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Abstract—The paradigm shift of remote sensing (RS) analysis
toward cloud-based large-scale computing demands intelligent
methods capable of interpreting petabyte-scale, high-resolution
heterogeneous imagery. Multimodal Large Language Models
(MLLMs) have emerged as a transformative solution for such
data-intensive tasks, offering unprecedented capabilities in open-
set perception and high-level semantic reasoning. However, di-
rectly applying general MLLM architectures to the RS domain
faces significant challenges: the constraint of fixed-resolution
vision encoders causes severe information loss for small objects,
while the reliance on single-layer feature fusion neglects critical
spatial cues preserved in intermediate layers. To address these
challenges, we propose ROARS: a Cloud-Based Resolution-Native
Framework for Large-Scale Remote Sensing Multimodal Anal-
ysis, tailored for high-fidelity interpretation. First, we introduce
a Native-Resolution Vision Encoder tailored to process images
of arbitrary aspect ratios and scales without downsampling,
thereby strictly preserving pixel-level details. Second, we design
a Shortcut-Based Fusion Mechanism that bridges the semantic
gap by injecting multi-level visual features into the language
model. Furthermore, to enhance global contextual understanding,
we incorporate a Multi-Granularity Token Pooling strategy
that provides fine- and coarse-grained visual representations.
Extensive experiments on the VRSBench demonstrate that our
framework significantly outperforms state-of-the-art approaches,
particularly in fine-grained object perception and complex spatial
reasoning. These results validate the proposed method as a robust
and efficient core component for next-generation cloud-based RS
interpretation systems. Our source code is publicly accessibleﬂ
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I. INTRODUCTION

EMOTE sensing (RS) image interpretation aims to ex-

tract high-value geospatial information from Earth ob-
servation data and serves as a fundamental means for under-
standing the physical world [1] [2]]. Recently, with the expo-
nential growth of satellite and the accumulation of petabyte-
scale data, RS analysis is undergoing a profound paradigm
shift from traditional local processing to cloud-based large-
scale analysis, as illustrated in Fig. [T Cloud platforms now
host vast archives of high-resolution, continuously updated
imagery, offering unprecedented opportunities for planetary-
scale monitoring. However, effectively utilizing these cloud-
hosted resources remains a significant challenge. Compared
with natural images, remote sensing scenes exhibit distinct
imaging mechanisms and extreme scene complexity, which
pose severe obstacles for automated interpretation in cloud
environments.

The challenges arise primarily from two fundamental as-
pects: extreme spatial resolution variation and high-level se-
mantic complexity. First, extreme scale variation and high
spatial resolution are among the most salient characteristics
of remote sensing imagery. A single RS image often spans
vast geographic extents, encompassing macroscopic landforms
such as mountain ranges and rivers, as well as microscopic tar-
gets such as densely distributed vehicles and ships. This multi-
order-of-magnitude variation in scale requires models to si-
multaneously possess global scene summarization capabilities
and fine-grained perceptual sensitivity. Second, the semantic
complexity of remote sensing scenes necessitates deep scene-
level understanding. Geospatial objects in RS imagery do not
exist in isolation; instead, they are embedded within intricate
spatial and topological relationships, such as the co-occurrence
of ports and ships or the connectivity between road networks
and buildings. Traditional RS analysis models are typically
constrained to closed-set perception tasks, including object
detection and semantic segmentation, and lack the ability to
perform contextual reasoning. Consequently, they struggle to
handle open-world scenarios [3] and complex applications that
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Fig. 1. Overview of the proposed ROARS framework. The system ingests
remote sensing imagery alongside auxiliary metadata (e.g., location, time
tags). These inputs are processed by a Multimodal Large Language Model
(MLLM) deployed on a cloud computing platform to perform intelligent
interpretation tasks, instantiated here by Image Captioning, Referring and
Visual Question Answering.

require interpretability and decision-level reasoning, such as
disaster assessment and urban planning [4] [S] [6]].

In recent years, the emergence of Multimodal Large Lan-
guage Models (MLLMs) has introduced a new paradigm for
alleviating the aforementioned bottlenecks in remote sensing
interpretation. By tightly aligning powerful large language
models (LLMs) with vision encoders, MLLMs exhibit two
key advantages that make them particularly promising for
addressing complex RS problems. First, MLLMs demonstrate
strong generalization and open-set recognition capabilities.
Benefiting from large-scale pretraining, they acquire extensive
world knowledge, enabling them to recognize and reason about
concepts that were not explicitly observed during training. This
property effectively compensates for the limited generaliza-
tion ability of traditional RS models when encountering rare
objects or cross-domain scenarios. Second, MLLMs enable
high-level semantic reasoning and interactive analysis. Rather
than functioning solely as visual feature extractors, they act
as reasoning engines equipped with logical inference capa-
bilities. Through natural language interaction, MLLMs can
understand complex user intents and perform vision-grounded
causal reasoning (e.g., “analyze the likelihood of flooding in
this region”). This capability allows RS systems to evolve
from single-purpose perception tools into intelligent assistants,
better suited to the rich semantic understanding required by
real-world remote sensing applications [7] [8]].

Despite this promising vision, directly transferring existing
general-purpose MLLM architectures into the remote sensing
domain results in limited practical performance. This lim-
itation also applies to early RS-oriented MLLMs, such as
RSGPT [9] and GeoChat [7]]. These limitations arise from
fundamental mismatches between current architectural designs
and the intrinsic properties of RS data and are primarily
manifested in two aspects. 1) Resolution bottleneck and
information degradation: Most existing MLLMs adopt visual
encoders originally designed for natural images (e.g., CLIP-
ViT), which restrict inputs to fixed low resolutions such as
224 % 224 or 336 x 336. For large-format, detail-dependent RS

imagery, this constraint necessitates aggressive downsampling
or local cropping. Downsampling inevitably suppresses or
eliminates small objects and fine-grained textures that are
critical in RS scenes, while cropping breaks long-range spatial
dependencies and contextual relationships among geospatial
entities. Such preprocessing fundamentally undermines the
perceptual fidelity of RS imagery. 2) Semantic discontinuity
in cross-modal alignment: At the feature fusion stage, most
approaches employ token concatenation strategy, in which
only the final-layer features of the vision encoder are pro-
vided to the LLM. However, prior studies indicate that deep
Vision Transformer(ViT) [10] layers primarily encode global
semantic information, whereas shallow and intermediate lay-
ers preserve fine-grained spatial cues [11]], including object
boundaries, orientations, and textures. For remote sensing
tasks, such structural details (e.g., road connectivity or vehicle
alignment) are essential for reliable reasoning. By discarding
these lower-level cues, existing fusion schemes deprive LLMs
of critical visual evidence, increasing the risk of hallucinations
or erroneous predictions [12]] [[13].

In this work, we propose ROARS, a cloud-based resolution-
native framework for large-scale remote sensing multimodal
analysis that structurally addresses both resolution limitations
and insufficient semantic alignment. First, to address the
resolution problem, we replace the vanilla ViT encoder in pre-
vailing MLLM structure, to support arbitary resolution inputs.
Specifially, we replace the conventional CLIP-ViT backbone
with remote sensing native resolution encoder, enabling the
direct ingestion of native-resolution RS imagery. This de-
sign allows the model to encode elongated river corridors
and large-scale urban scenes without sacrificing pixel-level
fidelity, thereby preserving critical information about small
objects and fine-grained structures. Second, to leverage visual
information at different granularities and prevent the loss of
low-level spatial cues during LLM decoding, we introduce a
shortcut-based vision language information fusion mechanism
to overcome the limitations of single-stage fusion. Rather than
relying solely on the final ViT output, shortcut connections
dynamically extract intermediate-layer visual features and
progressively inject these multi-level representations into the
LLM. This strategy achieves comprehensive alignment across
low-level details, mid-level structures, and high-level seman-
tics. Furthermore, to enhance global scene understanding over
ultra-large spatial extents, we incorporate a multi-granularity
token pooling module at the top of the ViT. This module
generates hierarchical global visual tokens, providing the LLM
with contextual cues at multiple granularities and improving
reasoning robustness in complex RS scenes.

We conduct extensive experiments on the VRSBench. The
results demonstrate that the proposed framework consistently
outperforms existing state-of-the-art methods across tasks in-
cluding fine-grained object perception, complex scene de-
scription, and spatial relationship reasoning. In particular, our
model exhibits superior performance when handling scenes
characterized by dense small objects and large-format imagery,
validating the effectiveness of native-resolution input and
multi-level feature fusion.

The main contributions of this work are summarized as



follows:

o To our best knowledge, we are the first to introduce
a native-resolution visual encoding framework into RS-
MLLMs. It effectively mitigates information loss caused
by fixed-size inputs and significantly improves the preser-
vation of small objects and fine-grained structures.

o We design a shortcut-based vision language information
fusion mechanism. It transcends traditional single-layer
interaction, enabling deep fusion between visual details
and linguistic semantics.

o We design a hierarchical vision token pooling module
that supplies LLMs with multi-granularity global context.
This substantially strengthenes understanding depth and
reasoning robustness in open-world remote sensing sce-
narios.

o Extensive experiments on VRS benchmark demonstrate
that our method achieves state-of-the-art performance.
Specifically, our model significantly outperforms existing
baselines in fine-grained perception and complex reason-
ing tasks, validating the effectiveness of the proposed
components.

ITI. RELATED WORK
A. Vision Transformer

The transition [[14] [15]] from CNNs to Transformers marks
a shift in visual representation learning. The ViT [10] treats
images as patch sequences, utilizing self-attention to capture
global dependencies. However, standard ViT requires fixed
square inputs (e.g., 224 x 224), necessitating resizing that
distorts aspect ratios and discards fine-grained details critical
for remote sensing. To address resolution constraints, cropping
or tiling strategies [[16] [[17] have been explored. While these
preserve local details, independent processing of subregions
disrupts global spatial continuity and fragments large-scale
structures (e.g., roads or rivers). Recently, NaViT [18] in-
troduced the “Patch n’ Pack™ paradigm, enabling the pro-
cessing of variable-length sequences from images of arbitrary
resolutions. By avoiding resizing or tiling, NaViT preserves
both geometric structure and spatial semantics. This design is
particularly well-suited for the multi-granularity, multi-aspect-
ratio nature of remote sensing imagery, offering a more princi-
pled solution than conventional fixed-resolution architectures.
Motivated by this, we adopt NaViT as the vision encoder
in our framework to natively handle RS images of arbitrary
resolutions without information loss.

B. Multimodal Large Language Models

In recent years, extending Large Language Models (LLMs)
to the multimodal domain has emerged as a prominent research
direction [|19]]. Based on the architectural mechanisms used for
visual feature integration, existing approaches can be broadly
categorized into two groups: connector-based methods and
direct projection-based methods.

Connector-based alignment methods introduce specialized
intermediate modules to bridge the gap between a frozen
vision encoder and an LLM. Flamingo [20]] incorporates gated

cross-attention layers into the language model, enabling effec-
tive few-shot learning on large-scale multimodal data while
keeping the LLM parameters frozen. BLIP-2 [21]] proposes the
Q-Former, a lightweight Transformer that employs learnable
query embeddings to extract language-relevant information
from visual embeddings and maps it into the LLM’s semantic
space, thereby achieving efficient alignment.

Conversely, direct projection-based methods adopt a more
streamlined architectural design by directly projecting visual
features into the token embedding space of the LLM via
linear layers, facilitating joint training on large-scale multi-
modal instruction data. LLaVA [22] pioneered this paradigm,
demonstrating strong instruction-following capabilities and
multimodal reasoning performance. Building upon this frame-
work, MiniGPT-V2 [23]] introduces task identifiers to support
multiple vision-language tasks, including image captioning,
visual question answering, and object localization, within a
unified model, further enhancing its generalizability.

Our method follows the second paradigm which has been
widely validated as an effective design for MLLMs. In con-
trast, connector-based approaches often suffer from conver-
gence difficulties when scaled to large-scale instruction tuning.

C. Remote Sensing MLLMs

Recent advancements in Remote Sensing Multimodal Large
Language Models (RS-MLLMs) have been primarily driven by
two complementary efforts: large-scale instruction tuning and
architectural adaptation for unified task modeling.

A significant body of work focuses on data-centric scaling.
SkyEyeGPT [12] employs a staged fine-tuning strategy on
the SkyEye-968k dataset, enhancing performance in multi-turn
dialogue and object detection. Similarly, VHM [24] mitigates
the “blind affirmation” hallucination issue by leveraging the
VersaD and HnstD datasets, demonstrating effectiveness in
multi-task settings. SkySenseGPT [25] further pushes this
boundary by constructing a million-scale instruction dataset
to benchmark relational understanding. However, these ap-
proaches rely heavily on data expansion to drive performance,
often neglecting explicit structural modeling or architectural
optimizations tailored to the unique spatial characteristics of
remote sensing imagery.

Concurrently, other research seeks to enhance model capa-
bilities through architectural adaptation. Early attempts like
RS-GPT [9] explored LLMs for captioning and VQA but
suffered from task-specific fragmentation, requiring separate
training for different tasks. RS-LLaVA [26] addressed this by
fine-tuning LLaVA for joint multi-task modeling; however, its
reliance on a standard CLIP-ViT backbone limits its ability
to capture the fine-grained spatial details inherent in geospa-
tial scenes. To tackle high-resolution demands, GeoChat [7|]
adapted CLIP-ViT to support region-level interactions, yet its
training data remains predominantly optical, lacking multi-
sensor diversity (e.g., SAR, infrared). While EarthGPT [§]
attempts to unify multi-sensor interpretation by integrating
multi-granularity features, it is still constrained by conven-
tional ViT architectures and shallow alignment modules, which
limits the stability and reliability of regional spatial reasoning.
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Fig. 2. The overall architecture of the proposed Vision-Language Model for processing remote sensing imagery. It is composed of three main components:
(1) A Remote Sensing Native Resolution Encoder (based on NaViT or similar architecture) processes satellite images of varying sizes (e.g., 336 X 336 and
460 x 680) without aggressive resizing. (2) The visual features are passed through an MLP Adapter for dimensionality matching and space projection into
the language domain. (3) The aligned visual features and the text prompt (processed by the Tokenizer) are fed into a Large Language Model (LLM), which
is responsible for generating the final detailed description (Caption) of the remote sensing inputs.

In summary, although current approaches have achieved
significant progress through data-centric scaling and archi-
tectural adaptation, they often neglect fundamental modeling
innovations. Most studies rely on standard visual backbones
constrained by fixed input resolutions and rigid patch divi-
sions. These limitations render such architectures suboptimal
for remote sensing data, which is characterized by diverse
scales and variable aspect ratios. To address this, we introduce
a methodology designed to natively support high-resolution
and structurally complex scenes.

III. METHOD
A. Overview

Fig. |Z|i11ustrates the overall architecture of our model, which
follows the mainstream MLLM design paradigm and consists
of three main components: a vision encoder, an adaptor, and
an LLM module. The workflow operates as follows to address
the specific challenges highlighted in the introduction: First,
the Native Resolution Vision Encoder(III-B) accepts remote
sensing images of arbitrary aspect ratios and scales. This
design directly resolves the geometric distortion issue caused
by traditional resizing, ensuring that the structural integrity
of large geospatial scenes (e.g., rivers, road networks) is
preserved in the resulting feature sequence. Subsequently, to
prevent the loss of fine-grained cues necessary for small object
recognition, we design a ShortCut-Based Fusion Mechanism
(LII-C) that extracts features from different layers. Then, to
counterbalance the risk of global semantic dilution caused
by the lengthy token sequences from remote sensing native
resolution encoder, we implement the Multi-Granularity To-
ken Pooling([I[-D) strategy. This module augments the vi-
sual representation by generating multi-scale summaries (e.g.,
16 x 16 and 4 x 4 grids) and concatenating them with the
original tokens. Finally, this composite token sequence which

containing both high-resolution details and global semantic
anchors is fed into the language model.

B. Remote Sensing Native Resolution Encoder

Distinct from natural images, remote sensing imagery is
characterized by significant scale variations and extreme aspect
ratios (e.g., elongated river corridors or strip-like scanning
swaths). Standard Vision Transformers, which enforce rigid
resizing to fixed resolutions (e.g., 336 x 336), inevitably
disrupt the geometric integrity of these geospatial targets and
discard fine-grained details essential for interpretation. To
address these domain-specific challenges, we construct our
vision encoder based on the NaViT architecture [27]. By
leveraging its resolution-agnostic modeling capabilities, our
proposed encoder is tailored to process satellite data in its
native form, thereby ensuring robustness across the diverse
spatial variances inherent in Earth observation tasks.

As illustrated in Fig. 3] to preserve the original semantic
information of remote sensing inputs, we bypass the con-
ventional resizing pipeline. For an input image of arbitrary
size H x W and patch size P, our approach applies mini-
mal padding solely to align dimensions with the patch grid
(satisfying H' mod P = 0 and W’ mod P = 0). This
allows the image to be losslessly partitioned into a sequence of
L = (H'/P)x(W'/P) patches. By processing images at their
native resolution, the encoder effectively retains the authentic
geometric structure, which is critical for recognizing small or
densely packed objects in large-scale remote sensing scenes.

Furthermore, the diversity of sensors and altitudes in remote
sensing requires the model to generalize to resolutions outside
the training distribution. Traditional one-dimensional absolute
positional embeddings often fail to extrapolate to such unseen
scales. To mitigate this, we employ a Continuous Factorized
Positional Embedding strategy. Instead of binding positional
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Fig. 3. Tllustration of the resolution handling mechanisms in ViT v.s. ours
native resolution vision encoder. Conventional ViT mandates resizing inputs
to a fixed resolution (e.g., 336 X 336), which inevitably leads to geometric
distortion and loss of fine-grained details. We overcomes this by processing
images at their native resolution (1920 x 1080), producing a variable number
of tokens. This approach preserves the original structural integrity of high-
resolution inputs.

semantics to absolute pixel indices, we decouple them by nor-
malizing spatial positions into continuous relative coordinates
(rg, 7y € [0,1]). Specifically, for a patch grid with a height
of h patches and a width of w patches, we normalize the
coordinates of the patch at index (4, j) to continuous relative
coordinates: r, = L,r, = % Two independent learnable
functions, ¢,(-) and ¢,(-), encode these relative coordinates,
and the final embedding is derived via additive composition:

PE(rzvry) = ¢u(rs) + (by(ry) (D

By decomposing positional encoding along height and width
dimensions separately, this parameterization preserves explicit
2D spatial structure and generalizes across varying resolutions
and aspect ratios, making it well-suited for remote sensing
images with diverse spatial layouts. Consequently, our encoder
significantly enhances extrapolation capabilities, allowing the
MLLM to adapt seamlessly to the arbitrary shapes and scales
typical of multi-source remote sensing data.

C. ShortCut-Based Vision Language Information Fusion

Conventional multimodal large language model (MLLM)
architectures typically adopt a simplified paradigm: visual
representations are extracted solely from the final layer of the
vision encoder, projected through an adaptor, and subsequently
injected into the large language model (LLM) [22]] [28]]. While
this design is intuitive and computationally efficient, it relies
on the implicit assumption that high-level output features
sufficiently encapsulate all visual information necessary for
downstream tasks. However, recent studies [29]] [11] have
highlighted the limitations of this paradigm, revealing that
high-level features from standard encoders often lack the
fine-grained locality information required for precise visual
grounding. While some approaches optimize the projection
layer to mitigate this [29]], explicitly incorporating multi-scale
features from shallow layers remains a more direct solution

for the extreme scale variations in remote sensing. Unlike
object-centric natural images, remote sensing data necessitates
the simultaneous recognition of multi-scale targets, ranging
from vast terrains to minute vehicles, where the loss of high-
frequency spatial details in deep layers becomes a critical
bottleneck.

Specifically, features extracted from varying depths of a
vision encoder exhibit pronounced hierarchical heterogeneity
in representational capacity. Shallow-layer features primarily
encode local spatial structures, texture details, and precise ge-
ometric information. Intermediate-layer features progressively
incorporate discriminative structural patterns. In contrast, vi-
sual encoders pretrained with classification-oriented objectives
tend to produce final-layer features that emphasize abstract
global semantics, such as scene- or category-level concepts.
For RS tasks requiring fine-grained reasoning (e.g., distin-
guishing similar land-cover textures or delineating precise
boundaries of road networks), relying exclusively on these
high-level features often compromises the necessary spatial
cues. Relying exclusively on these high-level features often
compromises the spatial and textural cues critical for tasks
requiring precise localization and fine-grained recognition,
thereby limiting the model’s fidelity in representing multi-scale
visual content.

Notably, recent empirical analyses [30]] [31]] provide sys-
tematic evidence supporting this observation: The best visual
embeddings are not at the output of the network. Empirical
results further demonstrate that features residing in the in-
termediate layers of the encoder can even outperform repre-
sentations learned by encoders explicitly trained for specific
downstream tasks. This finding underscores the importance
of leveraging multi-level intermediate features to enhance the
overall performance of multi-task and multimodal models.

Driven by these insights, we propose a shortcut-based
vision language information fusion mechanism that ex-
plicitly incorporates multi-level visual features to augment
the MLLM’s holistic perception of multi-scale information.
Formally, we extract features from multiple stages of the
visual encoder, comprising: (1) low-level spatial features rich
in texture and precise positional cues; (2) mid-level features
capturing local structural patterns and discriminative represen-
tations; and (3) high-level features encoding global contextual
semantics. In practice, we select Layers 5, 11, and 17 from
the 24-layer vision encoder, corresponding to shallow, mid-
dle, and deep stages, respectively, to provide complementary
visual cues ranging from fine-grained spatial details to high-
level semantic representations. This uniformly spaced selection
reduces redundancy among adjacent transformer layers while
preserving multi-level feature diversity for shortcut-based fu-
sion.

These multi-scale features are first aligned in dimensionality
and representation space via a shared adaptor. The procedural
details of this fusion strategy are formalized in Algorithm [I]
They are then injected into several shallow layers of the LLM
through shortcut connections. As illustrated in Fig. [ the
fusion operation is implemented by directly adding the aligned
feature vectors to the corresponding visual token positions.
This design enables the effective integration of multi-level
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Fig. 4.  Ilustration of the proposed Shortcut-Based Vision-Language
Information Fusion mechanism. Unlike traditional architectures that only
utilize the final output of the vision encoder, our method extracts interme-
diate features from selected ViT layers within the Remote Sensing Native
Resolution Encoder to capture hierarchical visual semantics. These features
are projected via MLP Adapters [22] and injected into the corresponding
shallow Decoder Blocks of the LLM [32]. The fusion is implemented as an
element-wise addition () applied specifically to the image tokens based on
their positions, thereby enriching the LLM’s initial representations with fine-
grained visual details.

Algorithm 1 Pseudocode of ShortCut-Based Vision Language

Information Fusion.

Require: H: Hidden States In LLM Decoder Layer.

Require: v,,,: the position of visual tokens.

Require: V, AVAE Original visual tokens, List of Hidden
embeddings from the intermediate layers of the vision
encoder.

1: function FORWARD(H, V, V5, 0,,,5)

2 for (idx, DecoderLayer) in enumerate(layers) do

3 if idx > 1 and idx < len(VS) then

4 H[vps] += V5[idz]

5: end if

6

7

8:

H = DecoderLayer(H)
end for
end function

visual information while introducing negligible computational
overhead.

Through this shortcut-based fusion mechanism, the LLM
gains access to both fine-grained local details and high-
level global context during the early stages of reasoning.
This effectively alleviates the information bottleneck induced
by relying solely on high-level visual features, facilitating
a more comprehensive, robust, and scale-aware multimodal
understanding.

D. Multi-Granularity Token Pooling

To enable the Large Language Model (LLM) to perceive
visual information with both high-resolution precision and
global semantic context, we propose a Multi-Granularity Fea-
ture Fusion Strategy, as shown in Fig. [5] Instead of relying on
a single scale, we process the output from the vision encoder
through three parallel branches, constructing a hierarchical vi-

Large Language Model

A

Coarse
Token Branch

Fine-grained
Token Branch

Original

Token Branch
4x4 Pooling 16x16
Pooling
- B - = 7

Fig. 5. Illustration of the Multi-Granularity Token Pooling module. The visual
features are organized into three levels of granularity: original tokens, 16 x 16
pooled tokens, and 4 x 4 pooled tokens. These sequences are concatenated to
form a comprehensive visual representation that provides the LLM with both
fine-grained details and global context.

sual representation. Given the raw token sequence F € RE*P
extracted by the vision encoder, we generate three distinct sets
of visual tokens: 1) Original Token Branch: We preserve
the original output tokens from the vision encoder without
any downsampling. This ensures that the LLM retains access
to the finest visual details, such as small objects and texture
information. 2) Fine-grained Pooling Branch (16 x 16): We
apply an adaptive pooling operation to compress the features
into a 16 x 16 grid. This branch serves as an intermediate
representation, reducing sequence length while maintaining
local spatial structures. 3) Coarse-grained Pooling Branch
(4 x 4): We further downsample the features into a 4 x 4 grid.
This branch acts as a global semantic summarizer, allowing
the model to quickly grasp the dominant content and layout
of the image.

Formally, let F € RE*P denote the output feature sequence
from the vision encoder, where L is the sequence length and
D is the embedding dimension. To apply spatial pooling, we
first restore the spatial structure by reshaping the sequence
into a 2D feature map, denoted as Fop = Reshape(F), where
Fop € RE>XW'XD and [ = H' x W'. Let Pjxy(-) represent
the adaptive pooling operation with a target output size of
k x k, and Flatten(-) denote the operation that collapses the
spatial dimensions back into a sequence. We denote the output
feature sequences from the original, fine-grained, and coarse-
grained branches as Z,,ig, Zfine, and Zcogrse, respectively.
These features are formulated as:

Zorig =F, 2
Zfine = Flatten (Pigx16(F2p)), 3)
Zcoarse = Flatten (Pyx4(Fap)). 4)

Finally, we concatenate these sequences along the temporal
dimension to obtain the multi-granularity visual representation



Zinput:

Zinput = Concat ([Zorig7 Zfinea Zcoarse]a dim = 1) . (5)

The resulting Z;y,;,,¢ serves as the primary visual prompt for
the MLLM. After being projected via the MLP adaptor, it
is fed into the LLM together with the textual tokens. Cru-
cially, this module functions synergistically with the Shortcut-
Based Fusion Mechanism described in [TI-=Cl While the Multi-
Granularity Pooling operates at the input level to construct
a structured global-to-local context from the encoder’s final
layer, the Shortcut Mechanism operates at the feature level by
injecting intermediate features directly into the LLM’s decoder
layers. This dual-pathway design ensures that the LLM is
not only grounded by a comprehensive initial visual context
(Znpur) but also continuously supplemented with fine-grained
spatial cues during the generation process.

1V. EXPERIMENT
A. Experiment Setup

We conduct all experiments on VRSBench [33]], a compre-
hensive vision-language benchmark specifically designed for
remote sensing image understanding. We select VRSBench
as our primary evaluation benchmark for two key reasons:
(1) Multi-Task Diversity: It unifies three core tasks, includ-
ing Visual Question Answering (VQA), Visual Grounding
and Image Captioning, to provide a holistic assessment of
MLLM capabilities. (2) Fine-Grained Spatial Evaluation: Un-
like general-domain benchmarks, VRSBench-VQA includes
specific reasoning categories for Quantity, Size, and Position.
This makes it an ideal platform to evaluate the efficacy of
our Native Resolution Encoder in preserving geometric fidelity
and handling the extreme scale variations inherent in satellite
imagery.

To ensure reproducibility and fair comparison, we strictly
adhere to the official split protocols of VRSBench. We use
the designated training set for model fine-tuning and evaluate
our method on the official test set without any test-time aug-
mentation. No additional data cleaning, filtering, or resampling
strategies are applied to the training data. To optimize training
efficiency, we reorganize the data samples by merging multiple
QA pairs associated with the same image into a single multi-
turn dialogue format.

To comprehensively evaluate the effectiveness of our pro-
posed framework, we compare it against a series of repre-
sentative Multimodal Large Language Models reported in the
VRSBench benchmark [33]]. These baselines encompass main-
stream architectures including LLaVA [22]], MiniGPT-v2 [23]],
GeoChat [7]], GPT-4V [34], and Mini-Gemini [28]], serving as
strong references for general-domain adaptation capabilities.
To ensure a strictly fair comparison, we cite the results directly
from the official VRSBench publication. As detailed in their
benchmarking protocol, all baseline models(with the exception
of GPT-4V, which was evaluated in zero-shot mode due to
its closed-source nature) were fine-tuned on the VRSBench
training set for 5 epochs to ensure sufficient domain alignment.

B. Training Recipe

Experiments are conducted using four NVIDIA A800 GPUs
under CUDA 13.0 version. Each GPU processes a batch size
of 8, resulting in a global batch size of 64 through gradi-
ent accumulation. Our model is initialized from Qwen3-VL-
4B [35] and trained for 5 epochs on the VRSBench training
split. We use AdamW as the optimizer with the following
hyperparameters: 1) learning rate: 1 x 107%; 2) weight decay:
0.01; 3) betas: (0.9,0.95). Unless otherwise stated, we adopt
mixed-precision training and standard PyTorch optimization
settings.

We extract intermediate visual features from layers 5, 11,
and 17 of the vision encoder. These features are aligned using
our adaptor module and injected into the lower layers of
the LLM through the short-based vision language information
fusion mechanism. This fusion facilitates the propagation of
multi-level spatial and semantic cues from the vision encoder
into the language backbone.

C. Main Result

To comprehensively evaluate multimodal understanding in
the context of remote sensing imagery, we follow the standard
benchmark protocol defined by VRSBench [33] and adopt
its three core downstream tasks: visual question answer-
ing, referring and captioning. Each task targets a distinct
dimension of visual-linguistic reasoning within complex Earth
observation scenarios.

1) VRSBench-VQA (Visual Question Answering)

This task evaluates the model’s ability to answer open-ended
or multiple-choice questions grounded in remote sensing im-
agery. The benchmark spans ten diverse categories, ranging
from basic perception (e.g., Object Category, Presence, Color)
to fine-grained spatial understanding (Quantity, Size, Position)
and high-level cognition (Scene, Reasoning). Success in this
task requires not only identifying visual elements but also
performing compositional reasoning across multimodal inputs.

In Table we report the quantitative results on the
VRSBench-VQA task. Overall, our method achieves the high-
est performance across the benchmark, securing the best
accuracy in 8 out of the 10 reasoning dimensions. Specifically,
our model attains an overall accuracy of 76.8%, demonstrating
a solid advantage over the strongest baseline, Mini-Gemini
(72.8%). This consistent improvement highlights the robust-
ness of our architecture in handling diverse visual-linguistic
reasoning scenarios.

A key advantage of our model lies in categories demanding
precise object-level localization and scale estimation. Our
method achieves 74.1%, 63.2%, and 73.1% in Quantity, Size,
and Position, respectively, consistently surpassing the base-
lines. Notably, the gains in the Size (4+5.2%) and Position
(4+5.1%) categories are particularly significant. We primarily
attribute these gains to the Native Resolution Vision Encoder.
By processing images at their original scales and aspect
ratios, our encoder prevents the geometric distortion caused by
the rigid resizing operations in traditional ViT-based models,
thereby preserving the precise spatial cues required for these
tasks.



TABLE I
QUANTITATIVE RESULTS ON THE VRSBENCH VISUAL QUESTION-ANSWERING TASK. WE REPORT CATEGORY-WISE ACCURACY ACROSS ELEVEN
REASONING DIMENSIONS, INCLUDING CATEGORY, PRESENCE, QUANTITY, COLOR, SHAPE, SIZE, POSITION, DIRECTION, SCENE, AND REASONING, AS
WELL AS THE OVERALL ACCURACY (“ALL”). THE PERFORMANCE OF ALL COMPARISON METHODS IS DIRECTLY REFERENCED FROM [33]].

Method Category  Presence  Quantity Color Shape  Size  Position  Direction Scene  Reasoning \ All
#VQAs 5435 7789 6374 3550 1422 1011 5829 477 4620 902 |
GeoChat w/o sft 48.5 85.9 19.2 17.0 18.3 32.0 434 42.1 442 57.4 40.8
GPT-4V 67.0 87.6 45.6 71.0 70.8 54.3 67.2 50.7 69.8 724 65.6
MiniGPT-v2 61.3 26.0 46.1 51.0 41.8 11.2 17.1 124 49.3 21.9 33.8
LlaVA-1.5 86.9 91.8 58.2 69.9 72.2 61.5 69.5 56.7 83.9 73.4 72.4
GeoChat 86.5 92.1 56.3 70.1 73.8 60.4 69.3 535 83.7 73.5 72.0
Mini-Gemini 87.8 92.1 58.8 74.0 75.3 58.0 68.0 56.7 83.2 74.4 72.8
ROARS(Ours) 84.6 95.1 74.1 77.0 81.0 63.2 73.1 60.8 79.5 79.9 | 76.8

Our approach also demonstrates clear superiority in attribute
reasoning, achieving 77.0% in Color and 81.0% in Shape.
These improvements validate the effectiveness of our shortcut-
based vision language information fusion mechanism. Unlike
traditional architectures that rely solely on high-level seman-
tics, our shortcut connections explicitly inject shallow-layer
features that are rich in color and edge information into the
LLM. When combined with the high-fidelity inputs from the
native resolution encoder, this design ensures that fine-grained
spectral and textural patterns are not lost during the encoding
process.

In the Reasoning category, which requires multi-step infer-
ence, our model achieves 79.9%, outperforming Mini-Gemini
(74.4%) by a margin of 5.5%. This performance underscores
the synergy of our Multi-Granularity Token Pooling strategy.
By simultaneously providing the LLM with original-resolution
tokens for detail and pooled tokens for global context, the
model can effectively integrate semantic cues across different
scales. This holistic design enables complex decision-making
by leveraging comprehensive visual evidence.

Regarding general perception, we achieve the highest ac-
curacy in object Presence detection (95.1%), reflecting robust
existence verification capabilities. While the baseline performs
slightly better in the Scene category (83.2% vs. 79.5%),
likely due to the strong global semantic priors of the fixed-
resolution CLIP backbone, our method maintains a more
balanced performance profile across fine-grained and global
tasks.

Overall, the consistent improvements across diverse cat-
egories demonstrate the collective efficacy of our core in-
novations. The native resolution encoder ensures geometric
fidelity, the shortcut fusion retains fine-grained attributes, and
the multi-granularity pooling facilitates complex reasoning.
Together, they validate the architecture’s suitability for struc-
turally complex remote sensing imagery.

2) VRSBench-Ref (Referring Expression Comprehen-
sion)

This task requires models to localize a specific target object
described by a natural language query. It rigorously evaluates
the ability to map linguistic attributes to precise spatial coor-
dinates. In remote sensing, this is uniquely challenging due to
dense object clusters, extreme scale variations, and the need to
disambiguate visual targets based on subtle spatial or attribute

cues.

In Table we present the quantitative results on the
VRSBench Referring Expression task. Our method achieves
state-of-the-art performance across all metrics, significantly
outperforming existing multimodal baselines. Specifically, we
achieve an overall accuracy of 68.9% at Acc@0.5 and 47.8%
at Acc@(.7. Compared to the strongest baseline, GeoChat [7],
our model delivers substantial improvements of +19.1% and
+27.9%, respectively.

A defining characteristic of our results is the robustness at
stricter evaluation thresholds. Standard MLLMs often struggle
to generate precise bounding boxes for small, densely packed
remote sensing objects, leading to sharp performance drops
when the IoU threshold increases from 0.5 to 0.7 (e.g.,
LLaVA-1.5 and Mini-Gemini drop significantly). In contrast,
our method maintains exceptional accuracy at the Acc@0.7
threshold (47.8%), more than doubling the performance of
GeoChat (19.9%). We attribute this high-precision capability
to the Native Resolution Vision Encoder. By processing im-
ages at their original scales without aggressive resizing, our
model avoids the blurring of object boundaries and geometric
distortion, thereby generating tight, accurate bounding boxes
that align closely with ground-truth regions.

The Non-Unique subset poses a critical challenge, requiring
the model to distinguish a target object from visually sim-
ilar distractors based on complex linguistic attributes (e.g.,
“the white car next to the tree”). While existing meth-
ods degrade severely in these scenarios (e.g., Mini-Gemini
drops from 41.1% in Unique to 22.3% in Non-Unique at
Acc@0.5), our model exhibits superior resilience, achieving
64.9% (Acc@0.5) and 44.4% (Acc@0.7) in the Non-Unique
setting. This success verifies the efficacy of our shortcut-based
vision language information fusion mechanism. By injecting
fine-grained textural and spatial features from shallow layers
into the LLM, our model can effectively resolve subtle visual
differences and perform unambiguous grounding even in clut-
tered environments. To provide a more intuitive understanding
of the grounding performance, we further include several
visualization examples in Fig. [6] These examples show that
our method can accurately localize the referred objects under
different remote sensing scenarios, including small objects,
dense object distributions, and visually similar distractors. The
predicted bounding boxes are well aligned with the target



TABLE 11
QUANTITATIVE RESULTS ON THE VRSBENCH VISUAL GROUNDING TASK. WE REPORT THE ACCURACY AT IOU THRESHOLDS OF 0.5 AND 0.7 ACROSS
UNIQUE, NON UNIQUE, AND ALL SETTINGS. THE RESULTS DEMONSTRATE THAT OUR METHOD SIGNIFICANTLY OUTPERFORMS EXISTING BASELINES ON
ALL METRICS, EXHIBITING A PARTICULARLY SUBSTANTIAL PERFORMANCE ADVANTAGE AT THE HIGH-PRECISION THRESHOLD (ACC@0.7). THE
PERFORMANCE OF ALL COMPARISON METHODS IS DIRECTLY REFERENCED FROM [[33]].

Method | Unique Non Unique ALL
\ Acc@0.5 Acc@0.7 Acc@0.5 Acc@0.7 Acc@0.5 Acc@0.7

GeoChat w/o sft 20.7 5.4 73 1.7 12.9 32
GPT-4V 8.6 2.2 2.5 04 5.1 1.1
MiniGPT-v2 40.7 18.9 324 15.2 35.8 16.8
LlaVA-1.5 51.1 16.4 34.8 11.5 41.6 13.6
GeoChat 574 22.6 44.5 18.0 49.8 19.9
Mini-Gemini 41.1 9.6 22.3 4.9 30.1 6.8
ROARS(Ours) \ 74.5 52.6 64.9 444 68.9 47.8

Fig. 6. Bounding box visualization results. Green solid boxes denote ground truth (GT), and red dashed boxes denote predicted boxes (Pred).

regions, demonstrating the effectiveness of our method in ter with human judgment regarding semantic correctness.
producing precise and unambiguous grounding results. o ROUGE_L [38]|: Evaluates the longest common subse-
3) VRSBench-Cap (Captioning) quence, capturing sentence-level structural similarity.
This task requires generating a detailed and contextually co- o CIDEr [39]: Designed specifically for image captioning,
herent natural-language description for a given remote sensing this metric computes the consensus between the candidate
image. Compared with conventional natural-image captioning, and reference sentences using TF-IDF weighting for n-
VRSBench-Cap emphasizes fine-grained object attributes, spa- grams. Unlike BLEU, it prioritizes the accuracy of rare,
tial relationships, man-made structural patterns, and environ- informative concepts (e.g., specific objects or attributes)
mental context, presenting a significantly more challenging over common function words, making it highly sensitive
scenario for multimodal models. To comprehensively assess to the semantic content of the image.
the generation quality, we employ a diverse set of evaluation o CLAIR [40]: A recently proposed metric that uses LLMs
metrics. specifically: to evaluate the semantic matching and factual accuracy

of the caption, providing a more robust assessment of

o BLEU (1-4) [36]: Measures n-gram precision, focusing : ¢ 4
“understanding” than traditional n-gram metrics.

on the exact lexical overlap between the generated cap-
tion and ground-truth references. High scores typically In Table [T, we report the quantitative results on the VRS-
indicate strict adherence to the reference phrasing. Bench Captioning task. Our method demonstrates a distinct
« Meteor [37]]: Goes beyond exact matching by considering ~ advantage in semantic understanding and flexible expression,
synonyms, stemming, and paraphrasing. It correlates bet- as evidenced by the following observations: 1) Superior Se-



TABLE III
QUANTITATIVE RESULTS ON THE VRSBENCH IMAGE CAPTIONING TASK. WE EVALUATE PERFORMANCE USING STANDARD METRICS (BLEU, METEOR,
ROUGE_L, CIDER) AND THE SEMANTIC METRIC CLAIR. OUR METHOD DEMONSTRATES SUPERIOR SEMANTIC ALIGNMENT, ACHIEVING A
STATE-OF-THE-ART METEOR SCORE OF 30.5, SIGNIFICANTLY OUTPERFORMING EXISTING BASELINES. THE PERFORMANCE OF ALL COMPARISON
METHODS IS DIRECTLY REFERENCED FROM [33]].

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 Meteor Rouge L. CIDEr CLAIR Avg L
GeoChat w/o sft 13.9 6.6 3.0 1.4 7.8 13.2 0.4 0.42 36
GPT-4V 37.2 22.5 13.7 8.6 20.9 30.1 19.1 0.83 67
MiniGPT-v2 36.8 22.4 139 8.7 17.1 30.8 21.4 0.73 37
LlaVA-1.5 48.1 315 21.2 14.7 219 36.9 339 0.78 49
GeoChat 46.7 30.2 20.1 13.8 21.1 35.2 28.2 0.77 52
Mini-Gemini 47.6 31.1 20.9 14.3 21.5 36.8 335 0.77 47
ROARS(Ours) 46.4 32.0 21.3 9.7 30.5 35.8 33.0 0.79 56

TABLE IV

ABLATION STUDY ON THE IMPACT OF INPUT RESOLUTION AND SHORTCUT-BASED VISION-LANGUAGE INFORMATION FUSION. WE COMPARE OUR
NATIVE RESOLUTION APPROACH AGAINST THE MINI-GEMINI BASELINE AND FIXED-RESOLUTION VARIANTS (224 X 224 AND 336 x 336). ROARS
UTILIZES THE NATIVE RESOLUTION MECHANISM TO PRESERVE ORIGINAL ASPECT RATIOS. THE BEST RESULTS(ACC.) ARE HIGHLIGHTED IN BOLD.

Resolution Category  Presence  Quantity Color Shape  Size  Position Direction Scene Reasoning \ All
#VQAs 5435 7789 6374 3550 1422 1011 5829 477 4620 902 |

Mini-Gemini(Baseline) 87.8 92.1 58.8 74.0 75.3 58.0 68.0 56.7 83.2 74.4 72.8

224 x 224 84.0 92.7 72.0 75.5 74.9 60.4 69.8 55.1 78.9 735 73.7

336 x 336 84.3 94.0 72.9 75.7 76.7 60.7 71.6 57.7 79.0 73.5 74.4

ROARS(w/o ShortCut) 84.9 93.2 72.8 76.1 79.3 61.7 70.5 60.3 79.0 774 75.5

ROARS(Ours) 84.6 95.1 74.1 77.0 81.0 63.2 73.1 60.8 79.5 79.9 76.8

mantic Alignment (Meteor): The most striking result is our
performance on the Meteor metric, where our method achieves
a score of 30.5. This represents a remarkable improvement
of +8.6 percentage over the strongest baseline, LLaVA-1.5
(21.9), and significantly outperforms GPT-4V (20.9). Unlike
BLEU, which penalizes non-exact word matches, Meteor
rewards the use of synonyms and semantic variants. This high
score indicates that our model captures the core semantic
content of remote sensing scenes (e.g., identifying land use
types and object interactions) more accurately than competi-
tors, even when using different vocabulary. 2) Diversity vs.
Rigid Matching (BLEU vs. Meteor): We observe an interesting
trade-off between BLEU-4 and Meteor. While our BLEU-4
score (9.7) is lower than LLaVA-1.5, our BLEU-1 and BLEU-
2 scores remain highly competitive. This discrepancy suggests
that our model does not simply “memorize” or reproduce
the rigid sentence templates found in the training data. In-
stead, it generates more diverse and natural descriptions. The
combination of a lower BLEU-4 and high Meteor score is
a common characteristic of models that prioritize semantic
richness over verbatim copying. 3) High-Level Comprehension
(CLAIR): Furthermore, in terms of the CLAIR metric, which
reflects Al-based semantic evaluation, our method achieves
0.79. This surpasses widely-used MLLMs like LLaVA-1.5 [22]
and GeoChat [7]], and is comparable to the proprietary GPT-
4V (0.83). This confirms that, from a high-level semantic
perspective, the captions generated by our model are factually
accurate and contextually relevant, effectively handling the
complexities of remote sensing imagery.

D. Ablation Study

Effectiveness of Native Resolution Input. To validate the
effectiveness of our native resolution encoding strategy, we
conducted ablation experiments on the VQA task. It is impor-
tant to note that simply replacing remote sensing native reso-
lution encoder with a fixed-resolution encoder (e.g., standard
CLIP-ViT) would introduce confounding factors related to dif-
ferences in pre-training data scales and parameter distributions.
To ensure a fair comparison where the input resolution is the
sole variable, we retained the remote sensing native resolution
encoder architecture but imposed fixed-resolution constraints
during the data preprocessing stage. Specifically, we resized all
input images to the standard input dimensions of CLIP-ViT-
L (i.e., 224 x 224 and 336 x 336) before feeding them into
our model. The results, presented in Table demonstrate
that the native resolution strategy consistently outperforms the
fixed-resolution counterparts. Notably, we observe significant
performance gains in geometry-sensitive categories such as
Shape, Size, Position and Direction. These findings empirically
validate that avoiding the geometric distortion and information
loss induced by mandatory resizing is critical for accurate
remote sensing multimodal understanding.

Effectiveness of Shortcut-Based Vision Language Infor-
mation Fusion. To validate the contribution of the shortcut-
based vision language information fusion mechanism, we con-
structed and retrained a variant model excluding this module
(w/o Shortcut). This variant relies solely on the final layer
output of the vision encoder, while all other training config-
urations remain identical to the full model to ensure a fair
comparison. Comparing the results in Table incorporating
the shortcut fusion mechanism significantly boosts the overall



TABLE V
ABLATION STUDY ON THE EFFECT OF MULTI-LEVEL TOKEN POOLING FOR
VQA. WE ANALYZE THE CONTRIBUTION OF ADAPTIVE POOLING TOKENS
WITH DIFFERENT GRID. BASE DENOTES THE ORIGINAL TOKEN SEQUENCE
WITHOUT ADDITIONAL POOLED TOKENS.

Token Pooling

Method Acc
Base 16x16 4x4 |

Base v 81.1

16x16 Pool v v 84.0

4x4 Pool v v 82.0

ROARS(Ours) v v v | 843

accuracy from 75.5% to 76.8%.

The performance gains are particularly pronounced in tasks
highly sensitive to geometric structure. A detailed analysis
reveals that accuracy in Position and Size increased by +2.6%
and +1.5%, respectively. This significant margin strongly
supports our core hypothesis: although deep features of the
vision encoder are semantically rich, they progressively lose
fine-grained spatial specificity during the layer-wise abstrac-
tion process. By directly injecting shallow and intermediate
features into the LLM through a shortcut mechanism, the
model effectively bypasses the information bottleneck, en-
abling direct access to fine-grained visual cues that are critical
for accurate localization and quantitative analysis.

Furthermore, the proposed fusion strategy benefits high-
level cognition, with the Reasoning task improving by 2.5%
(from 77.4% to 79.9%). This improvement suggests that multi-
level visual integration provides the LLM with complementary
visual evidence, rather than a simple aggregation of features.
By jointly leveraging high-level semantic abstractions and fine-
grained visual cues, the model achieves more robust reasoning
in complex remote sensing scenarios. Overall, the shortcut
mechanism effectively mitigates fine-grained information loss
in deep features and enhances holistic perception.

Effectiveness of Multi-Granularity Token Pooling. To
assess the contribution of visual representations at different
granularities, we conduct an ablation study on the VQA task,
with results summarized in Table [V] The baseline model,
which relies solely on the original token sequence (Base),
achieves an accuracy of 81.1%.

Incorporating the fine-grained pooling branch (16x16) leads
to a substantial performance gain of 2.9%, boosting accuracy
to 84.0%. This improvement indicates that aggregating local
spatial information enables the LLM to better attend to fine
visual details critical for answering visually grounded ques-
tions. Similarly, introducing the coarse-grained pooling branch
(4 x 4) yields a 0.9% increase in accuracy (82.0%), suggesting
that global semantic summarization contributes positively to
holistic scene understanding.

Most importantly, when both pooling strategies are jointly
employed (ROARS), the model achieves the best performance
of 84.3%, surpassing the baseline by a notable margin of
3.2%. These results demonstrate that the fine-grained details
preserved by the 16 x 16 pooling and the global contextual
information captured by the 4 x 4 pooling are complementary
rather than redundant, together enabling more robust reasoning

Theoretical Inference Latency
100w vision (800 tokens)
Language (1000 tokens) 87.7
4 Vision (1072 tokens)

801 Language (1272 tokens)

67.3

60 1

401 35.1 33.2
26.9 255

Latency lower bound (ms)

204

8.5 111

|/

H100 SXM A100 SXM V100 SXM RTX 4090

Fig. 7. Theoretical Prefill Latency Comparison with some general GPU.

across diverse visual question types.

Besides the performance gain, Multi-Granularity Token
Pooling incurs only a modest computational overhead. As
shown in Fig. [/} the latency increase remains controllable
across both cloud GPUs and consumer GPUs, suggesting that
Multi-Granularity Token Pooling is practical for deployment.

Discussion on Ablation Robustness. We note that mi-
nor performance fluctuations may occur in individual cate-
gories when components are removed (e.g., Category accuracy
slightly increases from 84.6% to 84.9% without shortcut fu-
sion). This is attributable to feature redundancy in global tasks,
where shallow-layer features may introduce minor noise for
scene-level classification. Nonetheless, the full model achieves
the best performance in 8 out of 10 VQA categories with a
+4.0% overall gain, and consistent improvements are observed
across all three tasks (VQA, Referring, and Captioning),
demonstrating robust generalization.

V. DISCUSSION

A. Scope of Application

Tailored for high-resolution remote sensing, our framework
leverages Native Resolution and Shortcut-Based Fusion to
capture both fine-grained textures and global contexts. This
ensures robustness in scale-variant scenarios, such as urban
analysis, disaster assessment, and infrastructure monitoring.
Unlike fixed-resolution RS-MLLMs, our method eliminates
geometric distortion and information loss. Furthermore, the ar-
chitecture is inherently extensible; with appropriate encoders,
it can adapt to multi-source data (e.g., SAR, Infrared), serving
as a versatile paradigm for all-weather remote sensing.

B. Limitations

The adoption of native resolution inevitably increases the
length of visual token sequences, leading to higher com-
putational loads compared to downsampled baselines. How-
ever, given our framework’s positioning for cloud-based
applications, this overhead is considered acceptable. High-
performance cloud computing infrastructures possess sufficient
throughput and memory capacity to sustain these demands.



VI. CONCLUSION

We propose the ROARS framework, which integrates native
resolution encoding and shortcut-based fusion to address scale
sensitivity and detail loss. Experiments demonstrate that our
method effectively eliminates the geometric distortion inherent
in fixed-resolution paradigms, significantly enhancing fine-
grained perception and complex reasoning. This work provides
a robust solution for high-resolution remote sensing and lays
the groundwork for future research in efficiency optimization
and explicit spatial modeling.
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