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Abstract. This paper studies the challenging cross-domain few-shot ob-
ject detection (CD-FSOD), aiming to develop an accurate object detector
for novel domains with minimal labeled examples. While transformer-
based open-set detectors, such as DE-ViT, show promise in traditional
few-shot object detection, their generalization to CD-FSOD remains un-
clear: 1) can such open-set detection methods easily generalize to CD-
FSOD? 2) If not, how can models be enhanced when facing huge do-
main gaps? To answer the first question, we employ measures includ-
ing style, inter-class variance (ICV), and indefinable boundaries (IB) to
understand the domain gap. Based on these measures, we establish a
new benchmark named CD-FSOD to evaluate object detection methods,
revealing that most of the current approaches fail to generalize across
domains. Technically, we observe that the performance decline is associ-
ated with our proposed measures: style, ICV, and IB. Consequently, we
propose several novel modules to address these issues. First, the learn-
able instance features align initial fixed instances with target categories,
enhancing feature distinctiveness. Second, the instance reweighting mod-
ule assigns higher importance to high-quality instances with slight IB.
Third, the domain prompter encourages features resilient to different
styles by synthesizing imaginary domains without altering semantic con-
tents. These techniques collectively contribute to the development of
the Cross-Domain Vision Transformer for CD-FSOD (CD-ViTO), sig-
nificantly improving upon the base DE-ViT. Experimental results val-
idate the efficacy of our model. Datasets and codes are available at
http://yuqianfu.com/CDFSOD-benchmark.

Keywords: Cross-Domain Few-Shot Learning · Few-Shot Object De-
tection · Open-Set Detector

1 Introduction

Cross-domain Few-Shot Learning (CD-FSL) [12] deals with learning across dif-
ferent domains, transferring knowledge from a source dataset to new target do-
mains with few labeled data. While many methods focus on the classification
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Fig. 1: (a) Our motivation: The DE-ViT open-set detector excels in FSOD but strug-
gles in CD-FSOD, inspiring our creation of CD-ViTO. (b) Technical motivation: FSOD
models face challenges when dealing with cross-domain targets, such as small inter-class
variance (ICV), indefinable boundaries (IB), and varying appearances (styles).

task in CD-FSL, they often overlook object detection. This paper delves into ob-
ject detection tasks in CD-FSL, also known as Cross-Domain Few-Shot Object
Detection (CD-FSOD).

CD-FSOD is derived from Few-Shot Object Detection (FSOD) [23], aiming
to detect new objects with limited instances. Much effort has been dedicated
to this objective. Current FSOD methods fall into two main categories: meta-
learning based methods [13, 15, 48], which train a meta-learner adaptable to new
objects, and finetuning based approaches [22, 31, 33, 39, 45], involving initial
training followed by finetuning on few labeled data. Notably, DE-ViT [52], an
open-set object detector, shows exceptional performance in FSOD, surpassing
other methods as depicted in Fig. 1(a). This motivates us to explore if the
detector is effective for the CD-FSOD task, posing two main questions: ① Can
open-set detection methods generalize to cross-domain target datasets without
performance degradation? ② If not, how can the open-set methods be improved
in the presence of significant domain gaps?

To address question ①, we establish a new benchmark for CD-FSOD by rear-
ranging existing object detection datasets. Our benchmark utilizes COCO [28] as
source training set and incorporates six additional datasets, namely ArTaxOr [2],
Clipart1K [18], DIOR [26], DeepFish [36], NEU-DET [38], and UODD [20],
as novel target datasets. We also introduce metrics such as style, Inter-Class
Variance (ICV), and Indefinable Boundaries (IB) to measure domain differ-
ences. Style represents different visual appearances, ICV measures dissimilarity
between semantic labels, and IB reflects confusion between targets and back-
grounds. Our target datasets exhibit significant variations in style, ICV, and
IB, making our benchmark a comprehensive testbed for evaluating CD-FSOD
methods. We evaluate various object detectors on this benchmark. As shown
in Fig. 1(a), we observe obvious performance degradation even for the State-
Of-The-Art (SOTA) FSOD detector, DE-ViT. This indicates the challenge of
tackling CD-FSOD even with well-designed open-set detectors.
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To tackle the performance degradation issue, i.e., question ②, we aim to up-
grade the vanilla DE-ViT to improve the open-set detector’s performance. Our
technical motivation, illustrated in Fig. 1(b), highlights that FSOD model degra-
dation correlates with domain metrics we mentioned earlier: style, ICV, and IB.
Specifically, a model trained on instances with coarse semantic concepts (large
ICV) and clear foreground-background boundaries (slight IB), like "cup" and
"cat", can easily transfer to similar in-domain concepts like "bird" and "dog".
However, cross-domain cases, such as industrial defect types like "inclusion" and
"patches", pose challenges with smaller ICV, more significant IB, and different
styles. This insight inspires us to design a method that addresses issues of small
ICV, significant IB, and changing styles in cross-domain scenarios.

To achieve this, we propose several novel modules: learnable instance fea-
tures, an instance reweighting module, and a domain prompter. (1) Initially, to
counter the negative effects of small ICV, we aim to increase feature discrim-
inability making the target classes more distinguishable. This is achieved by our
learnable instance features which adapt fixed initial instance features using target
labels, aligning the features with semantic concepts. With explicit categories as
supervision, the optimized features naturally exhibit greater dispersion than di-
rectly extracted ones. (2) Next, we introduce the instance reweighting module to
assign different weights to instances, prioritizing those with slight IB. By empha-
sizing high-quality instances in forming class prototypes, we mitigate challenges
posed by IB. (3) Further, to boost model robustness across domains, we propose
a domain prompter to synthesize virtual "domains" and ensure prototype fea-
tures remain stable under domain perturbations. To encourage the uniqueness
of each synthesized domain, a domain diversity loss is proposed. Simultaneously,
a contrastive learning loss and a classification loss are incorporated to maintain
semantic content consistency in the presence of domain perturbations.

Furthermore, we also explore the finetuning technique. Although finetuning
has been studied in cross-domain tasks [6, 12], we provide a detailed analysis
of its effectiveness on our benchmark. By integrating these novel modules into
DE-ViT, we introduce a new vision transformer based open-set detector called
CD-ViTO for CD-FSOD. CD-ViTO substantially boosts DE-ViT’s performance
across all target datasets, as shown in Fig. 1(a) (highlighted by the orange stars).

We summarize our contributions. 1) We propose a comprehensive benchmark
for CD-FSOD that spans diverse target domains. Additionally, we introduce sev-
eral metrics related to domain gap analysis, including style, inter-class variance,
and indefinable boundaries. 2) Through extensive evaluations, we uncover the
challenges posed by the domain gap issue in existing open-set object detectors
and other object detection methods for CD-FSL. 3) Leveraging the existing DE-
ViT, we present CD-ViTO, a novel method that incorporates finetuning, learn-
able instance features, an instance reweighting module, and a domain prompter.
Notably, these new modules introduce minimal parameters and require only a
few target support instances for training, ensuring high efficiency. 4) Our re-
sults demonstrate that CD-ViTO significantly improves upon the base DE-ViT,
achieving new state-of-the-art performance in CD-FSOD.
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2 Related Works

Few-Shot Object Detection. FSOD [23] identifies objects with few labeled
data. Existing FSOD methods can be roughly divided into meta-learning based [13,
14, 15, 21, 48] and transfer learning based [4, 11, 22, 31, 33, 39, 45]. Meta-
learning trains model across tasks for quick adaptation. Meta-RCNN [48] is a
typical work of this type. Transfer learning finetunes pretrained model on lim-
ited data for few-shot tasks. Flagship works include TFA [45], FSCE [39], and
DeFRCN [33]. Notably, a recently proposed method, DE-ViT [52], unifying the
problem of FSOD and open-vocabulary object detection [49] and constructing
an open-set detector for both tasks, shows great advantage. However, almost all
of the methods mentioned above ideally assume that the training and testing
sets belong to the same domain. Exceptions include Distill-cdfsod [47] and MoF-
SOD [24]. Distill-cdfsod [47] introduces several datasets and a distillation-based
method, but both the benchmark and method have room for improvement. MoF-
SOD [24] also explores CD-FSOD and studies various model architectures, fine-
tuning, and pre-trained datasets. Compared with them, apart from the datasets,
we for the first time propose benchmark metrics and study the open-set detec-
tors for CD-FSOD. Note that AcroFOD [9] and AsyFOD [8] also explore FSOD
across domains. However, they share the same class set between source and tar-
get domains, while we handle entirely novel target categories.
Cross-Domain Few-Shot Learning. CD-FSL aims to improve few-shot learn-
ing (FSL) [29, 37, 40, 42, 51] across diverse domains. While there are several exist-
ing works [5, 6, 12, 17, 41, 43, 57] addressing classification tasks, there is a notice-
able gap in tackling domain gap challenges across various few-shot vision tasks,
including object detection [13, 48], semantic segmentation [44, 46], and action
recognition [7, 50]. This paper specifically explores the area of CD-FSOD, seeking
to develop a robust object detector. Despite recent advancements [9, 24, 47] in
CD-FSOD, certain crucial aspects, such as domain gap metrics, comprehensive
baseline evaluations, and technical improvements, remain less explored. Thus,
we meticulously organize the benchmark, conduct an in-depth study on various
existing methods, and introduce CD-ViTO as a novel method. Our goal is to
propel the field of CD-FSOD forward, shedding light on unexplored aspects.
Open-Vocabulary Object Detection (OVD). Traditional object detection
models like Fast R-CNN [10], YOLO [35], and ViTDet [27] recognize a prede-
fined set of object categories. OVD [49] aims to extend this recognition to novel
categories by leveraging the shared space between images and category text.
This shared space can be established by the method itself [49] or by utilizing ex-
isting vision-language frameworks like CLIP [34], as shown in RegionCLIP [54],
VL-PLM [53], and Detic [56]. Particularly, DE-ViT [52] is an open-set detector1
capable of detecting objects of arbitrary classes. Despite DE-ViT relying solely
on the visual modality without using the text modality in practice, its motiva-

1 Despite varying definitions, we adopt the one of [52] that “both open-vocabulary and
few-shot belong to open-set except their category representations”.
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tion, method design, and experimental validations align with the OVD scope.
Here, we made an exploration of open-set object detectors for CD-FSOD.

3 CD-FSOD: Setup, Metrics, and Benchmark

3.1 Task Configurations

Task Formulation. Formally, given a source dataset denoted as DS = {I, y}, y ∈
CS with distribution PS and a novel target dataset DT = {I, y}, y ∈ CT with
distribution PT , consistent with FSOD, CD-FSOD supposes the labeled data for
the source classes CS is sufficient while each novel target class in CT has only a
few labeled instances. All target classes must be novel to model i.e., CS ∩CT = ∅.
In addition, different from the FSOD which assumes the distribution of source
PS equals that of the target PT , CD-FSOD tackles a more realistic scenario
where PS ̸= PT . Models are required to train on DS and then test on DT .
N-way K-shot Protocol. To evaluate the FSL ability of CD-FSOD models, we
follow the N -way K-shot evaluation protocol. Specifically, for each novel class
in CT , K labeled instances are provided which is also termed as support set
S, and other unlabeled instances are used as query set Q. Formally, we have
|S| = N ×K,N = |CT |.
Training Strategy. We adopt a "pretrain, finetune, and testing" pipeline, as
used in many previous CD-FSL methods [12, 17]. This pipeline involves training
methods on the source dataset DS , followed by finetuning the trainable param-
eters using the few labeled support instances S from target dataset DT , and
finally testing on the novel query set Q. Typical objective functions for training
and finetuning include the box regression loss and the classification loss.

3.2 Metrics for Domain Difference

We aim to comprehensively capture challenges in cross-domain scenarios by eval-
uating the datasets across the following three dimensions.
Style: We recognize style’s pivotal role in various domain-related tasks like do-
main adaptation [30], domain generalization [55], and cross-domain few-shot
learning [6]. Common styles include photorealistic, cartoon, sketch, etc.
Inter-class variance (ICV): ICV, a widely used metric in learning, measures
the dissimilarity between classes. Higher ICV values indicate easier recognition of
semantic labels. Coarser datasets like COCO usually have higher ICV, whereas
finer-grained datasets exhibit smaller ICV values.
Indefinable Boundaries (IB): IB, borrowed from camouflaged object detec-
tion [3], reflects the confusion between the target object and its background.
Greater confusion poses a challenge for object detectors. For example, detecting
a person against a clean background is relatively straightforward, but identifying
a fish in a coral reef is much more challenging.

We categorize ICV levels as large, medium, and small, and IB levels as slight,
moderate, and significant. Specifics regarding the measurement of ICV and IB
levels for datasets are provided in the supplementary materials.
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Fig. 2: CD-FSOD benchmark: COCO serves as the training source data, while six
datasets are utilized as novel testing target datasets. These datasets exhibit variations
in styles, inter-class variance (ICV), and indefinable boundaries (IB).

3.3 Benchmarks of Different Domains

Based on the style, ICV, and IB metrics, we carefully review and reorganize
existing object detection datasets to construct the CD-FSOD benchmark. Our
benchmark comprises seven datasets. COCO [28], the widely used dataset for
object detection, which provides a diverse set of object categories such as people,
animals, vehicles, and various everyday objects serve as the DS . The other six
datasets including ArTaxOr [2], Clipart1k [18], DIOR [26], DeepFish [36], NEU-
DET [38], and UODD [20] function as DT . Examples of these datasets as well as
the corresponding style, ICV, and IB are depicted in Fig. 2. Note that DeepFish
has only one class and thus hasn’t an ICV value. More details of the datasets
are attached to the supplementary materials.

4 Methodology

4.1 Overview of CD-ViTO

Preliminary. DE-ViT [52] builds an open-set detector by using the visual fea-
tures from large pretrained model and disentangling the localization and classi-
fication tasks. The pipeline for the base DE-ViT is represented by blue arrows
in Fig. 3(a). It mainly contains a pretrained DINOv2 ViT [32], a region proposal
network (MRPN ), an ROI align module (MROI), a detection head (MDET ), and
a one-vs-rest classification head (MCLS). Particularly, given a query image q
and a set of support instances S, DE-ViT first uses the DINOv2 to extract the
instance features Fins = {F ob

ins, F
bg
ins}, where the F ob

ins represents features for fore-
ground objects from S and the F bg

ins denotes features for background instances.
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Fig. 3: (a) Overall framework of our CD-ViTO. We build our method upon an open-
set detector (DE-ViT). Modules in blue are inherited from DE-ViT while modules
in orange are proposed by us. New improvements include learnable instance features,
instance reweighting, domain prompter, and finetuning; (b) Illustration of our modules.

Then, the class prototypes Fpro = {F ob
pro, F

bg
ins} are obtained by averaging F ob

ins on
object categories while keeping F bg

ins unchanged (as in blue dashed arrows). For
the query image q, DE-ViT applies the DINOv2, MRPN , and MROI to generate
the region proposals Rq, visual features Fq, and ROI features Fqroi . After that,
the MDET takes the Rq, Fq, and Fpro as input for the localization task produc-
ing Lloc. In the meantime, the MCLS performs the classification task based on
Fqroi and Fpro resulting in Lcls. The network is optimized by Lloc and Lcls.

Despite DE-ViT’s purported ability to detect any novel objects without fine-
tuning, our experiments reveal its failure to generalize to cross-domain target
datasets (Sec. 5.2). This motivates us to improve the cross-domain ability of
DE-ViT and form a new method. Note that the basic components of DE-ViT
including the DINOv2, MRPN , MROI , MDET , MCLS , Lloc, and Lcls, validated
on FSOD tasks, are directly inherited in our framework. Our method, CD-ViTO,
is outlined in Fig. 3(a) with new enhancements highlighted in orange. Recall that
in Sec. 1, we point out that the domain gap of CD-FSOD is highly related to the
ICV, IB, and style of the target datasets. Therefore, we are inspired to design
our CD-ViTO by tackling these factors. As a result, the novel learnable instance
features (MLIF ), the instance reweighting (MIR), the domain prompter (MDP )
are proposed to tackle the small ICV, significant IB, and changing styles, respec-
tively. In addition, though being explored in related cross-domain tasks [6, 12],
the finetuning (FT) is also explored in our benchmark.

Specifically, given S and q as input, we perform the same steps as DE-ViT
to obtain instance features Fins = {F ob

ins, F
bg
ins}, region proposals Rq, visual fea-

tures Fq, and ROI features Fqroi . But different from directly averaging F ob
ins to

obtain class prototypes F ob
pro for objects, we first utilize our MLIF to make the

precalculated Fins learnable and adapt them as F lea
ins by performing the disen-

tangled detection tasks i.e., the localization task supervised by Lloc and the
classification task supervised by Lcls. Since the training data is labeled with
class categories, such an optimization would align the instance features to their
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corresponding categories thus increasing the discriminability of features and ad-
dressing the small ICV issue. Then, considering the qualities especially the IB of
object instances varies, we apply our MIR to reweight the weights of objects in
the F lea

ins , this step forms the new prototypes F
′

pro. Generally, MIR is expected to
assign higher values to the high-quality instances with slight IB. In this way, the
high-quality instances could contribute more to its class prototype. The MIR is
inserted after the MLIF and is optimized use the same Lloc, Lcls. In addition,
to make the model more robust to the changing styles, our proposed MDP is
applied to synthesize several virtual "domains" Fdomain. The goal of the MDP is
to introduce such domain perturbations and force our features to be consistent
with different domains. To ensure the diversity of the introduced domains and
constrain the domains would not affect the semantics of features, an extra loss
Ldp is introduced. The MDP is build upon the prototypes reweighed by MIR

i.e., F
′

pro, and the Ldp works with the Lloc and Lcls together.
As for finetuning, we finetune the top two modules i.e., the MDET and MCLS .

We highlight that despite its simplicity, it is still worth exploring in the context
of using open-set detectors for CD-FSOD. Experimental results (Sec. 5.2) also
demonstrate the necessity of our approach. As a whole, our CD-ViTO tackles the
cross-domain issues by setting instance features learnable, reweighting instances,
adding domain prompter as useful perturbations, and finetuning key compo-
nents. All the introduced parameters (indicated by the fire icons in Fig. 3(a))
are very lightweight and we optimize them via the object function L as:

L = Lloc + Lcls + Ldp. (1)

4.2 Key Components of Our CD-ViTO

Learnable Instance Features MLIF . The implementation of our learnable in-
stance features MLIF is quiet easy and efficient. Given the precalculated instance
features Fins ∈ R(N×K+Nbg)×D, where N , K, Nbg, D represents the number of
object classes, the number of shots, the number of background instances, and
the dimension of visual features, MLIF defines a new learnable matrix F lea

ins

with the same size of Fins and use the Fins for initialization. Formally, we have
F lea
ins ∈ R(N×K+Nbg)×D, F lea

ins = Fins. By optimizing the values of the F lea
ins , we

obtain the instance features better aligned to the target semantics. The idea
of learnable instance features aligns with the visual prompt learning [19] where
the aim is to modify the input to better suit downstream tasks. In our case, we
propose to modify the key instance features by setting them as learnable param-
eters. Most importantly, our module serves as the solution to making features
more discriminative thus better tackling target data with small ICV.
Instance Reweighting Module MIR. We propose MIR to enable high-quality
object instances e.g., objects with slight IB contribute more to the class proto-
type. The architecture of MIR is shown in Fig. 3(b). Given the learnable instance
features F lea

ins from MLIF , we first obtain the object instance features from F lea
ins

and denote it as F 0
ins ∈ RN×K×D. Our MIR has two paths connected in a resid-

ual way. More specifically, the lower path feeds F 0
ins into an MLP module to
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get the weighted score which is further used to perform the weighted sum on
the initial F 0

ins resulting in the deformed prototypes F att
pro ∈ RN×D. The upper

path performs the average operation on F 0
ins getting F avg

pro ∈ RN×D. The final
object prototypes F ob′

pro are represented as αfc(F att
pro) + (1− α)F avg

pro , where fc(·)
is a fully connected layer and α is a hyperparameter. With F ob′

pro and background
features, we form new prototype F

′

pro.
Domain Prompter MDP . To make our object prototype features F ob′

pro robust
to various domains, we have to solve two goals: 1) synthesize several "domains"
with diversities; 2) prevent semantic drift when perturbing features with such
"domains". To achieve these, our MDP first introduces several learnable vectors
Fdomain ∈ RNdom×D as virtual domains and then proposes several loss functions
as supervision. The concept of "prompter" is also related but differs from the
prompt tuning [19, 25]. Notably, both approaches employ trainable parameters as
prompters, but general prompt tuning facilitates the transfer of pretrained mod-
els through efficient tuning, whereas we introduce prompters as perturbations.
The illustration of MDP is demonstrated in Fig. 3(b). Ndom is a hyperparameter.

Concretely, given Fdomain and F ob′

pro, we first propose the domain diversity loss
Ldomain to force the different domains e.g., fdi and fdj to be far from each other.
Secondly, for a prototype fpi

in F ob′

pro, we randomly perturbs it with two various
domains fdk and fdm sampled from Fdomain forming two perturbed prototypes
fdk
pi

, fdm
pi

. The perturbation is done by adding the features e.g., fdk
pi

= fpi
+ fdk .

The domain fdm is also added to other object prototypes forming fdm
pj

, where
j = 1, . . . , N . We constrain that fdk

pi
and fdm

pi
should be close to each other

while being distant from perturbed prototypes generated from different class
prototypes. This constitutes our prototype consistency loss Lproto. Both the
Ldomain and Lproto are implemented by the InfoNCE loss as follows:

Ldomain = − 1

Ndom

Ndom∑
i=1

(
log

exp
(
fdi · fdi/τ

)∑Ndom

j=1 exp (fdi · fdj/τ)

)
, (2)

Lproto = − 1

N

N∑
i=1

log
exp

(
fdk
pi

· fdm
pi

/τ
)

∑N
j=1 exp

(
fdk
pi · fdm

pj /τ
)
 , (3)

where the τ is a temperature hyperparameter. Besides, we also classify the per-
turbed features e.g., fdk

pi
into the corresponding class labels producing a new

cross-entropy loss Lprotocls . Based on Ldomain, Lproto, and Lprotocls , we have:

Ldp = Ldomain + Lproto + Lprotocls . (4)

5 Experiments

Datasets. We perform CD-FSOD experiments using the benchmark introduced
in Sec. 3.3. In summary, the model is trained on COCO and evaluated on six
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other datasets. For ArTaxOr, DIOR, and UODD, we adhere to the splits used
in Distill-cdfsod [47]. For Clipart1k, DeepFish, and NEU-DET, we create new
splits for CD-FSOD evaluation.
Network Modules. All the modules inherited from the base DE-ViT including
the pretrained DINOv2 ViT, MRPN , MROI , MDET , and MCLS remain exactly
the same as DE-ViT. For details of these modules, please refer to DE-ViT [52].
Architectures of our novel modules, i.e., MLIF , MIR, MDP are stated in Sec. 4.
The MLP contained in the MIR module is a fully connected layer and a softmax.
Implementation Details. The mAPs for 1/5/10 shots are reported. Besides
the vanilla OVD methods that detect novel objects directly, we adopt the "pre-
train, finetune, and test" pipeline for all evaluated methods as in Sec. 3.1. In the
case of our CD-ViTO, the base DE-ViT model pretrained on COCO is taken,
then the MDET , MCLS , MLIF , MIR, and MDP are tuned on novel support set
S using the loss as in Eq. 1. Finetuning details e.g., hyperparameters, optimizer,
learning rate, and epochs will be attached in the supplementary materials.

5.1 Evaluated Methods

To conduct thorough experiments and offer valuable insights, we explore various
methods across four types in the newly proposed CD-FSOD benchmark.
Typical FSOD Methods. Several FSOD methods, including Meta-RCNN [48],
TFA [45], FSCE [39], and DeFRCN [33], are included to examine whether these
traditional algorithms can handle the huge domain gap posed by CD-FSOD.
CD-FSOD Methods. Distill-cdfsod [47] and MoFSOD [24] are two works for
CD-FSOD. Distill-cdfsod is taken as a competitor. However, MoFSOD explores
factors like finetuning and pretrained datasets, but doesn’t propose a specific
method, thus precluding numerical comparisons.
ViT-based OD Methods. Since most of the typical FSOD methods adopt
the ResNet50 [16] as the backbone, we would like to study how the large-scale
pretrained ViT [1] models can benefit CD-FSOD. To that end, we adapt the
ViTDeT [27], a flagship model that uses ViT for standard object detection, to
our CD-FSOD. For clarity, we refer to the adapted ViTDeT as "ViTDeT-FT".
Open-Set FSOD/OD Methods. We study DE-ViT [52], which excels in
FSOD benchmarks. Considering the straightforward nature of finetuning, we also
report results using the best finetuning strategy on DE-ViT, referred to as "DE-
ViT-FT" (details in supplementary materials). Besides the purely vison-based
DE-ViT, we evaluate another widely known vision-language matching OVD de-
tector, namely Detic [56], and finetune it, further resulting in "Detic-FT".

5.2 Main Results on CD-FSOD

The results for 1/5/10 shot scenarios on six novel target datasets are summarized
in Tab. 1. What can be apparently drawn from the table is the remarkable
superiority of our CD-ViTO over the base DE-ViT across all target datasets.
Moreover, it outperforms other competitors on the majority of these datasets.
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Table 1: Main Results (mAP) on CD-FSOD benchmark. Four types of object detec-
tion methods including typical FSOD, CD-FSOD, ViT-based OD, and open-set based
OD/FSOD methods are evaluated and compared. The ◦ denotes results from Distill-
cdfsod [47]; † denotes that the methods are developed by us or the results are reported
by us. The best results are highlighted in blue. "Avg." means the average result.

Method Backbone ArTaxOr Clipart1k DIOR DeepFish NEU-DET UODD Avg.

1-
sh

ot

Meta-RCNN ◦ [48] ResNet50 2.8 - 7.8 - - 3.6 /
TFA w/cos ◦ [45] ResNet50 3.1 - 8.0 - - 4.4 /
FSCE ◦ [39] ResNet50 3.7 - 8.6 - - 3.9 /
DeFRCN ◦ [33] ResNet50 3.6 - 9.3 - - 4.5 /
Distill-cdfsod ◦ [47] ResNet50 5.1 7.6 10.5 nan nan 5.9 /
ViTDeT-FT† [27] ViT-B/14 5.9 6.1 12.9 0.9 2.4 4.0 5.4
Detic† [56] ViT-L/14 0.6 11.4 0.1 0.9 0.0 0.0 2.2
Detic-FT† [56] ViT-L/14 3.2 15.1 4.1 9.0 3.8 4.2 6.6
DE-ViT† [52] ViT-L/14 0.4 0.5 2.7 0.4 0.4 1.5 1.0
DE-ViT-FT† [52] ViT-L/14 10.5 13.0 14.7 19.3 0.6 2.4 10.1
CD-ViTO (ours) ViT-L/14 21.0 17.7 17.8 20.3 3.6 3.1 13.9

5-
sh

ot

Meta-RCNN ◦ [48] ResNet50 8.5 - 17.7 - - 8.8 /
TFA w/cos ◦ [45] ResNet50 8.8 - 18.1 - - 8.7 /
FSCE ◦ [39] ResNet50 10.2 - 18.7 - - 9.6 /
DeFRCN ◦ [33] ResNet50 9.9 - 18.9 - - 9.9 /
Distill-cdfsod ◦ [47] ResNet50 12.5 23.3 19.1 15.5 16.0 12.2 16.4
ViTDeT-FT† [27] ViT-B/14 20.9 23.3 23.3 9.0 13.5 11.1 16.9
Detic† [56] ViT-L/14 0.6 11.4 0.1 0.9 0.0 0.0 2.2
Detic-FT† [56] ViT-L/14 8.7 20.2 12.1 14.3 14.1 10.4 13.3
DE-ViT† [52] ViT-L/14 10.1 5.5 7.8 2.5 1.5 3.1 5.1
DE-ViT-FT† [52] ViT-L/14 38.0 38.1 23.4 21.2 7.8 5.0 22.3
CD-ViTO (ours) ViT-L/14 47.9 41.1 26.9 22.3 11.4 6.8 26.1

10
-s

ho
t

Meta-RCNN ◦ [48] ResNet50 14.0 - 20.6 - - 11.2 /
TFA w/cos ◦ [45] ResNet50 14.8 - 20.5 - - 11.8 /
FSCE ◦ [39] ResNet50 15.9 - 21.9 - - 12.0 /
DeFRCN ◦ [33] ResNet50 15.5 - 22.9 - - 12.1 /
Distill-cdfsod ◦ [47] ResNet50 18.1 27.3 26.5 15.5 21.1 14.5 20.5
ViTDeT-FT† [27] ViT-B/14 23.4 25.6 29.4 6.5 15.8 15.6 19.4
Detic† [56] ViT-L/14 0.6 11.4 0.1 0.9 0.0 0.0 2.2
Detic-FT† [56] ViT-L/14 12.0 22.3 15.4 17.9 16.8 14.4 16.5
DE-ViT† [52] ViT-L/14 9.2 11.0 8.4 2.1 1.8 3.1 5.9
DE-ViT-FT† [52] ViT-L/14 49.2 40.8 25.6 21.3 8.8 5.4 25.2
CD-ViTO (ours) ViT-L/14 60.5 44.3 30.8 22.3 12.8 7.0 29.6

For instance, under the 10-shot setting on ArTaxOr, CD-ViTO surpasses Meta-
RCNN by 332.1% (from 14.0 to 60.5), ViTDeT-FT by 158.5% (from 23.4 to 60.5),
and Detic-FT by 404.2% (from 12.0 to 60.5). These results strongly highlight the
effectiveness of our CD-ViTO method in the context of FSOD across domains.
Beyond performance improvement, we also delve into the following aspects:
① Does the domain gap pose challenges for FSOD models? Yes, it does.
In examining the results of typical FSOD methods, we observe relatively low
performance on the target datasets. Consider DeFRCN, for instance, as reported
in its paper [33], which achieves 9.3 mAP on COCO’s novel testing set under
the 1-shot setting. However, on ArTaxOr and UODD, it drops significantly to
3.6 (a decrease of 61.3%) and 4.5 (a decrease of 51.6%), respectively. Even the
Distill-cdfsod, specifically designed for CD-FSOD, fails to surpass 9.3 on the
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majority of target domain datasets. These observations indicate the importance
of advancing CD-FSOD methods.
② Are ViT-based models superior to ResNet-based ones? The introduc-
tion of ViTDeT-FT aims to assess whether the ViT backbone can strengthen the
performance of CD-FSOD. The comparison between ViTDeT-FT and ResNet50-
based methods reveals that the effectiveness depends on the specific target
datasets. ViTDeT-FT shows strong performance on ArTaxOr, Clipart1k, and
DIOR, but it is less effective on DeepFish, NEU-DET, and UODD. Despite the
absence of clear patterns, it can be observed that the choice of backbone is not
a decisive factor in constructing accurate CD-FSOD models.
③ Can open-set models directly address the challenges of CD-FSOD?
Unfortunately, the results of Detic and DE-ViT clearly show that the answer is
no. Despite being designed to recognize any novel category, open-set detectors
still face challenges posed by domain gaps. It is noteworthy that Detic performs
inference using category names and the query image, essentially adopting a zero-
shot approach. Consequently, the results for 1/5/10 shots remain the same. On
the other hand, DE-ViT requires support instances to construct prototypes,
leading to variations in results. These findings highlight the nontrivial nature of
solving the CD-FSOD by directly applying existing open-set models.
④ Can open-set models be significantly improved? Absolutely! While the
performance of vanilla open-set models may be initially low, we have demon-
strated that it can be substantially enhanced. This conclusion becomes evident
when comparing Detic-FT to Detic and our CD-ViTO to DE-ViT. The success
of Detic-FT and CD-ViTO underscores the necessity of finetuning for adapt-
ing open-set models to CD-FSOD. Coupled with finetuning and our other novel
components, CD-ViTO achieves very impressive results, transforming the initial
shortcomings of open-set models into a very promising solution for CD-FSOD.
⑤ Do different open-set models exhibit distinct performances? Yes.
We delve into the performance of DE-ViT and Detic, two models that achieve
open-set learning through entirely different approaches. DE-ViT relies solely on
vision features, while Detic relies on the relationship between visual features
and category text. Upon analyzing the results of DE-ViT-FT and Detic-FT, a
clear trend emerges. DE-ViT-FT demonstrates a decisive advantage on ArTaxOr,
Clipart1k, DIOR, and DeepFish, but falls behind Detic-FT on NEU-DET and
UODD. We observe that when the Instance Boundary (IB) degree of the tar-
get dataset is slight or moderate, the vision-based DE-ViT-FT performs better.
Conversely, in scenarios where boundaries are significantly indefinable, indicating
strong similarity between foreground and background, methods like Detic-FT,
which leverages both visual and text information, prove more competent.
⑥ How do style, inter-class variance (ICV), and indefinable boundaries
(IB) impact the domain gap? We meticulously analyze the influence of style,
ICV, and IB on domain gaps based on experimental results and benchmark
analysis in Sec. 3.3. 1) Style, often considered strongly related to the domain,
has a relatively smaller impact on CD-FSOD compared to ICV and IB. For
instance, DIOR shares relatively similar ICV and IB with COCO but has a
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different style. Despite this, the performance of typical FSOD methods does not
significantly drop on DIOR. For example, DeFRCN achieves 9.3 mAP on both
COCO’s testing set and DIOR under the 1-shot setting. Similarly, the cartoon-
style Clipart1k, distinct from the photorealistic COCO, also receives relatively
high mAPs. 2) ICV can cause domain issues but appears manageable. ArTaxOr,
with the same style and similar IB as COCO, but with fine-grained categories
(arthropods) compared to the coarse-level semantic concepts in COCO. This
difference in ICV leads to a significant drop in performance for typical FSOD
methods on ArTaxOr, such as from 9.1 to 3.6 on 1-shot using DeFRCN. However,
we observe that this negative effect can be mitigated by utilizing better vision
features, as demonstrated by ViTDeT-FT, DE-ViT-FT, and our CD-ViTO. 3)
The change in IB poses the greatest challenge for CD-FSOD. Nearly all types of
methods struggle to achieve satisfactory results on NEU-DET and UODD when
significant IB exists. Blurred boundaries make it challenging to detect correct
bounding boxes, resulting in poor overall performance.

Assigned ScoreHigh Low

(c) Weighted Instances

Initial Fixed Class Prototypes

(b) Pair-wise Cosine Distance of Class Prototypes(a) Ablation Study on Network Modules

(d) Ablation Study on Domain Prompter (e) T-SNE of Domains and Perturbed Features 

Learnable Class Prototypes

Fig. 4: Ablation study on our proposed modules.

5.3 Analysis on the Proposed Modules

To demonstrate the effectiveness of our proposed components, we conduct ab-
lation studies by incrementally adding them to the base DE-ViT. The 10-shot
results are presented in Fig. 4(a). Overall, we observe that: 1) By simply finetun-
ing top heads, the performance is significantly improved. The results reinforce
the observed phenomenon and analysis from Tab. 1 that finetuning is crucial in
CD-FSOD. 2) The learnable instance features further boost performance clearly,
indicating that we do make the features better by optimizing them. 3) Although
not as pronounced as in finetuning and MLIF , the results still demonstrate the
effectiveness of our MIR and MDP modules.



14 Fu et al.

More Discussions on Learnable Instance Features. We propose the learn-
able instance features MLIF to tackle the small ICV issue hoping to make the
visual features more discriminative. To verify whether the MLIF module meets
expectations, we calculate the pair-wise cosine distances of class prototypes and
compare the results of our learnable class prototypes produced by MLIF with
that of the initial fixed ones. Results on 5-shot NEU-DET are given in Fig. 4(b),
we observe that the cosine distances between classes are consistently declining.
This indicates that our MLIF enlarges the ICV.
More Discussions on Instance Reweighting. The instance reweighting
module MIR is presented to assign higher weights to the instances with slight
IB values. Thus, we visualize several weighted instances ordered by weights from
high to low. 5-shot results from three datasets are demonstrated in Fig. 4(c).
Results show that instances with relatively clear boundaries are given higher
scores; conversely, those with confusing boundaries receive lower scores.
More Discussions on Domain Prompter. The MDP is designed to generate
virtual domains as useful perturbations. Different from the relatively marginal
improvements in 10-shot (Fig. 4(a)), the 1-shot results on Fig. 4(d) show signifi-
cant gains. Note that we don’t apply MDP on DeepFish since it only contains one
object category and the slight drop in UODD indicates that training the new
parameters introduced by MDP in extremely data-limited cases (3 classes for
UODD) may pose challenges. Besides quantified results, in Fig. 4(e), we provide
the t-SNE of our learned domains and the perturbed features by adding domains
to the class prototypes. The 1-shot results on Clipart1K are visualized. The re-
sults reveal that: 1) the learned domains exhibit diversity; 2) adding domains to
the class prototypes generates new data but keeps the semantic concepts main-
tained. Finally, we term these learnable perturbations as "domain" prompters
rather than "style" prompters since learning meaningful styles without explicit
style information is challenging. The term "domain" is used broadly to encom-
pass factors, including style, that could induce changes in data distribution.

6 Conclusion

In conclusion, this paper presents several key contributions to the field of cross-
domain few-shot object detection (CD-FSOD). Firstly, we meticulously reviewed
and reorganized object detection datasets, establishing a novel benchmark specif-
ically tailored for CD-FSOD. Secondly, we conducted a comprehensive study
involving various methods, including typical FSOD models, CD-FSOD models,
ViT-based OD models, and open-set-based OD/FSOD models, based on this
benchmark. Through careful analysis, we provided detailed insights, marking the
first exploration of open-set based detectors for CD-FSOD. Thirdly, leveraging
the state-of-the-art DE-ViT, we introduced the novel CD-ViTO method, enhanc-
ing the open-set detector with our novel techniques, i.e., finetuning, learnable
instance features, instance reweighting, and domain prompter. The effectiveness
of CD-ViTO and its modules are thoroughly validated on target domains. We
believe our contributions will propel advancements for CD-FSOD.
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