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Abstract

Identifying potential objects is critical for object recogni-
tion and analysis across various computer vision applica-
tions. Existing methods typically localize potential objects
by relying on exemplar images, predefined categories, or
textual descriptions. However, their reliance on image and
text prompts often limits flexibility, restricting adaptabil-
ity in real-world scenarios. In this paper, we introduce
a novel Prompt-Free Universal Region Proposal Network
(PF-RPN), which identifies potential objects without rely-
ing on external prompts. First, the Sparse Image-Aware
Adapter (SIA) module performs initial localization of po-
tential objects using a learnable query embedding dynami-
cally updated with visual features. Next, the Cascade Self-
Prompt (CSP) module identifies the remaining potential ob-
jects by leveraging the self-prompted learnable embedding,
autonomously aggregating informative visual features in a
cascading manner. Finally, the Centerness-Guided Query
Selection (CG-QS) module facilitates the selection of high-
quality query embeddings using a centerness scoring net-
work. Our method can be optimized with limited data
(e.g., 5% of MS COCO data) and applied directly to vari-
ous object detection application domains for identifying po-
tential objects without fine-tuning, such as underwater ob-
ject detection, industrial defect detection, and remote sens-
ing image object detection. Experimental results across 19
datasets validate the effectiveness of our method. Code is
available at https://github.com/tangqh03/PF-RPN.

1. Introduction

Recent object detection methods with Region Proposal Net-
works (RPN) [12, 49] have achieved significant progress in
various computer vision applications. The Region Proposal
Network (RPN) generates a sparse set of proposal boxes for
potential objects, which is a key component of object de-
tection. However, existing RPN methods [34, 39, 64] often
fail to identify potential target objects from unseen domains.
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Figure 1. Existing visual/text prompt based OVD methods typi-
cally rely on predefined categories or exemplar images to propose
potential objects for the target image. Recent prompt-free OVD
methods often leverage VLMs to generate textual descriptions for
the target image to localize potential objects which introduce con-
siderable latency costs. In contrast, our PF-RPN doesn’t require
any external prompts and only utilizes visual features to generate
high-quality proposals. Experimental results show the effective-
ness of our PF-RPN in localizing potential objects.

This limitation significantly hinders object detection appli-
cation in open-world scenarios.

Open-vocabulary object detection (OVD) models [6, §,
11, 13, 17, 32, 42] have demonstrated impressive capabil-
ities in localizing objects from unseen domains by lever-
aging category names or example images as prompts. Al-
though OVD methods are well-suited as RPN detectors due
to their strong generalization, their reliance on predefined
categories and exemplar images limits flexibility in practical
scenarios. For instance, in industrial defect detection and
underwater object detection scenarios, the target categories
and exemplar images are often unavailable, which substan-
tially limits the application of these models. Although some
prompt-free OVD models [22, 29, 45, 52] explore genera-
tive vision-language models (VLMs) to eliminate the need
for manually provided prompts, they often introduce signifi-
cant memory and latency costs. Therefore, it is necessary to
propose an efficient region proposal network that can gen-
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eralize across various domains without external prompts.

In this paper, we propose a novel Prompt-Free Universal
Region Proposal Network (PF-RPN) for localizing potential
objects, which can be applied to distinct unseen domains
without the need for exemplar images or textual descrip-
tions. Our model is optimized using limited data and can
be directly applied to downstream tasks without requiring
additional fine-tuning.

PF-RPN builds on the powerful OVD model by aggre-
gating informative visual features through a learnable vi-
sual embedding, eliminating the need for manually pro-
vided prompts while retaining its strong generalization abil-
ity. Specifically, the learnable query embedding is ini-
tialized and updated by the proposed Sparse Image-Aware
Adapter (SIA) module, which dynamically adjusts the em-
bedding by selectively aggregating multi-level visual fea-
tures. This adapter enables the model to capture salient
visual details at various spatial resolutions, enhancing the
localization of potential objects in complex visual scenes.

The SIA-adjusted learnable query embedding enables
the model to identify salient objects with distinct visual
appearances. However, the embedding may still struggle
to capture challenging objects with unclear visual features,
such as small or occluded objects. To mitigate this issue,
we propose the Cascade Self-Prompt (CSP) module to iden-
tify the remaining challenging objects by iteratively refining
the query embedding through a self-prompting mechanism.
The query embedding is progressively updated by aggre-
gating multi-scale, informative visual context, enabling the
model to handle ambiguities associated with small or oc-
cluded objects more effectively.

Furthermore, we observe that query embeddings near the
object center tend to generate more accurate proposals than
those at the object edges. This observation motivates the
design of the Centerness-Guided Query Selection (CG-QS)
module, which selects queries based on the predicted cen-
terness score, emphasizing the central region of objects dur-
ing the query embedding selection process. Focusing on the
centermost areas helps reduce false positives and improves
the quality of the proposals generated by the model.

Compared with conventional and OVD-based RPN
methods, our PF-RPN significantly improves proposal qual-
ity without requiring re-training or external prompts for un-
seen domains. Trained with limited data, PF-RPN demon-
strates strong zero-shot generalization ability, achieving
consistent improvements across 19 datasets spanning di-
verse domains and application scenarios. Specifically,
PF-RPN achieves 6.0/7.5/6.6 AR improvement on CD-
FSOD and 4.4/5.2/5.8 AR improvement on ODinW 13 with
100/300/900 candidate boxes, respectively, substantially
surpassing SOTA models. In summary, our advantages are
as follows:

* We propose a novel Prompt-Free Universal Region Pro-

posal Network (PF-RPN), a cutting-edge model which
can accurately identify potential objects in practical open-
world scenarios without any external prompts.

* We propose sparse image-aware adapter, cascade self-
prompting and centerness-guided query selection, en-
abling our model to effectively retrieve potential objects
by using only the visual features.

* Our PF-RPN achieves strong generalization performance
with limited data (e.g., 5% of COCO data) and can be
directly applied to downstream tasks without additional
fine-tuning. Experimental results on 19 cross-domain
datasets demonstrate the effectiveness of our model.

2. Related Works

Open-Vocabulary Object Detection. Recent progress
in open-vocabulary and grounded vision—language model-
ing [6, 8, 13, 18, 21, 27, 40, 46, 51, 55, 59, 61] has greatly
improved detector generalization. GLIP [21] unifies de-
tection and grounding for language-aware pre-training, and
Grounding DINO [27] enhances open-set detection via vi-
sion—language fusion. DetCLIPv2 [51] further strength-
ens word-region alignment, while YOLO-World [6] and
YOLOE [40] provide efficient vision—language fusion for
accurate, real-time OVD. However, most methods still rely
on text prompts or exemplar images for localization, limit-
ing flexibility when external input is unavailable. Although
YOLOE supports prompt-free detection, its zero-shot gen-
eralization is constrained by static text proxies. In con-
trast, our PF-RPN learns a visual embedding and refines it
through self-prompting, removing the need for text prompts
while preserving strong generalization.

Prompt-free Object Detection. Recent works [22, 29,
45, 52] explore prompt-free paradigms that generate ob-
ject descriptions directly. GenerateU [22] formulates de-
tection as a generative process that maps visual regions
to free-form names, while CapDet [29] bridges detection
and captioning by predicting category labels or region cap-
tions. DetCLIPv3 [52] integrates a caption head into an
open-set detector and leverages auto-annotated data for pre-
training. However, such models rely on large captioners,
which are computationally expensive and often biased. Our
PF-RPN uses a learnable embedding as a text proxy, achiev-
ing unbiased detection with low latency and memory cost.

Multimodal Large Language Models. Multimodal
Large Language Models (MLLMs) extend LLMs with vi-
sual perception and reasoning. Early studies [9, 19, 37,
48, 50] focused on vision-language alignment for tasks
such as captioning and VQA, while later works [, 2, 5,
30, 41, 43, 47, 53, 54, 62] (e.g., Qwen3-VL, DeepSeek-
VL2) target fine-grained understanding for grounding and
OCR. Despite their strong reasoning capability, MLLMs re-
quire massive computation and exhibit limited transfer to
cross-domain detection. Our PF-RPN achieves comparable
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zero-shot generalization without textual input or large-scale
training, offering lower latency and deployment costs.

3. Method
3.1. Method Overview

Unlike existing prompt-free open-vocabulary object de-
tection (PFOVD) methods [22, 45, 52] and OVD meth-
ods [6, 21, 27, 40], which rely on computationally expen-
sive captioners to generate object names for image I or re-
quire manual user input of category names or exemplar im-
ages, our PF-RPN directly proposes potential objects across
diverse domains without any text or visual prompts.

Fig. 2 illustrates the overall of PF-RPN. First, the im-
age encoder (e.g., ResNet [14] or Swin Transformer [28])
extracts multi-level feature maps F! € RHxWixC j ¢
{1,---,4}, where H; x W; denotes the spatial resolu-
tion of the i-th feature map and C' is the channel dimen-
sion. Then, the Sparse Image-Aware Adapter (SIA) adap-
tively integrates the & most informative features with the
learnable embedding F7 € R'*® via a routing mecha-
nism and cross-attention. Subsequently, the Cascade Self-
Prompt (CSP) module progressively refines F'7 using fea-
ture maps from deep to shallow layers. Finally, the multi-
level features F} are flattened into F! € RHXWX*C and
used as memory, following DETR-like frameworks [4, 27,
57, 63]. We replace the language-guided query selection in
Grounding DINO [27] with our Centerness-Guided Query
Selection (CG-QS) module to decode object proposals. The
entire framework is jointly trained on classification datasets
with pseudo bounding boxes and object detection datasets.

3.2. Sparse Image-Aware Adapter

Existing OVD methods [6, 21, 27, 40] mainly focus on
aligning image and text features for scoring detected boxes,
yet they often overlook the rich multi-level visual cues
from the image encoder. Early works [25, 26] reveals
that feature contributions vary across levels—shallow fea-
tures are beneficial for small objects, while deeper ones
capture large objects—indicating that naive fusion across
all levels introduces redundancy and noise. To address
this, we propose the Sparse Image-Aware Adapter (SIA),
a Mixture-of-Experts (MoE) module that adaptively se-
lects and fuses the most informative feature levels with the
learnable embedding Frr. Inspired by visual feature-based
prompt tuning [60], SIA replaces text embeddings in pre-
trained OVDs (e.g., Grounding DINO [27]) with image-
derived representations, bridging the modality gap.

Given the multi-level feature maps F}, a global aver-
age pooling layer extracts compact features F¥ € R¢. An
MOoE router predicts their importance w; = Router(F?),
where Router is a lightweight MLP. We then select the top-
k (k < 4) feature levels and normalize their weights via

softmax. Finally, Fr acts as the query and the concatenated
features {Fi (j)7F; (j)} serve as key—value pairs in cross-
attention [33, 38] to produce the updated embedding:

k
ad = I I
= ZwU(J) - Attn <FT7 [Fo'(j)7 Fo’(g)]) ) (1)

Jj=1

where o(j), 1 < 7 < k denotes the selected feature levels.
The proposed SIA module sparsely adapts multi-level vi-
sual features to the learnable embedding while maintaining
consistency between object scales and feature levels. More-
over, by leveraging both global features Fg ) and local fea-

tures F; ) the learnable embedding is enriched with both
coarse- and fine-grained visual cues. As illustrated in Fig. 4,
SIA significantly enhances the localization capability of the
learnable embedding by emphasizing semantically relevant
object regions and suppressing background noise. However,
background activations are still observed, suggesting that a
single-step adaptation is insufficient. To further refine the
embedding and achieve more precise localization, we intro-
duce the CSP module in the next section.

3.3. Cascade Self-Prompt

While the SIA module enriches the learnable embedding
FT with scale-relevant cues and enhances its localization
ability, we observe that some background regions may still
be partially activated as shown in Fig. 4. This suggests that
a single-step adaptation remains insufficient to fully sup-
press noisy responses. To further purify the embedding, we
design a refinement mechanism that leverages the embed-
ding’s own visual activations.

Empirically, object-internal features exhibit stronger lo-
calization ability than the learnable embedding itself, and
this finding is proved in our supplementary materials.

This motivates an iterative refinement scheme in which
activated visual feature progressively guide FT toward
more discriminative representations.  Moreover, since
deeper layers encode high-level semantics while shallower
layers capture fine-grained structural details [24, 56], we
perform the refinement in a deep-to-shallow cascade—first
aggregating semantics, then integrating structure.

Based on these insights, we propose the Cascade Self-
Prompt (CSP) module, which iteratively refines FT using
multi-level features F/. Starting from £ = FT, we gen-
erate a similarity mask at each level:

M; =1 (Cos (F;Cl, F{) > 5) : )

where § is a manually set threshold (set to 0.3), cos denotes
the cosine similarity, and 1 is the indicator function. The
embedding is then updated via masked average pooling:

FF' = ET | + MAP(M;, F}l), (3)

13082



1. Model Overall
0.24X 0.82(4 0.13X
Training T
Cls. Head &
Reg. Head

|

Decoder
1

> Centerness-Guided
Query Selection

1
Encoder

! 1

Feature Map Cascade
Fl Self-Prompt

t |

Sparse &
Image-Aware
Adapter

h

Learnable Embedding
Fr

Frozen

No param. Keys &

Values

®

®

Image
Encoder

W

Input Image /

TEE-F

contrastive loss L

regression loss L.,

centerness loss L,

Updated
3. Cascade Self-Prompt Learnable
Embedding
=T
Masked Avg. x4 Fi
Pooling
Update
Select /-th visual
embedding
Multi-Level Learnable
Feature Map Embedding
Fliefl, -4 [ L,
2. Sparse Image-Aware Adapter
Updated
® Learnable
& -2 I Embedding
select  apmn At Fr
fop-k i i Queries
A 2 PR
e e i A
1 1 1
Router < || !
Avg. Pooling |
: Learnable
Multi-Level '\ Embe?ding
Feature Map F
PR

Figure 2. Overall architecture of our PF-RPN. It comprises three core components: (1) the Sparse Image-Aware Adapter (SIA) module,
which adaptively integrates multi-level feature maps F; with a learnable embedding F'T via a routing mechanism and cross-attention; (2)
the Cascade Self-Prompt (CSP) module, which iteratively refines the embedding through masked average pooling across multiple visual
levels; and (3) the Centerness-Guided Query Selection (CG-QS) module, which decodes the features into final predictions optimized by

contrastive, regression, and centerness losses.

where MAP denotes the masked average pooling. By cas-
cading this process from deep to shallow layers, CSP pro-
gressively expands object-consistent activations while sup-
pressing background noise. Guided by the strong prior from
SIA, the refinement jointly optimizes visual consistency and
scoring reliability, yielding more precise and robust local-
ization. Fig. 3 illustrates the effectiveness of this iterative
process. To achieve an optimal balance between accuracy
and efficiency, we set the number of iteration to 3.

3.4. Centerness-Guided Query Selection

After CSP module, we can localize potential object regions
and obtain their corresponding queries. However, the im-
portance of each query largely depends on its spatial loca-
tion. As shown in Fig. 7, queries located near the object cen-
ter tend to produce more accurate proposals than those near
object boundaries. Therefore, we propose the Centerness-
Guided Query Selection (CG-QS) module to estimate the
likelihood that each query lies near the object center.
Specifically, a lightweight MLP is employed as a center
scoring network to generate a center score g; for each query
fi- Meanwhile, we compute the distances from the query to
the left, right, top, and bottom edges of the corresponding

ground-truth box to derive the center supervision c¢;:

min(l, r)
C; = X
max(l, )

When a query is closer to the ground-truth box center,
the corresponding supervision ¢; approaches 1, and the net-
work is trained to make the predicted score g; match c;.
The centerness loss is then defined as the L1 distance be-
tween the J\Predicted center score g; and its supervision c;,
Loy =Y ;4 |l9i — cill1, where N denotes the total number
of queries and || - ||; represents the L1 loss.

The proposed CG-QS module effectively prioritizes vi-
sual embeddings near object centers. During both train-
ing and inference, given classification scores computed by
the dot product between the learnable embedding and the
queries, we combine the center scores generated by the
scoring network with these classification scores for query
selection, and then use the resulting scores to determine the
final candidate query set.

3.5. Objective Loss

Previous work [10] shows that the fine-tuning stage of de-
tectors introduces bias into the image encoder, since detec-

min(¢, b)
max(t,b)’

“)
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Table 1. Comparison with OVD models, MLLMs, and RPNs. The best results are highlighted in bold. AR;00,300/900 denotes the
average recall under 100/300/900 candidate boxes, respectively, and AR, ,,/; denotes the average recall for small/medium/large objects.
t indicates using the original class names from the corresponding dataset as text input, and I indicates replacing the original class names
with “object” to obtain a prompt-free setting. Our method achieves the best performance on both the CD-FSOD and ODinW 13 benchmarks.

Datasets Methods Prompt Free  ARio0 ARsoo ARgeo ARs AR,, AR,
GDINO' [27] X 52.9 53.5 54.7 31.1 41.6 63.9

GDINO? [27] v 54.7 57.8 61.6 34.1 49.3 67.0
YOLOE-v8-Lt [40] X 44 .4 46.2 47.1 21.6 36.6 54.9

A YWorldv8-L' [6] X 49.6 51.1 51.6 25.1 42.7 60.6
S Qwen-VL' [2] X 201 201 201 10 30 265
E GLIPf [21] X 47.6 47.6 47.6 21.2 34.6 56.0
8 GenerateU [22] v 47.7 54.1 55.7 28.1 48.3 69.4
Open-Det [3] v 36.6 46.3 54.3 28.2 453 67.7

RPN [34] v 32.0 39.0 45.7 29.9 43.0 54.3

Cascade RPN [39] v 45.8 52.0 56.9 31.1 50.5 66.0

Ours v 60.7 65.3 68.2 38.5 61.9 80.3

GDINO' [27] X 72.1 73.4 74.0 45.6 61.7 79.2

GDINO* [27] v 69.1 70.9 72.4 40.8 64.6 78.4
YOLOE-v8-Lt [40] X 66.6 67.8 68.3 39.2 57.8 72.8

« YWorldv8-Lf [6] X 69.1 70.3 71.5 37.5 62.2 75.4
E GLIPf [21] X 69.8 69.8 69.8 33.2 50.9 75.2
a GenerateU [22] v 67.3 71.5 72.2 32.8 63.1 80.0
) Open-Det [3] v 53.9 62.9 69.1 27.7 59.8 76.6
RPN [34] v 49.0 52.4 55.7 353 54.0 59.8

Cascade RPN [39] v 60.9 65.5 70.2 40.3 65.5 75.0

Ours v 76.5 78.6 79.8 45.4 71.9 85.8

tion models are fine-tuned on detection datasets, whereas
the image encoder is pretrained on classification datasets,
e.g., ImageNet [7]. To alleviate this bias, we jointly fine-
tune our PF-RPN on 5% of the data from ImageNet with
pseudo bounding boxes and COCO [23], thereby reduc-
ing the distribution gap between classification and detection
data.

Following DETR-like frameworks [4, 21, 27, 57, 63], we
employ the L1 loss and the GIoU loss [35] as the regression
loss L,.,, and use a contrastive loss between queries and the
learnable embedding F4T for classification scoring.

To prevent a few experts from being over-activated
while others remain rarely used—resulting in load imbal-
ance—we introduce an auxiliary loss £, = std(w;),i €
{1,---,4} on the expert weights w; to balance the load
across experts and fully exploit the multi-level feature maps,
where std denotes the empirical standard deviation. Mini-
mizing L,, encourages the expert weights w; from the router
to be more evenly distributed, improving load balance. Fi-
nally, the overall objective function is formulated as:

L= Ereg + Leos + L + >\£ctra )

where L,,, and L follow the same configurations as in
Grounding DINO [27].

4. Experiments

We adopt Grounding DINO [27] with a Swin-B backbone as
our baseline. Our model is trained on 5% of the COCO [23]
dataset (80 classes) and 5% of the ImageNet [7] dataset
(1000 classes) and can be directly applied to downstream
tasks without any further fine-tuning. Following previous
work [21], we evaluate our model on the ODinW 13 bench-
mark, which includes datasets from diverse domains such
as wildlife photography, household objects, and aerial im-
agery. To further assess the generalization of our model,
we also evaluate our model on the CD-FSOD benchmark,
which consists of six cross-domain datasets with distinct
domain shifts: ArTaxOr [31] (insect images), Clipartlk [16]
(hand-drawn cartoon images), DIOR [20] (remote sensing
images), DeepFish [36] (underwater fish images), NEU-
DET [15] (industrial defect images), and UODD [44] (ma-
rine organism images). In our experiments, we use Average
Recall (AR) as the evaluation metric to evaluate our PF-
RPN’s ability to propose potential objects. All experiments
are conducted on four NVIDIA RTX 4090 GPUs.

4.1. Quantitative Results

Comparison with OVD Models, RPNs and MLLMs. As
shown in Table 1, we compare our PF-RPN with typical
open-vocabulary object detection (OVD) models. For OVD
models, we feed the class names from the corresponding
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Table 2. Results of module ablation studies. SIA denotes the
Sparse Image-Aware Adapter, CSP denotes the Cascade Self-
Prompt module and CG-QS denotes the Centerness-Guided Query
Selection module. The best results are highlighted in bold.

SIA CSP CG-QS ARi00 ARs3o0 ARgoo ARs AR,, AR;

529 535 547 31.1 41.6 639
57.8 63.1 667 479 582 775
58.1 629 65.8 37.7 56.7 77.0
544 569 60.2 219 50.6 79.8
60.2 647 68.0 47.1 60.7 79.1
59.6 643 673 452 60.6 78.1
60.2 652 677 434 60.0 784
60.7 653 682 385 619 80.3

NAX A X X N X
LN A X X A X X
AX NSNS X X X

dataset into the model to obtain detection boxes that serve
as proposals. Meanwhile, to further investigate the impact
of text prompts on model performance, we also evaluate
its performance under the prompt-free setting by replacing
the class names with “object” as the model text input. Our
PF-RPN outperforms the baseline model Grounding DINO,
achieving improvements of 7.8/11.8/13.5 AR on the CD-
FSOD benchmark under 100/300/900 candidate boxes, re-
spectively. On the ODinW 13 benchmark, our PF-RPN fur-
ther surpasses Grounding DINO by 4.4/5.2/5.8 AR under
100/300/900 candidate boxes. Compared with the OVD
model YOLOE [40], our PF-RPN achieves performance
gains of 16.3/19.1/21.1 AR. To further assess the general-
ization of our PF-RPN, we also compare it with MLLMs.
Specifically, compared with Qwen2.5-VL-7B [2], our PF-
RPN obtains improvements of 40.6/45.2/48.1 AR under
100/300/900 candidate boxes. In addition, compared with
the Cascade RPN [39], our PF-RPN improves performance
by 15.6/13.1/9.6 AR on the ODinW13 benchmark.

Module Ablation Studies. To evaluate the contribution of
each module, we conduct the module ablation study on the
CD-FSOD benchmark. As shown in Tab. 2, adding the STA
module raises the average performance to 57.8 AR;q0, out-
performing the baseline and indicating that visual features
are more effective than text for localizing potential objects.
Building on this, adding both the SIA and CSP modules
further improves the performance to 60.2 AR;q9, showing
that the cascaded self-prompt strategy effectively reduces
missed detections by iteratively updating the learnable em-
bedding to retrieve more potential objects. Adding the SIA
module and CG-QS modules improves performance to 59.6
ARy, demonstrating that the center scoring network can
accurately assess proposal quality and help the model se-
lect high-quality proposals. When combining all modules,
our approach achieves the best performance of 60.7 AR1¢,
confirming the complementarity among these modules.

Data Ablation Studies. To investigate the influence of
training data scale on our model, we conduct a data abla-
tion experiment on the CD-FSOD benchmark. As shown

Table 3. Results of data ablation studies. COCO denotes the
COCO dataset and IN denotes the ImageNet dataset, The best re-
sults are highlighted in bold.

COCO IN ARigo AR300 ARgoo ARs AR,, AR;

1% 0 572 63.7 68.0 422 609 76.6
5% 0 58.8 64.1 67.8 402 59.0 78.6
10% 0 59.0 64.1 67.5 389 59.1 789
1% 5% 59.1 63.3 66.8 362 599 798
5% 5% 60.7 65.3 682 385 619 803
10% 5% 60.9 65.5 685 396 61.6 805

Table 4. Results with different backbones. The best results for
each baseline are highlighted in bold. Our model effectively im-
proves the performance of detectors with different backbone.

Method AR100 AR300 ARgoo ARs AR,, AR;

GDINO (SwinB) 529 53,5 547 31.1 41.6 639
+ ours 60.7 653 682 385 619 80.3

GDINO (ResNet50) 40.4  43.4 446 21.7 325 549
+ ours 45.6 514 58.0 28.1 50.6 73.7

in Tab. 3, increasing the proportion of detection data from
COCO leads to consistent improvements in average recall
(AR). Notably, the performance gain from using 1% to 5%
of COCO is significantly larger than that from 5% to 10%,
indicating diminishing returns when further expanding the
data scale. Therefore, we adopt 5% of COCO as a trade-off
between performance and efficiency. Furthermore, intro-
ducing classification data (ImageNet) yields an additional
improvement in AR, demonstrating its effectiveness in alle-
viating the bias in the image encoder caused by detection-
only training. This confirms that a small amount of classi-
fication data helps enhance cross-modal alignment and im-
proves the generalization ability of our model.
Comparison with Different Backbone. As shown in
Tab. 4, the experimental results demonstrate that our model
achieves strong performance across different backbone.
Specifically, when integrating our model with a ResNet-50
backbone [14], the performance improves by 5.2 AR;qo,
while using a Swin-B backbone [28] leads to an improve-
ment of 7.8 AR1q0.

Ablation Study on MoE module in the SIA. To verify the
effectiveness of the MoE module, we conduct ablation ex-
periments as shown in Tab. 5. The removal of MoE leads
to a consistent performance drop, further validating its im-
portance. The experimental results demonstrate that while
the attention mechanism can suppress irrelevant informa-
tion, it operates only within individual feature levels and is
unable to select across levels. In contrast, the MoE mod-
ule filters out irrelevant feature levels before the attention
stage. Since objects of different scales are best represented
at distinct feature levels, relying solely on attention would
inevitably introduce noise from non-informative levels.
Integrating into Well-Train Detectors. To evaluate the ex-
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Iter. 2 Iter. 1

Iter. 3

Figure 3. Effect of iterations in the Cascade Self-Prompt module. Visualization of region selection across different Cascade Self-Prompt
iterations. Green points indicate the object regions selected by the model in the current iteration. As the number of iterations increases, the
model progressively selects more object regions in the image, demonstrating the effectiveness of our cascade self-prompt mechanism.

Before

After

Figure 4. Effect of the Sparse Image-Aware Adapter. Visualization of similarity heatmaps between the learnable embedding and image
features before and after the module update. Each pair of heatmaps (top: before, bottom: after) corresponds to the same image. After
the update, the learnable embedding exhibits stronger responses in semantically relevant regions, indicating improved alignment between
visual and learned representations and providing a stronger prior for the cascade self-prompt module.

Table 5. Ablation study on the effectiveness of the MoE module.
The best results for each baseline are highlighted in bold.

Dataset Method ARIOO AR300 ARQOO ARs ARp, AR[
w/o MoE  58.6 61.2 63.5 37.1 565 735

CD-FSOD Ours 60.7 65.3 68.2 385 619 803
ODInW13 w/o MoE  68.7 71.7 73.8 379  67.0 80.7

Ours 76.5 78.6 798 454 719 858

tensibility of our model, we integrate our model into exist-
ing well-trained RPN-based detectors. As shown in Tab. 6,
when we replace the original RPN in DE-ViT [49] with our
proposed module, the detector achieves an improvement of
3.7 AP on the COCO dataset. Furthermore, to evaluate
the generalization of our model in cross-domain scenarios,
we integrate our model into the cross-domain detector CD-
ViTO [12] and evaluate its performance on the CD-FSOD
benchmark following the original setting. Experiment result
shows that Integrating our model results in an improvement
of 5.5 AP on the CD-FSOD benchmark.

4.2. Qualitative Visualizations

Cascade Self-Prompt Module. In the Cascade Self-
Prompt (CSP) module, our key idea is to use visual fea-
tures from some objects to iteratively retrieve the remain-
ing potential objects. To validate the effectiveness of this

Table 6. Results of integrating our model into well-trained detec-
tors. OD denotes the conventional object detection task evaluated
on the COCO dataset and CDFSOD denotes the cross-domain few-
shot object detection task evaluated on the CD-FSOD benchmark.
The best results are highlighted in bold.

Method Task AP APsy ARzs AP, AP,, AP,

DE-VIT OD 33.0 529 337 17.1 354 473
+ ours OD 36.7 56.2 38.8 23.5 40.1 50.7

CD-VITO CD-FSOD 29.6 49.1 30.0 5.7 244 37.6
+ours CD-FSOD 351 59.6 350 9.0 226 419

paradigm, we visualize the selected image regions at dif-
ferent iterations. As shown in Fig. 3, in the first iteration,
the model can only select partial object regions. After up-
dating the learnable embeddings with the selected features,
it expands to cover more potential object regions. Through
multiple iterations, the model is able to propose most po-
tential object regions.

Sparse Image-Aware Adapter. In the Sparse Image-Aware
Adapter (SIA), we dynamically adapt the learnable embed-
ding using visual features, enabling it to propose objects
from unseen categories. To evaluate the effectiveness of this
module, we visualize the regions selected by the learnable
embedding before and after the SIA update. As shown in
Fig. 4, before the update, the learnable embedding assigns
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Before

After

Figure 5. Effect of the Centerness-Guided Query Selection. Visualization of query selection before and after applying the Centerness-
Guided Query Selection (CG-QS) module. Each pair of heatmaps (top: before, bottom: after) corresponds to the same image. After
applying the CG-QS module, the model tends to select queries near object centers, thereby generating more accurate proposals.

Figure 6. Qualitative results of PF-RPN on several object detection benchmarks. PF-RPN exhibits strong cross-domain generalization and
localization ability, accurately proposing potential object regions without any domain-specific fine-tuning.

N A\

Figure 7. Prediction box comparison. The red box corresponds to
the query indicated by the red star, while the blue box corresponds
to the query indicated by the blue star. It can be observed that
the query located near the object center produces a more accurate
bounding box than queries near object boundaries.

high attention to background regions. If these regions are
fed into the CSP module, the model tends to propose more
background regions. In contrast, after being updated with
visual features, the learnable embedding focuses on object
regions and suppresses background distractions, underscor-
ing the necessity of the SIA.

Centerness-Guided Query Selection. The core idea of
CG-QS is that image queries located near an object’s center
tend to generate more accurate proposals than those near the
object boundary. As shown in Fig. 7, when the model se-
lects a center-area query (the red star), it produces a precise
bounding box. In contrast, when the module selects queries
from boundary regions, it typically results in notable local-

ization errors. Motivated by this observation, we introduce
a center loss to encourage the model to prioritize queries
closer to object centers. To evaluate the effectiveness of the
CG-QS strategy, we visualize the selected image queries,
as shown in Fig. 5. After adding the CG-QS module, our
model prefers to select queries at center locations, confirm-
ing the efficacy of the CG-QS strategy.

5. Conclusion

In this paper, we propose the Prompt-Free Universal Re-
gion Proposal Network (PF-RPN), which aims to address a
critical limitation in computer vision: the task of propos-
ing arbitrary potential objects typically depends on external
prompts (e.g., text descriptions or visual cues). To mitigate
this limitation, PF-RPN introduces a learnable embedding
serving as a proxy for text embeddings, enabling prompt-
free arbitrary object proposal. We propose the Sparse
Image-Aware Adapter and Cascade Self-Prompt modules,
which enhance the model’s localization capability as the
similarity among visual embeddings is typically greater
than that between the learnable embedding and visual em-
beddings. We further present the Centerness-Guided Query
Selection module, which incorporates centerness and classi-
fication scores to select more appropriate queries for subse-
quent stages. Extensive experiments demonstrate our PF-
RPN’s superiority in zero-shot cross-domain object pro-
posal, providing valuable insights for future research.
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