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Abstract

Cross-Domain Few-Shot Object Detection (CD-FSOD) faces
significant challenges due to the dual issues of domain shift
and limited labeled samples. One major challenge is style
bias, caused by limited support samples that fail to represent
the target domain’s style diversity. Another is feature con-
fusion, which stems from distribution shifts and limited su-
pervision, manifesting as both object-background ambiguity
and object-object confusion. To address these challenges, we
propose Style-Augmented Prototype Learning (StyleProto),
which constructs style-aware prototypes from support sam-
ples with diverse visual styles, and refines them via spa-
tial weighting and discriminative fusion. Specifically, our
StyleProto consists of three components: (1) Style Genera-
tion Augmentation (SGA); (2) Semantic-Focused Prototype
Construction (SPC); (3) Hierarchical Prototype Fusion Ag-
gregator (HPFA). SGA synthesizes style-diverse yet semanti-
cally consistent training samples by recombining style statis-
tics from the support set, thus improving robustness to unseen
styles. SPC aggregates support features using spatial attention
to highlight object semantics and suppress background noise,
yielding cleaner and more distinctive class prototypes. HPFA
leverages query-guided attention to integrate discriminative
support features, enhancing prototype representations with
richer class-specific details. Extensive experiments on multi-
ple benchmarks demonstrate that StyleProto consistently out-
performs existing state-of-the-art methods.

Introduction

Few-shot object detection (FSOD) (Kohler, Eisenbach, and
Gross 2023) has emerged as a crucial research topic in com-
puter vision, aiming to detect novel object categories using
only a handful of annotated instances. Unlike conventional
detectors that rely on large-scale labeled datasets, FSOD
seeks to transfer knowledge from base classes to novel ones
by exploiting shared semantic structures. Existing FSOD
paradigms predominantly fall into two categories. One line
of work focuses on meta-learning-based approaches (Han
et al. 2021, 2022b; Yan et al. 2019; Bulat et al. 2023; Zhang
et al. 2022), which aim to construct task-agnostic feature
spaces through episodic training. Another line follows fine-
tuning-based methods (Kaul, Xie, and Zisserman 2022; Ma
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Figure 1: Challenges in CD-FSOD. (a) Style bias: sup-
port images exhibit limited style diversity, while query im-
ages show broader variations. (b) Feature confusion: the tar-
get domain exhibits increased object-background ambiguity
(OBA) and object-object confusion (OOC) compared to the
source domain.

et al. 2023; Qiao et al. 2021; Sun et al. 2021; Wang et al.
2020), which adapt pre-trained detectors to novel classes
via hierarchical fine-tuning strategies. While both paradigms
have achieved remarkable success under in-domain settings,
their performance often deteriorates significantly in cross-
domain scenarios due to the compounded effects of domain
shift and data scarcity. Cross-Domain Few-Shot Object De-
tection (CD-FSOD) extends FSOD to more realistic appli-
cations, where the source and target domains differ substan-
tially in visual distribution, such as adapting detectors from
natural images to industrial defects, remote sensing imagery,
or underwater scenes. In addition, there exist entirely new
categories in the target domain, and these categories have
only a small number of annotated samples.

CD-FSOD introduces new challenges stemming from the
interplay between limited annotated data and domain distri-
bution shift, as illustrated in Figure 1. A primary issue lies
in the substantial intra-class style variations within the tar-
get domain, such as lighting, background context, or cam-
era viewpoint, that cannot be adequately modeled by the
limited annotated examples. As shown in Figure 1(a), sup-
port samples typically cover only a limited range of styles,
while query instances exhibit diverse visual appearances.
This style bias hinders the generalization capability of the
prototypes derived from the support set. In addition, the



combination of domain shift and limited supervision in the
target domain make the model susceptible to feature confu-
sion, as shown in Figure 1(b). This confusion manifests pri-
marily in two forms: (1) object-background ambiguity, and
(2) object-object confusion. The former is especially pro-
nounced in visually complex environments, such as under-
water or industrial settings, where object and background
textures often overlap, making foreground-background sep-
aration highly challenging. The latter stems from high vi-
sual similarity across different object categories, which re-
duces inter-class discriminability and exacerbates confusion
among target objects.

To address these challenges in CD-FSOD, we propose
Style-augmented Prototype Learning (StyleProto), which,
unlike conventional methods that extract prototypes from
a single-style support set, constructs style-aware prototypes
by leveraging support features with diverse visual styles to
better capture intra-class variation across domains. These
prototypes are further enhanced through spatially-aware
weighting and discriminative fusion, resulting in more dis-
tinctive representations for CD-FSOD. It comprises three
key components: Style Generation Augmentation (SGA),
Semantic-Focused Prototype Construction (SPC), and Hi-
erarchical Prototype Fusion Aggregator (HPFA). Specifi-
cally, SGA addresses the issue of insufficient style cov-
erage in the support set. By extracting channel-wise style
statistics (e.g., mean and variance (Zhao et al. 2022)) from
support features and synthesizing new style combinations
via statistical interpolation, SGA generates diverse yet se-
mantically aligned feature variants. The generated style-
augmented samples implicitly regularize training by expos-
ing the model to broader intra-class variations, without re-
quiring external data. This diversity is particularly crucial
for support-based prototype learning, as it lays the founda-
tion for producing more generalizable and domain-invariant
representations.

Following SGA, the enriched support features, which
now include synthesized style variants, are passed into
the SPC module to construct initial class prototypes. SPC
applies a spatial weighting strategy using soft Gaussian
attention to highlight salient object regions while sup-
pressing irrelevant background clutter, effectively mitigat-
ing object-background ambiguity caused by domain noise
and limited supervision. This spatially focused aggregation
boosts prototype quality by improving class specificity and
reducing background interference. Crucially, SPC builds di-
rectly on the output of SGA to preserve both style diver-
sity and semantic purity in the prototype space. Building
on this foundation, HPFA further refines the SPC-generated
prototypes by integrating fine-grained, class-discriminative
cues from the broader support feature space. Leveraging
a learnable, query-driven attention mechanism, it hierar-
chically fuses relevant information to enhance prototype
specificity. This targeted refinement effectively mitigates ob-
ject—object confusion under domain shifts, improving class
separation and overall discriminability. Notably, the feature
queries used in HPFA are guided by the style-augmented
and spatially-refined structure established by SGA and SPC,
making all three modules tightly interlinked. In summary,
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this end-to-end framework progressively refines support-
based prototypes in a style-aware, structure-preserving, and
discriminative manner, ultimately achieving robust perfor-
mance across diverse CD-FSOD domains.

The contributions of this paper are as follows:

* We propose the StyleProto framework for CD-FSOD,
which achieves strong generalization and competitive
performance across multiple challenging CD-FSOD
benchmarks, including an additional exploration on
cross-spectral SAR datasets, where our method outper-
forms most existing approaches.

We introduce the SGA module to mitigate support-
query style bias by synthesizing diverse yet structure-
preserving features from limited support data.

* We design the SPC and HPFA modules to address feature
confusion by applying semantic-aware spatial weighting
and query-guided prototype refinement for more discrim-
inative class representations.

Related Works
Few-Shot Object Detection

FSOD seeks to detect novel categories using only a few
labeled instances per class. Existing approaches can be
broadly categorized into transfer learning-based and meta-
learning-based paradigms.

Transfer learning methods adapt knowledge from base
categories to novel ones by fine-tuning pre-trained models
under limited supervision. LSTD (Chen et al. 2018) initi-
ates this line of work by proposing a baseline framework
and optimization strategy for few-shot settings. To alleviate
the domain gap between base and novel classes, TFA (Wang
et al. 2020) introduces a cosine classifier, while FSCE (Sun
et al. 2021) improves region-level representations by incor-
porating contrastive learning. Subsequent methods such as
DeFRCN (Qiao et al. 2021) further enhance detection per-
formance by regulating gradient flow and refining feature
calibration. In contrast, meta-learning-based methods aim
to build task-agnostic feature representations that general-
ize well across novel tasks. These approaches typically learn
class-level prototypes and match region features to them
during inference. For example, FSRW (Kang et al. 2019)
and Meta R-CNN (Yan et al. 2019) aggregate features across
classes and utilize similarity-based losses to improve dis-
crimination. FsDetView (Xiao, Lepetit, and Marlet 2022) in-
troduces multi-source feature fusion through channel-wise
operations to enrich semantic understanding. RepMet (Kar-
linsky et al. 2019) adopts a metric-learning framework to
model class prototypes explicitly. More recently, DEViT
(Zhang et al. 2025) demonstrates the potential of vision
transformers in FSOD by building detectors directly from
a few support images without relying on extensive language
priors, offering a promising route toward open-set few-shot
detection.

Cross-Domain Few-Shot Object Detection

To better address real-world constraints, CD-FSOD has
emerged as a new task inspired by Cross-Domain Few-
Shot Learning (CD-FSL) (Luo et al. 2023; Tang et al. 2022;



Vinyals et al. 2016; Zhang et al. 2023), which poses a dual
challenge that combines few-shot learning and domain adap-
tation. While CD-FSL has been extensively studied in clas-
sification (Fu, Fu, and Jiang 2021; Fu et al. 2023; Hu et al.
2022; Zhuo et al. 2022), and segmentation tasks (Nie et al.
2024; Herzog 2024; Tong et al. 2024; Su et al. 2024), its ex-
tension to object detection has received comparatively less
attention, despite its practical significance in real-world de-
ployments. Recent efforts have begun to systematically in-
vestigate this setting. MoFSOD (Lee et al. 2022) provides
an in-depth analysis of CD-FSOD, studying the impact of
model architectures, fine-tuning strategies, and pretraining
datasets. Distill-CD-FSOD (Xiong 2023) introduces a multi-
dataset benchmark and proposes a distillation-based base-
line. To tackle data scarcity, AcroFOD (Gao et al. 2022)
uses domain-aware augmentation and adaptive optimization,
while AsyFOD (Gao et al. 2023) applies asymmetric adap-
tation via source instance partitioning and task-specific su-
pervision. However, both approaches assume a shared label
space across domains, limiting their applicability in open-
set scenarios. More recently, CD-ViTO (Fu et al. 2024) sets
a strong CD-FSOD benchmark across six domains, enhanc-
ing transferability through DE-ViT-based instance represen-
tations, reweighting, and domain prompts. Building upon
these works, we propose StyleProto, which enhances sup-
port diversity and constructs more discriminative prototypes
to address the core challenges of CD-FSOD.

Method
Overall Framework

We follow the task setting of CD-ViTO (Fu et al. 2024).
Specifically, let the source domain be Dg = {(I;,y;) Ns

where labels y; € Cg are drawn from distribution ZP;
and the target domain be Dy = {(I}, yj)}j-v:Tl, with y; €
Cr sampled from Pr. The label spaces are disjoint,
i.e., Cs N Cr = (. Unlike standard FSOD that assumes do-
main consistency Ps = Pp, CD-FSOD addresses the more
realistic and challenging case where Ps # Pr, requiring
models to generalize from well-annotated Dy to sparsely la-
beled Dr, typically with | D7| < |Dg].

As illustrated in Figure 2, the base architecture includes a
frozen DINOv2 ViT (Oquab et al. 2023) backbone, a Region
Proposal Network (RPN), ROI Align, a Detection Head, and
a One-vs-Rest Classification Head. Built upon this foun-
dation, we propose the StyleProto framework, which en-
hances prototype quality by incorporating style diversity,
spatial weighting, and discriminative fusion. The framework
is composed of three key modules: SGA, SPC, and HPFA.

Given a support image, we apply style augmentation to
generate diverse versions via channel-wise normalization.
Both stylized and original images are fed into the frozen
backbone to obtain instance-level support features. SPC con-
structs initial prototypes Py by emphasizing semantic ob-
jectregions and suppressing background noise via Gaussian-
masked weighting. These prototypes initialize the learn-
able queries in HPFA, which attend to discriminative re-

gions in E‘:Zj using scaled dot-product attention and gen-

erate refined prototypes Pyena. The final class-wise pro-
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totypes Piny are obtained by fusing Py and Piyeng via
a learnable linear combination. For the query image, in-

bj .
stance features F),” and region proposals are extracted

through DINOv2 and RPN. The Detection Head uti-
lizes F°Y and Py to localize objects, while the ROI-

alignedl?eatures are classified using the One-vs-Rest Clas-
sification Head. During adaptation, only the Detection Head
and Classification Head are fine-tuned following CD-ViT’s
protocol, while the backbone remain frozen to preserve
cross-domain generalization. The overall training objective
combines a bounding box regression loss Lg,; and a one-
vs-rest classification loss L, applied on query predictions

with respect to prototype-guided labels.

Stylized Generation Augmentation (SGA)

In the StyleProto framework, support prototypes serve as the
foundation for guiding query prediction. However, under the
CD-FSOD setting, the limited support samples often fail to
capture the rich style diversity of the target domain, includ-
ing variations in lighting, viewpoint, and background con-
text. This lack of intra-class variation weakens the represen-
tational capacity of prototypes and hinders generalization.
To alleviate this, we introduce the SGA module, which ex-
pands the style diversity of support features while preserv-
ing their spatial and semantic structure. Rather than relying
on external data or image-level transformation, SGA oper-
ates directly in the feature space, enabling structure-aware
style synthesis in a compact and efficient manner. Inspired
by channel-wise statistical style transfer, SGA extracts per-
channel style statistics, specifically the mean pf and stan-
dard deviation &%, from support features Fl, € RE*HxW:

s Zh,w Fins s Zh,w(Fins - ,Ui)2 a
= THW 7T HW - W
These statistics serve as a compact encoding of global ap-
pearance factors like brightness and contrast. To synthesize
novel styles, SGA samples a convex combination of style
statistics drawn from the support set using a Dirichlet distri-
bution:

C C
:u’;ew = Z wiu(i)’sa U;ew = Z wio’(i)7sv (2)
=1 =1

where w ~ Dirichlet(r) and {9, 0()*} are basis statis-
tics from the support samples. The new style is applied via
Adaptive Instance Normalization (AdalN):

RHS
< > + fnew- ()

- N(Fim)
U(Ens)

Crucially, SGA preserves spatial alignment, making it well-
suited for detection tasks that rely on precise localization. As
aresult, the augmented support features retain semantic con-
sistency while covering a broader range of visual styles, en-
abling the model to learn more robust and domain-invariant
prototypes. Integrated within the StyleProto pipeline, SGA
enhances the expressive power of support representations
without introducing additional supervision. This leads to
significant performance gains in low-shot scenarios, partic-
ularly under severe domain shifts.

S
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Figure 2: The overall architecture of our StyleProto framework. It includes three key components: Style Generation Augmen-
tation (SGA), Semantic-Focused Prototype Construction (SPC), and Hierarchical Prototype Fusion Aggregator (HPFA).

Semantic-Focused Prototype Construction (SPC)

Within the StyleProto framework, SPC module transforms
the style-augmented features from SGA into robust, seman-
tically consistent prototypes. While SGA addresses intra-
class style diversity by generating spatially aligned, diverse
support features, SPC ensures that these features contribute
to prototypes centered on domain-invariant, discriminative
regions.

CD-FSOD suffers from semantic ambiguity and object-
background entanglement, especially under significant do-
main shifts. Directly averaging support features with noisy
or blurred boundaries yields prototypes with weakened se-
mantics and sensitivity to domain-specific artifacts. SPC al-
leviates this via a spatially aware feature aggregation mech-
anism, emphasizing semantic cores and suppressing back-
ground clutter and boundary noise. Concretely, for each sup-
port instance, we first obtain a coarse binary mask M to
approximate the object’s spatial extent. Rather than treating
all foreground pixels equally, we transform this binary mask
into a soft Gaussian mask M that gradually reduces attention
toward object edges:

 Ge(M)

~ max(Ge(M))’ @

where G,. is a Gaussian filter with standard deviation o8.
This soft mask reflects the intuition that object centers are
typically more stable and domain-invariant than peripheral
regions, which are more susceptible to appearance changes.
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Given a support feature map Fj, extracted via a frozen DI-
NOV2 backbone, SPC computes the spatially-weighted fea-
tures as: ~

Fweighted = Fins © M, &)
where © denotes element-wise multiplication. These
weighted features are then aggregated across all N support
samples of a class to form the initial prototype:

NZ

By aligning prototype construction with semantic structure,
SPC produces cleaner and more discriminative class repre-
sentations, reducing the impact of domain-specific noise.

(2)
F weighted*

(6)

Hierarchical Prototype Fusion Aggregator (HPFA)

While the SPC module constructs initial prototypes with
strong semantic focus, their expressiveness remains limited
in scenarios with complex domain shifts. Specifically, due to
the scarcity of support samples and the inherent domain gap,
fixed prototypes may fail to capture the fine-grained vari-
ations of objects in the target domain. This leads to seman-
tic confusion between similar classes or between foreground
and background regions. To address these limitations, we in-
troduce the HPFA module, which complements SPC by dy-
namically refining prototypes through cross-domain feature
interaction.

HPFA builds upon the SPC-initialized prototypes by in-
troducing a set of learnable query embeddings that actively



1-shot

Method Backbone /. vOr Clipartik DIOR DeepFish NEU-DET UODD LEVIR HRSID SSDD Ave.
Meta-RCNN(Yan et al. 2019)  ResNet50 2.8 - 7.8 - - 3.6 5.6 0.6 0.1 /
TFAw/cos(Wang et al. 2020) ResNet50 3.1 - 8.0 - - 4.4 6.1 0.1 0.2 /
FSCE(Sun et al. 2021) ResNet50 3.7 - 8.6 - - 39 538 0.1 0.1 /
DeFRCN(Qiao et al. 2021) ResNet50 3.6 - 93 - - 45 8.2 04 02
Distill-cdfsod(Xiong 2023) ResNet50 5.1 7.6 10.5 nan nan 5.9 8.9 - - /
ViTDeT-FT(Li et al. 2022) VILB/14 59 6.1 12,9 0.9 24 40 102 1.1 09 49
Detic-FT(Zhou et al. 2022) VITL/14 32 15.1 4.1 9.0 38 42 35 22 14 52
DE-ViT(Zhang et al. 2025) VITL/14 04 0.5 27 04 0.4 1.5 0.1 0.1 02 07
DE-ViT-FT(Zhang et al. 2025) ViT-L/14 105 130 147 193 0.6 24 146 07 04 85
CD-ViTO(Fu et al. 2024) VITL/14 210 177 178 203 3.6 3.1 159 14 58 118
Our VILL/14 252 263 226 215 59 57 182 39 84 153
5-shot
Method Backbone  \ xOr  Clipartlk DIOR DecpFish NEU-DET UODD LEVIR HRSID SSDD Avg.
Meta-RCNN(Yan et al. 2019)  ResNet50 8.5 - 17.7 - - 8.8 15.8 16 09
TFAw/cos(Wang et al. 2020)  ResNet50 8.8 - 18.1 - - 87 154 23 19 7/
FSCE(Sun et al. 2021) ResNet50 10.2 - 18.7 - - 9.6 15.8 1.7 2.1 /
DeFRCN (Qiao etal. 2021)  ResNet50 9.9 - 18.9 - - 9.9 163 32 18/
Distill-cdfsod(Xiong 2023)  ResNet50 12,5 233 19.1 155 16.0 122 178 134 119 157
VITDeT-FT(Li et al. 2022) VIT-B/14 209 233 233 9.0 135 1.1 196 114 119 160
Detic-FT(Zhou et al. 2022) VITL/14 87 202 121 143 14.1 104 98 125 144 129
DE-ViT(Zhang et al. 2025) VITL/14 101 55 78 25 1.5 3.1 3.1 12 13 40
DE-ViT-FT(Zhang et al. 2025)  ViT-L/14  38.0 381 234 212 7.8 50 254 77 58 192
CD-ViTO(Fu et al. 2024) VILL/14 479 411 269 223 114 68 253 125 133 231
Our VITL/14 533 438 277 235 132 84 291 162 148 255
10-shot
Method Backbone -\ . vOr Clipartik DIOR DeepFish NEU-DET UODD LEVIR HRSID SSDD Ave.
Meta-RCNN(Yan et al. 2019)  ResNet50  14.0 - 20.6 - - 112 186 34 46  /
TFAw/cos(Wang et al. 2020) ResNet50 14.8 - 20.5 - - 11.8 18.1 2.9 55 /
FSCE(Sun et al. 2021) ResNet50 159 - 21.9 - - 120 176 35 42/
DeFRCN(Qiao et al. 2021)  ResNet50  15.5 - 229 - - 121 198 52 69  /
Distill-cdfsod(Xiong 2023)  ResNet50  18.1 273 265 155 21.1 145 247 168 221 207
VITDeT-FT(Li et al. 2022) VILB/14 234 256 294 6.5 15.8 156 281 136 173 195
Detic-FT(Zhou et al. 2022) VITL/14 12,0 23 154 179 16.8 144 298 147 188 180
DE-ViT(Zhang et al. 2025) VITL/14 92 11.0 8.4 2.1 1.8 3.1 38 36 32 51
DE-ViT-FT(Zhang et al. 2025) ViT-L/14 492 408 256 213 8.8 54 291 96 138 226
CD-ViTO(Fu et al. 2024) VILL/14 605 443 308 223 12.8 70 287 153 187 267
Our VITL/14 618 456 321 228 135 88 328 172 229 286

Table 1: The 1/5/10-shot main results (mAP) on nine publicly datasets (ArTaxOr, Clipart1K, DeepFish, DIOR, NEU-DET,

UODD, LEVIR, HRSID and SSDD).

search and aggregate discriminative regions from support
feature maps. This fine-grained adaptation enhances the ro-
bustness of prototypes and enables the model to more effec-
tively localize subtle yet crucial differences in the target do-
main. The refined prototypes are then fused with the initial
ones, leading to a more semantically consistent and discrim-
inatively powerful representation.

The HPFA module comprises two main components:
learnable query embeddings and attention-based feature
aggregation. The query embeddings are initialized from
the SPC-generated prototypes, thereby inheriting their
semantic-focused characteristics while remaining adaptable.
These learnable embeddings act as soft search templates that
probe the support feature maps for relevant fine-grained de-
tails. To enable spatially-aware feature retrieval, we apply an
attention-based aggregation scheme. For each support fea-
ture map Fi,, € REXCXHXW (where B is batch size, C is
feature dimension, and H, W are spatial dimensions), we
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first perform spatial downsampling using max pooling. The
downsampled features are reshaped to RBX(H'W)xC gpq
projected into the query embedding space.

Next, scaled dot-product attention is computed between
the query embeddings ¢ and the projected features K:

)

This attention highlights the most relevant regions in the
support feature map, allowing fine-grained localization of
key object parts. The resulting attended prototype iS Paend €
RE*NaxC To synthesize both semantic stability and local
adaptability, HPFA fuses the initial and attended prototypes
through a learnable combination:

Pﬁnal = Wcombine ([-Pinit; -PattendD ) (8)

where [-;-] denotes concatenation and Weompine 1S @ linear
transformation. This fusion ensures that the final prototypes

T

Attn = softmax < (7



Method 10-shot 30-shot
|nAP nAP50 nAP75|nAP nAP50 nAP75

FSRW (Kang et al. 2019) 56 123 46 |9.1 19 7.6
Meta R-CNN (Yan et al. 2019) 6.1 19.1 6.6 |99 253 108
TFA (Wang et al. 2020) 10 192 9.2 135 249 132
FSCE (Sun et al. 2021) 11.9 - 10.5 |16.4 - 16.2
Retentive RCNN (Fan et al. 2021) 10.5 19.5 9.3 [13.8 229 1338
HeteroGraph (Han et al. 2021) 11.6 239 9.8 165 319 155
Meta Faster R-CNN (Han et al. 2022a) [ 12.7 257 10.8 [16.6 31.8 158
LVC (Kaul, Xie, and Zisserman 2022) | 19  34.1 19 268 458 275
Cross-Transformer (Han et al. 2022b) | 17.1 30.2 17 (214 355 221
NIFF (Guirguis et al. 2023) 18.8 - - 20.9 - -

DiGeo (Ma et al. 2023) 10.3  18.7 99 142 262 14.8
FM-FSOD(Han and Lim 2024) 2777 386 30.1 [37.0 513 397
DE-ViT(Zhang et al. 2025) 340 530 37.0 (340 529 372
SCSM(Xin et al. 2025) 224 - 235 |27.8 - 28.6
DE-ViT w/CCL(Chen et al. 2025) 34.4 37.5 |34.5 - 37.4
CD-ViTO(Fu et al. 2024) 353 549 372 |359 545 380
Our 355 551 373 362 551 382

Table 2: Results (nAP, nAP50, and nAP75) on COCO FSOD
benchmark. The nAP denotes mAP for novel classes.

maintain SPC’s semantic focus while incorporating discrim-
inative local variations crucial for domain generalization.

By dynamically refining prototypes through attention-
guided aggregation, HPFA addresses the fine-grained confu-
sion and semantic drift often encountered in CD-FSOD. In
tandem with SPC, it forms a two-stage prototype construc-
tion pipeline that is both semantically grounded and spatially
adaptive, yielding significant gains in cross-domain classifi-
cation and localization performance.

Experiments
Datasets and Evaluation Metrics

We follow the benchmark protocol established in CD-
ViTO for evaluating cross-domain few-shot object detec-
tion. Specifically, the model is pre-trained on the source
domain COCO and fine-tuned on nine target datasets. The
first six target domains are ArTAXOr (Drange 2020), Cli-
partlk (Inoue et al. 2018), DIOR (Li et al. 2020), DeepFish
(Saleh et al. 2020), NEU-DET (Song and Yan 2013), and
UODD (Jiang et al. 2021), all of which are standard RGB-
based datasets used in prior benchmarks. To further evalu-
ate cross-domain generalization under more severe modal-
ity and appearance shifts, we introduce three additional
datasets: LEVIR (Zou and Shi 2017), HRSID (Wei et al.
2020), and SSDD (Li, Qu, and Shao 2017), the latter two be-
ing SAR (Synthetic Aperture Radar) datasets characterized
by significantly different imaging mechanisms and larger
domain gaps. This allows a more comprehensive assessment
of model robustness in challenging non-RGB scenarios. To
ensure fair comparisons with prior work, we evaluate un-
der the standard fine-tuning setting. Performance is mea-
sured using the mean Average Precision across IoU thresh-
olds from 0.5 to 0.95 (mAP@0.5:0.95), reported both with
and without fine-tuning. All experiments are conducted un-
der 1-shot, 5-shot, and 10-shot settings to assess model ro-
bustness across varying levels of supervision.
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Figure 3: Hyperparameter ablation studies on the number of
discriminative queries per class (left) and the fusion coeffi-
cient o in HPFA (right).

SGA SPC HPFA‘ArTaXOr Clipartlk DIOR DeepFish NEU-DET UODD LEVIR HRSID SSDD

479 41.1 269 223 11.4 68 253 133 133

v 48.6 423 271 229 11.5 7.1 265 136 135
v 48.1 419 270 227 11.7 74 261 138 134

v 49.3 421 274 225 12.5 69 274 151 139

v v 50.3 429 272 233 11.8 8.1 278 144 137
v v 52.4 43.1 27.6 231 12.1 79 287 153 141
v v 512 424 275 230 12.8 7.6 283 157 144

v v v 53.3 438 277 235 13.2 84 291 162 148

Table 3: Full ablation study on all nine target datasets under
the 5-shot setting, evaluating the impact of SGA, SPC, and
HPFA.

Implementation Details

All experiments are conducted using PyTorch 2.0 and
CUDA 11.8 on four NVIDIA RTX 4090 GPUs. Our im-
plementation is based on Detectron2. We use DINOv2 ViT-
L/14 for prototype extraction, and adopt specific architec-
tural and training configurations tailored to each module.

MainResults

Table 1 summarizes the performance of our method under 1-
shot, 5-shot, and 10-shot settings across nine target-domain
benchmarks. As CD-FSOD is still a nascent task with lim-
ited dedicated detectors, we adapt several representative
FSOD methods for comparison. However, these baselines
generally exhibit limited performance on target domains.
For instance, Meta-RCNN and TFA achieve only 14.0% and
14.8% mAP, respectively, on the ArTAXOr dataset under the
10-shot setting. Even Distill-CD-FSOD, a method specifi-
cally designed for CD-FSOD, struggles when handling mul-
tiple diverse domains and unseen classes.

In contrast, domain-aware approaches such as DE-ViT
and CD-ViTO achieve notable improvements (49.2% and
60.5% mAP on ArTAXOr, respectively, under 10-shot).
Building upon CD-ViTO, our method consistently outper-
forms all baselines by a significant margin across all shot
settings and datasets, establishing new state-of-the-art re-
sults for CD-FSOD. In particular, HRSID and SSDD present
greater domain shifts due to their distinct imaging mech-
anisms, posing more severe cross-domain challenges. Our
framework demonstrates consistently strong performance
on these datasets, underscoring its capacity to generalize
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Figure 4: Visualization results of ground truth, CD-ViTO and our StyleProto.

across drastically different visual domains. To further eval-
uate the method’s versatility, we also conduct experiments
on COCO, where the target domain partially overlaps with
the source (Table 2). Unlike many cross-domain models
that sacrifice source-domain accuracy, our method main-
tains strong performance in the source domain as well, out-
performing all baselines. This indicates that StyleProto not
only excels in cross-domain generalization but also pre-
serves competitive accuracy in standard FSOD scenarios.

Ablation Study

To verify the effectiveness of each component in our frame-
work, we conduct comprehensive ablation studies on the
nine target datasets under the 5-shot setting. Table 3 reports
the mean average precision under various configurations.
Our StyleProto approach generates diverse style variants
and progressively refines prototypes, consistently boosting
performance. Each module contributes clearly to enhancing
prototype quality and cross-domain generalization.

Effectiveness of SGA. To evaluate the effectiveness of
the SGA, we remove it and train the model using only a few
original support samples. This leads to a noticeable drop in
performance, highlighting the importance of exposing the
model to diverse intra-class styles under limited supervision.
The stylized instances promote domain-invariant representa-
tion learning and enhance generalization to unseen domains.

Effectiveness of SPC. We then assess the role of SPC
in building initial prototypes. Without SPC, the aggregated
features are more susceptible to background noise and ir-
relevant details. By introducing spatially-aware weighting,
SPC generates more semantically concentrated and discrim-
inative prototypes, leading to consistent performance gains.

Effectiveness of HPFA. We assess HPFA by comparing
the full model with a variant using only SPC-generated pro-
totypes. While SPC offers a strong baseline, it lacks adapt-
ability to fine-grained, class-specific cues. HPFA addresses
this by leveraging learnable queries to extract and fuse dis-
criminative details from support features, leading to more
robust prototypes. Performance gains confirm HPFA’s role
in improving inter-class separation under domain shifts.
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Parameter Analysis. We conduct hyperparameter abla-
tion studies on two key factors in HPFA, as illustrated in
Figure 3. The left plot analyzes the number of discrimina-
tive query prototypes per class, where performance initially
improves and peaks at five prototypes, then slightly declines
as redundant cues introduce noise. The right plot examines
the impact of the fusion coefficient a. The model achieves
optimal performance at a = 0.3, where the fused prototype
effectively balances the stability of SPC and the adaptabil-
ity of HPFA. Extremely low « values underutilize spatial
cues, while high values overemphasize noisy attended re-
gions. These results confirm that moderate configurations of
both parameters yield the most robust cross-domain repre-
sentations.

Visualize Detection Results

We visualize representative results on each target dataset in
Figure 4, comparing our StyleProto with the vanilla CD-
ViTO. StyleProto shows a lower rate of false positives and
false negatives, especially in cases involving multiple adja-
cent objects or significant object-background ambiguity. It
more reliably detects small or visually confusing targets that
CD-ViTO often misses or misclassifies, reflecting improved
discrimination under complex cross-domain conditions.

Conclusion

In this paper, we propose StyleProto, a novel framework
for cross-domain few-shot object detection. By modeling
style diversity to reduce bias and employing attention-
enhanced prototype refinement to resolve feature confu-
sion, our method bridges the gap between source-trained
priors and diverse target appearances. The proposed SGA,
SPC, and HPFA modules jointly enhance the robustness and
adaptability of prototype representations under domain shift.
Extensive experiments across multiple datasets demonstrate
state-of-the-art performance under various few-shot settings.
Future work will explore dynamic prototype adaptation and
joint optimization with pseudo-labeled targets to further im-
prove open-set generalization in real-world scenarios.
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