 𝑗−1 |𝐼 ), 𝑗 = 1, ..., 𝐿, (3)

where 𝐸0 |𝐼 ∈ R𝑁𝑣×𝑑𝑣 is the patch embeddings of image 𝐼 , and
𝑥0 ∈ R𝑑𝑣 is the initial CLS Token. The CLS Token 𝑥𝐿 from the last
Transformer layer is utilized to compute visual representation:

V(𝐼 , 𝑃0) = ImageProj(𝑥𝐿), (4)

where ImageProj is also a fully-connected layer (𝑑𝑣 → 𝑑).

3.3 Prompts Decoupling
Motivation. UCDR requires distinguishing images when classes or
domains are unseen. This objective can be broken down into two
key sub-goals: first, mapping image features from different domains,

including unseen ones, into an optimal universal domain; mean-
while, discriminating image features within this domain. Accord-
ingly, we propose the Domain Ensemble using Decoupled Prompts
(DePro) framework (Fig. 3), which utilizes two types of prompts to
achieve these goals: universal domain prompts and class prompts.
Universal Domain Prompts. In UCDR, domain-specific prompts,
tailored to their respective domains, risk overfitting to the source
domains, limiting their ability to generalize to unseen domains,
even when jointly used during inference. To overcome this, we
propose universal domain prompts (UDPs), learned from multiple
source domains to capture shared characteristics and map instances
into a more robust, universal space. We reuse 𝑃0 ∈ R𝑀𝑣×𝑑𝑣 and
𝑃0 ∈ R𝑀𝑡×𝑑𝑡 as the UDPs for both encoders. Following ProS [8], the
textual template is defined as “a photo of [CLASS] from 𝑃0 domain.”
Class Prompts. Class prompts (CPs) play the role in guiding the
extraction of class information. To handle unseen classes, we in-
troduce an adaptive semantic-prompter (ASP), F = {F𝑗 }ℓ𝑗=1 , com-
posed of ℓ Transformer layers, to dynamically generate adaptive
CPs that are tailored to the unique characteristics of each input,
thereby enhancing the model’s ability to capture fine-grained class-
specific details. Specifically, we define 𝑀𝑐 meta class prompts 𝑃0 =
{𝑃𝑖0 ∈ R𝑑𝑣 }𝑀𝑐

𝑖=1 as the input for the ASP:

[𝑃 𝑗 , 𝐸 𝑗 |𝐼 ] = F𝑗 (𝑃 𝑗−1, 𝐸 𝑗−1 |𝐼 ), 𝑗 = 1, ..., ℓ, (5)

where 𝑃ℓ denotes the adaptive CPs. The image-text matching loss
L𝑖𝑡𝑚 is then introduced to optimize both the UDPs and CPs:

𝑔𝑃0 (𝑦) = T (𝑦, 𝑃0), 𝑓
𝑃0
(𝐼 ) = V(𝐼 , 𝑃0, 𝑃ℓ ),

L𝑖𝑡𝑚 (𝐼 ) = −
𝐶∑︁
𝑦=1

𝑝𝑦 log(
exp(𝑠𝑖𝑚(𝑔𝑃0 (𝑦), 𝑓𝑃0

(𝐼 )))∑𝐶
𝑦̂=1 exp(𝑠𝑖𝑚(𝑔𝑃0 (𝑦), 𝑓𝑃0

(𝐼 )))
),

(6)

where 𝑝𝑦 denotes the ground truth for the image 𝐼 .
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domain sampler, this probability increases to 88.98%. (c) For
our proposed DaTri loss, leveraging theDPK sampler with an
in-domain (ID) mask, this probability is maximized to 100%.

Decoupling Loss. While we can simply adopt L𝑖𝑡𝑚 for optimiza-
tion, our ablation experiments reveal that retrieval results with
CPs are nearly identical to those without them. This is because
the generated CPs inevitably incorporate domain-specific informa-
tion, leading to overlapping roles or even conflicts with the UDPs.
Therefore, we propose the decoupling loss, to ensure that CPs re-
main domain-agnostic. Specifically, we unplug the UDPs for both
encoders and compute the decoupling loss L𝑑𝑒𝑐

𝑖𝑡𝑚
as follows:

𝑔(𝑦) = T (𝑦), 𝑓 (𝐼 ) = V(𝐼 , 𝑃ℓ ),

L𝑑𝑒𝑐𝑖𝑡𝑚 (𝐼 ) = −
𝐶∑︁
𝑦=1

𝑝𝑦 log( exp(𝑠𝑖𝑚(𝑔(𝑦), 𝑓 (𝐼 )))∑𝐶
𝑦̂=1 exp(𝑠𝑖𝑚(𝑔(𝑦), 𝑓 (𝐼 )))

).
(7)

Intuitively, L𝑑𝑒𝑐
𝑖𝑡𝑚

serves to align the inter-class distribution of CPs-
guided visual outputs with that of the frozen CLIP textual outputs.
Given that the inter-class distributions of the frozen CLIP visual and
textual components are well-aligned during CLIP’s pre-training,
L𝑑𝑒𝑐
𝑖𝑡𝑚

not only ensures consistency in the inter-class distribution
between the CPs-guided visual outputs and the frozen CLIP vi-
sual outputs—thereby upholding the domain-agnostic property of
CPs—but also facilitates a reduction in intra-class distances.
Domain Ensemble. For the image 𝐼 , 𝑓

𝑃0
(𝐼 ) represents the features

mapped to the learned universal domain, while 𝑓 (𝐼 ) corresponds
to the frozen CLIP domain. In practical test scenarios, it is challeng-
ing to assert that the query domain closely aligns with either the
universal domain or the frozen CLIP domain. A simple solution
would be to conduct the concatenation between 𝑓

𝑃0
(𝐼 ) and 𝑓 (𝐼 ),

however, this operation requires to perform two forward passes
during testing, which doubles the computational load. Therefore,
we propose a surrogate loss named regulation loss L𝑟𝑒𝑔 to play a
similar domain ensemble effect by regulating 𝑓

𝑃0
(𝐼 ) toward 𝑓 (𝐼 ):

L𝑟𝑒𝑔 (𝐼 ) = ∥ 𝑓
𝑃0
(𝐼 ) − 𝑓 (𝐼 )∥2 . (8)

Note that L𝑟𝑒𝑔 specifically targets 𝑓
𝑃0
(𝐼 ), while no gradients are

propagated through the 𝑓 (𝐼 ) branch. This design prevents any
interference with the domain-agnostic properties of the CPs.

3.4 Domain-Aware Triplet-Hard Loss
In this section, we systematically examine the application of triplet-
hard loss [16] within the context of UCDR, a loss function widely
used in metric learning tasks [5, 23, 24, 30] to effectively minimize
intra-class distances while maximizing inter-class distances. The
standard approach involves employing a 𝑃𝐾 sampler to select 𝑃
classes and sample 𝐾 images per class, forming a mini-batch of size
𝐵 = 𝑃 × 𝐾 . The triplet-hard loss is then defined as follows:

L𝑡𝑟𝑖_ℎ𝑎𝑟𝑑 =
1
𝐵

𝑃∑︁
𝑖=1

𝐾∑︁
𝑎=1

[𝜌− min
𝑝=1...𝐾

𝑠𝑖𝑚(𝐼𝑎𝑖 , 𝐼
𝑝

𝑖
)+ max

𝑗=1...𝑃
𝑗≠𝑖

𝑛=1...𝐾

𝑠𝑖𝑚(𝐼𝑎𝑖 , 𝐼
𝑛
𝑗 )]+,

(9)
where 𝜌 is the margin hyper-parameter, [·]+ denotes the𝑚𝑎𝑥 (0, ·)
function, 𝑠𝑖𝑚(·, ·) represents cosine similarity, and 𝐼𝑎

𝑖
identifies the

anchor image, specifically the 𝑎-th image from the 𝑖-th class within
the batch. Additionally, 𝐼𝑝

𝑖
refers to the positive sample, while 𝐼𝑛

𝑗

corresponds to the negative sample.
In UCDR, which involves multiple source domains, we explore

two sampling variants: the 𝑃𝐾 domain sampler and the 𝐷𝑃𝐾 do-
main sampler (Fig. 2-c). The 𝑃𝐾 domain sampler independently
selects PK samples from each domain and computes the triplet-hard
loss separately. In comparison, the 𝐷𝑃𝐾 domain sampler ensures
that all domains share the same set of classes, effectively function-
ing as a single 𝑃𝐾̂ sampler, where 𝐾̂ = 𝐷 ×𝐾 , with 𝐷 = 𝑁𝑆 denotes
the number of source domains within the batch. Our results indicate
that the triplet-hard loss based on the 𝐷𝑃𝐾 domain sampler performs
significantly better. This improvement can likely be attributed to
the fact that when the 𝐷𝑃𝐾 domain sampler is employed, the least
similar positive samples to the anchor predominantly come from
other domains (89.88% in our experiments). This provides two sig-
nificant benefits: ❶ it reduces inter-domain discrepancies during
optimization, promoting better generalization across domains; and
❷ it mitigates overfitting by preventing class collapse (i.e., samples
from the same class are compressed into a single point in the em-
bedding space, losing their internal similarity structure [4]), a risk
particularly heightened when the least similar positive samples are
confined to the same domain.

Building on this insight, we further introduce the domain-aware
triplet-hard (DaTri) loss L𝑑𝑡𝑟 (Fig. 4) as follows:

L𝑑𝑡𝑟 =
1
𝐵

𝐷∑︁
𝑑=1

𝑃∑︁
𝑖=1

𝐾∑︁
𝑎=1

[𝜌− min
𝑏=1...𝐷
𝑏≠𝑑

𝑝=1...𝐾

𝑠𝑖𝑚(𝐼𝑎
𝑑,𝑖
, 𝐼
𝑝

𝑏,𝑖
)+ max
𝑏=1...𝐷
𝑗=1...𝑃
𝑗≠𝑖

𝑛=1...𝐾

𝑠𝑖𝑚(𝐼𝑎
𝑑,𝑖
, 𝐼𝑛
𝑏,𝑗

)]+,

(10)
where 𝐼𝑎

𝑑,𝑖
identifies the anchor image, specifically the 𝑎-th image

from the 𝑖-th class and 𝑑-th domain within the batch. In DaTri, the
proportion of least similar positive samples from other domains is
maintained at 100% using an in-domain mask (𝑏 ≠ 𝑑 in Eq. (10)),
further enhancing the benefits of the 𝐷𝑃𝐾 domain sampler.

3.5 Loss Function
Based on the𝐷𝑃𝐾 domain sampler, given a mini-batch of size [𝐵,𝑑]
as the outputs from the image encoder, where 𝐵 = 𝐷 × 𝑃 × 𝐾 , the
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overall loss function for our framework is formulated as follows:

L = L𝑖𝑡𝑚 + L𝑑𝑒𝑐𝑖𝑡𝑚 + L𝑑𝑡𝑟 + L𝑑𝑒𝑐
𝑑𝑡𝑟

+ L𝑟𝑒𝑔, (11)

where we also apply DaTri loss to the branch without UDPs ( L𝑑𝑒𝑐
𝑑𝑡𝑟

).

4 Experiments
4.1 Datasets, Baselines, and Evaluation Metrics
Datasets. To fully evaluate the effectiveness of proposed DePro,
we experiment on three benchmarks, including DomainNet [27],
Sketchy [31], and TU-Berlin [7].

DomainNet dataset is utilized for UCDR and U𝐷CDR evalua-
tions. It comprises 596,006 images across six domains: Real, Sketch,
Quickdraw, Infograph, Clipart, and Painting, covering a total of 345
categories. The dataset is divided into three subsets: 245 categories
for training, 55 categories for validation, and 45 categories for test-
ing. In line with the leave-one-out setting employed in ProS [8],
five domains are treated as source domains, while the remaining do-
main serves as the unseen query domain. For the UCDR evaluation,
the UnseenGallery consists of images from the Real domain with
unseen classes, and the MixedGallery is created by combining
the UnseenGallery with 8% of samples from each seen class in
the Real domain. For the U𝐷CDR evaluation, we select 45 training
classes and utilize 25% of samples from each class for both the query
domain (10% for Quickdraw) and the Real domain.

Sketchy and TU-Berlin datasets are utilized for the U𝐶CDR
evaluation. The TU-Berlin dataset comprises 250 categories, each
containing 80 free-hand sketches, along with 204,489 extended
natural images as provided by [38]. Similarly, the Sketchy dataset
includes 125 categories, totaling 75,471 hand-drawn sketches and
12,500 corresponding images. We use its extended version [25]
having an additional 60,502 natural images sourced from from
ImageNet[29]. We partition the categories in the TU-Berlin and
Sketchy datasets into training (200 / 93 categories), validation (20 /
11 categories), and testing (30 / 21 categories) sets.
Baselines.We have established four baselines to evaluate the effect
of domain-specific prompts: ❶ VT-baseline, where domain-specific
prompts are applied to both encoders; ❷ V-baseline / ❸ T-baseline,
where domain-specific prompts are applied only to the visual or
textual encoder, while the other encoder uses universal domain
prompts; and ❹ U-baseline, where both encoders utilize universal
domain prompts. During training, we employ the sampler from
ProS (see Fig. 2-c) and utilize only the image-text matching loss.
Evaluation Metrics. Following prior works [8, 32], we adopt con-
sistent evaluation metrics. For Sketchy and DomainNet, we calcu-
late precision (Prec@200) and mean Average Precision (mAP@200)
using the top-200 retrieved candidates. For TU-Berlin, the metrics
used are Prec@100 and mAP@all.

4.2 Implementation Details
We perform prompt tuning on a pre-trained CLIP model with a
ViT-B/32 backbone [6], where the model dimensions are set as
𝑑 = 𝑑𝑡 = 512 for language branch and 𝑑𝑣 = 768 for vision branch.
The textual UDPs have a length of 1 (𝑀𝑡 = 1), while CPs and visual
UDPs and are set to a length of 4 (𝑀𝑐 = 𝑀𝑣 = 4). The adaptive
semantic-prompter (ASP) includes 2 Transformer layers (ℓ = 2).
The margin hyper-parameter 𝜌 is set to 0.5 in Eq. (10). Training is
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Figure 5: Baselines comparisons on DomainNet under UCDR.

conducted over 10 epochs with early stopping after 2 epochs. For
the batch size, we use 𝑃 = 3 and 𝐾 = 4 for DomainNet (5 source
domains), resulting in a batch size of 60 samples. For Sketchy and
TU-Berlin datasets, which involve 2 source domains, we set 𝑃 = 6
and𝐾 = 4, leading to a batch size of 48 samples. TheAdam optimizer
is employed with a learning rate of 1e-3, accompanied by a cosine
learning rate decay strategy. During training, we fine-tune all the
layer normalization parameters as a trick, referred to as the LN-
trick. All experiments are performed on an NVIDIA RTX-4090 GPU
(24GB), with the random seed fixed at 0 for reproducibility.

4.3 Comparison with the State-of-the-Arts
We compare ourmodel with state-of-the-art (SOTA)methods, which
fall into two categories: traditional methods, including SnMpNet
[26], SCNNet[1] and SASA [32], and CLIP-based methods, such
as VPT [18], ProS [8],and CLIP-F [28]. Notably, CLIP-F refers to the
fine-tuning of the entire CLIP model.
Comparison under UCDR and U𝐷CDR.We compare the UCDR
and U𝐷CDR performance of our DePro against existing methods
on DomainNet, as shown in Tab. 1, yielding several key insights: ❶
CLIP-based methods outperform tradition methods.Unlike traditional
approaches relying on single-modality backbones (e.g., ResNet [15]
or ViT [6]), CLIP leverages multi-modality pre-training, enabling
even frozen backbone to significantly outperform fine-tuned single-
modality methods. ❷ Our method consistently outperforms existing
SOTA methods. For instance, under the UCDR 𝑆𝑘𝑒𝑡𝑐ℎ-query sce-
nario with the UnseenGallery, DePro achieves a mAP@200 im-
provement of 4.79% over ProS. This highlights DePro’s effectiveness
in addressing the dual challenges of unseen domains and classes
in UCDR. Moreover, under U𝐷CDR, where only domain shift is
present, DePro achieves a mAP@200 gain of 4.15% over ProS under
the 𝑆𝑘𝑒𝑡𝑐ℎ-query scenario.
Comparison under U𝐶CDR. As shown in Tab. 2, DePro also
outperforms all other methods. On the Sketchy dataset, DePro out-
performs ProS by 4.79% and 5.90% on mAP@200 and Prec@200,
respectively. On the TU-Berlin dataset, DePro outperforms ProS by
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Table 1: Comparison with state-of-the-art (SOTA) methods under UCDR and U𝐷CDR. The symbol ★ denotes the traditional
methods, and † denotes the CLIP-based methods. The best performance is marked as bold and the second best performance is
marked as underline, while scores from our DePro are highlighted with a light purple background.

Training
Domains

Query
Domain Method Venue

UCDR U𝐷CDR
Unseen Gallery Mixed Gallery

mAP@200 Prec@200mAP@200 Prec@200 mAP@200 Prec@200

Real,
Quickdraw,
Infograph,
Painting,
Clipart

Sketch

SnMpNet★ ICCV’21 0.3007 0.2432 0.2624 0.2134 0.3529 0.1657
SASA★ SIGIR’22 0.5262 0.4468 0.4732 0.4025 0.5733 0.5290
SCNNet★ ACCV’23 0.4075 0.4120 0.3422 0.2534 - -

CLIP† ICML’21 0.4220 0.3528 0.3662 0.2979 0.4760 0.2871
CLIP-F† ICML’21 0.5367 0.4666 0.4788 0.4136 0.6128 0.3806
VPT† ECCV’22 0.6216 0.5676 0.5609 0.5130 0.6769 0.4405
ProS† CVPR’24 0.6457 0.6001 0.5843 0.5463 0.7385 0.4911
DePro† Ours 0.6936 0.6521 0.6209 0.5830 0.7881 0.5240

Real,
Sketch,
Infograph,
Painting,
Clipart

Quickdraw

SnMpNet★ ICCV’21 0.1736 0.1284 0.1512 0.1111 0.1077 0.0509
SASA★ SIGIR’22 0.2564 0.1970 0.2116 0.1651 0.1805 0.1549
SCNNet★ ACCV’23 0.1998 0.1580 0.1698 0.1411 - -

CLIP† ICML’21 0.0744 0.0561 0.0600 0.0317 0.0867 0.0450
CLIP-F† ICML’21 0.2011 0.1522 0.1622 0.1196 0.1820 0.0723
VPT† ECCV’22 0.2467 0.2092 0.1953 0.1688 0.2367 0.0982
ProS† CVPR’24 0.2842 0.2544 0.2318 0.2127 0.2889 0.1186
DePro† Ours 0.3165 0.2949 0.2432 0.2331 0.3393 0.1333

Real,
Sketch,
Infograph,
Quickdraw,
Clipart

Painting

SnMpNet★ ICCV’21 0.4031 0.3332 0.3635 0.3019 0.4808 0.4424
SASA★ SIGIR’22 0.5898 0.5188 0.5463 0.4804 0.5596 0.5178
SCNNet★ ACCV’23 0.4242 0.4409 0.3731 0.3964 - -

CLIP† ICML’21 0.6168 0.5507 0.5653 0.5014 0.5569 0.3170
CLIP-F† ICML’21 0.6558 0.5926 0.6083 0.5478 0.6189 0.3688
VPT† ECCV’22 0.7138 0.6503 0.6752 0.6153 0.6618 0.4105
ProS† CVPR’24 0.7516 0.6955 0.7120 0.6612 0.7227 0.4615
DePro† Ours 0.7699 0.7188 0.7178 0.6728 0.7691 0.4867

Real,
Sketch,
Painting,
Quickdraw,
Clipart

Infograph

SnMpNet★ ICCV’21 0.2079 0.1717 0.1800 0.1496 0.1957 0.1764
SASA★ SIGIR’22 0.2823 0.2425 0.2491 0.2113 0.2340 0.2093
SCNNet★ ACCV’23 0.2737 0.2476 0.2369 0.1983 - -

CLIP† ICML’21 0.5008 0.4474 0.4375 0.3891 0.4756 0.2936
CLIP-F† ICML’21 0.5332 0.4893 0.4718 0.4309 0.5311 0.3330
VPT† ECCV’22 0.5434 0.4957 0.4870 0.4468 0.5690 0.3566
ProS† CVPR’24 0.5798 0.5442 0.5219 0.4956 0.6056 0.3962
DePro† Ours 0.6213 0.5946 0.5445 0.5228 0.6711 0.4361

Real,
Sketch,
Painting,
Quickdraw,
Infograph

Clipart

SnMpNet★ ICCV’21 0.4198 0.3323 0.3765 0.2959 0.5520 0.5074
SASA★ SIGIR’22 0.4397 0.3670 0.3940 0.3295 0.6840 0.6361
SCNNet★ ACCV’23 0.3579 0.3449 0.3108 0.2981 - -

CLIP† ICML’21 0.6037 0.5130 0.5608 0.4691 0.5581 0.3110
CLIP-F† ICML’21 0.6880 0.6200 0.6423 0.5755 0.6922 0.4174
VPT† ECCV’22 0.7344 0.6785 0.6942 0.6409 0.7536 0.4770
ProS† CVPR’24 0.7648 0.7186 0.7228 0.6815 0.8105 0.5298
DePro† Ours 0.7920 0.7510 0.7389 0.7026 0.8432 0.5504

3.39% and 1.28% on mAP@200 and Prec@200, respectively, indicat-
ing that the semantic shift problem is well alleviated.

Comparison between baselines.We compare the performance of
four baselines on DomainNet under UCDR, with Sketch as the query
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Table 2: Comparison with SOTA methods under U𝐶CDR.

Method
Sketchy TU-Berlin

mAP@200 Prec@200 mAP@all Prec@100

SnMpNet★ 0.5781 0.5155 0.3568 0.5226
SASA★ 0.6910 0.6090 0.4715 0.6682

CLIP† 0.3582 0.3308 0.3145 0.4612
CLIP-F† 0.6553 0.6145 0.6076 0.7158
VPT† 0.6588 0.6105 0.5574 0.6815
ProS† 0.6991 0.6545 0.6675 0.7442
DePro† 0.7470 0.7135 0.7014 0.7570

Table 3: Ablation studies on prompt decoupling and LN-trick.

Method
Unseen Gallery Mixed Gallery

mAP@200 Prec@200 mAP@200 Prec@200

ProS 0.6457 0.6001 0.5843 0.5463

U-baseline 0.6402 0.5968 0.5658 0.5301
+ASP 0.6408 0.5983 0.5684 0.5328
+L𝑑𝑒𝑐

𝑖𝑡𝑚
0.6582 0.6182 0.5814 0.5503

+L𝑟𝑒𝑔 0.6634 0.6250 0.5865 0.5543
+ LN-trick 0.6740 0.6351 0.6002 0.5655

Table 4: Ablation studies on samplers and DaTri loss. The ’-’
denotes that we do not utilize either the triplet-hard loss or
the DaTri loss. The sampler used, as illustrated in Fig. 2-c, is
enclosed in square brackets (i.e., []).

Method
Unseen Gallery Mixed Gallery

mAP@200 Prec@200 mAP@200 Prec@200

- [simple] 0.6740 0.6351 0.6002 0.5655
- [PK] 0.6733 0.6341 0.5958 0.5645
- [DPK] 0.6699 0.6309 0.5972 0.5604

Tri [PK] 0.6816 0.6400 0.6021 0.5695
Tri [DPK] 0.6874 0.6465 0.6137 0.5775
DaTri [DPK] 0.6936 0.6521 0.6209 0.5830

domain, as shown in Fig. 5. Key conclusions are: ❶U-baseline deliv-
ers the best performance. Domain-specific prompts, whether applied
to the text or image encoder, limit the model’s ability to generalize
to unseen domains and classes. ❷V-baseline underperforms com-
pared to T-baseline. Visual Domain-specific prompts risk overfitting
to source domains, limiting their generalization to unseen domains,
even when used jointly during inference. This issue is further exac-
erbated when combined with domain-specific text prompts, which
can create domain-specific prototypes (VT-baseline).

4.4 Ablation Study
In this section, we assess the performance of each component within
our proposed framework. By default, the experiments are conducted
under UCDR, with Sketch as the query domain.

0.5997 0.6002 
0.6023 

0.5975 0.5983 

0.6362 0.6366 
0.6387 

0.6343 0.6350 

0.62

0.63

0.64

0.65

0.59

0.6

0.61

0.62

1 2 4 8 16

Prec@200 mAP@200

0.5402 0.5406
0.5429 

0.5377 0.5389 

0.5694 0.5697 
0.5731 

0.5701 
0.5685

0.55

0.56

0.57

0.58

0.53

0.54

0.55

0.56

1 2 4 8 16

Prec@200 mAP@200Prec@200 mAP@200 Unseen Gallery Mixed Gallery

(a) Class prompt length

0.6023 
0.5993 0.6000 0.5998 0.5991 

0.6387 
0.6362 0.6367 0.6367 0.6355 

0.62

0.63

0.64

0.65

0.59

0.6

0.61

0.62

1 2 4 8 16

Prec@200 mAP@200

0.5429 
0.5406 0.5399 0.5411 

0.5390

0.5731 
0.5701 0.5712 0.5715 0.5701

0.55

0.56

0.57

0.58

0.53

0.54

0.55

0.56

1 2 4 8 16

Prec@200 mAP@200Prec@200 mAP@200 Unseen Gallery Mixed Gallery

(b) Textual universal domain prompt length

0.5990 
0.6023 

0.5977 
0.5994 0.5992 

0.5977 

0.6354
0.6387 

0.6345 
0.6361 0.6361 

0.6342 

0.62

0.63

0.64

0.65

0.59

0.6

0.61

0.62

1 2 3 4 8 16

Prec@200 mAP@200

0.5390 

0.5429 

0.5383 0.5390 0.5395 0.5389

0.5697 
0.5731

0.5678 0.5693 0.5687 0.5682

0.55

0.56

0.57

0.58

0.53

0.54

0.55

0.56

1 2 3 4 8 16

Prec@200 mAP@200Prec@200mAP@200 Unseen Gallery Mixed GalleryPrec@200 mAP@200 Unseen Gallery Mixed Gallery

(c) ASP depth

Figure 6: Evaluation results of class prompt length (a), univer-
sal domain prompt length (b) and ASP depth (c) on Domain-
Net under UCDR. We conduct the comparison by averaging
the performance across five query domains.

Effectiveness of Prompt Decoupling and LN-trick. We evalu-
ate the effectiveness of our proposed prompt decoupling strategy
and LN-trick using U-baseline as the benchmark. The results, pre-
sented in Tab. 3, reveal several key insights: ❶ The benefit of ASP
is limited. The ASP-generated CPs retain excessive domain-specific
information, leading to functional overlap with UDPs and thereby
restricting their overall effectiveness. ❷ The decoupling loss (L𝑑𝑒𝑐

𝑖𝑡𝑚
)

yields substantial benefits. For instance, with the UnseenGallery,
mAP@200 improves by 1.74%, underscoring the critical role of effec-
tive prompt decoupling. ❸ Domain ensemble (L𝑟𝑒𝑔) offers additional
gains.With the UnseenGallery, it provides a 0.52% improvement
in mAP@200 , demonstrating its utility in handling unseen domains.
❹ The LN-trick is essential. Consistent with prior work [2, 9, 30],
fine-tuning normalization parameters proves highly effective for
adapting to unseen domains and classes.
Effectiveness of DaTri Loss. Based on the LN-trick results in
Tab. 3, we independently incorporate the triplet-hard loss and
DaTri loss using various samplers (illustrated in Fig. 2-c), including
the simple domain sampler (simple), the PK domain sampler (PK),
and the DPK domain sampler (DPK). The results, summarized in
Tab. 4, lead to the following observations: ❶ When neither triplet-
hard loss nor DaTri loss is applied, the simple domain sampler
achieves the best performance due to its high degree of randomness.
❷ The DPK domain sampler outperforms the PK domain sampler
when paired with the triplet-hard loss, as it ensures that the least
similar positive sample for an anchor is always selected from a
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Giraffe Watermelon ParrotHelicopterDolphin Bracelet MegaphoneScissorsLadder Octopus

(a) CLIP (c) DePro(b) ProS

Figure 7: The t-SNE visualization for 10 randomly selected
unseen classes of Clipart (query) domains and Real (gallery)
domain. Different colors represent different categories, while
△ and ⃝ represent samples from Real and Clipart domains,
respectively.

different domain.❸Combining our DaTri loss with the DPK domain
sampler further boosts performance, enlarging the effective synergy
between the triplet-hard loss and the DPK domain sampler.
The Impact of Prompt Length. We also conduct experiments to
evaluate the impact of prompt lengths in DePro, specifically the
lengths of the class prompts (𝑀𝑐 ) and the textual universal domain
prompts (𝑀𝑡 ). As shown in Fig. 6-a, increasing the class prompt
length initially improves performance, peaking at a length of 4, after
which it gradually declines. Furthermore, Fig. 6-b demonstrates
that the optimal length for the textual universal domain prompt is 1,
with overall performance decreasing as the length increases. Based
on these findings, we set𝑀𝑐 = 4 and𝑀𝑡 = 1 for all experiments.
The Impact of ASP Depth. To investigate the impact of ASP
depth, we modify the number of Transformer layers in ASP (ℓ) and
evaluate the resulting performance. The results, shown in Fig. 6-
c, demonstrate that 2 layers offer the optimal configuration. This
setting achieves the best trade-off between efficiency and accuracy,
balancing computational efficiency with performance.

4.5 Visualization
In this section, by default, the experiments are conducted under
UCDR with theUnseenGallery, using Clipart as the query domain.
T-SNE Visualization. As shown in Fig. 7, we visualize the image
features extracted from frozen CLIP, ProS, and our DePro method
for 10 randomly selected unseen classes of the Real and unseen
Clipart domains using t-SNE [33]. We can observe that our DePro
is able to better align the feature representations with the same
classes between the two domains. Moreover, the features extracted
by our DePro exhibit better separation between different classes.
Top-10 Visualization. As shown in Fig. 8, we compare the num-
ber of correct images retrieved among the top-10 images for the
total of 6394 queries between DePro and ProS. DePro consistently
outperforms ProS, achieving higher accuracy across more queries,
highlighting its superior performance. Fig. 9-a further illustrates
selected retrieval results for both models. Notably, existing models
struggle when using the Quickdraw or Infograph as query domains.
Fig. 9-b showcases some failure cases, attributing the challenges
to query ambiguity, which arises from: 1) insufficient detail within
a query, leading to vague inputs, and 2) too many objects within a
query, causing confusion over which object to retrieve.
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Figure 8: The distribution of differences in the number of
correctly retrieved in top-10 images between DePro and ProS.
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Figure 9: (a) Comparison of retrieval results between De-
Pro and ProS. (b) The query ambiguity problem when using
Quickdraw or Infograph as the query domain.

5 Conclusion
This paper presents DePro, a framework designed to address the
universal cross-domain retrieval (UCDR) problem through a novel
prompt decoupling strategy. By separating prompts into universal
domain prompts (UDPs) and class prompts (CPs), DePro effectively
manages both domain and semantic shifts inherent in UCDR. The
incorporation of decoupling and regulation losses ensures domain-
agnostic CPs and coherent feature integration. Additionally, the
domain-aware triplet-hard (DaTri) loss further enhances retrieval
accuracy by reducing the risk of class collapse and optimizing the
synergy between the triplet-hard loss and the DPK domain sampler.
Extensive experiments validate DePro’s superior generalization
across unseen domains and classes.
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