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Abstract

We present MoP-UAV, a new benchmark for UAV-based
cross-view object geo-localization guided by multi-modal
prompts. MoP-UAV supports fine-grained object-level cross-
view localization under diverse prompt modalities, includ-
ing natural language, bounding boxes, and click points. It
offers potential for incorporating large foundation models
like large language models (LLMs) and promotes the build-
ing of more flexible and intelligent UAV agents. Based on
the benchmark, we propose MoPT, a multi-modal-prompt-
guided transformer that embeds prompts as token sequences
and extract object location from UAV and satellite features
via cross-attention. To enhance semantic consistency and
performance, we further adopt a cross-view contrastive loss
and propose a RefCOCOg-based pre-training strategy. Ex-
tensive experiments show that MoPT achieves robust local-
ization under arbitrary prompt combinations. Notably, multi-
modal-prompt training significantly boosts unimodal-prompt
inference performance, highlighting the generalization bene-
fits of multi-modal learning. MoPT trained with multi-modal
prompts outperforms prior unimodal prompt works under the
same setting.

1 Introduction
Given a drone-view image and a human-provided prompt,
unmanned-aerial-vehicle-based object geo-localization
(UAV-OGL) aims to localize the indicated object within
the corresponding satellite image of the same geographic
region. This task is crucial for a variety of applications
where GPS information for the object is unavailable (Sun
et al. 2023; Li et al. 2025), such as smart city management
(Yao et al. 2022), disaster response (Chini, Pierdicca,
and Emery 2009; Kumar, Kim, and Hancke 2013), and
autonomous navigation (Singamaneni et al. 2024; Zhai et al.
2024).

However, most previous UAV-based visual geo-
localization benchmarks (Zheng, Wei, and Yang 2020;
Xu et al. 2024; Ye et al. 2025) focus on estimating the
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Figure 1: Overview of the proposed benchmark MoP-UAV.
The UAV-agent receives one or more types of prompts to
indicate an object in a UAV-view image and localize it in
the satellite image. Additionally, the UAV-agent trained with
multi-modal prompts supports flexible prompt input and
benefit from multi-modal training even under single-modal-
prompt inference.

UAV camera position using cross-view retrieval (Chu et al.
2024). These benchmarks fall short in supporting prompt
understanding and object-level reasoning. To bridge this
gap, DetGeo (Sun et al. 2023) introduces the first cross-view
object geo-localization benchmark, which enables object-
level localization from UAV to satellite imagery conditioned
on click-point prompts. Nonetheless, click-points are not
always semantically clear, as a single point may lie on only
part of an object, making it difficult for the model to infer
the intended full object. In contrast, multi-modal prompts
such as natural language and bounding boxes have demon-
strated superior effectiveness in vision-language tasks (Ye
et al. 2024; Kirillov et al. 2023; Xia et al. 2024), as they
provide explicit semantic cues (e.g., category, attributes)
and precise spatial constraints, significantly improving lo-
calization accuracy and interpretability. Incorporating these
richer modalities offers a promising path toward applying
multi-modal foundation models (Radford et al. 2021; Li
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et al. 2023) to UAV-OGL, facilitating the development of
UAV agents. Yet, the lack of a large-scale multi-modal
UAV-OGL benchmark remains a major bottleneck.

Motivated by this, we propose a multi-modal-prompt
UAV-OGL benchmark (MoP-UAV), as shown in Fig. 1. Our
benchmark repurposes GeoText-1652 (Chu et al. 2024) by
leveraging the original annotations (language-box pairs) in
UAV-view images to generate point prompts, and manu-
ally annotating corresponding object locations in the paired
satellite images. As a result, our benchmark provides aligned
language, box, and point prompts, enabling the study of
UAV-based cross-view object geo-localization under diverse
prompting modalities. Given the variability of user inputs
across scenarios, our benchmark enables inference with ar-
bitrary prompt combinations, while multi-modal training
further enhances model generalization (Radford et al. 2021;
Alayrac et al. 2022; Li et al. 2023). Therefore, our bench-
mark offers the exploration of enhancing unimodal-prompt
inference by training with multi-modal prompts. These en-
sure flexibility and adaptability in practical UAV applica-
tions (Yao et al. 2022; Chini, Pierdicca, and Emery 2009;
Singamaneni et al. 2024). Looking forward, the inclusion of
high-level prompts such as natural language opens the door
to integrating large language models (LLMs) into cross-view
localization tasks. This provides a pathway toward more in-
telligent, interactive, and instruction-driven UAV systems
capable of understanding complex user intentions through
natural communication.

Based on the benchmark, we propose MoPT (a multi-
modal-prompt-guided cross-view object geo-localization
transformer). MoPT flexibly incorporates multi-modal
prompts by embedding each prompt as a token. The prompt
tokens interact with UAV-view and satellite-view features
through cross-attention, learning to align object-level se-
mantics and extract location information. Trained with
multi-modal prompts, MoPT not only adapts flexibly to var-
ious prompt combinations during inference, but also con-
sistently outperforms single-modality-prompt-trained mod-
els when evaluated with unimodal prompts. Additionally, we
introduce a cross-view contrastive loss to for better semantic
alignment, while adopting a pre-training strategy using vi-
sual grounding dataset RefCOCOg (Yu et al. 2016) to boost
the performance of MoPT.

In summary, the main contributions are as follows:

• In pursuit of facilitating UAV-based object geo-
localization, we introduce MoP-UAV, a large-scale
benchmark with multi-modal prompts (language, bound-
ing boxes, and points). Beyond supporting multi-modal
interaction, MoP-UAV provides the potential of leverag-
ing multi-modal training to improve single-modality in-
ference performance.

• We propose MoPT, a multi-modal-prompt-guided cross-
view object geo-localization framework. MoPT supports
inference under diverse prompt configurations. Notably,
when trained with multi-modal prompts, MoPT outper-
forms under single-modality inference compared to the
same model trained solely with the corresponding single-
modality prompts.

• For better semantic alignment, we adapt a cross-view
contrastive loss, which encourages MoPT to align se-
mantically equivalent tokens between UAV-view and
satellite-view features and between prompts from differ-
ent modalities.

• To boost the performance of MoPT, we propose a
RefCOCOg-based pre-training strategy to provide a
stronger model initialization.

2 Related Work
Cross-View Geo-Localization. Cross-view geo-
localization can be roughly divided into image geo-
localization and object geo-localization. Cross-view image
geo-localization aims to identify the geographic location of
the camera location by finding the most correlated reference
image (Deuser, Habel, and Oswald 2023; Zhang et al. 2024;
Shi et al. 2019) or the most correlated position (Sarlin
et al. 2023; Wang et al. 2023; Lentsch et al. 2023) on the
reference image. However, the benchmarks in these works
fall short in supporting object-level reasoning. In contrast,
cross-view object geo-localization (Sun et al. 2023; Li et al.
2025; Huang et al. 2025) aims to determine the geographic
location of an object indicated by a point prompt in a query
image (ground-view or drone-view) on the satellite image.
DetGeo (Sun et al. 2023) first proposes a benchmark that
supports UAV-OGL. Nonetheless, this benchmark only
support point prompts and suffers from limited scale. To
address this, we propose the MoP-UAV to incorporate
multi-modal prompts and extend current dataset scale.

Multi-Modal Learning. Multi-modal learning has shown
strong potential in improving model generalization and ro-
bustness by jointly leveraging complementary information
from different input sources (Radford et al. 2021; Alayrac
et al. 2022; Li et al. 2023). In particular, models trained
with multi-modal supervision often exhibit superior perfor-
mance even when tested under unimodal conditions. Re-
cent advances in vision-language pretraining (Li et al. 2023;
Alayrac et al. 2022; Li et al. 2022) demonstrate that lan-
guage prompts can effectively enhance spatial understand-
ing when combined with visual inputs. Inspired by this, our
work explore the multi-modal training and demonstrate that
multi-modal-prompt training not only enables flexible infer-
ence under varied prompt conditions, but also improves per-
formance under unimodal-prompt inference.

3 Dataset
We introduce MoP-UAV, a large-scale benchmark for
UAV-based cross-view object geo-localization with multi-
modal prompts. The dataset provides three types of
prompts—language, bounding boxes, and points—for a to-
tal of 102,916 annotated objects across 31,944 UAV-satellite
image pairs covering 698 unique scenarios. Each scenario
contains a single satellite image paired with multiple UAV-
view images captured from different viewpoints. All images
are standardized to a resolution of 512×512 pixels. To mit-
igate data bias and prevent overfitting, we split the dataset
by scenario. The training set comprises 598 scenarios, in-
cluding 26,887 image pairs and 85,469 prompt-object pairs.
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Benchmark Task Object-Level Annotations
(Satellite)

Object-Level Prompt Frames
(UAV)

Frames
(Satellite)Point Bounding Box Language

DenseUAV (Dai et al. 2024) IGL – – – – 9.1k 18.2k
University-1652 (Zheng, Wei, and Yang 2020) IGL – – – – 89.2k 1.7k

GeoText-1652 (Chu et al. 2024) IGL – – 113.3k 113.3k 89.2k 1.7k

CVOGL (Sun et al. 2023) OGL 5.8k 5.3k – – 5.3k 5.8k
MoP-UAV (Ours) OGL 102.9k 102.9k 102.9k 102.9k 32.0k 0.7k

Table 1: Comparison of the proposed MoP-UAV with existing UAV-based cross-view datasets. “IGL” and “OGL” represent
image-level geo-localization and object-level geo-localization, respectively. Compared to GeoText-1652 (Chu et al. 2024) that
is repurposed, MoP-UAV provides large-scale object-level annotations in the satellite view, which requires lots of human effort
and opens potential for Multi-Modal-Guided UAV-OGL.

The test set contains the remaining 100 scenarios, with 5,066
image pairs and 17,447 prompt-object pairs. There is no
overlap between the training and test sets in terms of either
scenarios or images. Additionally, the previous dataset (Sun
et al. 2023) suffers from limited object diversity, as most ob-
jects are buildings. This distribution bias may cause models
to rely on category priors rather than accurately interpreting
the prompts. In contrast, our benchmark includes distinct ob-
jects spanning a wide range of categories, promoting more
robust object localization. Please refer to the supplementary
material for more dataset details.

Dataset Collection and Annotation. We construct the
MoP-UAV benchmark based on the training set of GeoText-
1652 (Chu et al. 2024), which provides paired UAV-satellite
images along with language-box annotations for each UAV-
view image. We first extract the UAV images, satellite
images, and their corresponding language-box annotations
from GeoText-1652. Then we generate point prompts by
computing the centroid of each bounding box in the UAV
images. As a result, each UAV-view image is equipped with
a set of three prompt types, i.e., language, bounding box,
and point. To establish the ground truth on the satellite
side, we conduct extensive manual annotation to identify the
corresponding object location in the paired satellite image,
guided by the UAV image and its associated prompts. This
annotation process required over 1,000 hours of human ef-
fort (6 experienced contributors). All annotations are cross-
checked and verified by a senior reviewer.

Statistical Overview of the Dataset. Please refer to the
supplementary material.

Challenges. Based on MoP-UAV, we identify two chal-
lenges critical for practical UAV applications (Chini,
Pierdicca, and Emery 2009; Singamaneni et al. 2024; Yao
et al. 2022). (1) models trained on this dataset should be
able to perform joint reasoning over multi-modal prompts
(e.g., language, box, point) when available, while also sup-
porting effective inference from a single modality. (2) In-
spired by the success of multi-modal training in enhancing
performance under unimodal inputs (Li et al. 2023; Rad-
ford et al. 2021), MoP-UAV explores whether multi-modal-
prompt training can similarly improve single-modality infer-
ence accuracy in UAV-OGL.

Comparisons and Contributions. Table 1 compares our
benchmark with representative existing datasets. Our bench-

mark focuses on a relatively new task, i.e., cross-view ob-
ject geo-localization from UAV perspectives under prompt
guidance. The key difference from the existing object geo-
localization dataset (Sun et al. 2023) lies in our support for
multi-modal prompts. This not only improves prompt clarity
but also enables more flexible interaction with UAV agents.
Notably, to the best of our knowledge, MoP-UAV is the first
benchmark in this domain to incorporate natural language
prompts. This offers potential for leveraging multi-modal
foundation models (Radford et al. 2021; Li et al. 2023; Liu
et al. 2023) to push the boundaries of cross-view object
geo-localization. More importantly, our benchmark enables
the exploration of whether multi-modal-prompt training on
MoP-UAV task can improve single-modal-prompt inference.
This is particularly relevant for specific UAV-agent scenar-
ios where rich prompts may not always be available due to
limited computational resources (Cheng et al. 2024).

4 Methodology
Fig. 2 shows the architecture of our MoPT. MoPT encodes
each input prompt modality independently and concatenates
the resulting embeddings into a prompt token. This token
undergoes a two-stage cross-attention process, i.e., it first
attends to the UAV-view features to extract context-relevant
semantics, and then to the satellite-view features to perform
object-level alignment. Finally, the updated prompt token se-
quence is passed through a linear regression head to predict
the object location in the satellite image. During training,
both the language encoder and the image encoder are frozen.
Additionally, we introduce a cross-view contrastive loss and
a pre-training strategy to enhance the performance of MoPT.

Framework
Motivation. MoPT is designed to address the demand for
flexible prompt usage in UAV applications (Singamaneni
et al. 2024; Chini, Pierdicca, and Emery 2009; Yao et al.
2022), where the availability of prompt modalities (e.g., lan-
guage, box, or point) may vary across scenarios. This ne-
cessitates a model in which each prompt modality is pro-
cessed independently, enabling adaptability to any combina-
tion of prompts during inference. However, existing cross-
view object geo-localization approaches (Sun et al. 2023; Li
et al. 2025; Huang et al. 2025) typically inject prompts by
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Figure 3: Illustration of LToken. (a) Contrastive pairs are con-
structed between T′ (from UAV view) and T′′ (from satel-
lite view). (b) The t-SNE visualization of the token embed-
dings in T′′ for four sampled objects under three prompt
modalities. With LToken, embeddings of the three prompt
types (text, box, and point) corresponding to the same ob-
ject cluster tightly together, forming four distinct clusters.
In contrast, without LToken, the embeddings are less aligned
and scattered across modalities.
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Figure 4: Illustration of our pre-training strategy. We lever-
age the existing language-box annotations of RefCOCOg
(Yu et al. 2016) by treating an augmented image as the “UAV
image” and the original image as the “satellite image”. This
allows the MoPT to be pretrained on existing large-scale
dataset.

directly adding their embeddings to image features. Such
fusion entangles prompts of different modalities and im-

pairs both flexibility and generalization (Zhai et al. 2022;
Li et al. 2019). In contrast, inspired by the attention mecha-
nism in Transformers (Dosovitskiy et al. 2021), MoPT treats
prompt embedding of each modality as a separate token,
allowing them to independently interact with image fea-
tures through cross-attention. This design retains modality-
specific semantics and ensures robustness across different
prompt combinations.

Structure. Given prompt embeddings from different
modalities (e.g., language PL ∈ R1×c, box PB ∈ R2×c,
and point PP ∈ R1×c), we first concatenate them along the
sequence dimension to form a prompt token sequence T.
Here, c is the feature dimension. To extract prompt-relevant
semantics from the UAV image feature FU ∈ Rmu×c,
the prompt tokens attend to the UAV features via a cross-
attention mechanism, which can be expressed as

Attn(T,FU) = Softmax

(
TF⊤

U√
dk

)
FU, (1)

where mu and dk denote the spatial tokens of UAV features
and the key/query dimension, respectively. After multiple
cross-attention layers, we denote the updated prompt token
sequence as T

′
.

Conditioned on T′, we then extract object-level informa-
tion from the satellite-view image feature FS ∈ Rms×c

through another round of cross-attention. Here, ms is the
spatial tokens of satellite-view features. This can be ex-
pressed as

Attn(T′,FS) = Softmax

(
T′F⊤

S√
dk

)
FS. (2)

Finally, we utilize a linear regression layer to predict the
object location within the satellite image from the refined
prompt token sequence T′′.

Loss Function
Motivation. MoP-UAV inherently involves two matching
mechanisms: (1) cross-view object-level semantic align-
ment between UAV and satellite images, and (2) seman-
tic consistency across different prompt modalities (e.g.,

12846



language, box, and point) that describe the same object.
Therefore, we introduce a unified the cross-view contrastive
loss LToken that simultaneously strengthens cross-view and
cross-prompt consistency. Motivated by the effectiveness of
contrastive objectives in aligning semantic representations
(Radford et al. 2021; Xia et al. 2024; Alayrac et al. 2022),
we treat T′ and T′′ as view-specific embeddings of the same
object and enforce consistency between them, as shown in
Fig. 3(a). This design not only facilitates accurate seman-
tic matching across UAV and satellite views but also har-
monizes information extracted from prompts of different
modalities, mitigating modality imbalance and improving
generalization (Li et al. 2023), as shown in Fig. 3(b).

Structure. We first apply average pooling across the spa-
tial dimension of T′ and T′′ to obtain a single embedding per
instance. Then we treat each pair (T′

i,T′′
i ) in a batch as pos-

itive, and all other pairs as negatives. Specifically, we adopt
a symmetric InfoNCE loss (Radford et al. 2021) over cosine
similarities sim(·, ·), encouraging view-specific embeddings
of the same object to align while pushing apart mismatched
ones. This can be expressed as

LToken =
1

2N

N∑
i=1

[
− log

exp(sim(T′
i,T′′

i )/τ)∑N
j=1 exp(sim(T′

i,T′′
j )/τ)

− log
exp(sim(T′′

i ,T′
i)/τ)∑N

j=1 exp(sim(T′′
i ,T′

j)/τ)

]
,

(3)
where N is the number of samples in a batch and τ denotes
the temperature parameter. The LToken is combined with a
DETR-style detection loss LDet to formulate the final train-
ing objective of MoPT. The overall loss is defined as

L = LDet + αLToken, (4)
where α is a weighting coefficient and is experimentally set
to 0.1 in our experiments.

How can training with multi-modal prompts bene-
fit MoPT during single-modal-prompt inference? Recent
studies in multi-modal learning have shown that exposure to
diverse modalities during training enhances the robustness
and generalizability of learned representations. For exam-
ple, CLIP (Radford et al. 2021) demonstrates that contrastive
training with image-text pairs improves visual representa-
tion quality, while BLIPv2 (Li et al. 2023) shows that multi-
modal pretraining benefits unimodal downstream tasks such
as visual question answering and captioning. In our case,
each prompt modality is encoded independently and injected
as a separate token. Through the use of cross-attention and
our LToken, these tokens learn to interact with image fea-
tures in a decoupled but complementary manner, encourag-
ing MoPT to develop prompt-invariant semantic alignment
mechanisms (Alayrac et al. 2022; Luo et al. 2020). As a
result, MoPT achieves improved localization accuracy even
when only a subset of prompt modalities is provided at in-
ference time.

Pre-Training
Motivation. Transformers are generally more data-hungry
than convolutional neural networks due to their lack of in-

Prompt Modalities Acc@25↑ Acc@50↑ Avg. IoU↑Text Box Point

✓ 0.6106 0.4052 0.3653
✓ 0.6170 0.4074 0.3734

✓ 0.5983 0.4051 0.3685
✓ ✓ 0.6277 0.4387 0.3846
✓ ✓ 0.6208 0.4298 0.3780

✓ ✓ 0.6192 0.4051 0.3747

✓ ✓ ✓ 0.6366 0.4436 0.3917

Table 2: Ablation study on the effect of multi-modal prompt
combinations. Performance is evaluated on the MoP-UAV
test set using Acc@25↑, Acc@50↑, and Avg. IoU↑. Bold
indicates the best and second-best results.

Prompt Multi-Modal Training Single-Modal Training
Acc@25↑ Acc@50↑ IoU↑ Acc@25↑ Acc@50↑ IoU↑

Text 0.6106 0.4052 0.3653 0.6203 0.3574 0.3498
Box 0.6170 0.4074 0.3734 0.5534 0.2082 0.2915
Point 0.5983 0.4051 0.3685 0.5588 0.2041 0.2920

Table 3: Ablation study on the effect of training with multi-
modal prompts. We compare MoPT trained with multi-
modal prompts versus MoPT trained with only the corre-
sponding single-modal prompts. Performance is evaluated
using Acc@25↑, Acc@50↑, and average IoU↑ on the MoP-
UAV test set.

Prompt with Pre-Training without Pre-training
Acc@25↑ Acc@50↑ IoU↑ Acc@25↑ Acc@50↑ IoU↑

Text 0.6106 0.4052 0.3653 0.5544 0.2854 0.3136
Box 0.6170 0.4074 0.3734 0.5722 0.3003 0.3289
Point 0.5983 0.4051 0.3685 0.5739 0.3035 0.3302

Table 4: Ablation study on the effect of pretraining. We com-
pare MoPT models trained with and without RefCOCOg-
based pretraining across different prompt modalities. Evalu-
ation is conducted on the MoP-UAV test set using Acc@25↑,
Acc@50↑, and Avg. IoU↑.

ductive bias (Dosovitskiy et al. 2021). However, MoP-UAV
is a relatively new task, and there currently exists no large-
scale dataset with rich multi-modal prompt annotations to
support comprehensive pretraining. To address this, we ex-
tend the idea of unsupervised pre-training (Bulat et al. 2023;
Dai et al. 2022) and leverage the existing visual grounding
dataset RefCOCOg (Yu et al. 2016), which provides paired
language and object-level annotations, to construct a pre-
training strategy tailored for MoPT.

Structure. We simulate cross-view object localization us-
ing images from RefCOCOg (Yu et al. 2016) (Fig. 4). For
each image, we treat the original image as the “satellite im-
age” and generate a “UAV image” by applying augmenta-
tions such as random scaling and flipping. The prompts, in-
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Prompt Modalities without LToken with LToken

Text Box Point Acc@25 Acc@50 Avg. IoU Acc@25 Acc@50 Avg. IoU

✓ 0.6106 0.4189 0.3725 0.6106 0.4052 0.3653
✓ 0.6217 0.4153 0.3755 0.6170 0.4074 0.3734

✓ 0.5914 0.3876 0.3618 0.5983 0.4051 0.3685
✓ ✓ 0.5696 0.2945 0.3253 0.6192 0.4051 0.3747

✓ ✓ ✓ 0.6247 0.4421 0.3840 0.6366 0.4436 0.3917

Table 5: Ablation study on the effect of the proposed cross-view contrastive loss LToken. We report Acc@25↑, Acc@50↑, and
Avg. IoU↑ on the MoP-UAV test set with and without this loss.

Method Acc@25↑ Acc@50↑ IoU↑

DetGeo (Sun et al. 2023) 0.4830 0.3208 0.3273
OCGNet (Huang et al. 2025) 0.4970 0.3349 0.3373

MoPT (Ours) 0.5983 0.4051 0.3685

Table 6: Comparison with existing methods using point
prompts only. All models are trained and tested with point
prompts on the MoP-UAV test set.

cluding languages, boxes, and points, are derived from the
original annotation and projected accordingly to the aug-
mented image. MoPT is then trained to localize the referred
object in the original image based on information from the
prompt and augmented image. This strategy enables scal-
able pretraining using existing large-scale visual grounding
datasets, providing a strong initialization for our MoPT.

5 Experiment
Pre-Training Dataset
RefCOCOg. The RefCOCOg dataset (Yu et al. 2016) is a
large-scale benchmark for referring expression comprehen-
sion, with 95,010 language annotations on 49,822 object in-
stances across 25,799 images. Compared to RefCOCO and
RefCOCO+, it provides more descriptive expressions (8.43
words on average (Yu et al. 2016)), making it better suited
for complex semantic grounding. Its language descriptions
mainly focus on intrinsic attributes or actions of the objects
(e.g., “An adult giraffe scratching its back with its horn”)
rather than spatial cues (e.g., “The giraffe on the left”),
which reduces reliance on global layout and enables diverse
data augmentations such as random flipping and cropping.
This flexibility matches our pretraining strategy that uses
data augmentation to simulate cross-view variations. In our
experiments, all images are resized to 512×512 pixels.

Evaluation Metrics
We adopt the Intersection over Union (IoU) (Redmon and
Farhadi 2018) as the basic measure of localization accu-
racy. Besides, following previous works (Sun et al. 2023; Li
et al. 2025; Huang et al. 2025), we apply the Acc@0.25 and
Acc@0.50 for evaluation. Higher IoU, higher Acc@0.25,
and higher Acc@0.50 denote better performance. Please re-
fer to the supplementary material for a detailed introduction.

Implementation Details
Please refer to the supplementary material.

Ablation Studies
Effect of Multi-Modal Prompt Combinations. Our MoPT
flexibly handles arbitrary combinations of prompt modali-
ties during inference (Table 2). Even with a single prompt
type, it maintains competitive performance, while combin-
ing modalities consistently yields further gains. Models us-
ing two modalities outperform their unimodal counterparts,
and the best results are obtained when all three modalities
are jointly provided, showing that different prompts offer
complementary information that enriches semantic under-
standing. Among unimodal settings, box prompts slightly
outperform language and clearly surpass point prompts
across all metrics. We attribute this to the intermediate na-
ture of box prompts in UAV-OGL, which provide explicit
spatial localization and also encode coarse semantic cues
through object extent and shape, achieving a favorable bal-
ance between localization precision and semantic guidance
(Li et al. 2022; Kirillov et al. 2023).

Effect of Training with Multi-Modal Prompts. To en-
sure a fair comparison, we constrain the single-modal train-
ing setting to use the same prompt modality in both the
pretraining and main training stages. This prevents any la-
tent influence from unseen modalities and isolates the ef-
fect of multi-modal training on final performance. As shown
in Table 3, MoPT trained with multi-modal prompts consis-
tently outperforms its single-modality counterpart across all
prompt types during single-modal inference. This validates
our analysis that multi-modal training enables the model
to learn more generalizable and prompt-invariant repre-
sentations, thereby enhancing localization performance un-
der modality-limited scenarios. Interestingly, for the prompt
of language modality, the single-modality model achieves
slightly higher Acc@25, while falling short in Acc@50 and
Average IoU. This suggests that although language prompts
contain rich semantic cues, the model trained solely on tex-
tual inputs tend to make coarser predictions that satisfy
lower IoU thresholds but lack precision. In contrast, the
multi-modality trained model benefits from spatial signals
provided by other modalities (e.g., box and point), leading
to more accurate localization (Yuan et al. 2024).

Effect of Pre-Training. As shown in Table 4, mod-
els trained with pretraining consistently outperform their
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Figure 5: Representative results produced by MoPT and previous approaches (Sun et al. 2023; Huang et al. 2025). (Left) UAV-
view images and corresponding prompts. (Middle) Prediction results of DetGeo (Sun et al. 2023) and OCGNet (Huang et al.
2025), both of which only support point prompts. (Right) Our MoPT results under varying prompt combinations, showing
significant improvements even under single point prompts, with performance boosted as more prompt modalities are provided.

counterparts trained from scratch across all prompt modali-
ties, indicating that pretraining provides stronger spatial un-
derstanding and localization precision. These results high-
light the importance of large-scale pretraining. Interestingly,
among the models trained without pretraining, the point
prompt yields slightly better results than the box or lan-
guage prompts. We attribute this to the inherent spatial in-
ductive bias of point-based inputs, which directly encode
coarse object locations without relying on semantic inter-
pretation or boundary modeling. Similar observations have
been reported in previous works such as SAM (Kirillov et al.
2023) and OV-SAM (Yuan et al. 2024), where point-based
prompts often perform competitively due to their simplic-
ity. However, prompts like boxes and language benefit more
from pretraining, which equips the model to better align
high-level semantics (Radford et al. 2021).

Effect of LToken. Table 5 shows that the cross-view
contrastive loss LToken consistently improves performance
across all prompt settings. The gain is most pronounced
for the box+point configuration, where performance drops
markedly without LToken but becomes comparable to other
combinations once it is used. We argue that LToken alleviates
conflicts between modalities: point prompts provide coarse
spatial cues, whereas box prompts impose finer geomet-
ric constraints. By aligning view-specific token representa-
tions and enforcing object-level semantic consistency across
modalities (Radford et al. 2021; Alayrac et al. 2022; Xia
et al. 2024), LToken yields more robust multi-modal prompt
inference.

Comparison Results
Quantitative Results. To validate the effectiveness of our
MoPT, we select DetGeo (Sun et al. 2023) and OCGNet

(Huang et al. 2025) as comparison methods, which are
the most relevant open-source approaches designed for
the closely related cross-view object geo-localization task.
Given that these approaches are designed to operate with
point prompts only, we preserve their original architecture
and also evaluate our MoPT solely with point-prompt infer-
ence for fair comparison. As shown in Table 6, MoPT sig-
nificantly outperforms the existing methods.

Qualitative Results. As shown in Fig. 5, our MoPT
outperforms previous approaches (Sun et al. 2023; Huang
et al. 2025) when using only point prompts, demonstrating
its strong generalization and better spatial reasoning abil-
ity. Additionally, as additional prompt modalities (e.g., text
and box) are incorporated, predictions of our MoPT become
more precise and robust. This confirms the effectiveness of
our multi-modal prompt design.

6 Conclusion
In this paper, we introduce MoP-UAV, a new benchmark
for UAV-OGL with multi-modal prompts. Based on this, we
propose MoPT, which unifies diverse prompt types through
tokenized embeddings. Extensive experiments demonstrate
that MoPT not only adapts well to arbitrary prompt combi-
nations but also benefits from multi-modal training to im-
prove unimodal inference.
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