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Abstract

Existing studies typically investigate domain shift and cat-
egory shift as independent problems, however, in real-
world scenarios, the two types of shifts often occur simul-
taneously and interact, leading to significant degradation
in detection performance. To address this, we propose
and systematically study a novel problem—Open-Domain
Open-Vocabulary (ODOV) object detection—which aims
to evaluate a model’s ability to adapt to the compound
domain and category shifts in real-world environments.
We construct a new benchmark, OD-LVIS, which contains
46,949 images spanning 15 diverse real-world scenarios
and 1,203 categories, for assessing object detection per-
formance. Furthermore, we propose a novel ODOV de-
tection baseline that fully leverages VLM’s powerful multi-
modal alignment capabilities and introduces two key mech-
anisms to enhance both category and domain general-
ization. One is the Domain-Agnostic Category Prompt
(DAPmt), which strengthens category semantics while at-
tenuating domain representations, enabling pure category
representation. The other is the Domain Projection and
Grafting (DP&G) module, which incorporates domain-
specific features from input images, allowing the model to
dynamically generalize across diverse open domains. These
two components enable the model to maintain effective de-
tection performance under simultaneous category and do-
main variations in real-world scenarios. We provide exten-
sive benchmark evaluations for the proposed ODOV detec-
tion task and report experimental results. These results val-
idate the soundness of the ODOV task, the practicality of
the OD-LVIS dataset, and the superiority of the method.

1. Introduction
Object detection is a fundamental task in computer vision,
which aims at locating and identifying objects within im-
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Figure 1. Illustration of the ODOV object detection model, show-
ing the simultaneous occurrence of category and domain shifts.
Blue dashed lines indicate domain shifts, primarily reflected in
stylistic variations—for example, the training data comprise real-
world photographs, while the test data may include cartoon or
watercolor-style images. Red dashed lines indicate category shifts,
characterized by changes in category distribution, such as new cat-
egories (e.g., chairs, cars) appearing in the testing stage.

ages. Recent years have witnessed the rapid development
of object detection, which, however, is still with unsolved
problems for real-world applications. On one hand, due to
the labor-intensive and costly manual annotation process for
bounding boxes, the annotated object categories in the ob-
ject detection dataset (for training) are limited, which are
certainly smaller than the category vocabulary in the real
world (category shift). On the other hand, most exist-
ing works have primarily focused on handling clear natu-
ral images. However, in many dynamically evolving real-
world scenarios, such as autonomous driving, video surveil-
lance, and internet search, the acquired images are often
neither high-quality nor high-resolution. Instead, they may
be plagued by various types of degradation or style differ-
ences (domain shift). For instance, the images captured
in rainy or foggy weather (from the scene), with low resolu-
tion or various noises (during the imaging), or with different
artistic styles (Internet data), etc.

We find that current research on object detection (OD)
in open scenes has noticed the above two problems, how-
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ever, they are often studied in isolation. Such as the one-
shot OD [2, 15, 66, 76], open-world OD [36, 38, 59], and
the most recent open-vocabulary OD [12, 62] are designed
for the open-category detection problem. Besides, for the
open-domain setting, domain adaption, domain generaliza-
tion have been used for OD task [9, 33, 44, 52, 60, 61, 73],
and some image restoration methods are also applied to
the downstream OD task [54, 57, 58]. Actually, the com-
pound category and domain shifts are more common in real-
world scenes. For example, from indoor (training) to out-
door (testing) scenes, object categories often change signif-
icantly, while the visual domain of images also shifts, such
as under different lighting, weather conditions, etc.

In this work, we propose a novel problem, namely open-
domain open-vocabulary (ODOV) object detection to ad-
dress the compound generalization of categories and do-
mains, as shown in Fig. 1. Specifically, during training,
we learn the detection model only on the base categories
with the natural domain. In testing, we expect the model
can detect and classify the objects with unseen categories
and domains. Clearly, this problem is more practical yet
challenging, it faces two main new difficulties.

• Challenge distinction: Category generalization and do-
main generalization usually rely on distinct mechanisms.
Category generalization emphasizes enhancing a model’s
ability to recognize diverse objects, whereas domain gen-
eralization focuses on adapting to shifts in visual distri-
butions, such as variations in artistic style or environmen-
tal conditions. Improper integration of these two mecha-
nisms may undermine both category recognition and do-
main generalization, severely degrading overall detection
performance. Thus, striking a balance between category
and domain generalization constitutes the central chal-
lenge and research value of ODOV.

• Benchmark shortage: Existing large-scale detection
datasets (e.g., LVIS) cover only a single domain (natural)
images and fail to capture the complexity and diversity of
real-world scenarios. In contrast, open-domain detection
datasets (e.g., BDD100K [69]) include multiple visual do-
mains but remain restricted to a few categories such as
pedestrians and vehicles. As a result, current benchmarks
either offer rich category diversity without multi-domain
coverage or provide multi-domain variation with limited
categories, and thus never simultaneously address the re-
search needs of both domain and category shift.

Considering these two difficulties, we construct a new
benchmark and establish the first unified framework for
ODOV object detection, aiming to encourage attention to
and exploration of solutions to this critical setting. With
respect to the benchmark, we introduce a new evaluation
dataset to systematically assess algorithms on the ODOV
object detection task. Specifically, we design it based on
the LVIS validation set and name it the Open-Domain LVIS

benchmark (OD-LVIS). OD-LVIS contains 46,949 images,
covering the same 1,203 categories as LVIS (including both
base and novel categories), and is randomly distributed
across 15 diverse and complex real-world domains, thereby
more faithfully simulating continuously changing open en-
vironments. For models trained on LVIS base categories,
OD-LVIS further incorporates rare (novel) categories and
more challenging domain environments, thereby providing
a more comprehensive and practical benchmark for ODOV
object detection. With respect to the method, unlike previ-
ous approaches that leverage large vision-language models
(VLMs) such as CLIP [43] and ALIGN [19] to address ei-
ther domain generalization [49] or open-vocabulary detec-
tion [1, 12, 28, 32, 37, 55, 62, 65, 77], we propose a novel
strategy, designed to fully exploit the cross-modal align-
ment capabilities of VLMs and uncover their generalization
potential across both semantic and domain dimensions. By
dynamically integrating domain representations with cate-
gory descriptions, we construct adaptive prompts that align
with the semantic and domain characteristics of the input
image, effectively addressing the intertwined challenges of
category shift and domain shift in real-world scenarios.

Specifically, we leverage CLIP, a model trained on mas-
sive categories and domains with powerful representational
capacity. To enhance the robustness of text embeddings
under category and domain shifts, we guide a large lan-
guage model with instructions to generate descriptions that
highlight distinctive category attributes while downplay-
ing domain-specific information. These serve as Domain-
Agnostic Category Prompts (DAPmt), mitigating the am-
biguity (e.g., bat may refer either to a flying animal or a
baseball bat) and domain constraints introduced by generic
text prompts. We further design a Domain Projection and
Grafting (DP&G) module that extracts domain-specific em-
beddings from input images and fuses them with DAPmt to
generate domain-customized category embeddings. This
mechanism enables the model to dynamically construct cus-
tomized category text embeddings for each image, signif-
icantly enhancing its domain generalization capability in
ODOV object detection. On OD-LVIS, we evaluate five
backbones—CLIP RN50×16, CLIPSelf ViT-B/16 and ViT-
L/14, and DeCLIP ViT-B/16 and ViT-L/14—and obtain
gains of 1.8%, 2.1%, 1.5%, 1.8%, and 1.4% in AP , respec-
tively. Moreover, our method consistently achieves the best
overall performance compared with existing approaches.

2. Related Work
Open-vocabulary object detection (OVD) [71] aims to
detect objects from novel categories unseen during train-
ing. Leveraging the zero-shot capabilities of vision-
language models (VLMs), recent advancements in OVD
have emerged. Works like [24–26, 50, 63] use region-
aware training to integrate image-text pairs, improving clas-



sification, especially for novel categories. Studies such
as [18, 22, 35, 77, 81] use large-scale image-text data, pre-
trained VLMs, or pseudo-labels to predict novel categories
and fine-tune the model with both pseudo and base labels.
Other methods [1, 8, 12, 32, 41] employ knowledge dis-
tillation from VLMs to achieve OVD, transferring knowl-
edge while enhancing localization. Some approaches build
detectors on frozen VLMs [28, 37, 55, 56, 62], avoiding
knowledge loss in fine-tuning and maximizing generaliza-
tion. In this work, we use frozen VLMs as encoders, ex-
ploring their potential for category and domain generaliza-
tion through prompt adjustment, revealing their strengths in
open-domain and open-vocabulary object detection.

Domain Generalization (DG) based object detection
aims to train a detector on multiple source domains to gen-
eralize to unseen target domains. Early work [33] used fea-
ture disentanglement for cross-domain generalization, fol-
lowed by the Gated Disentangling Network [73], which ac-
tivates feature channels for domain-invariant aspects. How-
ever, these methods rely on multiple domains and do-
main labels. Single Domain Generalized (SDG) object de-
tection [60] addresses training with only one source do-
main. CDSD [60] separates domain-invariant from domain-
specific representations, CLIP the Gap [52] uses pre-trained
VLM, SRCD [44] reduces spurious correlations, and G-
NAS [61] introduces a generalization loss to prevent Neu-
ral Architecture Search (NAS) overfitting. In this work, we
adopt the SDG setting, using single-source domain data for
training and evaluating multiple open domains. Our bench-
mark includes 15 diverse open domains, providing a more
complex testbed than prior works.

Prompt learning for VLM adaptation. VLMs [19, 43,
51, 68, 70, 72] bridge image and text effectively. Pretrained
on vast image-text pairs, models like CLIP [43] excel in
open-scene recognition. However, adapting them to spe-
cific tasks with limited data is challenging. Text prompts
guide VLMs, but even advanced prompt learning meth-
ods [23, 78, 79] still require training data. The recently
proposed Test-time Prompt Tuning (TPT) [48] optimizes
prompts by minimizing entropy through confidence-based
selection, ensuring consistent predictions across different
augmented views of each test sample. However, it re-
mains inadequate when confronted with distribution shifts.
Our work explores VLM adaptation for open-domain and
open-vocabulary settings at test time. By fusing style fea-
tures with category descriptors, we dynamically create task-
relevant embeddings, enhancing generalization across new
categories and domains. Unlike traditional test-time prompt
tuning (e.g., TPT), our approach does not require continu-
ous adaptation on a single-style dataset. Instead, it directly
addresses randomly varying distribution shifts, thereby sub-
stantially enhancing the model’s cross-domain generaliza-
tion across both categories and domains.

Table 1. Comparison of OD-LVIS and other detection datasets.
Name #Year #Image #Category #Domain #Domain Type

MS COCO (val) [34] 2014 5,000 80 1 Normal
Cityscapes [5] 2016 3,475 8 1 Weather
Sim10K [21] 2016 10,000 1 1 Weather
WIDER FACE [67] 2016 32,000 1 1 Normal
Foggy Cityscapes [46] 2018 3,475 8 1 Weather
Clipart [17] 2018 1,000 20 1 Art
Watercolor [17] 2018 1,905 6 1 Art
Comic [17] 2018 1,905 6 1 Art
UFDD [39] 2018 884 1 1 Normal
RTTS [29] 2018 9,109 5 1 Weather
Objects365 [47] 2019 100,000 365 1 Normal
LVIS (val) [13] 2019 19,809 1,203 1 Normal
BDD100K [69] 2020 41,986 10 12 Weather
ODinW35 [30] 2022 20,000 314 1 Normal
MSOSB [75] 2024 76,146 80 5 Art

OD-LVIS 2025 46,949 1,203 15 Art, Weather,
Noise, Blur...

3. ODOV Object Detection Benchmark

3.1. Motivation
As shown in Table 1, we summarize existing object detec-
tion datasets as follows. 1) General-category detection: Cli-
part [17], Watercolor [17], Comic [17], and MSOSB [75],
with artistic styles; MS COCO [34], Objects365 [47],
ODinW [30] and LVIS [13] consisting of common images
with LVIS offering a more extensive set of categories often
used for OV tasks. 2) Specific-category detection: WIDER
FACE [67], a dataset representing common photographic
scenes, focused solely on the face category. Besides, pedes-
trian detection and vehicle detection are also very popu-
lar with a series of datasets [6, 40, 74], etc. 3) Traffic
scene detection: Cityscapes [5], BDD100K [69], Foggy
Cityscapes [46], UFDD [39], RTTS [29], and Sim10K [21]
contain unique weather conditions to test the domain gen-
eralization performance of models, but primarily focus
on a limited set of objects common in traffic scenarios.
Overall, the above existing datasets do not meet the re-
quirement of containing simultaneous open-domain and
open-category scenes.

This way, we build OD-LVIS, a dedicated evaluation
benchmark designed specifically for ODOV object detec-
tion, encompassing a diverse range of categories and com-
plex real-world scenarios. Specifically, we select the LVIS
as our basic dataset. On the one hand, we retain all object
categories from LVIS (including both base and novel cat-
egories) to ensure the benchmark’s category diversity. On
the other hand, to enhance the domain diversity, we extend
the data by considering two aspects, i.e., the image styles
and the imaging conditions. Specifically, for the former,
we collect nine distinct styles, i.e., black-and-white pencil
sketches, color pencil sketches, oil paintings, cartoons, wa-
tercolors, symbolism, impressionism, gothic art, and lyri-
cal abstraction. For the latter, we also consider six imag-
ing conditions, i.e., rain, haze, illumination variations, low
resolution, noise (Gaussian white noise and salt-and-pepper
noise), and blur (Gaussian blur, motion blur, and out-of-
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Figure 2. The t-SNE visualization of feature-level style statistics
from the CLIP image encoder (ViT-B/16) outputs for ‘apple’ sam-
ples. The samples cluster by domain characteristics.
focus). As a result, OD-LVIS comprises 46,949 images
across 15 different real-world domains, shares categories
with LVIS, and adheres to its annotation guidelines, estab-
lishing a standardized benchmark for ODOV object detec-
tion evaluation. As shown in Fig. 2, we extract features of
the apple category samples using the CLIP image encoder
(ViT-B/16) and visualize them with t-SNE, clearly showing
that the samples cluster according to their domain character-
istics. Finally, since OD-LVIS shares categories with LVIS,
it can be combined with LVIS as training data to further
evaluate the domain generalization ability of object detec-
tion models across 15 different scenarios.

3.2. Preliminary Experiments on OD-LVIS
We investigate the impact of OD-LVIS on existing detec-
tor. Take the haze and noise for example, we evaluate the
SOTA OVD method F-ViT (DeCLIP ViT-B/16) [56] in Ta-
ble 2, where m and k control the levels of haze and noise,
respectively (larger values indicate more severe shifts). Re-
sults show that as domain shifts increase, model perfor-
mance declines significantly, demonstrating the necessity of
the studying on ODOV detection and OD-LVIS benchmark.

Please refer to the supplementary material for details
on Data Generation, Cleaning, and Annotation.
Table 2. Results on images with varying degrees of degradation.

Data Degree / AP (%) Degree / AP (%)
Source - / 26.5 - / 26.5
Haze m=0.05 / 24.5 m=0.08 / 20.7
Noise k=0.04 / 13.7 k=0.06 / 12.3

4. The Proposed Baseline Method
4.1. Problem Formulation
We first provide the problem formulation of the proposed
ODOV object detection problem. During the training stage,

we use the data from the single source domain (i.e., the nat-
ural image domain). Specifically, the training image dataset
is notated as Dtrain = {Itraini , Li}Ni=1, where N is the num-
ber of training images, Ii denotes an image from the source
domain with the detection latel Li for it. The label Li is
composed of {bi, ci}, in which bi indicates all the anno-
tated object bounding boxes in Ii, and the corresponding
object categories are stored in ci. Note that, all the (anno-
tated) object categories contained in Li of the training set
Dtrain are from the base category set, i.e., Cbase.

During the testing stage, the ODOV object detection
task requires the model to be applied under open-domain
conditions as well as open-vocabulary conditions. Specifi-
cally, the testing images are from hybrid open domains (e.g.,
with various image styles), which are denoted as Dtest =
{Itestj }Mj=1 and M is the dataset scale. For each test image
Itestj , the desired output is the predicted object bounding
boxes with corresponding categories, i.e., {bj , cj}. Note
that, following the open-vocabulary detection setting, the
predicted objects contain both the base categories Cbase

(appearing in training) and the novel categories Cnovel (un-
seen during training), which are combined as the open-
vocabulary category set, i.e., Copen = Cbase + Cnovel.

4.2. Overview of The Method
We aim to fully exploit the generalization capability of pre-
trained VLMs (e.g., CLIP) to handle the ODOV object de-
tection, and propose a baseline method – ODOV Detector
(DVtor). As illustrated in Fig. 3, we adopt a frozen CLIP
encoder and propose a novel strategy that dynamically gen-
erates customized Domain-category embeddings based on
test images, thereby accommodating both category diversity
and domain variability. On the one hand, we introduce the
Domain-Agnostic Category Prompt (DAPmt) to emphasize
intrinsic category semantics while avoiding the limitations
imposed by style information. On the other hand, we design
a learnable Domain Projection and Grafting (DP&G) net-
work, which integrates domain-specific features of the input
image with DAPmt.

Since the training images originate only from a single
source domain, we align prompts with image embeddings
during training through implicit domain augmentation and
contrastive learning.

4.3. Domain-Agnostic Category Prompt (DAPmt)
VLMs such as CLIP associate the visual images with text
captions through large-scale pre-training. CLIP based open-
scene detection has achieved high accuracy on multiple
datasets, utilizing the manually crafted prompts (e.g., ‘a
photo of {}’) as the text prompts. Such simple prompts
are easy to obtain, but can not make full use of the VLMs,
which is especially highlighted in the ODOV setting since
the same category of object from different domains shows
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Figure 3. Overview of DVtor. We use the generalization ability of pre-trained VLM (CLIP) by decoupling domain-aware representations
and combining them with domain-agnostic category embeddings to adapt to the ODOV object detection task.

various characteristics. Some recent works [1, 12, 28, 62,
77] manually design the prompt templates considering the
dataset characteristics. For example, using templates like ‘a
black-and-white photo of {}’ or ‘a rainy photo of {}’, which
are time-consuming and also difficult to generalize to other
datasets. Although several learnable and automated prompt
generation methods [7, 10, 20, 27, 31] have been proposed,
they often rely on generic category descriptions, overlook-
ing category-specific attributes and the style information, as
their focus remains on conventional OVD tasks.

To address the above challenge of generating low-
ambiguity prompts applicable across diverse open domains,
we advocate the use of large language models (LLMs) to
generate such prompts. Specifically, the LLM produces
category-specific yet domain-independent attribute descrip-
tions for each category in the dataset, serving as Domain-
Agnostic Category Prompt (DAPmt). This approach avoids
the limitations caused by domain shifts and reduces am-
biguities arising from category names through rich at-
tribute descriptions. By generating text with fine-grained
attributes, it not only enhances the discriminability of simi-
lar categories but also preserves generalizability across dif-
ferent domains.

Specifically, for each category, we provide the large lan-
guage model (LLM, e.g., ChatGPT-4o) with a unified in-
struction template: ‘A/An {category} has/is [Appearance
feature1], [Appearance feature2], . . . ’. During generation,
we guide the model to ensure that attribute elements are
non-redundant, emphasize each category’s distinctive visual
properties, and disregard domain information to preserve
cross-domain consistency. For example, for the category
{Airplane}, the generated description is: ‘An airplane is a
large vehicle with long wings and a streamlined body’. The
resulting descriptions exhibit strong robustness to domain
shifts, enabling them to generalize across diverse styles and
contexts. At the same time, we deliberately exclude infor-

mation such as color that is easily influenced by domain
factors, reducing interference from illumination or artistic
styles. Although the method still requires minor manual ad-
justments, it significantly reduces the workload compared
with traditional approaches that rely heavily on handcrafted
prompts. Overall, this strategy aims to produce domain-
agnostic category prompts that enable the model to form
a general and precise understanding of categories, thereby
improving its robustness in ODOV object detection tasks.

4.4. Domain Projection and Grafting (DP&G)
To further address the ever-changing domain shift problem,
we propose Domain Projection and Grafting (DP&G). The
core idea is to extract the domain embeddings (such as
style or imaging conditions) of each input image and in-
tegrate them with the category text embeddings of DAPmt,
producing customized embeddings that jointly capture both
domain and category information. In the following, we
present the detailed implementation of this strategy.

Domain-aware embedding extraction. First, we ex-
tract the multi-level domain-aware features. Specifically,
during training on single source-domain data, we first ap-
ply random perturbations to the features based on the clas-
sic AdaIN [16] and NP [9] to simulate domain variations 1.
Then, for an input image I, we extract the (disturbed) fea-
ture map Fl ∈ RW×H×C from the lth layer of the image
encoder E , in which W,H,C denote the height, width, and
channel, respectively. For the cth channel, the mean µc

l and
standard deviation σc

l are computed as µc
l=avg(Fc

l (w,h)),σc
l =√

avg(Fc
l (w,h)−µc

l )
2
. We contact all C channels of µc

l and σc
l

to obtain the mean/standard deviation vectors, as µl ∈ RC

and σl ∈ RC . This way, we can obtain the initial domain-
aware features by concatenating the mean and standard de-

1Following the rationale in [16], the mean and standard deviation in the
feature map implicitly represent the domain-aware information.



viation vectors as El = [µl;σl] .
The domain feature of layer l namely El is then pro-

cessed through adaptive average pooling and a fully con-
nected layer to align the dimension with that of the DAPmt
embeddings (Sec. 4.3). As shown in Fig. 3, we extract
the domain features from multiple layers. These features
are then input into an aggregation network to get the fi-
nal domain embedding Edomain, in which a set of learnable
weights dynamically balances the contributions from each
layer through weighted integration.

We then consider to project the domain embeddings
Edomain into a regularized embedding space. Specifically,
we hope the learned domain-aware embeddings are irrel-
evant (orthometric) to the category embeddings. For this
purpose, we apply an orthogonality constraint loss, which
minimizes the similarity between the domain embeddings
and the category DAPmt embeddings, thereby effectively
separating them, as

Lorth =

Cbase∑
g=1

cossim
(
Edomain,E

g
category

)
, (1)

where Edomain represents the learnable domain embeddings,
Eg

category denotes the DAPmt embeddings for the gth cat-
egory, Cbase is the total number of (base) categories, and
cossim denotes the cosine similarity.

Grafting the domain-specific embedding to DAPmt.
Finally, we develop a domain and category embedding
fusion (DCF) module. Specifically, we concatenate the do-
main and category embeddings, followed by a multi-layer
perception (MLP) to project it into the fusion space as

Eg
fusion = MLP([Edomain;E

g
category]), (2)

which denotes the fused embedding for the g-th category.
After that, to preserve core semantic information from

the category text descriptions, a residual connection of
Eg

category is applied as
Eg

DCF = α ·Eg
fusion + (1− α) ·Eg

category, (3)

where a learnable parameter α within the range [0, 1] is used
to dynamically balance the direct fusion embedding and the
original category embedding Eg

category.
After the DCF module, the proposed method grafts the

domain-specific embedding (from the input image) on the
domain-agnostic category embedding (from DAPmt), to
generate the domain-customized category embeddings for
each given image and category prompt, thereby improving
the ODOV detection ability.

Finally, during training, disturbed visual features ex-
tracted from the image encoder form Fl, while ROI
Align [14] generates the object-level features FRoI. The
domain–category embedding EDCFg is aligned with FRoI
using a contrastive loss as

Lcons = 1−
Eg

DCF · FRoI

∥Eg
DCF∥∥FRoI∥

, (4)

where ∥ · ∥ is the L2 norm of a vector.

4.5. Implementation Details
Training stage. During training, we apply random pertur-
bations to the mean and standard deviation of the first and
second layer features output by the image encoder, and si-
multaneously, the multi-layer domain features in DP&G are
drawn from layers [3, 5, 7, 11] of ViT-B/16, layers [6, 10,
14, 23] of ViT-L/14, and all layers of ResNet. Our method
is trained using 16 3090 GPUs, with a batch size of 10 per
GPU. We use AdamW configured with a learning rate of
10−4 and a weight decay of 0.1. Training is conducted on
the LVIS training set for 50 epochs.

Detailed illustrations and descriptions of testing stage
are provided in the supplementary material.

5. Experimental Results
5.1. Setup
ODOV settings. For the open domain, we train the models
on single-domain natural images (LVIS training set) and test
on all 15 open-domains in OD-LVIS, similar to the single-
domain generalization setting [42]. For the open vocabu-
lary, we follow the OV-LVIS in ViLD [12] for dataset split-
ting. Among all categories in OD-LVIS, i.e., in OV-LVIS,
405 ‘frequent’ and 461 ‘common’ categories are assigned
as base categories for training, while 337 ‘rare’ categories
are novel categories only for testing. Note that, OD-LVIS is
the only benchmark meeting the ODOV setting, so all main
experiments are conducted on it.

Evaluation methods. To build the benchmark evalu-
ation of the ODOV detection, we selected several main-
stream VLM-based OVD methods for comparison on OD-
LVIS. Specifically, we include the transfer learning ap-
proaches, i.e., F-VLM [28], OWL-ViT [37], CLIPSelf [62],
DeCLIP [56], MM-OVOD [65], and OV-DQUO [55], and
several knowledge distillation methods, i.e., RKDWTF [1],
DK-DETR [32], RegionCLIP [77], and region-aware train-
ing method YOLO-World [4], YOLOE [53]. We also
include two recent domain generalization (DG) meth-
ods, ALT [11], ABA [3], NP [9], MixStyle [80], and
PhysAug [64] for comparison.

Evaluation metrics. For the evaluation metrics, the av-
erage precision on ‘frequent’ and ‘common’ categories, de-
noted as APf and APc, respectively, serves as the metric for
base categories, while the average precision on ‘rare’ cate-
gories, denoted as APr, is used to evaluate novel categories.
The average precision for all categories is denoted as AP .

5.2. Main Results on OD-LVIS
Table 3 shows the results of all comparative methods and
our DVtor on OD-LVIS. We can first see that, the pro-
posed DVtor (DeCLIP ViT-L/14) with the DAPmt and
DP&G network, achieves the best performance among all
competitors. Specifically, when using CLIPSelf ViT-L/14



Table 3. Comparison with SOTA on OD-LVIS (%).
Method Backbone Training Data APf APc APr AP

RegionCLIP [77] RN50∗ CC3M 16.6 13.0 9.7 13.9
RN50x4∗ 19.5 15.8 12.4 16.7

OWL-ViT [37] ViT-B/16 O365 + VG 13.1 13.9 13.2 13.5
ViT-L/14 22.1 21.6 19.9 21.5

RKDWTF [1]

RN50∗ Base

LVIS-base + IN-L

14.6 12.4 8.7 12.6
RN50∗ RKDPIS 13.4 12.1 10.3 12.3

RN50∗ WTF 14.0 12.5 11.3 12.9
RN50∗ WTF8x 15.8 14.3 11.9 14.5

DK-DETR [32] RN50 LVIS-all 21.1 19.4 15.3 19.4
MM-OVOD [65]

RN50∗ Agg
LVIS-base 20.5 19.8 14.0 19.0

+ DAPmt 20.8 20.4 14.5 19.5
MM-OVOD LVIS-base + IN-L 20.4 20.4 15.9 19.6

+ DAPmt 21.1 20.9 16.0 20.1
YOLO-World [4]

YOLOv8-L∗
O365 + GoldG

21.9 19.1 19.3 20.2
+ DAPmt 22.0 19.6 19.7 20.6

YOLOE [53]
YOLOv11-L∗ 13.7 8.6 6.8 10.3

+ DAPmt 14.3 9.5 9.1 11.3
OV-DQUO [55] ViT-B/16

LVIS-base

12.8 14.8 14.8 14.0
+ DAPmt 13.5 15.3 15.8 14.7

OV-DQUO ViT-L/14 16.4 20.6 21.2 19.1
+ DAPmt 17.2 21.5 22.3 20.0

F-VLM (CLIP) [28]

RN50x16

16.7 14.4 13.7 15.2
+ DAPmt 17.2 15.3 14.7 16.0
+ DP&G 17.5 16.2 15.2 16.5

DVtor (CLIP) 17.6 16.9 15.8 17.0
F-ViT (CLIPSelf) [62]

ViT-B/16

17.1 12.0 12.2 14.0
+ DAPmt 17.5 12.7 13.2 14.7
+ DP&G 18.6 13.8 13.7 15.7

DVtor (CLIPSelf) 19.0 14.3 14.0 16.1
F-ViT (CLIPSelf)

ViT-L/14

22.5 21.3 20.2 21.6
+ DAPmt 22.8 21.7 20.8 22.0
+ DP&G 23.5 22.2 21.5 22.6

DVtor (CLIPSelf) 23.9 22.9 21.6 23.1
F-ViT (DeCLIP) [56]

ViT-B/16

17.8 12.9 13.2 14.9
+ DAPmt 18.3 13.6 14.6 15.6
+ DP&G 18.8 14.1 14.9 16.1

DVtor (DeCLIP) 19.5 14.7 15.5 16.7
F-ViT (DeCLIP)

ViT-L/14

23.0 21.7 21.4 22.2
+ DAPmt 23.6 22.0 22.6 22.7
+ DP&G 24.1 22.3 22.8 23.1

DVtor (DeCLIP) 24.9 22.6 23.2 23.6

Notes: IN-L denotes the inclusion of images corresponding to the 997 cat-
egories shared between ImageNet-21k-P [45] and LVIS, ‘∗’ indicates that
the backbone is not initialized with CLIP, O365 is an abbreviation for Ob-
jects365, CC3M, GoldG, and VG are all publicly available datasets.

(304.43M) as the backbone, DVtor surpasses F-ViT with
the same backbone by 1.4%, 1.6%, 1.4%, and 1.5% on
the frequent, common, rare, and overall categories, re-
spectively. Moreover, with the DeCLIP ViT-L/14 back-
bone, DVtor further achieves improvements of 1.9%, 0.9%,
1.8%, and 1.4% over F-ViT across the same four cate-
gory groups. For smaller networks, such as CLIPSelf and
DeCLIP with ViT-B/16 (86.26M), our method achieves
overall AP improvements of 2.1% and 1.8% compared
with F-ViT using the same backbone. In addition, DV-
tor with RN50×16 (167.33M) surpasses F-VLM with the
same backbone by 1.8% in overall AP , and notably, our
RN50×16 model (17.0% @AP ) even outperforms F-VLM
with a much larger RN50×64 backbone (16.9% @AP ).
These results demonstrate the remarkable advantages of the
DAPmt and DP&G modules in enhancing generalization for
open-domain detection. Moreover, the overall performance
of all methods on OD-LVIS remains relatively low, high-
lighting the challenging nature of this benchmark and the
substantial room for further improvement.

5.3. Ablation Study

Effectiveness of the proposed DAPmt. As shown in Ta-
ble 3, when we integrate DAPmt (‘+ DAPmt’) into F-
VLM (CLIP RN50×16), F-ViT (CLIPSelf ViT-B/16 and
ViT-L/14), and F-ViT (DeCLIP ViT-B/16 and ViT-L/14),
it achieves improvements of 1.0%, 1.0%, 0.6%, 0.6%, and
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Figure 4. The different fusion structures.

Table 4. Comparison of the fusion structures on OD-LVIS (%).
Method Struct. APf APc APr AP

DVtor (DeCLIP ViT-B/16)

(a) 19.5 14.7 15.5 16.7
(b) 17.6 12.7 13.1 14.7
(c) 18.1 13.1 9.5 14.4
(d) 18.0 11.9 13.2 14.5

1.2% on the ‘rare’ categories, respectively. These results
indicate that introducing DAPmt in the training process en-
ables our model to effectively learn the category semantics
from CLIP, thus enhancing the model’s generalization ca-
pabilities. Moreover, we apply DAPmt to the inference of
various OVD frameworks, including MM-OVOD, YOLO-
World, YOLOE, and OV-DQUO, all of which achieve con-
sistent and significant performance improvements, further
demonstrating the generality and robustness of DAPmt.

Effectiveness of the proposed DP&G. To validate the
DP&G solely, we train DP&G based on fixed prompt tem-
plates (e.g., ‘a photo of {}’) instead of using DAPmt. As
shown in Table 3, we integrate the DP&G network into
both F-VLM and F-ViT frameworks (‘+ DP&G’). The re-
sults show that, when using CLIPSelf ViT-B/16 and ViT-
L/14 as backbones, DVtor surpasses F-ViT by 1.5%, 1.8%,
1.5%, and 1.7%, as well as by 1.0%, 0.9%, 1.3%, and 1.5%
on the frequent, common, rare, and overall categories, re-
spectively. Similar performance improvements are also ob-
served when F-ViT adopts DeCLIP ViT-B/16 and ViT-L/14
as backbones, and when F-VLM uses RN50×16 as the back-
bone. We attribute these improvements to the DP&G mod-
ule’s ability to effectively extract and integrate visual do-
main information, enriching the semantic representation of
customized prompts and further enhancing the model’s gen-
eralization across diverse scenarios. Moreover, compared
with models using only ‘DAPmt’ or ‘DP&G’, DVtor (i.e.,
DAPmt + DP&G) achieves superior results across all met-
rics, indicating that removing either module leads to a de-
cline in performance, thereby further verifying the effec-
tiveness and complementarity of both components.

Ablation study of different structures. As shown in
Fig. 4, we compare: (a) Ours; (b) Removing the orthogo-
nal regularization loss; (c) Removing the residual connec-
tion; (d) Replacing the DCF module with a direct weighted



Table 5. Comparison with OVD methods on OV-LVIS (%).
Method Backbone Training Data APf APc APr AP

RegionCLIP [77] RN50∗ CC3M 34.0 27.4 17.1 28.2
RN50x4∗ 36.9 32.1 22.0 32.3

OWL-ViT [37] ViT-B/16 O365 + VG - - 20.6 27.2
ViT-L/14 - - 31.2 34.6

RKDWTF [1]

RN50∗ Base

LVIS-base + IN-L

26.4 19.4 12.2 20.9
RN50∗ RKDPIS 25.5 20.9 17.3 22.1

RN50∗ WTF 26.7 21.4 17.1 22.8
RN50∗ WTF8x 29.1 25.0 21.1 25.9

MM-OVOD [65]

RN50∗ Avg LVIS-base - - 20.7 30.5
RN50∗ Agg - - 19.3 30.6
RN50∗ Avg LVIS-base + IN-L - - 26.5 32.8
RN50∗ Agg - - 27.3 33.1

DK-DETR [32] RN50 LVIS-all 40.2 32.0 22.2 33.5
YOLO-World [4] YOLOv8-L∗ O365 + GoldG 35.4 24.9 22.9 28.7
YOLOE [53] YOLOv11-L∗ 36.5 35.0 29.1 35.2

OV-DQUO [55] ViT-B/16

LVIS-base

23.8 27.7 29.4 26.5
ViT-L/14 28.5 36.0 39.5 33.7

F-VLM (CLIP) [28] RN50x16 - - 30.4 32.1

F-ViT (CLIPSelf) [62] ViT-B/16 29.1 21.8 25.3 25.2
ViT-L/14 35.6 34.6 34.9 35.1

F-ViT (DeCLIP) [56] ViT-B/16 29.8 22.4 26.8 26.0
ViT-L/14 36.5 35.2 37.2 36.0

DVtor (CLIP) RN50x16 33.0 34.1 33.1 33.5

DVtor (CLIPSelf) ViT-B/16 30.4 23.2 26.3 26.6
ViT-L/14 36.9 35.8 36.4 36.3

DVtor (DeCLIP) ViT-B/16 31.0 23.7 28.1 27.3
ViT-L/14 37.6 35.9 39.0 37.1

summation. As shown in Table 4, the structure in (b) re-
sults in an overall performance drop. This is because the
domain embeddings extracted from the input images may
still contain a small amount of object category information,
and without maintaining orthogonality, the fusion text fea-
tures contain reduced category discrimination than the orig-
inal, which negatively impacts the model’s recognition ac-
curacy. Structure (c) leads to a significant drop in accu-
racy for novel categories, indicating that the fusion process
may cause some semantic information of categories to be
lost. This indicates that the residual connection helps retain
original semantic information, thus enhancing the model’s
generalization capability for novel categories. Structure (d)
also causes an accuracy drop. This direct fusion method is
too simplistic to effectively integrate the two feature types,
resulting in suboptimal performance.

5.4. More Results
Comparison with OVD methods on OV-LVIS [12]. We
further evaluate our proposed method on the OV-LVIS val-
idation set, as shown in Table 5. Our DVtor (based on De-
CLIP ViT-L/14) achieves the highest overall AP among all
methods. Moreover, when using the same backbone, the
proposed method consistently outperforms F-ViT (CLIP-
Self and DeCLIP) and F-VLM across all four settings.
Overall, the performance improvement of our method on
OV-LVIS is relatively modest compared to that on OD-
LVIS, mainly because OV-LVIS exhibits lower domain di-
versity, whereas our method demonstrates stronger compet-
itiveness on the more diverse OD-LVIS benchmark.

Comparison with DG Methods on OD-LVIS. In Ta-
ble 6, we compare our proposed method with five domain
generalization (DG) methods based on F-ViT using DeCLIP
ViT-B/16 as the backbone on OD-LVIS. It can be observed
that our method achieves the best performance.

Cross-Dataset Transfer Results. Table 7 presents
the cross-dataset transfer results from OV-LVIS to Ob-

Table 6. Comparison with DG methods (%).
Method APf APc APr AP

F-ViT (DeCLIP ViT-B/16) 17.8 12.9 13.2 14.9
+ ALT [11] 18.2 13.2 13.1 15.1
+ ABA [3] 18.0 13.4 13.8 15.3
+ NP [9] 18.6 14.0 14.2 15.8
+ MixStyle [80] 17.9 13.3 13.5 15.1
+ PhysAug [64] 18.3 13.6 13.7 15.5

DVtor (DeCLIP) 19.5 14.7 15.5 16.7

Table 7. Cross-dataset main results on Objects365 (%).
Method Backbone Training Data APr AP AP 50

Detic [81]
RN50∗

LVIS-all 9.5 13.9 19.7
LVIS-all + IN-L 12.4 15.6 22.2

MM-OVOD [65] LVIS-all 10.1 14.8 21.0
LVIS-all + IN-L 13.1 16.6 23.1

F-VLM (CLIP) [28] RN50x16

LVIS-base

14.9 16.2 25.3

F-ViT (CLIPSelf) [62] ViT-B/16 16.8 19.0 32.3
ViT-L/14 21.7 23.7 39.2

F-ViT (DeCLIP) [56] ViT-B/16 17.6 20.2 33.1
ViT-L/14 22.3 24.5 39.8

DVtor (CLIP) RN50x16 16.2 17.9 27.6

DVtor (CLIPSelf) ViT-B/16 17.5 19.2 32.8
ViT-L/14 22.3 24.0 39.7

DVtor (DeCLIP) ViT-B/16 18.7 21.1 35.4
ViT-L/14 23.7 25.0 40.9

jects365 [47]. We compare our proposed method with De-
tic [81], MM-OVOD [22], F-VLM [28], and F-ViT (CLIP-
Self [62] and DeCLIP [56]), using the standard bounding
box AP metric on Objects365 for evaluation. In all ex-
periments, Detic and MM-OVOD are trained on LVIS-all,
where IN-L models use ImageNet-21k-P as additional weak
supervision, while F-ViT (CLIPSelf and DeCLIP) and our
method are trained on the base categories of OV-LVIS and
evaluated on the Objects365 validation set. Following MM-
OVOD, we define the bottom one-third of categories in Ob-
jects365, ranked by frequency, as rare categories. When
using CLIP RN50×16 as the backbone, our method im-
proves over F-VLM by 1.3% in APr and 2.3% in AP 50,
surpasses F-ViT (CLIPSelf) by 0.7% and 0.5%, and out-
performs F-ViT (DeCLIP) by 1.1% and 2.3%, respectively.
With ViT-L/14 as the backbone, our method also achieves
notable improvements over both F-ViT (CLIPSelf) and F-
ViT (DeCLIP). Overall, these results demonstrate that our
method exhibits significant advantages and strong general-
ization capabilities in cross-dataset transfer tasks.

Please refer to the supplementary material for visu-
alized results and analysis, as well as the limitations.

6. Conclusion
We have proposed to study a new yet practical problem
of ODOV object detection, by considering both the do-
main and category shifts. For this purpose, we construct
the benchmark OD-LVIS containing 15 domains and 1,203
categories. We have also developed a baseline method for
ODOV detection, which can generate the domain-agnostic
text prompts for category embedding, as well as the do-
main embeddings using a domain projection and grafting
network. By combining both of them, we obtain the cus-
tomized domain-specific category embedding for each test
image, which well adapts ODOV detection. We provide the
benchmark evaluation of a series of SOTA methods on OD-
LVIS. Through these efforts, we hope to pave the way for
the study of this new yet significant problem.
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