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Abstract

Zero-shot domain adaptation (ZSDA) presents substantial
challenges due to the lack of images in the target do-
main. Previous approaches leverage Vision-Language Mod-
els (VLMs) to tackle this challenge, exploiting their zero-shot
learning capabilities. However, these methods primarily
address domain distribution shifts and overlook the mis-
alignment between the detection task and VLMs, which rely
on manually crafted prompts. To overcome these limita-
tions, we propose the unified prompt and representation en-
hancement (UPRE) framework, which jointly optimizes both
textual prompts and visual representations. Specifically,
our approach introduces a multi-view domain prompt that
combines linguistic domain priors with detection-specific
knowledge, and a visual representation enhancement mod-
ule that produces domain style variations. Furthermore,
we introduce multi-level enhancement strategies, including
relative domain distance and positive-negative separation,
which align multi-modal representations at the image level
and capture diverse visual representations at the instance
level, respectively. Extensive experiments conducted on nine
benchmark datasets demonstrate the superior performance
of our framework in ZSDA detection scenarios. Code is
available at https://github.com/AMAP-ML/UPRE.

1. Introduction

Domain adaptation has gained widespread attention in re-
cent years [4, 22,31, 34,39,41,42,50]. However, obtaining
image priors, even unlabeled, is not always feasible, thereby
limiting their applicability in real-world scenarios. Zero-
shot domain adaptation (ZSDA) [2, 14, 40, 54, 60, 62] aims
to address this constraint by enabling adaptation to target
domains without prior image exposure. The development of
vision-language models (VLMs) [1, 7, 9, 25, 32, 33, 36, 56]
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Figure 1. (a) Prompt-driven semantic augmentation generates
pseudo target domain features with manually crafted prompts.
(b) The proposed unified prompt and representation enhancement
creates the synthetic target domain representations via learnable
prompts. Learnable prompt and unified enhancement jointly miti-
gate detection and domain biases. IE represents the image encoder,
and TE denotes the text encoder.

has markedly advanced ZSDA, by utilizing textual prompts
to describe unseen domains through their inherent zero-shot
capabilities [ 14, 62]. Despite these advancements, our anal-
ysis reveals two primary limitations in existing VLM-based
object detection approaches: 1) domain bias, where distri-
bution shifts between source and target domains introduces
task-agnostic noise, impairing model performance; 2) de-
tection bias, where models such as CLIP [44] emphasize
global image representations but overlook instance-level de-
tails crucial for precise object localization. This deficiency
stems from manually constructed prompts, which inade-
quately capture the contextual attributes of foreground and



background objects.

Previous studies [ 14, 49, 62] have explored the mitigation
of domain bias through prompt-driven semantic augmenta-
tion, as illustrated in Fig. 1(a). These methods utilize man-
ually crafted prompts combined with image-level alignment
to produce the representations of pseudo target domain. De-
spite their effectiveness in addressing domain bias, these
approaches overlook and intensify detection bias during the
fine-tuning process. Conversely, methods [12, 21, 30, 66]
aimed at reducing detection bias tend to reinforce domain
bias. They endeavors to minimize detection bias by learning
prompt representations. However, in the absence of target
domain images, the training of prompt representation is re-
stricted to the source domain. Consequently, while these
prompts effectively encapsulate representations for the de-
tection task within the source domain, they unintentionally
magnify domain bias. This gap highlights the pressing need
for method that can simultaneously address both domain and
detection biases.

In this paper, we propose the unified prompt and represen-
tation enhancement (UPRE) framework, a novel approach
that jointly enhances textual prompt and visual representa-
tions. As illustrated in Fig. 1(b), our method establishes a
cooperative relationship between prompt optimization and
visual representation learning. Specifically, we design a
multi-view domain prompt (MDP) that provides language-
modal priors for the target domain while capturing diverse
adaptation knowledge essential for cross-domain object de-
tection. Furthermore, we introduce unified representation
enhancement (URE), a shared module between both vision
and language modalities designed to generate target domain
representations from source domain data. The URE en-
hances the diversity of the domain styles under the guidance
of prompt representations, effectively alleviating domain
bias. Concurrently, the learnable prompt representations
of MDP utilize the target domain representations generated
by URE to acquire instance-level knowledge for object de-
tection, thereby reducing detection bias.

To further enhance this interaction, we introduce two
novel enhancement strategies: relative domain distance
(RDD) and positive-negative separation (PNS), which to-
gether form a multi-level training framework. RDD aligns
multi-modal representations at the image level to facili-
tate adaptation, while PNS leverages background context
from negative proposals and object information from posi-
tive ones to capture diverse instance knowledge. Through
the unified training process, our approach enhances both
prompt and visual representations, thereby effectively mit-
igating detection and domain biases. This leads to notable
improvements in adaptation and detection capabilities, em-
powering object detectors to accurately adapt to previously
unseen domains. Our proposed method demonstrates supe-
rior performance across three domain adaptation tasks on
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nine datasets, including adverse weather conditions, cross-

city scenarios, and virtual-to-real transitions.

In summary, our contributions are as follows:

* We identify and tackle the challenges of detection and
domain biases in VLMs for ZSDA by introducing a uni-
fied prompt and representation enhancement (UPRE) ap-
proach tailored for object detection.

* We introduce the MDP mechanism to learn prompt rep-
resentations tailored for cross-domain detection, and pro-
pose the URE to increase the diversity of domain styles.

* We develop the RDD technique to enable effective image-
level adaptation, and the PNS to enhance the capability of
precise localization at the instance level.

2. Related Work

2.1. Zero-shot Domain Adaptation

ZSDA [13, 15, 26, 28, 38, 43, 51-53] presents a chal-
lenging learning paradigm that transfers knowledge from
a source domain to a target domain without accessing any
target domain data. Min et al. [40] address generalized
zero-shot learning by eliminating domain-specific visual bi-
ases. Wang et al. [54] introduce a domain shift preservation
method, which relies on GAN [18] to maintain domain in-
variance during adaptation. Recent advances have explored
VLMs to improve adaptation performance. Fahes e al. [14]
propose a prompt-driven approach to guide domain adap-
tation. Yang et al. [62] also propose a unified language-
driven method to bridge the gap between the source and
target domains. In parallel, Single Domain Generaliza-
tion [11, 27, 37, 45, 49, 58, 59], focuses on generalizing
models to multiple unseen target domains simultaneously.
Lee et al. [27] propose an object-aware domain general-
ization method to address misclassification and imprecise
localization challenges. Subsequently, Liu et al. [37] intro-
duce a structural causal model to analyze data and feature
biases in the task. While recent works [14, 49, 62] lever-
age the zero-shot learning capabilities of VLMs to mitigate
domain bias, they overlook downstream task biases, particu-
larly detection bias, which remain underexplored for ZSDA.

2.2. Domain Prompt Learning

Recent advances in domain prompt learning [3, 5, 8, 16, 30,
48,55, 61, 65] have demonstrated promising capabilities for
cross-domain knowledge transfer through VLMs with min-
imal intervention. Existing approaches can be broadly cate-
gorized into two paradigms: domain-specific adaptation and
doamin-invariant generalization. Domain-specific methods
customizes prompts to capture domain related characteristic.
For instance, Ge et al. [16] adapt domain-aware prompts to
bridge domain gaps, while Cao et al. [6] dynamically adjust
prompts based on domain features. Liefal. [30] enhance de-
tection performance by incorporating prompt tuning in the
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Figure 2. Overview of unified prompt and representation enhancement. Initially, the multi-view domain prompt provides language
prior while also learns adaptation knowledge for object detection. Meanwhile, unified representation enhancement enriches source domain
features with RPN, generating pseudo target domain representations. Finally, two enhancement strategies constrain language and visual

representations, training the unified framework effectively. The symbols

detection head. Conversely, domain-invariant approaches
focus on learning generalized prompts for unseen domains.
Zhao et al. [65] focus on learning domain-invariant prompts
for VLMs, utilizing domain-agnostic representations to en-
hance adaptability. Singha et al. [48] introduce AD-CLIP,
adapting prompts within CLIP [44] representations to pro-
mote generalization. However, these methods face inherent
limitations in ZSDA scenarios. Domain-specific approaches
struggle to mitigate domain bias without image priors, while
domain-invariant methods often decrease task-specific dis-
criminability. The core challenge lies in effectively leverag-
ing limited source-domain information to address both do-
main shift and downstream task misalignment. In this paper,
we propose a novel approach that unified prompt learning
and representation enhancement to address this challenge.

3. Method

To jointly address detection and domain biases in zero-shot
domain adaptation, we propose a novel framework that coop-
eratively integrates prompt optimization with cross-domain
representation synthesis. As depicted in Fig. 2, our approach
establishes a unified learning system where domain-aware
prompt representation and visual representation enhance-
ment mutually reinforce each other. Our framework com-
prises three main components:

e Multi-view Domain Prompt (MDP): a hybrid prompts
combining linguistic knowledge of target domain priors
(image/instance-level) with learnable prompts to learn
cross-domain knowledge for object detection.

* Unified Representation Enhancement (URE): a represen-
tation style diversify module through feature transforma-
tion and multi-modal projection.
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represent losses.

* Multi-level Enhancement Strategies: incorporating Rela-
tive Domain Distance (RDD) and Positive-Negative Sep-
aration (PNS) for representation alignment between lin-
guistic and visual modals.

Problem Formulation.
dataset is defined as D = {(&;,, O,)}

n-th image, O, = {onm}fz’il is the corresponding set of
annotated objects, and m denotes the m-th objects. Each
object o is a pair of object bounding box b € R* and cat-
egory label y. € C, where C is the category space of the
dataset. Zero-shot domain adaptation for object detection
aims to detect objects in an unseen target domain using a
model trained exclusively on the source domain. Specif-
ically, the dataset space D is divided into source domain
data D% = {(&,, On)}lnz| and unseen target domain data
D' ={X,}'P, where D=D* UD' and D* N D' = @. For
each category ¢ € C, we use a pretrained text encoder 7 to
encode its semantic embedding as: t. = 7 (R(c)), where
R(c) is the textual prompt of class ¢, e.g. a photo of a
[class]. Besides, we define a class of “Cp,” to represent the
background category. Given an image, the image encoder
T of CLIP extracts a set of hierarchical feature maps, then
the RPN generates a set of proposals P. Subsequently, we
perform ROI-Align to extract proposal features {F,} p € P,
and feed it into the projector (the rest layer of CLIP) to extract
proposal representations as: e, = Z(F,). The probability
of a proposal belonging to category c¢ is computed as:

_ exp(f(ep,te))
D’ eCU(Cry} SXP(f(€p, ter))

where f(-,-) denotes the cosine similarity function.

Traditional object detection

D .
L:{, where X, is the

P. 6]



3.1. Multi-view Domain Prompt

Previous methods [6, 30, 65] rely on target domain images
and assume that learnable prompts can fully replace man-
ually designed prompts. In our approach, we retain the
static human-defined prompt and prepend it with learnable
prompts. By retaining the original human-defined context,
our design allows the learnable prompt to concentrate on
capturing multi-view knowledge. Specifically, we propose
MDP to learn both domain adaptation knowledge for bridg-
ing domain gaps and object localization information for ac-
curate dense predictions. As illustrated in Fig. 2 (right),
MDP consists of three parts, including image, positive, and
negative prompts. The image prompt provides language
priors of target domain such as lighting and visibility, while
further learning the style differences between domains at
the image level. Initially, we define {u;, v, wl}le , as the
learnable context vectors with same dimension. The image
prompt representation Rl.d for given domain d C {s,t} is
defined as:

R:j = [ul,ug,.. (2)

where k, is the word representations of “a photo taken on
a [domain]”. Positive proposals encode the characteris-
tics of foreground objects, whereas negative proposals focus
on capturing the contextual information in background. To
model the stylistic variations of foreground objects in the
target domain, we introduce the positive prompt representa-
tion R ,. Given target domain ¢ and class ¢, positive prompt
representation R/, (c) is defined as:

M ’ML’ kd:l’

R;(C) = [V],VQ...VL,(kt,kL-)], (3)

where (k;, k.) denotes the word representations of “a
[domain] photo of a [class]”. Similarly, the negative
prompt representation R}, (Cp,), which is designed to cap-
ture contextual background knowledge, is defined as:

R;(Cbg) = [W],Wz...WL, (kt»kcbg)]5 (4)

where (k;, k¢, ) is the word representations of “a [domain]
photo of an [unknown class]”.

3.2. Unified Representation Enhancement

Despite lacking prior knowledge of target domain images,
VLMs [35, 44, 57, 64] can still describe unseen domains
through prompts. CLIP-GAP [49] exploit it to train seman-
tic augmentation for domain transformation but overlooks
the deviation term. Later, PODA [14] addresses this by
introducing AdalN [23] to globally transfer feature styles.
However, the style of an image often varies dynamically
in different regions of the real world. For example, for a
rainy and night image, nearby regions may reflect a style of
“rainy” due to brighter lighting, while distant regions may
reflect a “night” style due to insufficient lighting. Thus, basic
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style transform approach using the global style parameters
is inadequate for complex domain adaptation detection task.
Subsequently, we propose the learnable mean enhance-
ment £, € RE*M*N and learnable deviation enhancement
Ey € REXMXN 0 establish a fine-grained solution. Specif-
ically, we align the pseudo target domain features Fy_,;,
which are generated by enhancing the source image features
F through URE, with the linguistic counterparts of the tar-
get image features F;. To generate pseudo target domain
features F;_,;, we first segment F into M X N patches. Af-
ter that, we apply £, and &, to enhance the style-specific
elements of Fy as follows:
, . Y MxN
For = {5;_F!+5li} L
j=

®)

where j represents the j-th patch. The source image features
F are enhanced to pseudo target features Fs_,;, capturing
the stylistic characteristics of the target domain in real-world
scenarios.

3.3. Multi-level Enhancement Strategies

To further unlock the potential of VLMs, we propose RDD
and PNS, which enable prompt and enhancement training at
both the image and instance levels.

Relative Domain Distance. We introduce an image-level
enhancement strategy to better describe the distribution of
the target domain. Specifically, we feed R? into text encoder
T to generate text embedding t! and t/. The image repre-
sentations e’ and e; are computed by feeding F;_,; and F
to an image encoder Z. Then, the distance between image
prompt representations and the enhanced representations is
pushed closer by a loss L,:

L.=E[1-f(e",t)], (©6)
It is crucial to regulate URE to ensure that it captures the
style of target domain while maintaining the integrity of
semantic information for objects. Thus, the constraint loss
L is defined as:

(7

where || - ||; represents L1 distance metric. Besides, to
efficiently learn pseudo target domain representations, we
introduce a relative domain distance loss £, :

Lo =E[le; —e~" ],

®)

The idea behind RDD is to guide the model in directly
searching the generic embedding. This is achieved by re-
fining the prompt representations through adjusting the rel-
ative positions of the image representations based on their
language representations.

Positive-Negative Separation. DetPro [12] learns di-
verse contextual prompt representations by training on

L, =E[li(ef -/~ (& ~t)Ii].



cropped proposals across varying IoU thresholds. Simi-
larly, we adopt an instance-level training strategy by sep-
arating positive and negative proposals to capture diverse
contexts of target domains. Initially, instance prompt rep-
resentations t;,(c) and t;, (Cpg) are generated by 7 from
R, (c) and RY,(Cpg). The representations of positive and
negative proposals ), (c) and €)' (Cp,) are then derived
by ROI-Align. For the positive proposal, the probability
belonging to a foreground category ¢ € C is computed as:

exp(f (e}, (c), t},(c)))

- - : ©)
P 3 exp(fley (o), 8, (¢)
c’eC
Subsequently, the positive proposal loss is defined as:
Le=B[- ) yclogPpe]. (10)

ceC

For the negative proposal, the probability belonging to back-
ground category is computed as:

exp(f (€}, (Cue), ), (Cie)))

ne = = . (1D
‘ 2 exp(f(ep " (Coe), 1, ()
C’ECUCbg
Then, the loss of negative proposal is defined as:
Lyg =E[ - Z Ybg 108 Pre], (12)

CECUCbg

where y,,, is the reciprocal of the total number of classes,
including the background class. By computing the differ-
ence from y;, and only considering positive differences, we
limit the overconfidence of the background class.

3.4. Zero-shot Training and Testing

The training process consists of two stages, both conducted
on the source domain. In the first stage, as illustrated in
Fig. 2, we perform prompt and enhancement learning. Ini-
tializing MDP parameters randomly, we train URE to tran-
form source features into stylized pseudo-target representa-
tions. Simultaneously, these synthetic features drive MDP
adaptation through alignment between visual and language
representations. These processes are performed concur-
rently: the updated MDP refines URE, and the improved
URE further enhances the pseudo target domain features,
which in turn refine the MDP.

In the second stage, we freeze the optimized MDP, URE
and text encoder T to preserve acquired domain knowledge,
then fine-tune the CLIP backbone and RCNN detector. Fol-
lowing CLIP-GAP [49], we randomly apply enhancements
to source features with a probability of 50%. The bounding
boxes are predicted with a regression head, while classi-
fication scores of proposals are computed via CLIP. The
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Figure 3. Illustration of Our Proposed Strategies. Contradictory
losses represent L, and L. The symbols “'and  denote the rep-
resentations of the source domain, pseudo target domain.  and
represent the representations of image prompts for the source and
target domains. Additionally, the cross-entropy loss L., assigns
proposals to all possible foregrounds. The symbols 5, =, | and
indicate the representations of negative prompt, positive prompt,
background objects, and foreground objects, respectively.

detector is trained with both regression and classification
losses, following the framework of Faster R-CNN [46].

During inference on target domains, we disable URE
transformations while maintaining identical regression and
classification procedures, ensuring consistent feature pro-
cessing between training and deployment phases.

3.5. Discussion

The transformation of source domain features requires a
careful balance between preserving semantic integrity and
enhancing feature style diversity. To achieve this, we need to
align multi-modal representations while also address chal-
lenges arising from latent space variability and background
contextual interference. Specifically, excessive enhance-
ment must be controlled to avoid distorting the critical se-
mantic information of the objects. However, the objectives
of enhancement and constraint are inherently contradictory.
As illustrated in Fig. 3(a), these two objectives interfere
with each other during training, causing fluctuations that
hinder the efficient learning of a generalized representation.
To address this issue, we introduce representation regular-
ization loss £, to explore the multi-modal representation
relationships between the source and target domains. It can
constrain the search within the green overlap region, thereby



stabilizing the prompt and enhanement learning at image
level, as illustrated in Fig. 3(b).

Proposals in object detection are categorized as positive
or negative based on their IoU scores. These proposals, how-
ever, often contain not only the target object but also con-
textual information from the background and surrounding
objects. As illustrated in Fig. 3(c), the vanilla cross-entropy
loss is insufficient to model the varying latent space, thereby
undermining the adaptation performance. To this end, we
introduce L. to shrink search space for foreground object
and L, to assist former detecting background classes as
shown in Fig. 3(d). Different from DetPro[12], which relies
on pre-cropped proposals and only updates shared prompt
representations with category keywords, our method coop-
eratively integrates prompt optimization with cross-domain
representation synthesis. Most importantly, both the multi-
view prompt representation and the enhancement represen-
tation are jointly trained in a unified framework.

4. Experiments

4.1. Datasets

We adopt nine benchmark object detection datasets across
three cross-domain settings.

Diverse Weather Conditions. This setting incorpo-
rates five datasets representing various weather conditions
from BDD100K [63], FoggyCityscapes [47], and Adverse-
Weather [19]. Daytime Clear dataset comprises 19,395
training images. Night Clear dataset includes 26,158 im-
ages. Dusk Rainy and Night-Rainy datasets contain 3,501
and 2,494 images, respectively. Daytime Foggy dataset con-
sists of 3,775 images. Training is exclusively conducted us-
ing the Daytime Clear dataset, while testing is performed on
other adverse weather datasets.

Cross-City Scenarios. This setting involves datasets
collected from different cities, highlighting geographical do-
main shifts. Specifically, Cityscapes dataset [10], compris-
ing 2,975 images, is gathered from Germany. BDDI100K
dataset, collected across the US, contains 100k images,
where 47,060 images captured under clear daytime are uti-
lized. KITTI dataset [17] from Germany provides 7,481
labeled images. While Cityscapes and BDD100K share the
same seven categories, we exclusively report results for the
car category in KITTL. In this scenario, Cityscapes serves
as the source domain, and BDD100K and KITTI serve as
the target domains.

Virtual-to-Real World Transitions. Sim10K dataset
[24], consisting of 10k synthetic images rendered from the
Grand Theft Auto V game, is used as the source domain. The
target domains in this setting are Cityscapes, BDD100K, and
KITTI, and the evaluations are focused on the car category.
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Daytime Night Night Dusk
Method Venues F(z,ggy Clgar Raigny Rainy
Faster-RCNNJ[46] | NeurIPS’15 32.0 344 12.4 26.0
S-DGOD [58] CVPR’22 335 36.6 16.6 28.2
CLIP-GAP [49] CVPR’23 38.5 36.9 18.7 323
PODA* [14] ICCV’23 39.2 38.7 19.0 334
OA-DG [27] AAAT24 38.3 38.0 16.8 339
DAI-Net*[13] CVPR’24 36.7 41.0 18.9 33.0
PDDI[29] CVPR’24 39.1 385 192 337
UFR[37] CVPR’24 39.6 408 192 332
UPRE(Ours) \ - [ 40.0 415 198 345

Table 1. Quantitative results on Diverse Weather Conditions. Re-
sults marked with (¥) indicate those obtained through replication
based on Faster-RCNN.

4.2. Implementation

We employ Faster R-CNN [46] with backbone initialized
from the pre-trained CLIP ResNet-101 [20]. During train-
ing, input images are resized to 600x1067. The text encoder
and the first two blocks of the image encoder remain frozen
across all phases. Our model is optimized using SGD with
momentum of 0.1, a weight decay of 10~*. All experiments
are conducted on the Detectron? platform using an NVIDIA
4090 GPU with a batch size of 4.

Prompt and enhancement Learning. Initially, we per-
form a warm-up, training the detector for 1.3k iterations on
the source dataset with a learning rate of 0.001. We then
proceed to prompt and enhancement training, where source
features from the first layer are integrated with enhance-
ments. This phase spans 5k iterations with a learning rate
of 0.001, reduced by a factor of 10 at iteration 4.5k.

Detector Fine-tuning. During the fine-tuning phase,
we freeze the parameters of MDP and URE. Training is
conducted for 100k iterations, starting with a learning rate
of 0.001, which decays by a factor of 0.1 at 40k iterations.

4.3. Main Results

We compare our method with the S-DGOD in object detec-
tion methods OA-DG [27], PDD [29], FDA [11] and UFR
[37]. Besides, we also compare our method with the ZSDA
in object detection methods DAI-Net [13] and PODA [14].
For each dataset, we follow the same protocol of existing
works, and report the average precision (APsg) of each class
and the mean average precision (mAP) over all classes.

Diverse Weather Conditions. The qualitative and quan-
titative evaluation results are presented in Tab. 1 and Fig. 4.
On average, our method improves mAP by 7.8% over Faster
R-CNN across all conditions. In the Daytime Foggy sce-
nario (Tab. 2), UPRE achieves an impressive 40.0% mAP,
surpassing Faster R-CNN by 8.0%. Notably, we observe sig-
nificant gains for challenging classes such as bus (+6.8%),
motor (+9.9%), and rider (+9.1%). These improvements
highlight our method’s ability to capture fine-grained con-
textual details under low-visibility foggy conditions.

For the Night Rainy condition (Tab. 3), UPRE achieves
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Figure 4. Qualitative Results on Diverse Weather Conditions. The top and bottom rows donate the results of OA-DG [27] and our

proposed UPRE, respectively.

Method Bus Bike Car Motor Person Rider Truck mAP Method Bus Bike Car Motor Person Rider Truck | mAP
Faster-RCNN[46] | 30.7 26.7 49.7 262 30.9 355 232 320 Faster-RCNN[46] | 36.8 158 50.1 12.8 18.9 124 395 | 26.0
S-DGODI[58] 329 28.0 488 29.8 325 382 241 335 S-DGOD[58] 371 169 509 134 19.7 163 40.7 | 28.2
CLIP-GAP[49] 36.1 343 580 331 39.0 439 251 385 CLIP-GAP[49] 378 228 60.7 16.8 26.8 187 424 | 323
PODA* [14] 346 341 507 312 38.5 440 259 392 PODA* [14] 382 249 581 185 27.5 177 436 | 334
OA-DGI27] - - - - - - - 38.3 OA-DGI27] - - - - - - - 33.9
DAI-Net*[13] 337 328 579 331 379 410 247 367 DAI-Net*[13] 369 261 590 175 28.2 16.5 427 | 33.0
PDDI[29] 36.1 345 584 333 405 442 262 39.1 PDDI[29] 394 252 609 204 29.9 16.5 439 | 337
UFR[37] 369 358 61.7 337 395 422 275 396 UFR[37] 37.1 218 679 164 274 179 439 | 332
UPRE(Ours) [375 356 584 361 39.0 4.6 27.0 40.0 UPRE(Ours) [39.1 292 655 197 28.6 192 457 | 345
Table 2. Per-class results on Daytime Clear to Daytime Foggy. Table 4. Per-class results on Daytime Clear to Dusk Rainy.

Method Bus Bike Car Motor Person Rider Truck mAP Method Bus Bike Car Motor Person Rider Truck | mAP
Faster-RCNN[46] | 22.6 11.5 27.7 04 10 10.5 19.0 124 Faster-RCNN[46] | 37.7 30.6 495 154 315 28.6 40.8 | 344
S-DGOD[58] 244 11.6 295 9.8 10.5 114 192  16.6 S-DGOD[58] 40.6 351 507 197 34.7 321 434 | 36.6
CLIP-GAP[49] 286 12.1 36.1 9.2 12.3 9.6 229 187 CLIP-GAP[49] 37.8 228 60.7 16.8 26.8 187 424 | 369
PODA* [14] 268 11.7 364 9.0 12.7 1.5 288  19.0 PODA* [14] 39.6 347 585 195 374 272 426 | 387
OA-DG[27] - - - - - - - 16.8 OA-DG[27] - - - - - - - 38.0
DAI-Net*[13] 246 117 375 9.0 129 11.2 21.4 18.9 DAI-Net*[13] 41.6 38.6 592 205 452 311 43.7 41.0
PDD[29] 256 121 358 101 142 129 229 192 PDD[29] 409 350 59.0 213 40.4 299 429 | 385
UFR[37] 292 118 361 94 13.1 105 233 192 UFR[37] 43.6 38.1 66.1 147 49.1 264 475 | 408
UPRE(Ours) [277 157 367 94 135 147 257 198 UPRE(Ours) [424 387 614 206 457 316 443 | 415

Table 3. Per-class results on Daytime Clear to Night Rainy.

a top mAP of 19.8%, surpassing Faster R-CNN by an aver-
age margin of 7.4%. Besides, we observe improvements in
detecting occluded objects, such as bike (+4.2%) and rider
(+4.2%). This demonstrates the effectiveness of our ap-
proach in handling nighttime rain effects, where poor illumi-
nation and reflective surfaces often degrade detection perfor-
mance. In the Dusk Rainy setting (Tab. 4), UPRE achieves
34.5% mAP, surpassing Faster R-CNN and CLIP-GAP by
8.5% and 2.2%, respectively. Particularly, we achieve re-
markable gains of 13.4% and 6.4% mAP for bike, under-
scoring the adaptability to transitional lighting and rainy
conditions. Finally, in the Night Clear scenario (Tab. 5),
our method achieves the best performance with an mAP
of 41.5%, further confirming its adaptability across diverse
scenarios.

Cross-City Scenarios. Geographic domain shifts be-
tween cities pose a significant challenge due to varying
urban layouts and scene characteristics. However, previ-
ous methods [11, 27, 37, 49, 59] largely overlook cross-city
adaptation scenarios. To address this limitation, we propose
a novel approach that emphasizes more expressive prompt
representations for handling cross-city variations.
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Table 5. Per-class results on Daytime Clear to Night Clear.

Cityscapes primarily focuses on street scenes, while
BDDI100K and KITTI encompass diverse road environ-
ments, including highways and parking lots. To bridge
these differences, we introduce a novel prompt represen-
tation k4, which integrates weather and city scene descrip-
tors. This representation enables the model to simulate
knowledge transfer across different weather conditions and
urban scenes, significantly enhancing its ability to handle ge-
ographic domain shifts. Quantitative results for Cityscapes
to BDD100K and KITTT are presented in Tab. 6. Compared
to state-of-the-art methods such as CLIP-GAP, PODA*, OA-
DG, and DAI-Net*, our method (UPRE) achieves average
mAP improvements of 1.9%, 1.4%, 1.4%, and 4.5%, respec-
tively.

Virtual to Real World Transitions. The virtual world
of GTAV completely differs from the real world in style.
To address this gap, we harness easily accessible virtual
data to facilitate detector adaptation to unseen real-world
domains. Specifically, we integrate real-world weather con-
ditions, such as rain, fog, and night, into the sunny virtual
world, transforming it into a more realistic and diverse rep-
resentation. This approach ensures consistent and transfer-
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Figure 5. The t-SNE visualization of image embeddings across five
domains using identical images and experimental settings. CLIP
(Left) represents coarse generalization capabilities, whereas UPRE
(Right) exhibits superior adaptation to each target domain.

BDDI100K
Motor  Person
17.8 24.1
20.2 20.1
20.4 20.9
19.6 33.7
17.3 30.1

19.7 34.7

KITTI
AP of Car
72.5
72.9
3.6
73.0
713

74.3

Method

Faster-RCNN[46]
CLIP-GAP[49]
PODA* [14]
OA-DG[27]
DAI-Net*[13]
UPRE(Ours)

Bus
219
224
23.1
17.3
18.1

[238

Bike
27
232
27
24.0
22,0

24.5

Car
36.9
47.2
46.5
42.8
36.9

48.7

Rider
254
30.2
31.0
28.2
29.2

31.9

Truck
22.6
15.0
18.5
203
18.4

21.5

mAP
245
26.3
26.7
272
22.8

287 |

Table 6. Quantitative results on Cross-City Scenarios.

able prompt representations across domains under varying
weather conditions.

By simulating real world weather effects in the virtual
domain, our method bridges the gap between synthetic and
real world data. Quantitative results for virtual-to-real world
transitions are presented in Tab. 7. Our method outperforms
existing approaches across three real-world datasets, achiev-
ing mAP improvements of 1.6%, 1.5%, 1.8%, and 7.3%
compared to CLIP-GAP, PODA*, OA-DG, and DAI-Net*,
respectively. The superior performance of our method can
be attributed to its ability to effectively simulate real-world
conditions within the virtual domain.

The visualization of the domain embeddings. As de-
picted in Fig. 5 (left), although CLIP possesses general-
ization abilities, it lacks discrimination in embeddings for
different weather conditions, such as the entanglement of
Night Clear and Night Rainy embeddings. In Fig. 5 (right),
UPRE enhances CLIP’s performance and achieves superior
domain adaptation capability.

4.4. Ablation Study

Effect of Prompt Setting. Tab. 8 compares different prompt
settings, where either complete descriptions or only key-
words are utilized. The learnable prompt with a complete
prompt structure improves mAP by an average of 3.0%,
demonstrating its effectiveness in capturing cross-domain
knowledge. By maintaining the complete prompt, the learn-
able context can focus on acquiring domain-specific knowl-
edge critical for cross-domain object detection, as described
in Sec. 3.1. However, we find that using a learnable context
with shared parameters hurts performance, e.g., reducing
mAP by 2.4% on Night Rainy. This underscores the impor-
tance of prompt design, as mere learnability without proper
constraints or separation is suboptimal.

Analysis of Image-level Enhancement. We study var-
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Method Cityscape | BDD100K | KITTI
Faster-RCNN[46] 34.3 29.8 47.0
CLIP-GAP[49] 46.8 353 60.7
PODA* [14] 46.5 36.1 60.3
OA-DGI[27] 47.0 35.6 59.5
DAI-Net*[13] 41.8 30.7 53.1
UPRE(Ours) [ 479 | 378 | 619

Table 7. Quantitative results on Virtual-to-Real World Transitions.

Learnable | Static | Daytime Foggy Night Clear Night Rainy Dusk Rainy
w/lo K 37.2 375 17.0 31.7
w/o C 38.2 393 17.9 322

w K 387 40.1 186 33.0
w+S C 38.0 39.7 17.4 322
w C 40.0 41.5 19.8 34.5

Table 8. Effect study of prompt setting. w/o and w denote without
and with learnable prompt, respectively. S represents using one
shared learnable parameters. K defines that prompt only contains
key word, while C represents using complete prompt in Sec. 3.1.

Ly | L; | £, | Daytime Foggy Night Clear Night Rainy Dusk Rainy | MAD
v - - 35.7 16.5 29.7 0.8
ol - 380 380 177 313 17
- -V 37.2 375 17.2 30.8 0.3
vV v |V 38.7 38.8 18.3 32.5 0.4

Table 9. Analysis of the RDD. The check mark denotes the addi-
tion of the loss. MAD is Mean Absolute Deviation, representing
discrete fluctuation range of data.

ious loss combinations in the RDD in Tab. 9. Our default
setting, which includes £,, £ and L,, achieves the best
and most stable performance compared to other configu-
rations. Using only £, leads to performance degradation,
while adding £ can result in instability due to conflicting
optimization objectives. Notably, incorporating £, into the
enhancement further averagely improves mAP by 0.8% and
MAD by 1.3%, demonstrating its effectiveness in aligning
multi-modal representations and stabilizing training. This
highlights the importance of balancing enhancement and
constraint losses to achieve robust domain adaptation.

5. Conclusion

In this paper, we propose a unified prompt and representa-
tion enhancement framework to mitigates both detection and
domain biases for ZSDA in object detection. By jointly opti-
mizing textual prompts and visual enhancements within ob-
ject detection framework, our method effectively mitigates
detection and domain biases. Specifically, MDP provides
language priors for the target domain while also capturing
diverse adaptation knowledge for cross-domain object de-
tection. Meanwhile, URE diversifies domain styles under
the guidance of the prompt representations. Additionally,
our multi-level training framework, which incorporates the
RDD and PNS enhancement strategies, effectively unlocks
the potential of VLMs. Extensive experiments across mul-
tiple settings demonstrate the effectiveness of our approach
in breaking the biases mitigation trade-off.
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