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Abstract

Open-Vocabulary Object Detection (OVOD) shows promise
in remote sensing (RS), but due to its unique value, there
are challenges such as the predominance of background re-
gions, sparse labels, limited semantic information, and dif-
ficulties in semi-supervised training. To tackle these chal-
lenges, we propose the Semi-Supervised Open-Vocabulary
Aerial Object Detection with Dual-Perception Prior Denois-
ing (SOAR), which explicitly models the background embed-
dings of each scene to indirectly construct foreground pri-
ors, thereby capitalizing on the abundant background infor-
mation present in RS imagery. We further introduce a query
enhancement module that integrates language and foreground
prior information to enhance the effectiveness of query selec-
tion and feature augmentation. During the decoding stage of
semi-supervised training, we perform denoising and recon-
struction of the foreground priors to generate pseudo-labels
that support the training process. Additionally, we address the
sparsity of label information through expansion and aggrega-
tion techniques, further improving model performance. Ex-
perimental evaluations reveal that, in the open-vocabulary ob-
ject detection task on the DIOR dataset, our method achieves
a mean Average Precision (mAP) of 68.5% and Harmonic
Mean (HM) of 55.9%, outperforming the previous state-of-
the-art model’s mAP of 61.6% and HM of 53.6%. Our ap-
proach offers a novel solution to the open-vocabulary chal-
lenge in aerial object detection.

Code — https://github.com/Man-PaperRejected/SOAR

1 Introduction

Aerial object detection is crucial for geospatial analysis, but
traditional deep learning models (Ahmad et al. 2025; Chen
et al. 2025; Li et al. 2023b; Wang et al. 2023a; Wang, Gao,
and Zhang 2025; Liang and Luo 2024; Xue et al. 2024;
Zhang et al. 2024; Liu et al. 2025), being inherently closed-
set, struggle with novel categories. Their reliance on fixed
annotations is problematic, as fine-grained aerial labeling is
expertise-intensive. Consequently, aerial datasets (Xu et al.
2022; Li et al. 2020; Ding et al. 2022; Vis 2023; Lam et al.
2018) lag significantly behind general vision datasets (e.g.,
COCO (Lin et al. 2014), LVIS (Gupta, Dollar, and Girshick
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Figure 1: SOAR vs. Teacher-Student semi-supervised train-
ing architectures. (a) Teacher-Student paradigm. (b) SOAR
approach: Instead of a separate teacher, SOAR reuses the
denoising (DN) module as a refiner (RF) to generate super-
vised signals for semi-supervised training.

2019)) in scale and diversity, limiting real-world adaptabil-
1ty.

Vision-language models (VLMs) (Wang et al. 2023b; Li
et al. 2023a; Zhang et al. 2023b; Sun et al. 2024) offer a
solution by building scalable visual-semantic associations,
enabling open-vocabulary object detection (OVOD) (Cheng
et al. 2024; Lin et al. 2024; Yao et al. 2024; Liu et al. 2023;
Zareian et al. 2020; Jia et al. 2021; Wang et al. 2024). How-
ever, applying OVOD to aerial imagery faces unique chal-
lenges compared to natural images: (1) Multi-scale objects
with weak features hinder background separation (He et al.
2017; Du et al. 2022; Gu et al. 2021). (2) Complex, domi-
nant backgrounds reduce training efficiency. (3) Prohibitive
annotation costs severely restrict model performance.

Recent aerial OVOD works show promise. DescReg
(Zang et al. 2024) enhances textual semantics by introduc-
ing a description regularization method. CastDet (Li et al.
2024b) employs a student-teacher framework, increasing
the model’s detection capability for unseen categories. LAE
(Pan et al. 2025) addressed the domain gap with a large
dataset (LAE-1M) and model adaptations (DVC, VisGT).
Despite these efforts, critical challenges persist: (1) Effec-
tively leveraging complex background features. (2) Optimiz-
ing the trade-off between architectural complexity and per-
formance.

In this paper, we propose a novel semi-supervised model



architecture, termed SOAR. As shown in Figure 1, this ar-
chitecture simplifies the complex teacher-student framework
(e.g., as seen in (Li et al. 2024b; Caron et al. 2021)) tradi-
tionally employed for pseudo-label generation by leverag-
ing prior denoising to achieve this goal. Our approach is
inspired by the contrastive denoising training (CDN) pro-
posed in DINO(Zhang et al. 2022). For labeled data, the
CDN is trained by constructing noisy ground truth (GT)
and using the original GT as the supervision signal. For
unlabeled data, we propose to dynamically and explicitly
model background information during the image feature ex-
traction process, thereby obtaining implicit foreground pri-
ors. We treat these priors as noisy GT and reuse the CDN
module to denoise them, yielding pseudo-labels. We fur-
ther enhance label semantics through our multi-granular la-
bel system (MGL), which optimizes the use of limited la-
beled data by efficiently leveraging its inherent structure
and information. This approach, designed to maximize the
value of scarce annotations, has been validated in the OVOD
model(Liu et al. 2024) for natural images, where it im-
proves model performance. Additionally, we introduce the
dual-aware query enhancement (DAQE) module. This mod-
ule first utilizes a prior-aware query selector (PAQS) to se-
lect proposal queries exhibiting a stronger correlation with
the foreground. Subsequently, it employs a language-aware
query enhancer (LAQE) to infuse these selected queries with
language information, thereby enabling more efficient com-
pletion of the open-vocabulary object detection (OVOD)
task. The contributions of our work can be summarized as
follows:

1. A novel semi-supervised approach is proposed for open-
vocabulary object detection in aerial imagery, named
SOAR. It innovatively uses the model’s internal mech-
anisms and extracted priors for self-consistent pseudo-
label generation.

. To inject positional priors and linguistic information into
the queries, we propose the dual-aware query enhance-
ment (DAQE) Module.

3. We introduce an offline multi-granularity label expansion
module (MGL) to address the limited semantic informa-
tion in aerial image category labels.

2 Related Work
2.1 Open-Vocabulary Object Detection

Traditional detectors (e.g., Faster R-CNN (Ren et al. 2015),
YOLO (Bochkovskiy, Wang, and Liao 2020; Wang, Yeh,
and Liao 2024; Alif and Hussain 2025), RetinaNet (Lin et al.
2017)) excel in closed-set scenarios but struggle with novel
objects unseen during training. While early attempts like
Zero-Shot Detection (ZSD) (Bansal et al. 2018; Rahman,
Khan, and Porikli 2018; Huang et al. 2022; Demirel, Cinbis,
and Ikizler-Cinbis 2018) used semantic embeddings, their
performance is often constrained.

The rise of vision-language models (VLMs) like CLIP
(Radford et al. 2021), BLIP-V2 (Li et al. 2023a), RAM
(Zhang et al. 2023b), and BEIT-3 (Wang et al. 2023b) signif-
icantly advanced open-vocabulary learning through effective
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vision-language alignment. This spurred open-vocabulary
object detection (OVOD), enabling detection from free-form
text. Initial OVOD works (e.g., OV-RCNN (Zareian et al.
2020), ViLD (Gu et al. 2021)) primarily distilled knowl-
edge from VLMs. Subsequent methods refined localization
and generalization via techniques like learnable prompts,
PromptDet (Feng et al. 2022), and improved region-text
alignment (DetPro (Du et al. 2022)). Recent advancements
include real-time OVOD (YOLO-World (Cheng et al. 2024))
and generative methods (Lin et al. 2024).

In aerial imagery, OVOD methods like DescReg (Zang
et al. 2024) enhanced semantics, CastDet (Li et al. 2024b)
employed a multi-teacher framework, and LAE (Pan et al.
2025) tackled the domain gap with a large dataset and
model adaptations. Our work differs by proposing a semi-
supervised framework specifically for aerial OVOD with
limited labeled data. Instead of complex distillation (Li et al.
2024b) or direct VLM adaptation (Pan et al. 2025).

2.2 Semi-Supervised Object Detection

Semi-supervised object detection (SSOD) enhances perfor-
mance using limited labeled and abundant unlabeled data.
Pseudo-labeling is a dominant strategy, with techniques re-
fining predictions via fixed thresholds (STAC (Sohn et al.
2020)), reliability estimation (Soft Teacher (Xu et al. 2021)),
or addressing class imbalance (Unbiased Teacher (Liu et al.
2021)). SSOD has been applied to both two-stage (Tang
et al. 2021; feng Zhou et al. 2021), which often uses sophis-
ticated teachers and strong augmentation for better pseudo-
labels, and one-stage (Sohn et al. 2020; Xu et al. 2023) de-
tectors, as well as DETR architectures (Wang et al. 2022;
Zhang et al. 2023a).

3 Method
3.1 Dynamic Prior Representation

We propose dynamically constructing scene foreground pri-
ors to address this. While inspired by recent work in back-
ground utilization( e.g. (Du et al. 2022; Li et al. 2024a) ), it
argue that directly applying global self-attention for a uni-
fied background embedding is suboptimal due to the spa-
tial heterogeneity and semantic diversity of remote sensing
backgrounds. Unlike natural images, remote sensing images
have larger background regions, making per-image back-
ground modeling feasible.

Dynamic Background Representation: To accomplish
dynamic implicit background modeling, we need to address
the following problems step by step. The first question: how
to model the variable and complex background? A pre-
vious method(Du et al. 2022) attempted the same, but con-
cluded that directly and rigidly modeling the background,
and representing the variable background with fixed feature
representations, is difficult to converge, especially for aerial
imagery. Therefore, we propose to model the background
implicitly, by leveraging the existing features. Given that the
background predominantly occupies remote sensing images,
this approach appears feasible. Then, we must solve another
problem: how to model background information from ex-
isting features? A straightforward approach would be to
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Figure 2: Overall architecture of SOAR. It consists of four main components: (1) Multi-Granular Label: Multi-granularity
label generation and aggregation, expanding semantic information. (2) Dynamic Background Representation: Image feature
extraction and background feature construction. (3) Dual-Aware Query Enhancement: Proposal query filtering and feature en-
hancement using prior location and language information. (4) Foreground prior construction and denoising: Indirect foreground
prior construction via background features, prior box extraction, and refiner-based prior denoising to generate pseudo-labels.
Red arrows indicate the semi-supervised training flow. Losses with a superscript * are semi-supervised training losses.

directly use the mean of global tokens as background fea-
tures. After experimentation, we found that using this fea-
ture to calculate a similarity matrix with global tokens and
performing histogram statistics revealed a small overall vari-
ance. This implies that it cannot effectively distinguish be-
tween background and foreground. Hence, we propose to
introduce learnable tokens. While extracting image features,
we allow the model to autonomously summarize and refine
background information. Finally, we are left with one last
question: how many background tokens should we set,
and how should we initialize them? To initialize our nine
background tokens, we compared three methods: random,
global average, and regional average. The latter involves di-
viding the image into a 3x3 grid and initializing each token
with the mean features of its corresponding region. Exper-
iments showed this approach delivered optimal results for
both foreground prior map construction. We also designed
an attention mask to ensure each background token attends
exclusively to its region, preventing feature leakage. Algo-
rithm 1 illustrates its process.

Foreground Prior Maps: After performing image fea-
ture extraction and background modeling, we compute the
similarity between the multi-scale image features and the
background features. Subsequently, an inverse operation is
applied to this similarity to obtain multi-scale foreground
priors. For the i-th scale Foreground Prior:

Prior}g = Merge(Priort),Yw ¢ W e

Prior’, = —STM (b, Img'(x,y)w), Y,y € Area,, (2)
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where Prior} , denotes the i-th scale foreground
prior,Priori is the prior for the w-th region (scale i),
b, represents the background features for region w (scale
i), SIM is the cosine similarity, and Merge aggregates the
region priors Prior’, to a complete prior map.

In our background modeling approach, adhering to im-
plicit learning principles, we eschew direct background su-
pervision. Instead, we utilize bounding box (Bbox) labels to
generate foreground-centric supervision signals. These sig-
nals are created by constructing Gaussian responses within
the box extents. ‘

Gaussian Response: The Prior,, is constructed by super-

imposing Gaussian responses:
2
> ) )

2
. g T — Cyg
Prior,, = Zexp <— <( 952 )
box z
where ¢, and ¢, are the center points, and o, and o, are
the standard deviations defined by the width and height. We
optimize the prior map using an Lo loss, defined as:

(y — Cy)
205

i
Lom = % Z HPrior}g — Prior;t Hz . 4)
5

3.2 Dual-Aware Query Enhancement

As shown in Figure 3, a tailored query selection and en-
hancement module is proposed, drawing inspiration from
previous works e.g., (Li et al. 2022), (Wang et al. 2024),
(Zhang et al. 2022). Leveraging foreground prior informa-
tion and linguistic information from text, we introduce a



Algorithm 1: Dynamic Background Modeling

Input: Image embeddings Eime € REXNXD (N=HxW)
Output: Foreground tokens T'r;, Background tokens Thg_out

1 Split into 3x3 Regions:

2 Eregions, Iregions <— SplitIntoRegions(Eimg)

3 Compute Background Tokens:

4 Ty < GlobalAvgPool(Eregions)

s Concatenate All Tokens:

6 Tai < Concat(Eing, The)

7 : Create Attention Mask Base on region indices:
8 M < CreateMask (Iregions)

9 Forward Pass through Vision Model:

Tout + MOdel(Talh Matm)

Separate Output Tokens:
Ttg, Tog.ou < SplitOutputs(Tou)
return Ty, T ou =0

11
12
13

dual-aware query enhancement module, which comprises
two core components: a prior-aware query selector and
a language-aware enhancer. Through these components, it
aims to improve query quality, enabling a more precise cap-
ture of foreground targets while integrating linguistic con-
text.

Prior-Aware Query Selector: To identify queries better
aligned with foreground targets from a large pool of proposal
queries, a prior-informed filtering mechanism is designed.
Specifically, a foreground prior map is utilized to guide the
query selection process. The steps are delineated as follows:

1. Selection of Initial Cluster Centers: On the foreground
prior map P € RT*W we select N,, initial cluster cen-
ters C' = {c1,¢a,...,cn, } by identifying local peaks.

¢i= argmax P(x,y), 5)

(z,y)EN;
P(x,y)>threshold

where N; represents the i-th local neighborhood.

. Clustering Process: After obtaining the initial cluster
centers, we perform clustering on all reference points
R € RY*2 output by the encoder, where N is the to-
tal number of reference points. We simply adopt the Lo
distance from reference points to prior centers as a se-
lection criterion. Specifically, for each reference point r;,
we compute its Lo distances to all prior centers and use
the minimum distance Dist; as its score.

Dist; = Min(||r; — ci|3), Ver, € C.ss (6)

Then, the reference points are sorted by score in as-
cending order, and the queries for the top K points are
selected. After clustering, yield K selected query pairs

Qselect = {Q;TOL‘& ggﬁtent .

Qselect = Qproposal [TOpK(—DiSt)]. (7)

Language-Aware Enhancer: After filtering potential
foreground content queries, a bidirectional attention mech-
anism is employed to infuse linguistic information, further
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Figure 3: Architecture of the dual-aware query enhance-
ment (DAQE). PAQS selects proposal queries closer to the
foreground by centering its operation on the peak points of
the foreground prior. Subsequently, LAQE employs bidirec-
tional cross-attention to infuse these selected queries with
language information.

enhancing their semantic representation. Specifically, two
cross-attention modules are designed to facilitate bidirec-
tional information exchange between images and text. These
are detailed as follows:

Image-to-Text Attention (I2T-Attn): In this module, im-
age queries serve as the Key and Value vectors, while lan-
guage features act as the Query. Let the selected content
queries be Q; € REXD and language features be F; €
REXD (where L is the text sequence length). The attention
computation is:

F(Qi)" )
I2T-Attn(Q);, F;) = softmax [ ——— i- (8)
yielding enhanced language features F/ fused with vision
information.

Text-to-Image Attention (T2I-Attn): In this module, vi-
sion features serve as query vectors, while language features
act as keys and values. The attention computation is:

Qi F! T
T2I-Attn(F}, Q;) = softmax <\(/g F. 9
producing enhanced vision features @ integrated with lan-
guage information.

3.3 Prior Refinement Based Denoising

Unlike traditional approaches that predominantly rely on
student-teacher models to generate pseudo-labels for semi-
supervised training, we innovatively leverage a denoising
process to produce pseudo-labels, naming this Refiner.

Extracting Targets from the Foreground Prior Map:
We follow the approach in Algorithm 2 to extract candidate
bounding boxes from the foreground prior map. and initial-
ize content queries by using text features obtained from the
language encoder, specifically by performing global average
pooling (GAP) on the text features 7 € R¢*P across C
classes with D dimensions and repeating K times.

" et = GAP(T).repeat(K) € RE*P . (10)



Algorithm 2: Foreground Target Extraction from Prior Map

Input: Foreground prior map Priory, Output: Refiner posi-
tional queries Q)1 € RF**

1 Noise Suppression via Gaussian Filtering:
2 Priorsmooth < Prioryy *x Go

3 Contrast Enhancement using Gamma Correction:
4 Priorenhtznced <~ (Priorsvrzooth)’y

s Foreground Segmentation via Otsu’s Thresholding:

6 Totsu < OtsuThreshold(Priorenhanced)

1 .fP ; ennance b TO su

7 Prior(z,y) ! MO,T nanced(®, y) > Tot
0 otherwise

8 B <« ExtractBoundingBoxes(Prioryinary)

9 Prior Bounding Box Noise Injection:
10 for each bounding box b = (z¢, ye, w, h) € B do:
u Az, Ay ~U(-1,1)
12 T, T+ Az -w/25y, — Yo+ Ay - h/2
13 Aw, Ah ~ U(0.5,1.5)
4w —w-Aw;h < h-Ah
Update b with (z,, y.,w’, k')
Generate Positional Queries:
7S« < Stack([b;,...])
return Q;{;S =0

15
16
17
18

Refiner for Pseudo-labels Generation: The refiner is
created by repurposing the CDN module as Refiner to gen-
erate pseudo-labels through prior target denoising. Position
and content queries serve as Query for the Refiner decoder,
while DAQE-enhanced proposals content queries act as Key
and Value. This refines position queries, denoises content
queries (Qrr = [Q1, r oni)), and ultimately yields cor-

responding pseudo-labels B € RE*4 and C € RE*P,

[B,C] = Refiner(Q = Qrr, K = Qpage; V = Qpagk)-
(1)
We employ the following optimization objective for semi-
supervised training, where ¢ and b represent the outputs from
the DINO Transformer encoder:

Ly = p1Las(é,C) + Mweg(b, B). (12)

Hybrid Training: The model is trained in two stages. Ini-
tially, the model lacks foreground prior knowledge, so the
first stage uses only labeled data.

Stagel: Using only labeled data, we optimize for de-
tection box regression(L,.4), classification(L;s), and CDN
loss(Lcg4r). To prepare for efficient unlabeled data training
later, we probabilistically replace CDN with Refiner set-
tings, using pseudo-labels from the prior map and GT labels
for optimization with loss function £, ¢, where B, and C,
are the ground truth of labeled data.

L= Mﬁcls(éa Ca) + )\Ereg(gv Bs) + pLlocan. (13)
er = Ecls(ca Oe) + Lreg(Ba BG) (14)
L="Lo+Lrj+ Lom. (15)
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Stage2: Foreground priors are simultaneously extracted
for both data types, then sequentially processed by an en-
coder and DAQE for feature extraction/enhancement. The
labeled data’s noisy GT undergoes CDN denoising training.
Unlabeled data uses prior boxes for extraction and a Refiner
for pseudo-labels, completing the semi-supervised training.

[':['s +£u+£pm- (16)

3.4 Multi-Granular Label Generation

To enrich the semantic information conveyed by category
labels in remote sensing datasets, a multi-granularity label-
ing approach is proposed. For each category, we construct
label groups that incorporate hierarchical semantic informa-
tion: superordinate labels (representing broader, more ab-
stract concepts), the original label (the category itself), and
alternative labels (denoting synonyms of categories). This
structured representation is designed to facilitate more ef-
fective feature extraction and model training.

Label Construction Process: We leverage a large lan-
guage model (LLM) to generate multi-granularity labels
through a designed prompt. The prompt instructs the LLM
to produce N superordinate labels and M alternative labels
based on the category list, ensuring the label system bal-
ances breadth and depth. The prompt is defined in appendix.

Feature Extraction and Aggregation:
ation, all operations are performed offline.

Feature Extraction: Each label group is converted into
semantic feature embedding via a pre-trained language en-
coder (e.g., Remote-CLIP).

Feature Aggregation: The feature vectors are fed into an
aggregator to produce an enhanced label representation, in-
tegrating core semantics with hierarchical information. We
experimented with three aggregation methods: Global aver-
aging, Global maximum, and weighted aggregation.

After label gener-

4 Experiment
4.1 Implement Details

Method is evaluated on two challenging remote sensing im-
age object detection datasets: DOTA(Ding et al. 2022) and
DIOR(Li et al. 2020).

Model Setting and Evaluation: We employ Swin-T as
the image encoder, paired with Remote-CLIP as the text
encoder to ensure image-text semantic consistency. The
model’s performance is comprehensively evaluated using
Mean Average Precision (mAP) and the Harmonic Mean
(HM). The mAP is calculated with an Intersection over
Union (IoU) threshold of 0.5 to assess detection accuracy
for both base and novel categories, while the HM is used to
balance performance between them, defined as:

HM — 2 - mAPpase - MAPpoyel )
mAPbase + mAPnovel

A7)



GZSD 75D
Dataset Method Source Detector MAP mADP-base mAP-novel HIM [APO BC GIF WM
VALD(Gu et al. 2021) [CLR21 | Faster RRCNN [ 457 538 42 22491 118 267 91
OV-DETR(Zang et al. 2022) |ECCV22 | Deformable DETR | 540  62.6 199 302|291 197 256 52
Detic(Zhou et al. 2022) ~ |ECCV22|  CenterNet2 | 369 453 35 65|07 22 112 00
GroundingDINO(Liu et al. 2023) | ECCV24 DINO 573 708 32 62|03 33 91 02
DIOR GLIP(Lin et al. 2024) CVPR22 GLIP 560  69.1 36 69|00 24 91 30
BARON(Wu etal. 2023) | CVPR23| Faster RCNN | 50.6  59.8 153 244|141 166 304 0.1
YOLO-World(Cheng et al. 2024) | CVPR24|  YOLOV&-M | 57.7 702 80  144| 00 198 122 00
CastDet(Li et al. 2024b) | ECCV24| Faster R-CNN | 61.6  65.7 452 536|454 782 413 159
SOAR - DINO 68.5 743 449 559|498 702 42.1 17.5

Table 1: Comparison with the state-of-the-art detectors on DIOR dataset. The short names in ZSD are "APO”: Airport, "BC”:
Basketball-Court, ’GTF”’: Ground-Track-Filed, ”"WM”: Wind Mill.

Figure 4: Detection results, which seen and unseen (APO,
BC, GTF, WM) categories are included.

GZSD ZSD
Dataset Method Source mAP

Base Novel HM mAP

(Huan;;ﬁ? 2022)| CVPR22 |[47.1 22 42| 29

DOTA (Yiljfl“et;zslfzz‘j’)?‘,) TPAMI22|41.6 28 52|60

(Zan];f;jﬁ%m ) | AAAR4 687 47 88|85

?Lrj’;‘e}fg}g%;? ECCV24 [66.0 5.8 10.6] 7.9

(Liefifz.ﬂ??z ) |ECCV24[603 292 393/29

fgfrg - |745 295 42.3|30.1

Table 2: Comparison with the SOTA detectors on DOTA

dataset.

4.2 Main Result

Generalized Zero-Shot Detection (GZSD) Performance
on DIOR and DOTA: Overall Performance: As shown in
Table 1, SOAR excels in GZSD, achieving 68.5% mAP and
55.9% HM, leading all compared methods. SOAR outper-
forms CastDet by 6.9% mAP and 2.3% HM, and YOLO-
World (57.7% mAP) by 10.8% mAP. This demonstrates
SOAR’s superior object identification and balance of preci-
sion and recall. However, we find that its detection accuracy
for novel classes is slightly lower than that of CastDet. Af-
ter observing the DOTA and DIOR datasets, we speculate
that this might be because the distinction between objects
and the background in the DIOR dataset is lower than that
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Figure 5: Prior box extraction and pseudo-label generation.
(a) original image. (b) weighted prior map. (c) preprocessed
prior map, where the pink star markers indicate regional
peak coordinates used for query filtering in PAQS. (d) prior
box extraction and diverse noise box generation. (e) pseudo-
labels after Refiner processing.

in the DOTA dataset. Some detection results are shown in
Figure 4. As shown in Table 2, SOAR excels in both base
(74.5%) and novel (29.5%) class mAP, surpassing all com-
pared methods in novel class mAP. Its overall HM (42.3%)
is also the highest, demonstrating a strong balance between
base and novel class detection accuracy.

Pseudo-label Quality Assessment: As shown in Table 3,
to evaluate the effectiveness of prior box extraction and the
denoising mechanism, we conducted experiments based on
Stage2. The mAR of 63.4% indicates that the foreground
prior map and box extraction can effectively locate fore-
ground objects. The refined pseudo - labels by the Refiner
achieve an mAP of 49.5%, but with a relatively low mAR,
as a high threshold was set to obtain high - quality pseudo
- labels. These data demonstrate the effectiveness of the de-
noising mechanism.

4.3 Ablation Study

Dual-Aware Query Enhancement: As shown in Table 6,
our ablation studies on DAQE demonstrated that LAQE has



Target First iter Last iter
mAP mAR mAP mAR
Labelcorase - 59.2% - 63.4%
Label, 5 387% 21.4% | 49.5% 32.1%
SOAR 114% 31.3% | 449% 51.7%

Table 3: Performance comparison of different label types
and the SOAR model across iterations on stage2.

Number mAP Time
900 (default) 68.5  3.21 images/second
450 (half) 64.2  5.45 images/second
450 (w/o PAQS) | 41.7  6.11 images/second

Table 4: Ablation study for learnable queries

a substantial positive impact on performance, especially for
novel categories, as expected since it injects language infor-
mation. We found PAQS to have a less pronounced effect.
Further experiments indicated that the large number of pre-
defined queries (900) compared to foreground prior queries
meant that most foreground prior queries were selected even
without PAQS. Accordingly, we reduced the number of se-
lected queries to 450, which resulted in a minor decrease
in model performance but a notable increase in inference
speed, show in Table 4.

(BC) ¢

(wm) i

(sp)

Figure 6: Unseen category foreground prior maps. (a) Orig-
inal image. (b) High-level semantic prior map. (c) Mid-level
semantic prior map. (d) Low-level semantic prior map. (e)
Weighted prior map.

Initialization of Dynamic Background Tokens: As
shown in Table 7, we present experimental results compar-
ing different initialization strategies for background tokens.
We found that initializing background tokens using Global
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Label,; Labelexy | mMAP mAPpye mMAPovel
1.0 0 68.1 74.3 42.3
0.5 0.5 68.5 74.3 44.9

max 68.3 74.3 43.8
- rand 67.3 74.1 43.6

Table 5: Ablation experiments on the multi-granular label
module. Here, “max”: global max pooling; “rand”: ran-
domly selecting from the extended labels.

PAQS LAQE | mAP mAPu,e mMAP oy
v v 68.5 74.3 44.9
v - 48.4 69.1 29.6
- v 67.7 73.2 42.8
- - 45.7 67.9 28.2

Table 6: Ablation experiments of the dual-aware mod-
ule. PAQS stands for position-aware query selector; LAQE
stands for language-aware query enhancer.

Average Pooling (GAP) significantly outperforms random
initialization. Furthermore, applying GAP on a regional ba-
sis yields a more fine-grained background representation,
leading to improved model performance. Also, we observed
that incorporating region-specific positional encodings for
background tokens, which are then applied to their corre-
sponding image tokens, further enhances performance.

Different Setting of Multi-Granular Label: As pre-
sented in Table 5, 1.0 represents full utilization of the fea-
ture embedding, while 0.5 signifies averaging. We observed
that MGL provided minimal performance improvement, as
the test data did not include categories beyond the origi-
nal labels. To overcome this, we employed GPT to gener-
ate approximately 3 new labels per category, which were
then mixed with training-time extended labels and randomly
sampled during testing.

BG token Init | mAP mAPp,se MAPgvel
Random 67.1 74.2 42.2
GAP 67.9 74.3 43.1
GAP,eq 68.5 74.3 439
GAP,;cq+Pos | 68.5 74.3 44.9

Table 7: Experiments on background token initialization
methods. GAP refers to global average pooling; “area”:
GAP within different regions;”Pos”: position embedding.

5 Conclusion

This paper proposes the SOAR, a semi-supervised detec-
tor leveraging prior denoising. By adapting a denoising pro-
cess for pseudo-label generation, SOAR leads to a stream-
lined architecture. The DAQE module further optimizes
query representation through prior-based filtering and cross-
modal interaction. To boost novel class detection, multi-
granularity aggregated labels are constructed for richer se-
mantic context. SOAR achieves SOTA performance on the
DIOR dataset with 68.5% mAP and 55.9% HM.
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