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Abstract
To identify objects beyond predefined categories, open-
vocabulary aerial object detection (OVAD) leverages the
zero-shot capabilities of visual-language models (VLMs) to
generalize from base to novel categories. Existing approaches
typically utilize self-learning mechanisms with weak text su-
pervision to generate region-level pseudo-labels to align de-
tectors with VLMs semantic spaces. However, text depen-
dence induces semantic bias, restricting open-vocabulary ex-
pansion to text-specified concepts. We propose VK-Det, a
Visual Knowledge-guided open-vocabulary object Detection
framework without extra supervision. First, we discover and
leverage vision encoder’s inherent informative region percep-
tion to attain fine-grained localization and adaptive distilla-
tion. Second, we introduce a novel prototype-aware pseudo-
labeling strategy. It models inter-class decision boundaries
through feature clustering and maps detection regions to la-
tent categories via prototype matching. This enhances atten-
tion to novel objects while compensating for missing super-
vision. Extensive experiments show state-of-the-art perfor-
mance, achieving 30.1 mAPN on DIOR and 23.3 mAPN

on DOTA, outperforming even extra supervised methods.

Introduction
Aerial object detection (AOD), which involves precisely lo-
calizing and classifying objects within aerial images, is es-
sential for earth observation tasks including security mon-
itoring, disaster response, and urban management (Ding
et al. 2022). While deep learning has substantially improved
AOD performance on closed-set benchmarks (Redmon et al.
2015), existing methods remain limited to detecting only
predefined object categories. To facilitate real-world de-
ployment where countless unlabeled concepts exist, open-
vocabulary aerial object detection (OVAD) is introduced to
enable the recognition of novel objects (Li et al. 2023b).

Utilizing VLMs’ zero-shot capabilities (e.g., Remote-
CLIP (Liu et al. 2023)), OVAD replaces trainable classifier
weights with frozen semantic embeddings from the text en-
coder of VLMs. Current research on OVAD primarily fo-
cuses on knowledge distillation and pseudo-labeling:
• Knowledge distillation transfers region-level semantic

knowledge from VLMs to detectors, with ViLD (Gu et al.
*Corresponding author.
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(a) Informative region perception in VLMs.
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(b) Comparison of our method with existing methods.

Figure 1: (a) visualizes the attention heatmap from the visual
encoder of VLMs for an aerial image. The heatmap is de-
rived by averaging multi-layer attentions. (b) compares our
pseudo-labeling approach with conventional methods.

2021) pioneering the alignment between detector region
features and cropped image embeddings from VLMs.

• Pseudo-labeling employs self-learning or external data
to generate pseudo-labeled data, thereby expanding cate-
gory coverage through extra supervision. For instance,
CastDet (Li et al. 2023b) employs a semi-supervised
paradigm to produce high-quality pseudo-labels.

However, in AOD scenarios, knowledge distillation and
pseudo-labeling underperform due to challenges in novel
object localization, background interference, and textual
noise, which ultimately lead to region-text misalignment.
This compels us to confront an inherent issue: whether
we can automatically discover novel conceptual objects
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from visual knowledge while simultaneously maximizing
their category boundaries for knowledge transfer.

The visualization of attention heatmaps from VLMs’ vi-
sual encoders reveals a notable phenomenon. This is evi-
denced by Fig. 1(a), where average attention maps across
layers differentiate background from informative regions
and assign higher weights to the latter without labels. Based
on this observation, we design an adaptive selection mech-
anism and data augmentation method for small and elon-
gated objects in aerial imagery. These components form
the Adaptive Selection Knowledge Distillation (ASKD), en-
abling more efficient knowledge transfer. To better lever-
age informative regions, we propose a Prototype-Aware
Pseudo-Label (PAPL) method. As shown in Fig. 1(b), unlike
prior pseudo-label methods that classify class-agnostic vi-
sual embeddings using frozen class embeddings (Zhao et al.
2022), our method separates inter-class disparity via pro-
totype learning and then generate trainable unknown class
prototypes for classifier training. Finally, we propose the
Synthetic Matching Inference (SMI) mechanism to evaluate
the scores of novel classes through prototype matching and
multi-level scoring. This approach integrates the distillation
and prototype classifiers into a unified unknown category
classifier, which works in conjunction with the localization
network to assess the relevance of detected objects.

By combining the aforementioned modules, we introduce
a novel framework termed VK-Det, a Detector that relies
only on Visual Knowledge for efficient knowledge distil-
lation and pseudo-labeling optimization without additional
supervised signals or data. We argue that relying solely on
visual knowledge from VLMs enables the detector to learn
its semantic knowledge efficiently and achieve performance
comparable to methods that utilize extra supervision.

We evaluate VK-Det on two benchmark datasets,
DIOR(Li et al. 2019) and DOTA(Ding et al. 2022). On
DIOR, VK-Det achieves 30.1% mAP on novel categories,
outperforming state-of-the-art methods. Notably, previous
methods rely on extra supervised signals, whereas VK-Det
attains superior performance without extra supervision. On
DOTA, VK-Det achieves a performance of 23.3% mAPN

and 33.9% HM. Furthermore, our proposed PAPL method
demonstrates superior performance and effectively mitigates
the text illusion problem compared to approaches based on
category-supervised pseudo-label generation.

The main contributions of this paper are as follows:
• We identify the inherent capability of informative re-

gions perception for potential objects in VLMs. Lever-
aging this insight, we design an ASKD framework to ex-
tract informative, region-level embeddings for more ef-
fective and adaptive distillation.

• We introduce a PAPL approach that leverages prototype
learning to generate high-quality pseudo-labels. Further-
more, we design prototype-based classifier and matching
inference strategies to facilitate knowledge transfer.

• By integrating both components, we propose the VK-Det
framework. Experiments on two standard benchmarks
show that our method achieves state-of-the-art perfor-
mance, surpassing even extra supervised methods.

Related Work
Open-Vocabulary Object Detection. The core idea of
open-vocabulary object detection is to use joint visual-
language modeling by leveraging pre-trained VLMs or
image-text pairs as weakly supervised data to train a de-
tector. Two dominant paradigms enable transferring image-
level semantics from VLMs to region features: knowledge
distillation and pseudo-labeling. Knowledge distillation ex-
tracts region-level semantic knowledge from pre-trained
VLMs to empower detectors (Gu et al. 2021; Wang et al.
2023a; Ma et al. 2022; Li et al. 2023a). Pseudo-labeling en-
hances the annotation quality of novel objects through addi-
tional supervision (Zhao et al. 2022; Pham, Vu, and Nguyen
2023). Furthermore, current research on OVAD remains lim-
ited. DescReg (Zang et al. 2024) leverages triplet loss to pre-
serve visual similarity structures in the classification space
and enhance knowledge transfer. CastDet (Li et al. 2023b)
employs a semi-supervised model with pseudo-labeled se-
quences to expand the class vocabulary. LAE-DINO (Pan
et al. 2024) uses additional data to train the detector by
combining dynamic vocabulary construction with visually
guided text prompts.

Unlike existing OVAD methods, our approach optimizes
knowledge distillation for aerial imagery without extra data.
To eliminate the ”extra supervision” bias from pseudo la-
bels, which are novel class labels or textual signals that ap-
pear during training, we propose a prototype-aware method.
This method generates category prototypes and matches
them dynamically, effectively suppressing noisy supervision
and ensuring reliable semantic updates.

Further details on related work are in Appendix A.

Methods
Preliminaries & Overview
Preliminaries. OVAD trains models on labeled data for
base categories CB , allowing them to localize and classify
objects from novel categories CN during inference, where
CB∩CN = ∅. Its core principle involves implicitly learning
semantic features of unlabeled objects in training images,
enabling the alignment between visual and textual features
in a unified embedding space during inference.

Currently, to address the open-world localization prob-
lem, pre-trained Region Proposal Network (RPN) (Ren et al.
2015) or Object Localization Network (OLN) (Kim et al.
2021) models typically serve as fundamental components
for OVAD. For an input image, they generate class-agnostic
object proposals P , which consist of three mutually ex-
clusive subsets: foreground proposals Pfg contain base-
class CB objects; targeted proposals Ptg contain unknown-
class CU instances; and untargeted proposals Pug contain
background-class CBG

U instances such as aerial imagery of
woods or houses, with P = Pfg ∪ Ptg ∪ Pug . Notably,
CU ⊃ CN and CB ∩ CU = ∅.

Knowledge distillation has emerged as an effective strat-
egy for transferring semantic knowledge from VLMs to de-
tectors. For each proposal p ∈ P , knowledge distillation
crops the region, encodes it through the visual encoder of
VLMs to generate visual embeddings v, uses the detector

11876



Prototype-Aware Pseudo-Labeling (PAPL)

Adaptive Selection Knowledge Distillation (ASKD)

OLN

Informative Attention

Image embeddingsRoIs features

RMCLIP
Vision 

Encoder

Input Image Mask Align

Pseudo-Label Data
Cluster centers

Visual embeddings

Synthetic Matching Inference 
(SMI)

Prediction

Synthetic
Score

Synthetic
Score

DetectorDetector

Frozen parameters

Region Mask

OLN

DetectorDetector

Data Augmenter

Proposal
Selection
Proposal
Selection Crop

Resize

Foregorund 
Proposals Filter

K-means
Cluster 

Classification 
Head

Classifier for 
base classes

Distillation 
Head

Prototype 
Classifier

Prototype 
Classifier

Distillation 
Classifier

Distillation 
Head

Classification 
Head

A photo of [CLASS]

P
ro

to
ty

p
e M

atch
in

g

Normalization

Trainable parameters

Base class embeddings 

Unknown class 
prototypes 

Top-n

Novel class 
embedding

 

ℒ 

ℒ 

ℒ 

base

distill

proto

RMCLIP
Text 

Encoder

Figure 2: The overall architecture of our VK-Det. By utilizing ASKD and PAPL in training, the detector enables comprehensive
learning of unlabeled objects. During inference, SMI systematically evaluate novel category objects. In the figure, RMCLIP
denotes RemoteCLIP(Liu et al. 2023).

simultaneously with a Region of Interest (RoI) extractor to
extract froi, and aligns these representations by minimizing
their orthogonal similarity. In inference, by generating text
embeddings for novel categories {tNc | c ∈ CN} via VLMs’
text encoders, the category of detection boxes is inferred by
computing the similarity probability between froi of propos-
als and tc, expressed as:

P (froi, t
N
c ) = − log

exp(〈froi, tNc 〉)∑
c∈CN

exp(〈froi, tNc 〉)
, (1)

where 〈·, ·〉 presents their cosine similarity.
Pseudo-labeling enhances novel category detection by

assigning labels CN to proposals P via similarity match-
ing between proposals and novel class text embeddings
{tNc | c ∈ CN}. This process builds high-confidence pseudo-
annotated data. With this data, the detector learns robust se-
mantic knowledge by jointly optimizing bounding box re-
gression and classification for novel categories.

Overview. In traditional distillation methods, distilling
knowledge solely from P introduces noisy background fea-
tures and hampers the learning of category correlations
due to the inaccurate localization of unknown-class propos-
als. This significantly undermines the efficiency of knowl-
edge distillation. To obtain more informative visual embed-
dings, we propose the ASKD module (Section 3.2). It ad-
dresses background interference and information destruc-

tion during knowledge extraction by exploiting VLMs abil-
ity to perceive informative regions in aerial images, en-
hancing feature alignment granularity. Moreover, current
pseudo-labeling methods rely on additional supervised sig-
nals, inherently constraining open-vocabulary space expan-
sion. Consequently, detection boundaries become limited by
prior semantic knowledge, creating a category coverage bot-
tleneck. To eliminate reliance on text embeddings, we pro-
pose an unsupervised pseudo-labeling method PAPL (Sec-
tion 3.3) based on prototype learning. Finally, SMI (Section
3.4) is employed to integrate the outputs of the classifiers
of ASKD and PAPL along with the localization network,
thereby enabling a comprehensive determination of the ex-
istence probability of unknown category objects.

Adaptive Selection Knowledge Distillation

Informative Region Perception. VLMs exhibit strong
zero-shot image-level classification capabilities, yet they
struggle with fine-grained region localization. We observe
that averaging attention maps across layers of the visual
encoder assigns higher weights to informative regions. By
leveraging spatial priors, our adaptive proposal selection
module and data augmenter extract informative proposals
Pinf = Pfg ∪ Ptg to facilitate efficient knowledge distilla-
tion. Unlike threshold-based and count-based filtering meth-
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ods (Gu et al. 2021), our approach better preserves semantic
correlations within VLMs’ region embeddings.

Adaptive Proposal Selection. To address the spatial mis-
match between low-resolution attention maps and high-
resolution images, we propose an attention normalization
method inspired by (He et al. 2017). Specifically, we apply
a scaling factor λ and subsequently perform sigmoid activa-
tion to transform the original attention maps.

˜Attn = σ(Attn · λ) (2)

where σ(·) denotes the sigmoid function. Subsequently, we
integrate an adaptive shifting mechanism:

M = ˜Attn+max
(
1− E[ ˜Attn], 0

)
(3)

This operation guarantees non-negative attention values
while maintaining the distribution characteristics, thereby
generating a normalized attention mask M ∈ RH×W . The
corresponding region Ri ⊂ M is extracted through bilin-
ear interpolation for each proposal pi. Subsequently, the re-
gional average response is computed to select informative
region proposals based on a predefined threshold criterion.
Mathematically, this process can be formulated as:

w̃i = I

 1

| Ri |
∑

(x,y)∈Ri

M(x, y) ≥ 1

 (4)

This thresholding mechanism effectively distinguishes
between informative regions (w̃i = 1) and non-informative
regions (w̃i = 0), forming a subset of proposals Pinf =
{pi | w̃i = 1} that is optimized for the detection task.

Data Augmenter Based on Max-Min Edge Jitter. In
VLMs, the non-adaptive cropping mechanisms of visual en-
coders significantly hinder the feature extraction process.
Specifically, center-cropping objects with extreme aspect
ratios results in the loss of crucial informative features,
which compromises the alignment of semantic spaces during
knowledge distillation. Moreover, given that aerial objects
often exhibit local similarities across categories, the appro-
priate contextual receptive fields are essential for achieving
high detection performance (Li et al. 2024b).

To address this, we propose an aspect ratio adaptive data
augmenter to generate an enhanced proposal set Paug . Given
a proposal {pi = (x1, y1, x2, y2) | pi ∈ Pinf} with width
w = x2 − x1 and height h = y2 − y1, its aspect ratio is de-
fined as r = max(w/h, h/w), reflecting its geometric char-
acteristics. Proposals with log(r) > α are classified as hav-
ing extreme aspect ratios, where α is a pre-defined threshold.
For such proposals, we define the dimensions as follows:

l = max(w, h), s = min(w, h) (5)

We employ two distinct strategies to augment Pinf :
Longer-side jittering perturbs l within δ while fixing the
maximum size. It can be expressed as:

p′i =

(
cx −

lδ
2
, cy −

lδ
2
, cx +

lδ
2
, cy +

lδ
2

)
, (6)

lδ = l + σ · s · ε, ε ∼ N (0, I), (7)

where cx = x1+x2

2 , cy = y1+y2

2 denote centroid coordi-
nates. Set the variance jitter coefficient to a fixed value σ.

Shorter-side jittering proportionally scales δ while fixing
the minimum size.

p′i =
(
cx −

sδ
2
, cy −

sδ
2
, cx +

sδ
2
, cy +

sδ
2

)
(8)

sδ = s+ σ · l · ε, ε ∼ N (0, I) (9)

These augmented region proposals Paug enable the model
to learn both local and global region views during train-
ing, thereby enhancing feature extraction for objects with
extreme aspect ratios, such as aerial ships and bridges.

Loss Function. Once Paug is obtained, informative re-
gion features can be extracted using the visual encoder of
the VLMs. Distilling these features minimizes the distance
of the feature space between the detector and the visual en-
coder of the VLMs.

Specifically, region features froi(p′i) are generated using
the detector’s RoI extractor. Meanwhile, the corresponding
cropped image features v(p′i) are extracted using the visual
encoder for the same proposal. The feature distillation is per-
formed by minimizing the L1 distance between two sets of
features, thereby enforcing geometric consistency between
region features and the VLMs’ semantic space.

Ldistill =
1

|Paug|
∑
i

‖ froi(p′i)− v(p′i) ‖1 (10)

For training base classes, we follow (Gu et al. 2021) by
replacing the weights of the trainable classifiers with frozen
text embeddings of base classes {tBc | c ∈ CB}, which are
generated by the VLMs text encoder. Additionally, we in-
troduce a learnable background embedding tBbg , such that
tB = {tBc , tBbg}. For each class-agnostic proposal pi in the
input image, the cross-entropy loss function is defined as:

Lbase = E(f(p),t)[P (froi(pi), t
B)] (11)

Prototype-Aware Pseudo-Labeling
Unsupervised Pseudo-Labeled Data Generation. No-
tably, Paug contains numerous unknown category objects
Ptg . To generate high-quality pseudo-labeled data of un-
known categories, we propose a PAPL method. It learns
class decision boundaries from informative visual embed-
dings using prototype learning.

Specifically, Paug is filtered to remove proposals that con-
tain base categories CB , based on RandBox’s anchor posi-
tion conditions (Wang et al. 2023b), retaining only regions
that potentially contain unknown categories. Their visual
embeddings undergo K-means clustering (Vaze et al. 2022)
to capture inter-class differences among potential unknown
categories, producing k cluster centers {vj}kj=1. To mini-
mize intra-class noise, the n nearest neighbor embeddings
to each center within the embedding space are selected.
Their corresponding proposals form a clean pseudo-labeled
dataset with labels ranging from unknown-1 to unknown-k
(denoted as CU = {unknown-1, . . . , unknown-k}), corre-
sponding to k cluster centers {vj}kj=1.

However, blindly increasing k may scatter features from
the same object category into different unknown class clus-
ters due to feature variability introduced by local crop en-
coding. Training with only a subset of these datasets in-
troduces bias in the detector’s RoI feature representation
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and multi-scale feature selection for the affected categories.
Therefore, the value of k should be appropriately chosen.
This ensures that the detector learns comprehensive features
and achieves consistent bounding box localization for un-
known categories, accurately capturing their open semantic
knowledge (Li et al. 2024a).

Trainable Class Prototype Setting. Given the clean
pseudo-labeled data, we propose learnable class prototypes
to replace the frozen text embeddings of novel classes. The
lack of extra priors in unsupervised pseudo-labeled data hin-
ders precise category learning. To enable effective learn-
ing from the pseudo-labeled data, we introduce k trainable
class prototypes {uc | c ∈ CU}, where each prototype
corresponds to a specific unknown category (’unknown-j’,
j = 1, 2, . . . , k).

These class prototypes incorporate adaptive proposal em-
beddings for novel categories and include an additional
learnable background prototype ubg to address the issue
of background proposal misclassification within informative
regions. Therefore, the complete set of class prototypes is
defined as u = {uc, ubg}.

Although the detector does not have access to explicit se-
mantic labels for the pseudo-labeled data, the training pro-
cess encourages it to distinguish and utilize inter-class varia-
tions in visual features, which are encoded into the learnable
class prototypes. For each proposal pi in the pseudo-labeled
dataset, the cross-entropy loss used to optimize an extra pro-
totype classifier is defined as:

Lproto = E(f(p),u)P (froi(pi), u) (12)

This loss promotes alignment between VLMs’ feature
space and the detector’s class prototypes. Selecting the
top-n proposal embeddings ensures tighter intra-class cohe-
sion within the embedding space. As a result, the detector
achieves improved discrimination of novel category features
in informative regions. Further details on the prototype
classifier are in Appendix B.

Synthetic Matching Inference
Building upon traditional object detection frameworks such
as Faster R-CNN (Ren et al. 2015), the two aforementioned
methods enable the detector to learn generalized object rep-
resentations beyond the distribution of the training data.

To estimate confidence scores for novel objects, we in-
troduce a SMI mechanism. Inspired by LP-OVOD (Pham,
Vu, and Nguyen 2023), our framework aggregates distilla-
tion scores Scored, prototype scores Scorep, and localiza-
tion objectness Scorel into a unified scoring scheme.

First, for each proposal p generated by OLN, we utilize
similarity scores modulated by a temperature parameter τ as
one of the confidence metrics in the distillation head:

Scored = − log
exp(〈froi(p), tNc 〉/τ)∑

c∈CN
exp(〈froi(p), tNc 〉/τ)

(13)

Additionally, regarding Scorep, matching text embed-
dings of novel categories to unknown class prototypes re-
mains a challenging task.

To address it, our analysis indicates that a higher similar-
ity between cluster centers and novel-category text embed-
dings corresponds to better alignment between object fea-
tures and class prototypes. Therefore, for a given novel text
embedding tNc , we identify its nearest neighbor cluster cen-
ter vi, referred to as ’unknown-i’, among the cluster centers
in orthogonal space, and directly select the corresponding
prototype ûi for classification:

ûi = argmax
j∈{1,2,...,k}

(
〈tNc , vj〉

)
, (14)

where ûi denotes the i-th class prototype.
Based on this selection, Scorep is defined as:

Scorep = − log
exp(〈froi(p), ûi〉/τ)∑

j∈{1,2,...,k} exp(〈froi(p), uj〉/τ)
(15)

The classification scores associated with these prototypes
are aggregated using a dynamic weighting mechanism, ul-
timately forming the confidence estimate for unknown cate-
gory objects within PAPL. The category score for a proposal
in an image can then be expressed as:

Scorecls =
√
Scored · Scorep, (16)

Furthermore, OLN, which is trained on base category
data, also generates objectness scores (Scorel) based on the
localization quality of object regions. These scores evalu-
ate object confidence from a positional accuracy perspective.
The synthetic score is formulated as:

Scores =
√
Scorel · Scorecls (17)

Experiments
Experimental Setups
Datasets and Metrics. To evaluate the effectiveness of VK-
Det for OVAD, experiments are conducted on two estab-
lished aerial benchmarks: DIOR and DOTA. Following es-
tablished protocols (Zang et al. 2024), DIOR’s categories are
divided into 16 base categories and 4 novel categories, while
DOTA’s categories are split into 11 base categories and 4
novel categories. We conducted training on the training set
and evaluated it on the validation set. The primary evalua-
tion metric is mean Average Precision at an IoU threshold
of 0.5. This includes base category performance (mAPB),
novel category performance (mAPN ), overall performance
(mAPA), and harmonic mean (HM), which balances detec-
tion capability between base and novel categories. Following
Castdet (Li et al. 2023b), HM is calculated as:

HM =
2 ·mAPB ·mAPN

mAPB +mAPN
(18)

Notably, mAPN and HM are considered the primary
evaluation metrics for OVAD on both datasets. Further de-
tails on dataset construction are in Appendix D.

Implementation details. Our method is implemented in
the MMDetection toolbox (Chen et al. 2019). We use a
Faster R-CNN (Ren et al. 2015) with a ResNet-50 (He
et al. 2016) backbone as the detector. The pre-trained
RemoteCLIP-ViT-B32 (Liu et al. 2023) serves as the pre-
trained VLM. The training process consists of two stages: In
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Method Source Backbone Su DIOR DOTA
N B A HM N B A HM

RRFS∗ CVPR22 ResNet-101 5 2.8 41.9 38.1 5.2 2.2 47.1 38.1 4.2
ContrastZSD∗ TPAMI22 ResNet-101 5 3.9 51.4 41.9 7.2 2.8 41.6 33.8 5.2
ViLD‡ ICLR22 Resnet-50 5 7.1 63.5 52.2 12.6 3.4 63.8 47.7 6.5
DescReg∗ AAAI24 ResNet-101 X 7.9 68.7 56.5 14.2 4.7 68.7 55.9 8.8
Castdet‡ ECCV24 ResNet-50 X 29.8 75.5 66.5 42.7 14.2 64.3 50.9 23.3
Ours - ResNet-50 5 30.1 64.4 57.5 41.0 23.3 62.0 51.7 33.9

Table 1: Comparison with OVAD methods. where ‡ represents that the results of our own implementation, under the same ex-
perimental setup as ours. ∗ represents results quoted from the original paper. Su represents the incorporation of extra supervised
signals from unknown categories during training. N, B, and A present mAPN , mAPB , and mAPA respectively.

(a) ViLD (b) Castdet (c) Ours

Figure 3: Visualization of open-vocabulary inference on DIOR dataset

the first stage, the distillation head is trained via ASKD for
20 epochs with a batch size of 32 on a single A800 GPU,
using SGD optimization (lr = 1e-3, weight decay = 1e-4).
In the second stage, we select the top 500 proposals most
similar to 20 cluster centers as pseudo-labels and establish
20 category prototypes for the detector. The detector is then
fine-tuned using pseudo-labeled data for 12 epochs with a
batch size of 64, during which the backbone and neck are
frozen, while other settings from the first stage are retained.

Comparison with State-of-the-Art Approaches
We evaluate VK-Det against OVAD methods (CastDet (Li
et al. 2023b), DescReg (Zang et al. 2024)) and general
open-vocabulary detectors (RRFS (Huang et al. 2022), Con-
trastZSD (Yan et al. 2021), ViLD (Gu et al. 2021)).

To ensure a fair comparison, we preprocessed both
datasets by filtering out training set images that con-
tained annotations of novel categories, maintaining con-
sistency with our methodology. We train ViLD through
RemoteCLIP-based image-region feature distillation with-
out textual supervision, while CastDet leverages extra su-
pervision from novel classes to construct dynamic pseudo-
labeled sequences that guide semantic learning. Further de-
tails on relevant model training are in Appendix E.

As summarized in Table 1, our method demonstrates su-
perior performance on both datasets compared to state-of-
the-art open-vocabulary detectors. For instance, on DIOR,
our method achieves 23.0% higher mAPN than ViLD
(no extra supervision) and 0.3% higher mAPN than Cast-
Det (extra supervision). This outperformance confirms our
framework’s effectiveness, establishing new SOTA.

To intuitively evaluate the effectiveness of VK-Det, Fig. 3

ASKD PAPL SMI N B A HM

X - - 7.8 69.9 57.5 14.0
X X - 20.4 68.0 58.5 31.4
X - X 20.1 68.6 58.9 31.1
X X X 30.1 64.4 57.5 41.0

Table 2: Ablation study of the VK-Det framework.

visualizes the detection results by comparing our detector
with ViLD and CastDet methods. Correct novel class detec-
tions are shown in green, while erroneous detections appear
in red. Our approach achieves precise novel class detection
with minimal false positives. More results of the qualitative
analysis are in Appendix F.

DOTA involves small objects and a large scale, which
pose significant challenges. Our method achieves a 9.1%
improvement over the state-of-the-art, demonstrating strong
generalization across diverse aerial scenarios.

Ablation Study
We conducted additional ablation studies on the DIOR
dataset, including component-wise method analysis, ASKD
ablation, PAPL ablation, and SMI ablation experiments.

Ablation study of the VK-Det framework. Ablation
studies evaluated core methods including ASKD, PAPL, and
SMI in the VK-Det framework. Performance changes ob-
served via stepwise integration in Table 2 demonstrate that
ASKD boosted novel category detection, increasing mAPN

by 0.7% compared to ViLD and confirming the critical role
of information region perception in ASKD; subsequent op-
timization of the combining localization network score (ex-
cluding prototype classifier score) further improved novel
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Mask Enhancer N B A HM

- - 20.0 64.5 55.6 30.5
- X 23.2 64.0 55.8 34.1
X - 24.5 64.1 56.2 35.5
X X 30.1 64.4 57.5 41.0

Table 3: Ablation study of the ASKD module.

- N B A HM

Extra supervision 28.1 64.0 56.8 39.0
Ours 30.1 64.4 57.5 41.0

Table 4: Ablation study of the PAPL module.

category mAPN to 20.1%, reflecting OLN’s open-world lo-
calization characteristics; balancing ASKD and PAPL clas-
sifier weights then increased novel category mAPN to
20.4%, indicating successful learning of category bound-
aries in PAPL; finally, full method collaboration achieved
an optimal novel category mAPN of 30.1%, demonstrating
that these two methods acquire distinct and mutually com-
plementary open semantic knowledge.

Ablation study of the ASKD module. To further validate
ASKD’s effectiveness, Table 3 explores refined modules in
ASKD. ”Mask” presents masked proposal selection, while
”Enhancer” denotes our data augmenter. The results demon-
strate the superiority of our proposed feature selection: In-
dependently enhancing a subset of proposals yields a 3.2%
mAPN gain over non-enhanced methods, while masked
proposal selection improves performance by 4.5% mAPN

compared to unmasked knowledge distillation. Combining
both approaches further boosts detector performance.

Ablation study of the PAPL module. Table 4 an-
alyzes special pseudo-labeling cases by comparing our
method with an extra supervised pseudo-labeling method for
novel categories, where frozen text embeddings from fixed
prompts generate quantitative pseudo-labels. Our approach
outperforms the extra supervised pseudo-labeling method by
2.0% mAPN , as textual supervision induces hallucinations
and noise in image regions, causing category bounding box
shifts. Conversely, PAPL maps feature embeddings into a
latent category space, enabling unknown category matching
and significantly enhancing pseudo-label quality.

Ablation study of the SMI module. In the final infer-
ence stage, we conduct ablation studies to assess the im-
pact of three scoring components: the distillation head score
(Scored), the classification head score (Scorep), and the lo-
calization network score (Scorel).

Table 5 demonstrates that relying exclusively on distilla-
tion or classification scores traps the model in local optima
at 7.8% and 9.3% mAPN , respectively. Merging two heads
elevates mAPN to 20.4% through coordinated category dis-
crimination, while integrating all three scores attains peak
performance of 30.1% mAPN .

Furthermore, t-SNE visualizations (Linderman et al.
2017) of novel category features demonstrate the efficacy of
PAPL in Fig. 4. The pseudo-labeled data generated by PAPL

Scored Scorep Scorel N B A HM

X - - 7.8 69.9 57.5 14.0
- X - 9.3 69.6 57.5 16.4
X X - 20.4 68.0 58.5 31.4
- X X 12.6 64.4 54.0 21.1
X - X 24.8 64.1 56.2 35.7
X X X 30.1 64.4 57.5 41.0

Table 5: Ablation study of the SMI module.

(a) Pseudo-labels for overlapping with ground truth labels.

(b) Pseudo-labels for text embedding selection.

Figure 4: Comparison of feature distributions: (a) Feature
distribution in pseudo-labeled data with high IoU to the
ground truth labels of novel classes; (b) Feature distribution
in pseudo-labeled data exhibiting high similarity to the text
embeddings of novel classes.

contains abundant novel category annotations; thus enabling
the detector to learn distinguishable novel category features
with minimal noise. This allows VK-Det to efficiently trans-
fer novel category semantic knowledge from VLMs. More
results of the ablation study are in Appendix C.

Conclusion
We propose to utilize informative region perception as guid-
ance and construct a prototype learning-based classifier that
efficiently and dynamically transfer knowledge from the vi-
sual encoder of VLMs. Unlike existing state-of-the-art meth-
ods that rely on extra supervision to generate pseudo-labels,
we achieve efficient alignment of the detector feature space
with the semantic space of VLMs through ASKD and PAPL,
without additional data and supervision. Experiments show
that when extra supervision is used to generate pseudo-
labels, its robustness is lower than ours. This work could
inspire further exploration of VLM visual knowledge spaces
for dense prediction tasks. Future work will be devoted to
developing efficient and lightweight methods for OVAD.
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