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Abstract

The emergence of large vision-language models (VLMs)
has significantly enhanced the efficiency and flexibility of
geospatial interpretation. However, general-purpose VLMs
remain suboptimal for remote sensing (RS) tasks. Existing
geospatial VLMs typically adopt a unified modeling strat-
egy and struggle to differentiate between task types and in-
terpretation granularities, limiting their ability to balance lo-
cal detail perception and global contextual understanding.
In this paper, we present SkyMoE, a Mixture-of-Experts
(MoE) vision-language model tailored for multimodal, multi-
task RS interpretation. SkyMoE employs an adaptive router
that generates task- and granularity-aware routing instruc-
tions, enabling specialized large language model experts to
handle diverse sub-tasks. To further promote expert decou-
pling and granularity sensitivity, we introduce a context-
disentangled augmentation strategy that creates contrastive
pairs between local and global features, guiding experts to-
ward level-specific representation learning. We also construct
MGRS-Bench, a comprehensive benchmark covering multi-
ple RS interpretation tasks and granularity levels, to evaluate
generalization in complex scenarios. Extensive experiments
on 21 public datasets demonstrate that SkyMoE achieves
state-of-the-art performance across tasks, validating its adapt-
ability, scalability, and superior multi-granularity understand-
ing in remote sensing.

Introduction
Recent advances in artificial intelligence have led to the
rapid development of Vision-Language Models (VLMs),
which demonstrate impressive generalization across a wide
range of visual and linguistic tasks (Wang, Wang, and
Zhang 2025; Liu et al. 2024b; Durante et al. 2024). Their
success is largely attributed to the ability to extract rich,
high-level semantic representations from images, enabling
capabilities such as open-vocabulary recognition, implicit
reasoning, and multimodal alignment. These strengths have
sparked growing interest in applying VLMs to Remote Sens-
ing (RS), where tasks such as land cover classification and
open-set object detection demand sophisticated scene under-
standing (Wang et al. 2023; Zhang et al. 2024).
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Figure 1: Selective masking of objects in images reveals
minimal variation in model-provided counts, indicating a re-
liance on background context over precise enumeration.

However, RS imagery presents distinct challenges that set
it apart from conventional vision tasks. Specifically, it re-
quires a dual capacity to capture global spatial layouts over
large geographic extents while simultaneously recognizing
fine-grained, localized objects. This coarse-to-fine semantic
demand often exceeds the representational limits of standard
VLMs, which typically rely on monolithic architectures with
shared parameters. Such models struggle to reconcile the
competing needs for detailed object-level recognition and
holistic scene-level reasoning.

This inherent tension is evident in recent remote sensing
vision language models (RS-VLMs). As illustrated in Fig-
ure 1, masking-based analyses reveal a strong overreliance
on global context. Even when key foreground entities (e.g.,
vehicles, courts) are occluded, models often produce inflated
object counts—indicating a lack of instance-level discrimi-
nation and an overdependence on background priors. This
behavior highlights a critical shortcoming: the inability to
disentangle and properly integrate localized and contextual
features, which undermines both model reliability and task-
specific performance.

To address this issue, there is increasing interest in
modular architectures that support specialization, such as
Mixture-of-Experts (MoE) frameworks. MoE architectures
offer structural flexibility by distributing computation across
expert subnetworks. However, prior RS-based MoE mod-
els (Lin et al. 2025) have mostly adopted general-purpose
training paradigms without mechanisms to enforce mean-
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Figure 2: Qualitative results of SkyMoE compared with other remote sensing vision–language models.
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Figure 3: The proposed SkyMoE achieves SOTA perfor-
mance on 21 benchmarks in 5 remote sensing tasks, outper-
forming existing RS-VLMs.

ingful expert specialization. As a result, experts often learn
overlapping functions, failing to leverage the MoE design
for effective feature disentanglement.

In this work, we introduce SkyMoE, a novel VLM frame-
work tailored for multi-scale RS interpretation. SkyMoE in-
tegrates two co-designed components: (1) an MoE-based
architecture that enables modular specialization, and (2) a
contrastive data augmentation strategy that introduces ex-
plicit inductive biases to steer expert learning. By system-
atically modifying local object attributes while preserving
global context, we generate fine-grained training samples

that compel each expert to focus on either localized or global
semantics. This targeted supervision facilitates effective task
decomposition and unlocks the MoE architecture’s poten-
tial for interpretable and robust representation learning. To
facilitate comprehensive evaluation, we additionally intro-
duce MGRS-Bench, a dedicated benchmark encompassing
a broad range of RS tasks at varying semantic granularities.
As shown in Figure 2 and Figure 3, the proposed SkyMoE
exhibits competitive performance across multiple tasks. In
summary, this work has the following contributions:

• We propose SkyMoE, a novel MoE-based architecture
that dynamically routes remote sensing tasks to special-
ized experts, guided by task-specific interpretation gran-
ularity and semantic complexity.

• We design a context-disentangled data augmentation
strategy that introduces inductive biases to facilitate ex-
pert specialization within the MoE framework.

• We construct MGRS-Bench, a comprehensive bench-
mark covering diverse tasks, granularity levels, and reso-
lution variations for RS-VLM evaluation.

• Through extensive experiments on 21 diverse bench-
marks, we demonstrate that SkyMoE establishes a new
state-of-the-art, achieving superior results across a wide
spectrum of both fine-grained and scene-level tasks.

Related Work
Vision-Language Models in General Domain
The integration of visual encoders with powerful, open-
source Large Language Models (LLMs) has given rise to
a new paradigm of Vision-Language Models (VLMs) that
have demonstrated remarkable cross-domain capabilities.
Models such as LLaVA (Liu et al. 2023b), MiniGPT-4 (Zhu
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et al. 2024), and Qwen-VL (Bai et al. 2023) typically em-
ploy a unified module to project encoded visual features
into the LLM’s embedding space. This architectural design,
while successful for general-domain tasks (e.g., image cap-
tioning, visual dialogue) that prioritize holistic scene under-
standing, inherently encourages the learning of global con-
textual features at the expense of fine-grained local details.
Consequently, when confronted with specialized domains
like remote sensing, which are characterized by dense small
objects and demand high-fidelity localization, these general-
purpose VLMs often exhibit suboptimal performance. Even
advanced models like DeepSeek-VL (Wu et al. 2024), which
incorporates an MoE framework, primarily leverage it for
scaling model capacity on general tasks, rather than explic-
itly addressing the fundamental tension between local and
global feature representation. This highlights the need for a
VLM framework specifically architected and trained for the
unique challenges of remote sensing imagery.

Vision-Language Models in Remote Sensing
To address domain-specific challenges, the RS com-
munity has developed specialized VLMs. Models like
GeoChat (Kuckreja et al. 2024) and EarthGPT (Zhang et al.
2024) have been tailored for geospatial tasks, demonstrating
the potential of VLMs in this field. However, these mod-
els still largely inherit the architectural tendency of their
general-domain counterparts to prioritize global context,
thus struggling to achieve a robust balance with local details.
Notably, some works have attempted to explicitly address
this imbalance. For instance, VHM (Pang et al. 2025) mit-
igates this issue to an extent by fusing multi-level features
from its vision encoder. However, this represents a static,
task-agnostic fusion strategy. The combination of features is
pre-defined by the architecture and does not adapt to the spe-
cific demands of a given input, which may require a dynamic
emphasis on either local or global information. This high-
lights that while the problem of feature balancing is recog-
nized, a mechanism for dynamic, input-aware allocation of
model resources remains a critical unfilled gap in RS-VLMs.

Mixture of Experts for Remote Sensing
The promise of MoE as a dynamic, learned framework has
recently led to its adoption in the RS domain. For example,
RS-MoE (Lin et al. 2025) employs an MoE structure to ef-
fectively fuse information from heterogeneous data sources,
while RSUniVLM (Liu and Lian 2024) utilizes experts to
specialize in different downstream tasks. These pioneering
works demonstrate the versatility of the MoE paradigm.
However, in these existing frameworks, the MoE mecha-
nism is primarily leveraged for multi-modal fusion or task-
level specialization, rather than being explicitly directed at
resolving the fundamental, underlying tension between lo-
cal and global feature representations. Consequently, while
they utilize an MoE architecture, their training paradigms
are not designed to compel expert differentiation for the spe-
cific purpose of feature balancing. As such, the full potential
of MoE as a solution to this core challenge remains latent
and unrealized, underscoring the novelty and necessity of
our proposed approach.

Methodology
The architecture of SkyMoE, as depicted in Figure 4. We be-
gin by describing the architecture in detail. Then, we present
the training methodology specifically designed for SkyMoE.
Finally, we discuss the training objectives that guide its op-
timization.

Architecture of SkyMoE
Given an RGB image v ∈ RH×W×3, where H and W de-
note the original resolution, we utilize the pretrained vision
backbone of CLIP-ViT(L-14) (Tay et al. 2017), which seg-
ments the image into 576 patches at an input resolution of
336 × 336. To enhance the model’s ability to capture intri-
cate details and small objects in RS imagery, we interpo-
late the positional encoding in the transformer-based CLIP
model (Tay et al. 2017) to support input image sizes of
504×504. This enhancement effectively doubles the number
of patches to 1296 per image, significantly improving visual
grounding in high-resolution RS images.

The vision encoder processes the input image to gener-
ate a visual token sequence Z = [z1, z2, . . . , zP ] ∈ RP×C ,
with P = H×W

362 representing the sequence length of visual
tokens. A visual projection layer f maps this sequence from
RP×C to RP×D, aligning the visual tokens with the hidden
size D of the large language model. Concurrently, the text
component undergoes a word embedding layer g, resulting
in sequence tokens T = [t1, t2, . . . , tN ] ∈ RN×D, where N
signifies the sequence length of text tokens.

The visual tokens V and text tokens T are
concatenated to form a unified sequence x0 =
[v1, v2, . . . , vP , t1, t2, . . . , tN ]. This combined sequence is
then fed into the LLM, which comprises stacked multi-head
self-attention (MSA) and feed-forward neural networks
(FFN) blocks. Each block incorporates layer normalization
(LN) and residual connections, enhancing the model’s
capacity for complex pattern recognition and feature
extraction. The forward pass through the LLM can be
mathematically represented as follows:

x′
ℓ = MSA(LN(xℓ−1)) + xℓ−1, ℓ = 1, . . . , L,

xℓ = MoE(LN(x′
ℓ)) + x′

ℓ, ℓ = 1, . . . , L,
(1)

where L denotes the number of layers in the LLM. The fi-
nal output Y is obtained after the last layer through layer
normalization:

Y = LN(xL). (2)

The MoE layer, a pivotal component of our model, en-
hances the LLM’s adaptability by incorporating multiple
FFNs. Initially, we replicate the FFNs from stage II to form
an ensemble of experts E = [e1, e2, . . . , eE ]. A router, im-
plemented as a linear layer, predicts the probability of each
token being assigned to each expert. This probability distri-
bution is formulated as:

P(x)i =
ef(x)i∑E
j=1 e

f(x)j
, (3)

where the router produces weight logits f(x) = W ·x, nor-
malized by the softmax function. Here, W ∈ RD×E rep-
resents the lightweight training parameters, and E denotes
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the number of experts. Each token is processed by the top-k
experts with the highest probabilities, and the final output is
a weighted sum based on these probabilities:

MoE(x) =

k∑
i=1

P(x)i · E(x)i. (4)

Dual-Stage Training
We employ a two-stage strategy for training SkyMoE. Uti-
lizing 6 NVIDIA A800-80G GPUs, we train the model
with a batch size of 144 for 5 epochs. The AdamW opti-
mizer (Loshchilov and Hutter 2019) is used with an initial
learning rate of 2e-5, combined with a cosine learning rate
scheduling strategy. All components of SkyMoE are opti-
mized with the large-scale instruction dataset, the construc-
tion of which is introduced in the Datasets and Evaluation
Benchmarks section, to incorporate RS visual knowledge
into the model.

Stage I: To enhance the effectiveness of our model on
general visual tasks and optimize training efficiency, we
employ a strategy that involves initializing the network
with pre-trained weights and fine-tuning specific segments
for RS related tasks. Specifically, we utilize a pre-trained
CLIP-ViT(L-14) encoder (Tay et al. 2017), trained on large
amounts of textual and visual data, a pre-trained MLP
adaptor (Liu et al. 2024a), trained on a 558K subset of
the LAION-CC-SBU dataset (Schuhmann et al. 2022) with
BLIP (Li et al. 2022) captions, and Vicuna-v1.5 (Shen et al.
2023) to initialize our model. To adapt our model to RS im-
ages, we subsequently apply LoRA (Hu et al. 2022) fine-
tune on the LLM, targeting the Wq and Wv matrices with a
designated rank r set to 64, while keeping the MLP adaptor
and the CLIP encoder (Tay et al. 2017) frozen during train-
ing. The model undergoes training consistently at an image
resolution of 504 × 504 throughout the whole process. This

stage not only lays the foundation for the model’s ability to
handle general visual tasks but also enhances its capabilities
and controllability by tuning it with multi-modal instruction
data (Kuckreja et al. 2024). We use more complex instruc-
tions, including tasks such as image logical reasoning and
text recognition, which require the model to have a stronger
multi-modal understanding. Typically, for dense models, the
VLM training is considered complete at this stage. However,
we encounter challenges in simultaneously transforming the
LLM into an VLM and sparsifying the VLM. To address
this, SkyMoE utilizes the weights from this stage as initial-
ization for the next stage to alleviate the learning difficulty
of the sparse model.

Stage II: In the second stage, we transform the model
into a sparse VLM by integrating a MoE architecture. Ex-
pert modules are initialized by replicating the FFN multiple
times, and MoE layers are interleaved with standard MLP
layers. Specifically, every second layer is replaced with an
MoE layer. When image tokens and text tokens are fed into
the MoE layers, the router calculates the matching weights
between each token and the experts. Each token is then pro-
cessed by the top-2 experts, and the outputs are aggregated
by weighted summation based on the router’s weights. Non-
selected experts remain inactive, enabling dynamic sparsity
and efficient computation. Expert parallel size is set to 1
to support distributed expert execution. This architecture
enables SkyMoE to adaptively select computation paths,
achieving both high-level reasoning and fine-grained per-
ceptual understanding across diverse RS tasks.

Training Objectives
The total loss function Ltotal is composed of the auto-
regressive loss Lregressive and the auxiliary loss Laux, with the
auxiliary loss being scaled by a balancing coefficient α:

Ltotal = Lregressive + α · Laux. (5)
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Auto-Regressive Loss. The output of the LLM is opti-
mized via a generative loss in an auto-regressive fashion.
Given an image and text, SkyMoE produces the output se-
quence Y = [y1, y2, . . . , yK ] ∈ RK×D by sequentially gen-
erating each element, where K = P +N denotes the length
of the output sequence. The loss function is defined as:

Lregressive = −
N∑
i=1

log pθ
(
Y [P+i] | V, T [:i−1]

)
, (6)

where θ represents the trainable parameters, and the loss is
computed solely for the generated text.

Auxiliary Loss. Given the presence of multiple experts, it
is essential to enforce load balancing constraints on the MoE
layer. We integrate a differentiable load balancing loss into
each MoE layer to promote balanced token handling among
experts:

Laux = E ·
E∑
i=1

Fi · Gi, (7)

where F denotes the fraction of tokens processed by each
expert Ei, and G represents the average routing probability
for Ei, which are given by:

F =
1

K

E∑
i=1

1{argmaxP(x) = i},G =
1

K

K∑
i=1

P(x)i. (8)

Datasets and Evaluation Benchmarks
To support the training and evaluation of SkyMoE, we con-
struct a comprehensive dataset pipeline encompassing both
foundational data aggregation and targeted augmentation. In
Stage I, we aggregate diverse RS datasets spanning multiple
tasks to form a unified instruction-following training corpus.
In Stage II, we apply task-specific augmentation strategies
(Figure 5) to enhance data diversity and optimize the MoE
fine-tuning process. Together, these stages ensure that Sky-
MoE is exposed to a wide range of task types, object den-
sities, and attribute variations—ultimately boosting its gen-
eralization ability in real-world RS scenarios. In addition,
we introduce MGRS-Bench, a purpose-built benchmark that
enables multi-granularity and cross-resolution evaluation,
thereby filling critical gaps in existing test sets.

Instruction Dataset Construction
To enable SkyMoE to handle diverse RS tasks in a uni-
fied manner, we construct a multi-task instruction dataset
by curating and integrating multiple high-quality, publicly
available sources. The dataset spans five vision-language
tasks. Our final training set includes over 251k instruc-
tion samples, with an additional 11k instances for testing.
The training data is derived from established benchmarks
such as DOTA (Xia et al. 2018), DIOR (Li et al. 2020),
FAIR1M (Sun et al. 2022a) , DOTA-v2 (Xia et al. 2018).
To ensure robust generalization, the test set is sourced in-
dependently from datasets like DIOR-RSVG (Zhan, Xiong,
and Yuan 2023), RSOD (Long et al. 2017), and NWPU-
RESISC45-test (Cheng, Han, and Lu 2017). A full list of
source datasets is available in the supplementary material.
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Figure 5: Context-Disentangled Data Augmentation.

To unify training across tasks, we reformat each sam-
ple into an instruction-following format. For this, we design
task-specific templates that convert original annotations into
natural language instructions and standardized answers. For
example, scene classification is expressed as “Which scene
does this image belong to?”, expecting a category name as
output. Visual grounding uses the prompt “[refer] Where is
<p> referring expression </p>?”, requiring bounding box
coordinates. Similar templates are used for counting, cap-
tioning, and VQA. This unified structure allows the model to
learn diverse tasks under a single conversational paradigm.

Context-Disentangled Data Augmentation
To enhance the diversity and granularity sensitivity of
the training data, we design augmentation strategies
that explicitly vary object count, position, and appear-
ance—encouraging SkyMoE to specialize across experts
and better capture multi-scale semantics.

Count-Varying Cutout. To simulate diverse object den-
sities for counting tasks, we randomly mask a portion of ob-
jects in each image. Given an original count Nc, we sample
a masking ratio r ∼ U(0.15, 0.30) and remove m = ⌈r ·Nc⌉
objects by zero-filling their regions. Updated annotations re-
flect the new count Nnew = Nc−m. Each image yields four
variants with at least ⌈0.1Nc⌉ difference in count, enabling
fine-grained supervision for density-sensitive predictions.

Attribute Editing. To strengthen vision-language align-
ment, we manipulate referring expressions by editing spa-
tial and color attributes, then apply corresponding visual
transformations. For spatial editing, positional phrases (e.g.,
“bottom”) are replaced (e.g., “top right”) and the target ob-
ject is relocated within a 3×3 grid cell, ensuring visual real-
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Method UCM-Captions RSICD RSITMD NWPU-Captions Sydney-Captions MGRS-Bench
B-4 MT R-L B-4 MT R-L B-4 MT R-L B-4 MT R-L B-4 MT R-L B-4 MT R-L

Close-source Commercial Vision-Language Models
GPT-4V [OpenAI’24] 28.4 25.6 17.8 16.8 16.7 15.9 27.3 21.1 14.0 39.6 25.7 20.9 28.5 24.5 17.5 22.1 32.6 22.3

Open-source Vision-Language Models
MiniGPT-v2 [Meta’24] 18.1 21.7 11.4 11.9 15.8 11.2 19.0 19.7 10.0 28.6 23.3 13.0 19.8 19.5 10.6 19.4 15.9 16.9
LLaVA-1.5 [CVPR’24] 24.6 26.7 17.1 21.3 16.4 17.9 35.0 23.1 16.7 47.6 26.5 21.9 39.1 25.3 21.1 36.6 28.2 36.0
Qwen2.5-VL [BABA’24] 14.7 24.5 11.5 9.5 17.2 11.2 16.6 21.8 10.5 24.1 26.4 14.4 16.1 22.5 11.3 30.7 47.6 37.8
DeepSeek-VL [DeepSeek’24] 23.1 30.5 16.6 13.9 20.6 14.6 26.9 25.0 14.6 39.1 30.5 20.4 38.2 26.1 20.7 31.6 28.0 33.3

Open-source Remote Sensing Vision-Language Models
GeoChat [CVPR’24] 21.0 20.8 14.1 15.8 14.1 13.4 27.5 20.3 13.8 37.8 25.2 16.3 24.6 16.5 10.5 24.4 13.9 22.7
VHM [AAAI’25] 42.4 26.9 24.9 19.5 22.2 18.0 36.4 17.9 15.7 47.9 18.9 17.8 37.0 21.5 17.4 29.1 21.9 28.3
SkySenseGPT [arXiv’24] 15.7 23.3 10.9 12.2 17.0 12.8 20.6 21.7 11.8 28.2 24.7 14.4 18.4 21.3 11.9 24.9 17.2 25.2
LHRS-Bot [ECCV’24] 23.5 30.1 17.1 21.2 23.8 19.4 38.2 27.9 19.8 58.4 49.5 35.8 40.2 36.2 25.1 25.6 20.8 25.2
RSUniVLM [arXiv’24] 18.3 19.5 11.5 10.6 13.5 11.4 19.8 20.8 11.3 26.7 21.0 13.9 20.2 19.8 10.6 15.6 9.6 16.5
Falcon [arXiv’25] 14.4 6.0 9.9 1.3 0.9 3.4 9.2 5.3 8.9 3.0 1.0 0.8 3.6 1.9 2.7 12.9 4.2 7.6
EarthDial [CVPR’25] 14.6 18.1 10.0 27.8 25.4 24.1 23.0 19.2 13.3 35.9 28.8 18.4 45.0 39.4 25.9 25.8 14.8 20.4

SkyMoE (ours) 43.0 31.1 19.7 33.4 26.2 19.6 37.7 28.3 18.6 60.1 51.3 38.8 46.1 40.2 25.2 38.7 53.8 37.7

Table 1: Comparison of SkyMoE with existing generic and RS VLMs on Image Captioning task across multiple benchmarks.
B-4, MT, and R-L denote BLUE-4, METEOR, and ROUGE-L scores, respectively.

ism via Poisson blending and minimal overlap (IoU < 0.1).
For color editing, textual color terms are swapped (e.g.,
“green” → “red”), and matched via palette transfer while
preserving material texture and reflectance.

These granularity-aware augmentations diversify scene
configurations while maintaining annotation consistency, al-
lowing SkyMoE’s experts to specialize in distinct visual pat-
terns and improving overall generalization.

Multi-Granularity RS Benchmark
To address the limitations of existing RS-VLM bench-
marks, such as limited task diversity, insufficient granular-
ity control, and restricted resolution variation, we introduce
MGRS-Bench, a dedicated evaluation suite for RS-VLMs.

MGRS-Bench is constructed through a multi-stage anno-
tation pipeline consisting of four components: (1) attribute
extraction to identify relevant visual features and contextual
cues, (2) prompt engineering to generate diverse instruc-
tion formats, (3) GPT-4 inference to produce high-quality
candidate responses, and (4) human verification to ensure
accuracy, disambiguation, and label consistency. The final
dataset includes 10,415 RS images and 18,433 annotated in-
stances, with 2,083 images assigned to each of the five tasks.

Experiments
Evaluation Results
To thoroughly assess the performance of various VLMs in
RS tasks, we employ a comprehensive evaluation scheme
that includes Image Captioning (IC), Visual Question An-
swering (VQA), Visual Grounding (VG), Object Count-
ing (OC), and Scene Classification (SC). This evaluation
scheme is designed to provide a holistic view of each
model’s capabilities across a spectrum of tasks, from high-
level reasoning to detailed perceptual tasks.

Image Captioning. SkyMoE achieves competitive per-
formance in IC, demonstrating robust generalization across

Method RSVQA-LR RSVQA-HR MGRS-Bench
LR-R LR-P LR-C HR-A HR-C MG-P MG-D

Close-source Commercial Vision-Language Models
GPT-4V [OpenAI’24] 95.90 49.95 51.95 0 68.93 92.41 42.37

Open-source Vision-Language Models
MiniGPT-v2 54.72 48.21 60.38 0 59.22 58.82 40.43
LLaVA-1.5 75.47 57.14 70.59 0 66.02 88.24 63.83
Qwen2.5-VL 94.34 62.50 43.14 0 53.40 70.59 70.21
DeepSeek-VL 62.26 48.21 64.71 0 67.96 85.29 34.04

Open-source Remote Sensing Vision-Language Models
GeoChat 96.23 89.29 88.24 23.30 75.73 94.12 63.83
VHM 90.57 80.36 86.27 24.27 79.61 88.24 42.55
SkySenseGPT 92.45 85.71 84.31 0 78.64 95.06 63.8
LHRS-Bot 84.91 76.79 49.02 0 37.86 94.32 53.19
RSUniVLM 35.85 73.21 65.69 0 76.70 85.14 27.66
Falcon 58.75 45.95 59.94 0 42.96 68.7 42.12
EarthDial 66.04 64.29 87.25 34.95 71.84 76.47 46.81

SkyMoE (ours) 98.11 91.07 90.20 33.98 80.58 94.38 71.52

R/P/C/A/D: Rural / Presence / Comparison / Area / Direction.

Table 2: Comparison of SkyMoE with existing generic and
RS VLMs on VQA task.

six public benchmarks (Lu et al. 2017; Yuan et al. 2021;
Chen et al. 2022; Qu et al. 2016). As shown in Table 1,
it obtains the highest BLEU-4 scores on UCM-Captions
(43.0), RSICD (33.4), and NWPU-Captions (60.1), and
leads in METEOR on six datasets, including a strong 53.8 on
MGRS-Bench. These results highlight SkyMoE’s superior
ability to generate accurate, fluent, and context-aware de-
scriptions. Compared to existing RS-VLMs, most of which
can recognize object pairs or isolated features, SkyMoE
demonstrates a clear advantage in modeling complex spatial
and semantic relations. For example, while SkySenseGPT
performs competitively in grounding tasks, its performance
on RSICD and MGRS-Bench captioning drops significantly
(e.g., BLEU-4: 12.2 and 24.9), suggesting a limited ca-
pacity to structure local features into coherent narratives.
In contrast, SkyMoE’s consistent gains across BLEU, ME-
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Method DIOR-RSVG AVVG RRSIS-D RSVG VRSBench MGRS
@0.5 @0.7 @0.5 @0.7 @0.5 @0.7 @0.5 @0.7 @0.5 @0.7 @0.5 @0.7

Close-source Commercial Vision-Language Models
GPT-4V [OpenAI’24] 26.1 3.6 33.2 8.7 28.0 5.0 36.5 18.3 14.4 2.3 18.3 7.6

Open-source Vision-Language Models
MiniGPT-v2 12.2 5.3 1.5 1.0 14.0 6.5 0 0 12.4 5.7 3.9 0.8
LLaVA-1.5 11.4 1.6 0.5 0 12.0 2.0 10.5 2.5 15.4 5.6 19.4 5.4
Qwen2.5-VL 36.3 19.2 0.5 0 0.5 0 1.0 0 45.2 25.9 1.6 0

Open-source Remote Sensing Vision-Language Models
GeoChat 31.4 14.7 7.5 0.5 10 1.5 5.5 1 56.3 32.6 17.1 10.1
VHM 55.9 42.0 0 0 64.0 45.0 2.5 0.5 33.9 14.3 21.7 10.9
SkySenseGPT 60.8 35.5 26.5 3.5 69.0 41.5 39.5 21.5 63.5 34.2 3.1 0.7
GeoGround 37.6 22.0 20.0 9.0 59.5 39.5 22.5 11.0 41.4 21.6 7.0 2.3
EarthDial 46.1 34.3 3.5 2.0 72.5 55.5 42.0 24.0 14.4 9.7 17.1 9.3

SkyMoE (Ours) 68.6 48.6 36.5 18.0 72.5 56.1 42.5 26.0 66.1 44.4 22.3 13.4

Table 3: Comparison of SkyMoE with generic and RS VLMs on Visual Grounding task using mAP@0.5 and @0.7.

Method RSOD HRRSD VHR DOTA VisDrone MGRS
Close-source Commercial Vision-Language Models
GPT-4V [OpenAI’24] 40.0 58.5 58.0 19.7 19.0 28.4

Open-source Vision-Language Models
MiniGPT-v2 20.0 26.5 23.0 7.7 8.5 4.6
LLaVA-1.5 42.5 52.4 40.5 11.8 10.5 21.5
Qwen2.5-VL 40.5 56.7 57.5 17.4 14.0 27.7
DeepSeek-VL 61.0 61.5 60.0 18.3 20.5 29.2

Open-source Remote Sensing Vision-Language Models
GeoChat 19.5 57.6 42.5 16.9 14.5 21.5
VHM 16.0 46.7 48.5 18.0 5.5 30.8
SkySenseGPT 51.5 58.7 49.5 21.2 18.5 27.7
LHRS-Bot 2.0 2.3 3.0 10.5 1.5 12.3
RSUniVLM 49.5 54.2 36.0 19.0 18.5 27.5
Falcon 47.0 42.6 52.5 18.1 3.5 26.4
EarthDial 41.0 61.5 52.5 20.9 18.0 29.2

SkyMoE (ours) 67.6 57.8 62.3 26.4 21.5 31.6

Table 4: Comparison of SkyMoE for Object Counting tasks
across various datasets.

Method VG OC IC VQA SC
(mAP@0.5) (Acc) (BLEU-4) (Acc) (Acc)

RSUniVLM 17.1 27.7 15.6 56.4 7.6
MoE-LLaVA 18.9 28.2 20.7 61.0 11.6

SkyMoE (ours) 22.3 31.6 38.7 83.0 68.7

Table 5: Comparison with other MoE-based VLMs.

TEOR, and ROUGE-L indicate its holistic reasoning capa-
bility, empowered by MoE-based expert specialization and
fine-grained data augmentation.

Visual Question Answering. As shown in Table 2, Sky-
MoE consistently outperforms all baselines across diverse
VQA scenarios (Lobry et al. 2020). It excels on both
low-resolution tasks that require global contextual under-
standing (e.g., 98.11% on rural classification) and high-
resolution tasks that demand fine-grained spatial precision
(e.g., 33.98% on area estimation). Notably, SkyMoE main-
tains strong performance across resolution levels, as seen in

the comparison tasks (90.20% on LR-C vs. 80.58% on HR-
C), indicating its robust ability to balance local and global
feature representations. The resolution gap in RS-VQA fun-
damentally tests a model’s capacity to generalize across dif-
ferent perceptual scales: low-resolution questions rely on
coarse semantic cues, whereas high-resolution ones require
precise detail recognition. SkyMoE effectively bridges this
gap through the synergy between its MoE architecture and
context-disentangled augmentation strategy. This dynamic
adaptation mechanism allows the model to tailor its repre-
sentation to task-specific granularity, setting a new bench-
mark for resolution-variant RS VQA.

Visual Grounding. SkyMoE delivers consistent and com-
petitive performance across all VG benchmarks (Zhan,
Xiong, and Yuan 2023; Zhou et al. 2025; Liu et al. 2024c;
Sun et al. 2022b; Li, Ding, and Elhoseiny 2024). As shown
in Table 3, it achieves a strong mAP@0.5 of 68.6% on
DIOR-RSVG, with only moderate degradation at mAP@0.7
(48.6%), indicating its robust ability to balance global scene
comprehension with precise object localization. In contrast,
generic VLMs like MiniGPT-v2 and LLaVA-1.5 struggle
to surpass even 12% at mAP@0.5 and collapse almost en-
tirely at stricter thresholds (e.g., MiniGPT-v2: 12.2% →
5.3%), reflecting over-reliance on global semantics while
lacking spatial precision. RS-VLMs (e.g., GeoChat, VHM,
SkySenseGPT) exhibit stronger low-threshold performance
(e.g., SkySenseGPT: 60.8% mAP@0.5 on DIOR-RSVG),
but their performance degrades significantly at mAP@0.7
(e.g., SkySenseGPT: 35.5%), revealing a deficiency in han-
dling fine-grained grounding. On AVVG, which features
high spatial ambiguity, SkyMoE further distinguishes itself
by maintaining 36.5% (mAP@0.5) and 18.0% (mAP@0.7),
while most baselines fall below 5%. These results under-
score SkyMoE’s robustness in integrating global and local
cues, a key capability for real-world RS applications.

Object Counting. As shown in Table 4, SkyMoE demon-
strates strong density-invariant performance, excelling in
both sparse (e.g., 67.6% on RSOD) and ultra-dense (e.g.,
26.4% on DOTAv2) aerial scenes (Long et al. 2017; Zhang

7174



Dataset Open-source Vision-Language Models Open-source Remote Sensing Vision-Language Models
MiniGPT-v2 LLaVA-1.5 Qwen2.5-VL DeepSeek-VL GeoChat VHM SkySenseGPT LHRS-Bot RSUniVLM EarthDial Falcon SkyMoE

RESISC45 21.78 42.22 69.78 46.00 84.67 91.33 83.33 42.44 2.22 76.67 62.22 91.77
AID 18.83 47.33 63.83 34.67 71.50 79.00 75.50 39.00 3.33 62.50 20.83 78.21
WHU-RS19 26.84 62.11 79.47 80.00 89.47 91.84 93.16 56.58 5.26 73.42 44.21 92.37
MGRS-Bench 35.10 59.35 76.44 44.80 56.35 66.28 55.89 51.04 7.62 42.96 38.89 68.73

Table 6: Comparison of SkyMoE for Scene Classification tasks across multiple benchmarks.

Metric GeoChat VHM SkySense LHRS-Bot Ours
Param Size 7.06B 6.77B 7.05B 6.74B 9.36B
TFLOPs 694.31 665.30 694.31 662.41 712.56

Latency 26.92 21.92 24.59 18.97 20.83

Table 7: Results on training and inference efficiency.

#E CDA VG IC OC VQA SC
CVC AE (mAP@0.5) UCM-Cap (Acc) (Acc) (Acc)

Varying number of experts (with both modules enabled)
1 ✓ ✓ 45.40 45.4 44.50 74.67 69.67
4 ✓ ✓ 63.79 67.4 58.49 83.64 80.20
6 ✓ ✓ 67.64 73.2 66.65 91.51 89.26
8 ✓ ✓ 68.60 78.8 68.51 93.13 91.77

Ablating key components (fixed #Expert = 8)
8 ✗ ✗ 60.20 72.0 56.37 82.54 91.29
8 ✓ ✗ 60.34 72.1 65.84 89.88 91.86
8 ✗ ✓ 68.10 77.6 61.23 86.57 90.11
8 ✓ ✓ 68.60 78.8 68.51 93.13 91.77

CDA: Context-Disentagled Augumentation, CVC: Count-Varying Cutout, AE: Attribute Editing

Table 8: Performance with different architectures.

et al. 2019; Cheng et al. 2014; Xia et al. 2018; Zhu et al.
2021), showcasing a remarkable ability to dynamically bal-
ance fine-grained local details and global contextual cues.
In sparse environments, it precisely detects individual in-
stances, while in dense scenes, it preserves instance aware-
ness without losing structural coherence. This robustness
stems from the synergy of our MoE architecture and the
proposed count-varying cutout augmentation, which explic-
itly trains the model to adapt to density shifts. SkyMoE also
achieves a new state-of-the-art on NWPU-VHR (62.3%),
further establishing its superiority in the challenging task of
aerial object counting.

Scene Classification. SkyMoE achieves highly compet-
itive results on scene classification benchmarks (Cheng,
Han, and Lu 2017; Xia et al. 2017, 2010) (e.g., 78.21%
on AID, 92.37% on WHU-RS19), all within 2% of the top-
performing models. This small gap reflects a deliberate de-
sign trade-off: unlike models that solely optimize for global
semantics, SkyMoE’s MoE framework allocates capacity to
preserve fine-grained local features. While slightly limiting
performance on purely global tasks, it enables SkyMoE to
outperform all baselines on more demanding tasks like vi-
sual grounding and object counting, resulting in a more ro-
bust and versatile model for diverse geospatial challenges.

Comparison with MoE-based VLMs. As shown in Ta-
ble 5, SkyMoE achieves the best performance across all five

RS vision-language tasks on MGRS-Bench, significantly
outperforming previous MoE-based models such as RSUni-
VLM and MoE-LLaVA. SkyMoE achieves over +18 BLEU-
4 improvement in IC. The substantial gains in high-level rea-
soning tasks like VQA (+22.0 Acc) and SC (+57.1 Acc) fur-
ther demonstrate the model’s strong capability in both fine-
grained perception and global semantic understanding.

Training and Inference Efficiency. We compare the
training and inference costs of SkyMoE with four recent
RS-VLMs in Table 7. While SkyMoE has a larger num-
ber of trainable parameters, its overall training complexity
remains comparable to other models. It also achieves com-
petitive per-token latency, outperforming larger models such
as GeoChat and SkySenseGPT. This efficiency is attributed
to the top-k expert activation mechanism, which preserves
model capacity while reducing inference overhead. Com-
pared with LHRS-Bot’s fully shared architecture, SkyMoE
offers a better trade-off between scalability and efficiency.

Ablation study. Our ablation study dissects SkyMoE to
validate the contribution of its components. First, we demon-
strate the efficacy of the MoE architecture itself, as perfor-
mance scales positively with the number of experts (e.g., VG
improves from 45.4% to 68.6% as experts increase from 1
to 8). Second, our purpose-built data augmentation strategy
provides a significant performance uplift, proving particu-
larly effective for tasks sensitive to local details such as ob-
ject counting (+9.47%). Critically, the full framework sig-
nificantly outperforms any partial configuration. For exam-
ple, the complete model achieves a VQA score of 93.13%,
a +6.56 gain over using the MoE architecture with standard
training. This non-additive performance gain proves that our
SOTA results are not achieved through isolated improve-
ments, but through a co-designed framework where our tar-
geted data augmentation actively unlocks and directs the la-
tent potential of the MoE architecture.

Conclusion
In this work, we proposed SkyMoE, a novel framework that
combines a MoE architecture with a tailored data augmenta-
tion strategy to promote expert specialization. Unlike prior
methods, SkyMoE dynamically allocates experts based on
feature granularity, enabling a robust balance between lo-
cal and global representations. To support systematic evalua-
tion, we constructed MGRS-Bench, a comprehensive bench-
mark covering diverse RS tasks and granularity levels. Ex-
tensive experiments on 21 datasets demonstrate SOTA per-
formance, with ablations and visualizations confirming that
this improvement stems from our model’s learned ability to
adaptively route information.
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