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Abstract

Sparse annotation in remote sensing object detection
poses significant challenges due to dense object distribu-
tions and category imbalances. Although existing Dense
Pseudo-Label methods have demonstrated substantial po-
tential in pseudo-labeling tasks, they remain constrained
by selection ambiguities and inconsistencies in confidence
estimation. In this paper, we introduce an LLM-assisted
semantic guidance framework tailored for sparsely anno-
tated remote sensing object detection, exploiting the ad-
vanced semantic reasoning capabilities of large language
models (LLMs) to distill high-confidence pseudo-labels. By
integrating LLM-generated semantic priors, we propose
a Class-Aware Dense Pseudo-Label Assignment mecha-
nism that adaptively assigns pseudo-labels for both un-
labeled and sparsely labeled data, ensuring robust su-
pervision across varying data distributions. Additionally,
we develop an Adaptive Hard-Negative Reweighting Mod-
ule to stabilize the supervised learning branch by miti-
gating the influence of confounding background informa-
tion. Extensive experiments on DOTA and HRSC2016
demonstrate that the proposed method outperforms existing
single-stage detector-based frameworks, significantly im-
proving detection performance under sparse annotations.
Our source code is available at https://github.
com/wuxiuzhilianni/RSST.

1. Introduction

Object detection has been a pivotal task in computer vi-
sion, underpinning a wide spectrum of real-world applica-
tions, including autonomous driving, surveillance, and re-
mote sensing analysis. Traditional object detection models
require extensive human-annotated datasets to ensure opti-
mal performance [6, 18]. To mitigate this reliance on fully
annotated data, semi-supervised object detection (SSOD)
[2, 17,32] has emerged as a promising paradigm, leveraging
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Figure 1. The illustration of sparsely annotated objects in aerial
images. From left to right, the columns represent the fully anno-
tated setting, as well as sparsely annotated settings with 10%, 5%,
and 1% of the original annotations, respectively. Green bounding
boxes indicate the ground truth annotations in the original dataset,
while red bounding boxes denote annotations that have been inten-
tionally removed during training.

a limited set of fully labeled images alongside an abundant
corpus of unlabeled images to enhance model generaliza-
tion while alleviating annotation burdens. Despite its suc-
cess in generic vision tasks, SSOD remains underexplored
in the domain of remote sensing imagery [11, 14, 37]. This
discrepancy stems from the intrinsic challenges posed by
remote sensing data, wherein objects are often densely dis-
tributed, exhibit significant intra-class variations, and mani-
fest diverse orientations across images. To address this lim-
itation, researchers have introduced the concept of sparsely
annotated object detection (SAOD) [25, 28, 31], where
only a fraction of objects within an image are explicitly la-
beled, while the rest remain unannotated. Fig. | presents
a schematic illustration of sparse annotations with varying
label rates for remote sensing images.
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Pseudo-labeling [13], in conjunction with consistency-
based regularization [1], forms a cornerstone of SSOD. In
this paradigm, the teacher detector generates pseudo-labels,
which serve as supervisory signals for training the student
model on unlabeled data, thereby reducing reliance on man-
ually annotated datasets. Some methods adopt pseudo-
boxes, where the predicted bounding boxes undergo mul-
tiple refinement procedures and serve as direct supervision
for the student detector [22, 23, 41]. However, these addi-
tional post-processing steps introduce potential information
loss and may lead to suboptimal supervision quality. Al-
ternatively, other approaches employ Dense Pseudo-Labels
(DPL) by leveraging raw model outputs without conven-
tional post-processing [20, 34, 47], which can provide richer
supervision signals and potentially enhance detection per-
formance under limited annotations [15].

Prior methodologies leveraging DPL predominantly em-
ploy a top-k selection mechanism to identify foreground
pixels for distillation. However, this heuristic approach
introduces inherent selection and assignment ambiguities,
which undermine the effectiveness of pseudo-labeling. To
alleviate these ambiguities, recent works have explored al-
ternative selection paradigms. For instance, ARSL [20] re-
fines pseudo-label selection by jointly considering classi-
fication confidence and localization quality, whereas MCL
[34] adopts a divide-and-rule strategy, wherein distinct se-
lection rules are formulated for objects of varying scales.
Despite these improvements, a fundamental inconsistency
arises between the mean confidence of pseudo-labels and
their associated categorical assignments. Specifically, some
underrepresented categories exhibit relatively elevated con-
fidence scores, leading to their frequent selection during the
assignment process. In contrast, categories with larger sam-
ple sizes tend to display markedly lower confidence, result-
ing in inadequate model training. This misalignment be-
tween localized confidence estimates and the true under-
lying semantic structures introduces substantial ambiguity,
thereby disrupting the model’s learning dynamics.

To address the aforementioned challenges, we propose
an LLM-assisted semantic guidance framework grounded
in a Multi-Branch Input (MBI) architecture, which syner-
gistically integrates supervised and unsupervised learning
paradigms to enhance semantic consistency and pseudo-
label reliability. Within the supervised learning branch,
the Adaptive Hard-Negative Reweighting (AHR) module
is designed to dynamically modulate the influence of hard
negatives in the logit space, thereby mitigating their ad-
verse effects on model optimization. Concurrently, in the
unsupervised learning branch, the LLM-Assisted Seman-
tic Prediction (LSP) module autonomously generates and
gradually refines class-specific prompts, ensuring the pro-
gressive enhancement of semantic representations. These
prompts subsequently support the Class-Aware Label As-

signment (CLA) mechanism, which adaptively modulates
the assignment strategies to accommodate both fully unla-
beled and sparsely labeled data distributions. By incorpo-
rating these synergistic components, the proposed frame-
work effectively mitigates the misalignment between lo-
calized confidence estimates and the underlying semantic
structures, ultimately fostering a more robust and semanti-
cally coherent learning paradigm.

To summarize, the principal contributions of this work
are as follows: i) We propose an LLM-assisted semantic
guidance framework, meticulously tailored to accommo-
date the challenges posed by the sparsely annotated ob-
ject detection (SAOD) task. ii) To alleviate the misalign-
ment between localized confidence estimates and the un-
derlying semantic structures, we have constructed several
effective modules for both the supervised and unsupervised
branches. iii) We conduct comprehensive experiments on
two remote sensing datasets, including DOTA [39] and
HRSC2016 [24], demonstrating the effectiveness and ro-
bustness of our model.

2. Related Work
2.1. Oriented Object Detection

Oriented object detection has emerged as a vital research
area in computer vision, addressing the challenges posed by
objects with arbitrary orientations, particularly in aerial im-
age analysis. Unlike traditional object detectors that rely on
horizontal bounding boxes (HBB) [7, 29, 30, 33, 46], ori-
ented object detection techniques utilize oriented bounding
boxes (OBB), which provide a more accurate representa-
tion of rotated objects [8, 40, 43]. In recent years, several
innovative approaches have been developed to improve the
accuracy and robustness of oriented object detection. CSL
[42] reformulates the angle regression problem as a classifi-
cation task to address the issue of discontinuous boundaries
caused by angular periodicity or corner ordering, introduc-
ing a circular smooth label technique to improve error tol-
erance and enhance detection performance. S2A-Net [9]
leverages the feature alignment module to generate high-
quality anchors, followed by the oriented detection module,
which employs active rotating filters to produce features
that are both orientation-sensitive and orientation-invariant.
In contrast to the above studies, which primarily focus on
the supervised learning paradigm, this work takes an initial
step towards exploring sparsely annotated oriented object
detection, aiming to reduce annotation costs and improve
detector performance by utilizing unlabeled data.

2.2. Label-Efficient Object Detection

Label-efficient object detection aims to mitigate the de-
pendency on fully annotated datasets by leveraging weak
supervision, self-training, and pseudo-labeling techniques.
Semi-supervised object detection (SSOD) has advanced
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with teacher-student frameworks, where the teacher model,
updated via exponential moving average (EMA), generates
pseudo-labels to guide student training [21, 38, 44]. Soft
Teacher [41] employs box jittering for pseudo-box refine-
ment, while Unbiased Teacher [22] and its improved variant
[23] address class imbalance and enhance anchor-free de-
tectors, respectively. Dense Teacher [47] introduces dense
pseudo-labels to replace heuristic post-processing steps.
ARSL [20] integrates joint-confidence estimation and task-
separation assignment to improve label assignment at the
pixel level. Sparsely annotated object detection (SAOD)
addresses scenarios where only a fraction of instances are
labeled, reducing annotation costs while maintaining de-
tection performance. The absence of complete annotations
introduces challenges, such as missing supervision signals.
Niitani et al. [26] propose part-aware sampling to mitigate
incorrect supervision. Co-mining [36] employs a Siamese
network to enhance multi-view learning and better mine
unlabeled instances. Region-based approaches [28] treat
SAOD as a semi-supervised problem, identifying unlabeled
foreground regions. Calibrated Teacher [35] refines confi-
dence estimation to stabilize training, ensuring consistent
pseudo-label quality. PECL [25] introduces a progressive
selection strategy tailored to aerial images. In contrast
to prior methods, our approach innovatively incorporates
dense label representations into sparsely annotated aerial
object detection, refining optimization under minimal su-
pervision by integrating self-training and leveraging inter-
class relational priors to enhance detection robustness.

3. Method

3.1. Overview

SAOD presents significant challenges due to limited su-
pervisory signals, necessitating the effective utilization of
sparsely annotated instances and unlabeled images to train
a robust detector capable of accurately identifying all valid
targets. Formally, the sparsely annotated training set is de-
fined as X; = {(zy,v:)},, where N represents the total
number of images in the training dataset. For each image,
denoted as the i-th sample, its sparse annotations are rep-
resented as y; = {(cf,@f,bf)}j-vz“l, where ¢}, 67, and b}
correspond to the class label, orientation, and bounding box
coordinates of the j-th annotated object, respectively. In
this context, N;; denotes the number of labeled instances
present in the i-th image, with /V;; > 0 indicating the pos-
sibility of zero labeled instances.

Fig. 2 presents an overview of the LLM-assisted seman-
tic guidance framework. The framework is designed as a
self-supervised, single-stage detection paradigm based on
the Multi-Branch Input (MBI) Architecture, where a tightly
coupled, cyclic optimization mechanism coordinates the re-
ciprocal refinement between the generation of conformal

dense pseudo-labels and the progressive adaptation of the
detector. The framework comprises a supervised and an un-
supervised branch, each playing a distinct role in optimiz-
ing the model’s learning process. In the supervised branch,
the model is trained with sparsely annotated data, provid-
ing the primary supervisory signal that guides the optimiza-
tion trajectory of the student detector throughout the train-
ing process. During this phase, the Adaptive Hard-Negative
Reweighting (AHR) module is employed to regulate hard
negatives, facilitating a more discriminative learning pro-
cess. In the unsupervised branch, the LLM-Assisted Se-
mantic Prediction (LSP) module utilizes a large language
model (LLM) to autonomously generate and progressively
refine class-specific prompts for each image in an offline
manner. This refinement significantly enhances the subse-
quent Class-Aware Label Assignment (CLA) mechanism,
which strategically adapts the assignment strategies based
on both labeled and sparsely labeled data. This approach
mitigates foreground class imbalance and strengthens the
overall robustness of the detection framework.

3.2. LLM-Assisted Semantic Prediction

Prevailing strategies employing DPL for model training
primarily delineate label assignment protocols by identify-
ing the top-k£ most confident predictions either across the
global spatial extent [47], or within heterogeneous feature
maps through a divide-and-rule paradigm [34]. However,
such approaches intrinsically overlook a pivotal aspect: the
explicit semantic determination of foreground categories.
As illustrated in Fig. 3, certain underrepresented categories
exhibit relatively high confidence scores, leading to their
frequent selection during the assignment process. Con-
versely, some categories with a larger sample count tend to
have significantly lower confidence scores, resulting in in-
sufficient training for the model. The misalignment between
localized confidence estimations and the true underlying se-
mantic structures introduces substantial ambiguity into the
learning dynamics.

Drawing inspiration from [12], we address this challenge
by employing a large language model (LLM) to assist
offline pseudo-label assignment before the training stage.
For each image, the LLM is leveraged to infer potential
foreground categories, which are subsequently utilized to
enhance the unsupervised label assignment. Specifically,
given the complete set of categories in the dataset, denoted
as C = {classi,classa,..., classi5} in DOTA, along
with an additional background category &, we formulate
a structured linguistic query to guide the LLM in fore-
ground category inference. The designed instruction is
as follows: “Choose categories presented in
the image: classi;, ..., classis, none.
Choose one or several classes. Answer
in one word or a short phrase.” Next, high-
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Figure 2. The illustration of the LLM-assisted semantic guidance framework. In the unsupervised branch, the LLM-Assisted Semantic
Prediction (LSP) module generates and refines class prompts, while the Class-Aware Label Assignment (CLA) selects high-quality pixel-
level pseudo-labels using distinct strategies for sparsely labeled and unlabeled data. In the supervised branch, the Adaptive Hard-Negative
Reweighting (AHR) module identifies hard negatives in the logit space and mitigates their impact by reducing weights.

resolution remote sensing imagery is processed through
CLIP-ViT (L-14) [27], where the positional encoding is
interpolated to accommodate an expanded input resolution
of 504 x 504, increasing the number of patches to 1296.
An MLP-based adaptor then maps the 1024-dimensional
visual embeddings into a 4096-dimensional space, ensur-
ing compatibility with the Vicuna-v1.5 (7B) model [4].
The structured visual representations, concatenated with
the formulated query, are fed into the LLM to facilitate
semantically coherent category identification. Leveraging
its contextual reasoning within an autoregressive decoding
paradigm, the LLM derives the most probable foreground
categories. If the model does not identify any foreground
objects, it outputs none. Once foreground predictions are
obtained for all images, a refinement step is applied: for
sparsely annotated data, where labeled instances already
contain foreground category information, the final category
set is derived by taking the union of the LLM-generated
predictions and the provided annotations. In contrast, for
unlabeled data, the predictions remain unchanged. This
refinement strategy ultimately ensures that approximately
four-fifths of the final predictions are correct.

3.3. Class-Aware Label Assignment

With the assistance of the class prompt generated by LSP,
foreground category information is explicitly leveraged to
refine the assignment paradigm of positive and negative

Mean Confidence Proportion

(b)

Figure 3. Analysis of Imbalance Between Category-Wise Quan-
tity Proportion and Mean Confidence Proportion. (a) A scatter
plot illustrating the relationship between Quantity Proportion (x-
axis) and Mean Confidence Proportion (y-axis) for each category.
(b) A radial bar chart displaying the Quantity Proportion of each
category in ascending order, with category labels annotated ac-
cordingly. (c) A radial bar chart presenting the Mean Confidence
Proportion of each category, sorted in ascending order, with cate-
gory labels provided.

samples within the unsupervised learning distillation pro-
cess. By embedding class-specific priors into the distilla-
tion framework, the proposed methodology mitigates the in-
trinsic ambiguities associated with high-confidence pseudo-
label predictions, thereby enhancing their semantic reliabil-
ity and robustness. To optimize the selection of supervisory
signals, distinct assignment strategies are employed for dif-
ferent data types. To further handle fully unlabeled data, we
propose a label assignment method that leverages the class
prompt generated by the LSP module. This method aims to
select a fixed number of foreground pixels through a struc-
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tured three-stage process, ensuring that the selected pix-
els exhibit high semantic relevance and are well-distributed
across different foreground categories.

Given a pixel set P = {p; }, we prioritize selecting pixels
that are semantically associated with foreground categories,
as specified by a predefined class prompt. This ensures that
the selected pixels are aligned with the intended semantic
content. To further enhance the reliability of the selection
process and suppress potentially noisy or ambiguous sam-
ples, pixels with confidence scores falling below a prede-
fined threshold thr are systematically filtered out:

P, ={pe P|C(p) € Prompt A S(p)>thr}, (1)

where C'(p) denotes the predicted category of pixel p, and
S(p) represents the joint confidence score of pixel p, as de-
fined in [20]. The threshold thr serves as a confidence fil-
ter, removing ambiguous pixels with the low reliability. To
enhance generalization, we introduce an additional selec-
tion mechanism based on the pixel confidence. Specifically,
we select the top-k pixels with the highest joint confidence
scores:

Peont = Topy (Y S(p)), )

peP

where Top, () denotes the operation of selecting the
highest-k scoring pixels. To ensure balanced representation
across different foreground categories, we further refine the
pixel selection by choosing the top-k; pixels with the high-
est confidence scores within each individual category c;:

P., = Top,,, (> S;(p)), 3)

pEP

where S (p) represents the confidence measure of the pixel
p corresponding to the category c¢;. Ultimately, to eliminate
redundancy and enhance the heterogeneity of the selected
pixels, a deduplication operation is conducted. The result-
ing final set of selected pixels from the unlabeled images is
defined as follows:

Pintabeled = UIlique (Pfg U Peont U U ch )7 4
J

where Unique(-) ensures that each selected pixel appears
only once in the final set. This final selection process guar-
antees a diverse and semantically meaningful assignment of
pixels, facilitating more robust learning.

To address sparsely labeled data, we propose an assign-
ment strategy that incorporates additional supervisory sig-
nals from available annotations, including both the class
prompts generated by the LSP module and the ground truth
information. Given the set of annotated pixels Pgr, we di-
rectly include these pixels as positive samples:

PGT:{p€P|p€.A}, )

where A represents the set of manually labeled pixels. By
incorporating these reliable ground-truth (GT) pixels, we
ensure that the model receives explicit supervision from
human-labeled data, thereby mitigating potential errors in-
troduced by the pseudo-labeling process. The final selec-
tion of positive samples combines four sources: (1) pixels
aligned with the class prompt, (2) high-confidence pixels,
(3) category-balanced pixels, and (4) ground-truth pixels.
To eliminate redundancy and maintain sample diversity, a
deduplication process is applied:

Psparsely = Unique(Pfg U Peont U U ch U PGT): (6)
J

where Unique(-) removes duplicate entries, ensuring that
each selected pixel appears only once in the final set. This
strategy effectively enhances the supervision quality, en-
abling more reliable training under sparse annotations.

3.4. Adaptive Hard-Negative Reweighting

One-stage detectors are inherently more vulnerable to in-
complete or missing annotations [16, 19, 45], particularly
in the SAOD task, where distinguishing hard negative sam-
ples poses a significant challenge. These hard negatives
may correspond to genuinely unannotated objects or back-
ground clutter, leading to increased uncertainty and hinder-
ing model convergence.

To address this challenge, we propose AHR to adaptively
modulate the loss contribution of negative samples based
on their confidence scores. This strategy aims to strike a
balance between mitigating the impact of erroneous super-
vision and preserving beneficial background cues. The loss
function is formulated as follows:

—log(pt)ap],
—log(1 —pi)(1 —a)(1 —py)7, (7
—log(1 —pi)(1 — a)(1 — p) w,

L(p:) =

where p, represents the predicted confidence score, a con-
trols the weighting of positive and negative samples, and ~y
adjusts the focusing effect to suppress well-classified sam-
ples. The adaptive scaling factor w down-weights mislead-
ing high-confidence negatives. The three cases in the loss
function correspond to: positive samples, negative samples
with confidence below a threshold #hr, and negative samples
with confidence above thr.

4. Experiments

4.1. Experimental Setup

Datasets: We evaluate our approach on two widely
used aerial object detection benchmarks: DOTA [39] and
HRSC2016 [24]. The DOTA dataset consists of 2,806 high-
resolution aerial images with 188,282 annotated instances
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exhibiting significant variations in scale, aspect ratio, and
orientation.The dataset is partitioned into three subsets: a
training set containing 1411 images, a validation set with
458 images, and a test set comprising 937 images. It
encompasses 15 distinct object categories, namely plane
(PL), baseball-diamond (BD), bridge (BR), ground-track-
field (GTF), small-vehicle (SV), large-vehicle (LV), ship
(SH), soccer-ball field (SBF), tennis-court (TC), basketball-
court (BC), storage-tank (ST), roundabout (RA), harbor
(HA), swimming-pool (SP), and helicopter (HC). Under
sparse annotation settings, we randomly sample 1%, 2%,
5%, and 10% of instances per category before tiling each
image into non-overlapping 1024 x 1024 patches. The
HRSC2016 dataset contains 436 training, 181 validation,
and 444 test images. Following [25], we construct sparsely
labeled variants by retaining 10% of annotations, with at
least one per category per image. The performance is eval-
uated using the standard mean average precision (mAP).
Implementation Details: Our proposed models are im-
plemented and trained using the MMDetection [3] and MM-
Rotate [48] frameworks. Within this framework, we em-
ploy the Rotated FCOS [33] as the single-stage detection
paradigm, leveraging a ResNet-50 [ 10] backbone pretrained
on ImageNet [5] to extract hierarchical feature representa-
tions. We employ Stochastic Gradient Descent (SGD) as
the optimization algorithm, with an initial learning rate of
0.0025, a momentum coefficient of 0.9, and a weight decay
factor of 0.0001 to prevent overfitting. The total training
schedule comprises 12,000 iterations, with an initial burn-
in phase of 6,400 iterations to stabilize model convergence.

Table 1. Performance comparison of the OBB task under different
annotation rates (1%, 2%, 5%, and 10%) on the DOTA dataset.
Only the main mAP results are reported. The detection methods
are based on Rotated-FCOS (7), Rotated-RetinaNet (1) and Faster-
RCNN (o).

Model Type Model Name 1% 2% 5% 10%

Rotated FCOS 41.18 4346 48.18 49.79

Rotated RetinaNet 43.12 45.09 48.86 53.16

. S2ZA-Net 40.14 4192 48.78 54.39
Supervised

Rotated Faster R-CNN 4544 4831 51.81 57.75

Oriented R-CNN 51.05 53.09 56.85 61.50

ReDet 50.72 52.08 58.01 61.79

Unbiased Teacher® 43.59 4497 51.55 5723

Dense Teacher - 4772 5082 58.13

. . PseCo® 43.03 46.10 5227 57.76

Semi-Supervised +

SOOD 4534 47.60 52.84 57.36

ARSLF 4388 4439 5138 55.61

McCLf 4190 43775 51.53 56.17

S2A-Net w/PECL 5039 53.81 5742 6249

Sparsely-Annotated .
Ours’ 56.64 59.37 6395 65.11

4.2. Experimental Results

DOTA: We report the performance of our method on
the oriented bounding box (OBB) detection task using the

Table 2. Prediction Statistics of LLM-Assisted Semantic Predic-
tion Module. The total number of images is 21,046.“None” indi-
cates that both the prediction and ground truth (GT) have no fore-
ground classes. “Exact” means the predicted foreground classes
are identical to the GT. “Partly” denotes cases where the predicted
classes are a subset of the GT.

Correct Predictions

Modification (%) Errors
None Exact Partly
0 (Original) 6943 4861 3771 5471
1 6819 7539 2259 4429
2 6821 7755 2139 4331
5 6829 8075 1976 4166
10 6817 8447 1765 4017

Table 3. Prediction Metrics and Cost for Class Prompts Synthe-
sized by Distinct Large Language Models.

Model None Exact Partly ErrorsParams(B) T/img (s)
Phi-3.5-Vision-Instruct 2096 3036 3015 12899 4.15 0.85
Qwen-VL-Chat-Int4 2933 2292 2097 13724 3.18 0.82
InternVL2.5-1B 2697 3177 3479 11693 0.94 0.39
InternVL2.5-2B 1752 3906 3077 12311 221 0.44
InternVL2.5-4B 2169 4045 3506 11326 3.71 0.61
LLaVA-v1.5-7B 4485 4182 3446 8933 7.06 0.26
Ours 6943 4861 3771 5471 7.06 0.48

Table 4. Comparative analysis of prediction consistency under di-
verse textual prompt formulations within the LLM-Assisted Se-
mantic Prediction module.

Prompt ID None Exact Partly Errors
P1 - 682 203 20161
P2 - 5711 4332 11003
P3 1224 3560 3093 13169
P4 6979 4616 3794 5657
P5 6943 4861 3771 5471

Prompt Descriptions:

P1: Which of the following categories does the image contain: plane, ..., none.

P2: Which of the following categories does the image contain: plane, ..., helicopter.
Answer in one word or a short phrase.

P3: Please classify this image among: plane, ... , none.

P4: What objects are in this image? Choose from the following: plane, ..., none.
Answer in one word or a short phrase.

P5: Which of the following categories does the image contain: plane, ..., none. An-
swer in one word or a short phrase.

DOTA benchmark, as detailed in Table 1. Overall, in com-
parison to existing methodologies under fully supervised,
semi-supervised, and sparse annotation regimes, the pro-
posed framework demonstrates pronounced and consistent
improvements in detection precision across all annotation
ratios. In particular, relative to Dense Teacher [47], our
method achieves significant gains of 11.65%, 13.13%, and
6.98% under 2%, 5%, and 10% label rates, respectively.
Furthermore, we conduct a comprehensive statistical analy-
sis of the accuracy of class prompts generated by LSP mod-
ule for the DOTA dataset, as presented in Table 2. The
empirical results indicate that an increasing label rate ef-
fectively contributes to a reduction in the number of incor-
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Table 5. Quantitative comparison of representative oriented object
detection methods on the HRSC2016 dataset under the Oriented
Bounding Box (OBB) setting. The performance is evaluated in
terms of mAP, as well as AP at 50% and 75% IoU thresholds.

Performance (%) 1

Method
mAP AP50 AP75
Rotated RetinaNet 47.96 82.70 49.90
S2A-Net 48.05 79.60 51.60
Rotated FCOS 49.85 79.70 56.10
Oriented RCNN 57.26 80.90 68.70
ReDet 63.80 88.50 77.50
Dense Teacher 64.86 88.00 75.60
Ours 66.80 88.40 77.40

rect prompts. This improvement arises from the capabil-
ity of leveraging annotation information embedded within
the labeled data to iteratively refine the class prompts gen-
erated by the large language model. Additionally, as de-
lineated in Table 3, the LLM adopted in our method is
specifically adapted for remote sensing, yielding superior
inference performance with competitive latency compared
to generic LLMs trained on conventional datasets. Fur-
thermore, Table 4 presents a comparative study on various
textual prompt designs. The prompt adopted in our work
was selected through extensive empirical tuning to maxi-
mize task-specific performance.

HRSC2016: To further substantiate the efficacy of our
proposed framework, we conduct comprehensive compar-
ative analyses on the HRSC2016 dataset. The quantita-
tive performance comparisons between our framework and
various detector baselines are systematically presented in
Table 5. Specifically, we report the mean Average Preci-
sion (mAP) metric, as well as the AP5y and AP75 scores,
which serve as standard benchmarks for evaluating detec-
tion accuracy. Notably, when benchmarked against the
dense teacher [47], our framework exhibits substantial im-
provement of 1.94% in terms of mAP. This empirical evi-
dence underscores the robustness and adaptability of our ap-
proach, even when evaluated on relatively small-scale aerial
image datasets.

4.3. Ablation Study

We conduct comprehensive ablation experiments to eval-
uate the performance of our framework under different set-
tings. All the experiments are conducted on the DOTA
dataset at the 5% label rate, unless stated otherwise.

As illustrated in Table 6, we conduct a rigorous ablation
study to systematically evaluate the contribution of each
proposed component. The experimental findings reveal that
even when solely employing the AHR, our approach al-
ready surpasses the baseline, highlighting the effectiveness
of adaptive negative sample in improving detection perfor-
mance. Furthermore, the incorporation of the LSP, CLA and

Table 6. Ablation study comparing the mean Average Precision
(mAP) performance resulting from the integration of various ar-
chitectural components within the proposed framework. The eval-
uation is conducted under multiple supervision ratios (2%, 5%,
and 10%) to assess the effectiveness and generalization capability
of each configuration.

Components mAP (%) T
AHR LSP CLA MBI 2% 5% 10%
Baseline X X X X 4772 50.82  58.13
v X X X 5538 61.60 6293
Ours v v v X 5873  63.65 64.77
v v v v 59.37 6395 65.11

Table 7. Comparative Analysis of Assignment Mechanisms on the
DOTA dataset under Uniform Experimental Protocols.

Assignment Strategy 2% 5% 10%
SOOD 54.38 60.02 63.27
Dense Teacher 55.38 61.60 62.93
MCL 57.63 62.11 63.27
Ours (no-prompt) 56.17 61.97 63.53
Ours (LLM-guided prompt) 58.73 63.65 64.77
Ours (gt-prompt) 60.45 65.04 66.41

Table 8. Quantitative evaluation of the proposed Adaptive Hard-
Negative Reweighting (AHR) module under varying configura-
tions of weighting coefficients and prediction confidence thresh-
olds on the training dataset.

Weight Threshold
1.0 0.95 0.90
0.30 67.87 67.53 67.76
0.25 66.82 67.81 67.70
0.20 67.89 68.01 67.90
0.15 67.31 67.69 68.20
0.10 67.83 67.73 68.01

MBI modules provides additional performance gains, sub-
stantiating their respective roles in enhancing feature rep-
resentation learning and refining pseudo-label assignments.
These results collectively underscore the efficacy of our pro-
posed framework in leveraging complementary strategies to
achieve superior detection accuracy under limited supervi-
sion. Furthermore, Fig. 4 provides a visualization of the
foreground pixels selected by our model during training.
Notably, the distribution of the identified positive samples
aligns closely with the locations of ground truth bounding
boxes in the original images, further validating the effec-
tiveness of our assignment strategy in accurately capturing
salient object regions.

To address the premise that erroneous predictions may
impart a non-trivial perturbation to convergence dynam-
ics, our assignment framework integrates three foundational
mechanisms deliberately formulated to suppress such detri-
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Figure 4. Illustration of visualized pixel selection results with the 5% labeling rate. The first row illustrates the original images, while the
second row depicts the first-level feature maps extracted from the teacher logits. Gray dots denote the pixels identified as foreground.
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Figure 5. Impact of the AHR Integration on the mAP Performance.

mental influences. As depicted in Table 7, we conducted
empirical assessments under both the “no-prompt” and
“gt-prompt” configurations, which correspondingly delin-
eate the upper-bound performance and facilitate systematic
benchmarking against alternative assignment paradigms.

The impact of hyperparameter selection within AHR is
systematically analyzed, with the corresponding experi-
mental results summarized in Table 8. In this study, we in-
vestigate the effects of two key hyperparameters: the thresh-
old parameter thr, which determines the selection crite-
rion for hard negative samples, and the weighting factor w,
which governs the degree of down-weighting. Our empiri-
cal findings indicate that while the overall performance re-
mains relatively stable across different hyperparameter con-
figurations, the optimal detection performance of 68.20%
on the training set is achieved when the threshold thr is set
to 0.9 and the weight w to 0.15. Moreover, Fig. 5 presents
the comparative analysis of mAP curves before and after

applying AHR. A noticeable improvement in the stability
of mAP progression is observed, wherein the curve exhibits
a smoother convergence trend, eliminating the abrupt de-
clines that are typically present in the absence of AHR. This
empirically substantiates the effectiveness of our strategy
in mitigating instability caused by noisy negative samples,
ultimately leading to more reliable and robust learning dy-
namics throughout the training process.

5. Conclusion

This paper introduces an LL.M-assisted semantic guid-
ance framework based on a Multi-Branch Input architec-
ture to enhance pseudo-label reliability for sparsely an-
notated object detection in remote sensing imagery. The
Adaptive Hard-Negative Reweighting module alleviates op-
timization biases in the supervised branch, while the LLM-
Assisted Semantic Prediction module refines class-specific
prompts to facilitate Class-Aware Label Assignment. Ex-
tensive experiments on public benchmarks demonstrate the
effectiveness of our approach in mitigating category imbal-
ance and assignment ambiguities, achieving superior per-
formance over existing methods. Future work will explore
the broader applicability and adaptation of our method to
varying levels of label sparsity.
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