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ABSTRACT

Multimodal large language models (MLLMs) have achieved remark-
able success in natural-image vision-language tasks; however, their
adaptation to remote sensing (RS) imagery remains limited due to
a substantial domain gap. To advance MLLM capabilities in RS, we
present two core contributions. First, we introduce the Remote Sens-
ing Image Reasoning Dataset (RS-IRD), a high-quality dataset com-
prising 20k RS images paired with detailed reasoning chains. Lever-
aging a novel "Answer-Guided Modality Bridging" pipeline, each
image is automatically converted into "Image-CoT" (Image-based
Chain of Thought) that encapsulates the full reasoning process.
Second, We enhance Group Relative Policy Optimization (GRPO)
by integrating Adaptive Advantage Prioritization (AAP) to elim-
inate gradient stagnation and Refined Quality Rewards (RQPO)
to sharpen reward signals, establishing an end-to-end reasoning-
boosting pipeline for RS-MLLM. The resulting Vision-Language
Model trained via refined GRPO rewards (VLM-ReG) achieves sig-
nificant improvements in both the quality and efficiency of RS
image reasoning.
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1 INTRODUCTION

Remote sensing (RS) image interpretation serves as a cornerstone
for Earth observation, underpinning vital applications such as en-
vironmental monitoring, urban sprawl analysis, disaster response,
and agricultural yield estimation[27, 49]. A large number of these
practical tasks call for complex reasoning capabilities—for exam-
ple, deducing the extent of flood-affected areas by fusing synthetic
aperture radar (SAR) and optical image data[54], or calculating
farm crops coverage changes based on multi-temporal infrared
imagery[46]. Such processes demand seamless integration of visual
information from diverse RS sensors and logical language reason-
ing, making the enhancement of multimodal reasoning ability in
RS-oriented models a key prerequisite for advancing intelligent
RS systems. However, achieving this goal remains a prominent
challenge in the field[20].

Conventional RS reasoning methods mostly rely on task-specific
specialist models, such as those designed solely for RS image cap-
tioning or RS visual question answering (VQA). These models typi-
cally adopt a “direct prediction” approach, generating concise final
results without explicit intermediate reasoning steps[5, 18]. This
paradigm struggles to handle the intricate logical relationships in-
herent in complex RS tasks. In recent years, researchers have begun
exploring Multimodal Large Language Models (MLLMs) for RS sce-
narios, attempting to introduce CoT reasoning through supervised
fine-tuning (SFT) with manually constructed datasets[23, 50]. Un-
fortunately, these manually designed datasets are mostly confined
to basic vision-language alignment tasks (lacking data support-
ing RS-specific visual reasoning) and rely heavily on extensive,
time-consuming, and labor-intensive manual annotation. This dual
limitation directly leads to the "Pseudo-CoT" phenomenon in RS-
oriented Multimodal Large Language Models (MLLMs) trained via
supervised fine-tuning—their reasoning only involves rigid step-by-
step descriptions, lacking human-like cognitive processes essential
for complex RS tasks[13, 15].

Recently, DeepSeek-R1[10] made a breakthrough in the field
of text-only Large Language Models (LLMs): it proved that Rein-
forcement Learning (RL) can induce the spontaneous emergence
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of complex cognitive reasoning capabilities. This achievement of-

fers a new paradigm for enhancing reasoning ability without re-

lying on extensive human annotations, prompting a critical ques-
tion: Can RL be applied to stimulate high-quality reasoning in

RS-oriented MLLMs? Early attempts to directly apply the DeepSeek-

R1-Zero paradigm[10] (pure RL training) to base RS-MLLMs have

achieved considerable progress and results[30, 38, 43]. Without

access to large-scale, high-quality multimodal RS reasoning data,
these models fail to generate coherent and complex CoT tailored
to RS characteristics[4, 35]. Moreover, prolonged RL training often
leads to a sharp decline in model performance, making it difficult

to achieve effective reasoning enhancement([38, 45].

To address the aforementioned dataset limitations and model
training challenges in multimodal reasoning within the RS domain,
this study focuses on enhancing the reasoning capability of Vision-
Language Models (VLMs) in RS scenarios. It explores the use of
Reinforcement Learning (RL) to stimulate high-quality reasoning
behavior in models and enable interpretable reasoning process
outputs.

Our main contributions are summarized as follows:

e We introduce remote sensing image reasoning dataset (RS-IRD),
a high-quality remote sensing reasoning dataset comprising 20k
samples, constructed through a novel process that converts mul-
tiple remote sensing images into text-based “Image-CoT” that
incorporates detailed reasoning processes. This dataset enables
effective cold-start initialization for RS-MLLMs without man-
ual annotation, providing a foundation for learning preliminary
"human-like" reasoning patterns.

o we integrate Adaptive Advantage Prioritization (AAP) into Group
Relative Policy Optimization (GRPO) to mitigate gradient stag-
nation and employ Refined Quality Rewards (RQPO) to refine
reward signals, ultimately improving reasoning quality and train-
ing efficiency.

o Extensive experiments on multiple RS reasoning tasks demon-
strate the effectiveness of our approach, showing significant
improvements in reasoning quality and efficiency, with clear and
logical reasoning outputs that enhance the model’s ability to
handle complex remote sensing reasoning challenges.

2 RELATED WORK
2.1 RS Explanation and Reasoning Task

Remote sensing (RS) explanation and reasoning task requires mod-
els to transcend outputting task results (e.g., VQA answers, image
captions, object detection boxes) and generate interpretable in-
ference logic (e.g., associating RS image features with semantic
conclusions), which is essential for high-reliability scenarios like
disaster assessment[27, 49]. However, existing specialist models for
these sub-tasks prioritize accuracy but lack reasoning transparency:
RSVQA[25], MQVQA[48] and OKVQA[28] output final answers
without explaining how image content maps to textual queries; RS
image captioning methods MLCA-Net[7] and FC-Att[51] generate
coherent scene descriptions without illustrating links between vi-
sual elements and text; RS visual grounding models TransVG[8]
and VLTVG[42] realize target localization via language guidance
but fail to articulate spatial reasoning logic; RS object detection
models S2A-Net[11] and Oriented R-CNN[40] excel at oriented
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target recognition yet only output bounding box coordinates and
categories without justifying detection decisions. Moreover, current
RS datasets also fail to support reasoning capability training: UCM-
Captions[34] (for RS image captioning), CRSVQA[48] (for RS VQA),
and DIOR[12] (for RS object detection) only provide final labels
without annotated reasoning steps. This lack of reasoning-centric
supervision prevents models from learning to generate interpretable
logical chains, resulting in insufficient reasoning capabilities.

2.2 Reinforcement Learning for Multimodal
LLM Reasoning

To enhance reasoning capabilities of multimodal large language
models (MLLMs), recent studies have explored reinforcement learn-
ing (RL) approaches, drawing inspiration from effective RL-based
reasoning techniques in text-only LLMs. For instance, LMM-R1[33]
proposes a two-stage rule-based RL framework to boost reason-
ing in 3B-scale MLLMs, though its performance gains are primar-
ily limited to textual scenarios. Reason-RFT[37] leverages super-
vised fine-tuning (SFT) with Chain-of-Thought (CoT) data to initial-
ize the RL process, laying a foundation for multimodal reasoning.
Vision-R1[14] enhances multimodal CoT datasets using RL strate-
gies from text LLMs and introduces progressive thinking suppres-
sion during Group Relative Policy Optimization (GRPO) training.
MM-Eureka[29] constructs the MMK12 dataset and adopts a two-
stage RL method to explore multimodal reasoning frontiers, while
VL-Rethinker[38] employs selective sample replay and explicit tex-
tual rethinking triggers to refine reasoning outcomes. R1-V[47]
focuses on RL for visual-centric reasoning tasks but lacks general-
ization to broader multimodal domains. Despite these efforts, most
existing RL methods for multimodal LLM reasoning often result in
redundant or misleading reasoning steps, while poorly designed
reward functions further exacerbate issues like output verbosity,
limiting overall reasoning performance.

3 METHOD

The overall pipeline of VLM-ReG is illustrated in Figure 1. First, we
construct the Remote Sensing Image Reasoning Dataset (RS-IRD)
(20 k samples) via Answer-Guided Modality Bridging to generate
Image-CoT examples, providing a cold-start initialization. Second,
a task-specific loss function pre-trains the policy model to elicit
preliminary reasoning ability. Finally, we optimize Group Relative
Policy Optimization (GRPO) with two components: Adaptive Ad-
vantage Prioritization (AAP), which alleviates gradient stagnation,
and Enhanced GRPO with Refined Quality Rewards (RQPO), yield-
ing an end-to-end reasoning-enhancement path for RS-VLM.

3.1 Remote Sensing Image Reasoning
Dataset(RS-IRD) Construction

The ability to generate high-quality, complex Chain of Thought
(CoT) data that is closely aligned with human thinking patterns has
become a key factor in training Multimodal Large Language Models
to competently tackle complex multimodal reasoning tasks[41, 44].
To address this, a "Answer-Guided Modality Bridging" method is
proposed, as illustrated in Figure 2. By integrating the capabilities
of existing multimodal large models for reasoning, this method
enables the indirect conversion of multimodal information, thereby
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VLM-ReG Framework

RS-IRD Construction

Constructing a remote sensing
“Image-CoT" dataset (RS-IRD) via
the  “Answer-Guided  Modality
Bridging” method.

Foundation Model

Training the model for N steps
Question: Which one in the image
could be an airplane? Please provide
the bounding box coordinates for that
area.

Identified the airplane

QwenVL, InternVL, LLaVA, LLaMA-V etc

Output Policy Model
“json
{“bbox_2d” [647,183,765,356],...}
Gradient
update

<think>...</think>
<amswer>...</answer>,

<think>...</think>

<amswer>...</answer>.
.<amswer>..‘.<lanswer>.

<think>...</think>
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@ VLM-ReG Model 3

Cold Start for Reasoning

The model was cold-start trained
on the “Image-CoT” dataset (RS-
IRD) to acquire reasoning abilities.

<think>The image shows several objects on
the ground with few obstacles and clearly
visible runway markings, indicating this is an
apron. One object is elongated with two
pairs of horizontal wings and a tail fin, likely
an airplane. the origin (0, 0) is placed at the
top-left corner of the image. The x-axis runs
left-to-right, so x values increase as we
move rightward. The y-axis runs top-to-
bottom, so y values increase as we move
downward. Adjacent to it is a red machine,
possibly a maintenance vehicle. </think>

<answer>[0.4,0.6,0.99,0.95]</answer>

AAP

Figure 1: Overall pipeline of VLM-ReG framework.

Raw-CoT

@asoning Process: \
The question is asking about a white object in the

Multimodal data

7

Correction Refined and correct dataset

Gevised reasoning chain: \

Okay, let's see. First, from what | can see, there are

part of the image. Looking at that area, | notice a
small white car. It's not as large as the planes,
so it's probably not another plane. The tarmac
has some markings, but the white object in the
lower left corner is clearly a car. The bridge isn't
visible in the scene, and the building does not

Question:

What is the
white object in
the lower left

features airplanes on a tarmac. Answer: B.Car

lower left corner of the picture. First, from what | MLLM two airplanes parked on a tarmac. The main focus
can see, there are two airplanes parked on a is on these planes. Now, the lower left corner—
tarmac. Now, the lower left corner—where exactly where exactly is that? Generally refers to the
is that? If the image is oriented with the top being bottom-right portion of an image, | notice a
north, then the lower left would be the southwest g:sr\r:ec: =P white object that matches the size and shape of

corner of the match the description of a white object in the

picture? corner.

A. Plane e
B. Car Answer

C. Building The white object in the lower left corner of the

D. Bridge P picture is a car, while the image primarily

one of the parked airplanes. The planes are the
primary subjects in the image, not a car. Therefore,
\ the correct answer is A.Plane.

(- . )
Prompt ; According to the correct answers,
simplify the reasoning process for the visual
question, keeping the core steps intact. Remove
unnecessary language and ensure all key steps
are present.

\_

\/

<think>Okay, let's figure out ... </think>
<answer>A</answer>

J

Figure 2: The overall data generation pipeline incorporating our Answer-Guided Modality Bridging method.The multimodal
data (e.g., airport images, questions, options), input to MLLM for initial image description and reasoning. Concatenate this
reasoning with ground-truth answers, input to another MLLM for CoT correction. Filter consistent samples to build dataset.

capturing complex reasoning processes. The specific workflow is
as follows:

First, multimodal inputs—including airport images, textual queri-
es (e.g., "What is the white object in the lower left corner of the
picture?”), and candidate answers (e.g., Plane, Car)—are fed into
an MLLM (in this paper, we selected the Qwen2-VL-72B), a state-
of-the-art multimodal model designed for vision-language tasks.
This process generates a "Raw-Chain of Thought (Raw-CoT)" that
encompasses image descriptions and reasoning processes. During
this stage, the model analyzes various options: for cars, it considers
color attributes and visual features presented from the photo’s per-
spective; for building, it determines that their scale characteristics
make them incompatible with the description of a "small white ob-
ject"; for bridges, it isn’t visible in the scene. Ultimately, the model
outputs a preliminary reasoning conclusion that tends to select

"Car" along with the corresponding reasoning process.
Second, the "Raw-CoT" and the correct answer are concatenated,

and this combined input is re-fed into a suitable multimodal rea-
soning large model. Incorporating the correct answer, the model

performs Chain of Thought correction: it refocuses on the matching
between the white object in the image and the characteristics of a
plane, and optimizes the reasoning logic by considering factors such
as the generally white appearance of planes in both commercial and
military models. Through this optimization, the model ultimately
confirms the answer as "Plane.”

Finally, reasoning processes where the answer aligns with the
actual scenario are manually selected and verified. Via the filtering
mechanism, these valid processes are integrated to form a concise
and accurate dataset. This dataset includes images, questions, re-
vised reasoning processes, and correct answers. It can be applied
in the model training phase to support cold start: by leveraging
"Image-CoT" data that aligns with human cognitive patterns, the
model’s reasoning process exhibits a natural and logically coher-
ent thinking paradigm, thereby enhancing the model’s reasoning
capability in multimodal visual question answering tasks.
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Table 1: Comparison of the occurrence frequency of self-
reflective indicators between llava-cot, mulberry and our
RS-IRD. The higher frequency of these reflective markers in
our dataset demonstrates its distinctive self-reflection and
self-correction characteristic.

Word llava-cot Mulberry RS-IRD
(100k) (260k) (20k)
Hmm 1 0 6,735
Alternatively 251 68 8,741
Mistake 183 8,784 12,366
Wait 2,300 1,122 32,756
Check 8,332 26,421 20,511

We present a assessment of our newly developed Remote Sens-
ing Image Reasoning Dataset. The development of RS-IRD ad-
dresses critical limitations in current multimodal Chain-of-Thought
resources, which exhibit insufficient cognitive complexity. This
dataset strategically integrates MLLM refined Chain-of-Thought
framework as foundational training material. As shown in Table 1,
our quantitative evaluation compares key cognitive elements ques-
tioning, reflection, and inspection—across Mulberry[44], LLaVA-
CoT[41], and RS-IRD. Findings reveal that RS-IRD exhibits a sub-
stantially greater prevalence of cognitive patterns reflecting human
reasoning compared to prior approaches. This enhanced structural
complexity enables base multimodal large language models to ef-
fectively acquire reasoning capabilities, establishing a high-quality
foundation for subsequent reinforcement learning optimization.

3.2 Cold Start of Policy Model for Reasoning

The initialization phase of the policy model is a critical prerequisite
for enabling subsequent reinforcement learning processes, as it
equips the initial multi-modal large language model with funda-
mental self-reflective reasoning capabilities. This phase ensures
that the policy model, denoted as 7y, can generate reasoning paths
that incorporate reflection awareness before entering the RL loop,
thereby laying a solid foundation for high-quality reasoning and
self-correction.

The core objective of this initialization is twofold. First, it trains
the model to revise its initial response toward the ground truth
answer with the guidance of external reflection generated by a
more advanced LLM. Second, it enables the model to leverage the
reasoning logic and knowledge embedded in the ground truth to
optimize its future prediction trajectories. To achieve these goals, a
dedicated loss function for cold-start initialization is formulated,
which is defined as follows:

T

Z log (ﬂinitial(al,

t=1

—Ecold—start = _ET~D

®
<think> . .. </think>, a; | q))}
In this equation, a; represents the initial response generated

by the policy model when given the input prompt g; the segment
"(think) ... (/think)" stands for the think content produced by a
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larger-scale LLM to identify flaws in a; or streamline redundant
expressions; and a, denotes the ground truth answer corresponding
to the prompt gq.

During the initialization training process, the policy model learns
to establish a connection between its initial response, external
thinking, and the ground truth. This learning process not only
enables the model to acquire basic self-correction skills but also
aligns its reasoning direction with the correct logic. By the end
of this phase, the policy model is no longer limited to generating
simple responses—it can integrate thinking information to optimize
reasoning paths, thus avoiding the problem of low-quality outputs
caused by local dependency in reasoning and providing reliable
initial capabilities for the subsequent RL phase.

3.3 Group Relative Policy Optimization(GRPO)
Algorithm

In the reinforcement learning framework designed for complex
reasoning tasks, the Group Relative Policy Optimization algorithm
serves as the core policy optimization method[10], addressing lim-
itations of traditional approaches such as token level loss-based
supervised fine-tuning (SFT). Unlike SFT, which focuses on match-
ing individual tokens to reference outputs, GRPO optimizes the
policy by leveraging policy gradients calculated from reward sig-
nals, enabling more effective exploration of high-quality reasoning
paths.

The key design idea of GRPO lies in comparing multiple gen-
erated responses within a sampled group to estimate relative ad-
vantages, thereby promoting the exploration of richer and more
diverse reasoning solutions. Formally, let Q represent the set of
input questions, 7y, be the policy model before update (used as the
baseline policy), and {01, 0, ..., 06} denote a group of responses
generated by g, for a specific question g € Q. Additionally, 7y, .
is a frozen reference model introduced to prevent excessive devi-
ation of the updated policy from the initial reasonable reasoning
distribution.The optimization objective of GRPO is defined as:

Joreo(0) =E g0,
{01} E1~705
G |oi]
1 . 7T0(0i,t | Q)
= min | —= 2 _A;,
; 12:1: (”Hold (0ir | @) '
79(0i | ) @
Cllp(L, 1-— €, 1+ G)Ai)
Togq (0it | @)

_ﬂDKL(ﬂO ” T[ref)}

Here, € is a clipping hyperparameter (typically set to a small
value like 0.2) that limits the excessive update of the policy ratio to
ensure training stability; f is the penalty coefficient for the Kullback-
Leibler (KL) divergence between the updated policy 7y and the
reference policy 7g,_;, which prevents the policy from drifting too
far from the initial valid reasoning space. The advantage A; for each
response o; in the group is calculated based on the relative difference
between the reward of 0; and the statistical characteristics of the
group’s rewards:

ri —mean({r1,r2,~~~,rG})

Ai =
std ({ry, 72, ..., 7G})

®)
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where {ry,72,...,rg} are the rewards obtained by each response
in the group. This intra-group advantage estimation method elimi-
nates the need for a separate critic model (as required by traditional
Proximal Policy Optimization, PPO), reducing computational com-
plexity while effectively capturing the relative quality of different
reasoning paths. By optimizing the above objective, GRPO guides
the policy model to gradually generate reasoning paths that are
more in line with task requirements, laying the groundwork for
further enhancing reasoning quality through subsequent improve-
ments.

3.4 Enhanced GRPO with Refined Quality
Rewards(RQPO)

Within the reinforcement learning paradigm, conventional GRPO
training, which depends predominantly on final-answer correctness
signals, often fails to address the internal quality of the generated
reasoning sequences. This can lead to verbose, logically inconsis-
tent, or inefficient step-by-step explanations, ultimately impairing
the model’s generalization and final task performance. To mitigate
these issues, we introduce RQPO, an augmented GRPO frame-
work.In RQPO, our primary objectives are twofold: (1) to strengthen
the policy model’s core reasoning proficiency via reinforcement
learning, and (2) to explicitly encourage the production of high-
caliber reasoning steps that are both succinct and logically sound.
To achieve these aims, we devise a composite reward function:

©)

This formulation encourages the model to not only produce correct
answers but also to engage in insightful and concise reflection.

Riotal = Rrask + Real

3.4.1 Task-Oriented Reward. The task reward Ry,sx comprises two
components: a formatting reward and an accuracy reward. The for-
matting reward Rformat promotes adherence to structural guidelines
by rewarding the model when the reasoning process is correctly
enclosed within dedicated tags, such as "<think>...</think>". The
accuracy reward Ruccuracy €valuates whether the initial solution
matches the ground-truth answer. This dual-component design
reinforces both structural discipline and logical correctness in the
reasoning process:

Riask = Rformat + Raccuracy (5)
where:
0.5, if formatting rules are satisfied
Reormat = .
X otherwise
(6)

if the initial answer is correct

0.5,
Raccuracy =

0, otherwise

3.4.2 Adaptive Length-Calibrated Reward. In reasoning, maintain-
ing an equilibrium between response comprehensiveness and con-
ciseness is non-trivial. To address this, we assign each input a
dynamic target length Lagaptive retrieved from a Reference Length
Map constructed before reinforcement learning: the token-wise
lengths of ground-truth reasoning chains extracted from the human-
annotated subset are grouped by K-means clusters of textual and
visual features, and the median length of each cluster is stored as
its representative Lejyster-
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During training, for a given input x, we first determine its cluster
assignment and retrieve the corresponding Ladaptive = Leluster- The
reward is then computed based on the deviation of the generated
length L, from this adaptive target. The deviation ratio is defined
as:

A= |Ly - Ladaptivel (7)

Ladaptive

A raw reward score is calculated using a Gaussian kernel, which
provides a smooth penalty:

AZ
Reaw =6 - exp (_m) ®)

Here, § is a baseline reward (set to 0.5) granted when the output
length perfectly matches the target, and o is a bandwidth parameter
controlling the strictness of the length tolerance. The final calibrated
reward:

Real = max (0.0, min (1.0, Rraw)) 9)
This formulation delivers a continuous, context-sensitive signal
that encourages the model to tailor its response length to the intrin-
sic demands of the problem. By penalizing significant deviations
from a dynamically assigned, semantically-grounded target, the
reward function effectively promotes responses that are both suffi-
ciently detailed and efficiently expressed, thereby enhancing the
overall quality and stability of the reasoning output.

3.5 Adaptive Advantage Prioritization (AAP)

While the Group Relative Policy Optimization (GRPO) algorithm
provides effective support for policy optimization in complex rea-
soning tasks, it encounters a critical challenge termed "gradient
stagnation" when deployed in multimodal reasoning scenarios. This
issue primarily stems from the sparse binary rewards that are com-
mon in multimodal tasks: when all responses within a sampled
group yield identical rewards (e.g., all responses are correct or all
are incorrect), the advantage estimates for these responses become
near-zero. Consequently, the policy gradients derived from these ad-
vantages are close to zero, which halts the model’s learning progress
for such samples and severely undermines the overall efficiency of
the training process.

To mitigate the gradient stagnation problem of GRPO and en-
hance the efficiency of sample utilization, we introduce Adaptive
Advantage Prioritization (AAP), a method that dynamically iden-
tifies and emphasizes training samples with the most reliable and
substantial learning signals. AAP operates through the following
detailed procedure:

3.5.1 Dynamic Advantage Thresholding: For each training batch
B = {(x;, yi,/il-)}?i 1» AAP first analyzes the distribution of advan-
tage values A;. Instead of using fixed, pre-defined thresholds, it
calculates a dynamic cutoff point y based on the batch’s own statis-
tics:

Y =Ha B0 (10)
Here, p 4 and 04 are the mean and standard deviation of the
absolute advantages |A;| within the batch. The hyperparameter
B controls the selectivity of the filtering process. A candidate set
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Table 2: Comprehensive comparison with SOTA MLLMs (closed-source, open-source general/reasoning MLLMs) across diverse
multimodal reasoning benchmarks. “ALL” represents the average score of the four LRS sub-tasks (FAIR, Bridge, STAR). "Avg."
denotes the average performance over all benchmarks. The best results are bolded and the second best results are underlined
in all following tables.The best results are bolded. Our VLM-ReG outperforms baselines by a large margin.

Model Param. FAIR Bri d;fiT AR ALL MME-RW-RS VRSBench-val DDFAV RSVLM-QA | Avg.
Closed-source
GPT-40 - 22.15 31.84 2740 27.13 28.92 52.32 51.88 51.12 42.27
GPT-40-mini - 18.67 31.99 25.85 25.50 6.69 40.33 46.23 48.72 33.49
Claude-3.5-Sonnet - 12.95 26.69 13.29 17.64 25.74 48.24 48.66 53.85 38.83
Open-source
Qwen2.5-VL-Instruct| 7B 25.62 40.28 29.89 31.93 52.93 59.81 56.32 55.32 51.26
InternVL2.5-Instruct 8B |27.25 36.52 26.11 29.96 45.65 45.41 51.22 5691 45.83
LLaVA-1.5-Instruct 7B 18.76  30.70 22.63 24.03 26.38 59.32 62.22 52.18 44.83
LLaVA-Next 7B 21.14 37.25 26.10 28.16 40.35 62.36 64.94 54.25 50.01
LLaVA-OV 7B |20.61 35.11 26.08 27.27 53.53 64.26 66.77 5484  [53.33
Mini-Gemini 7B 17.90 35.92 20.13 24.65 31.51 52.33 49.52 50.09 41.62
Geochat 7B 20.18 2454 13.75 19.49 28.62 67.39 55.12 52.36 44.60
Our model
VLM-ReG (Ours) 7B |32.14 45.11 35.65 37.63 60.12 78.11 74.12 63.12 62.62
A (Ours — SoTA) - +4.89 +4.83 +5.76 +5.70 +6.59 +10.72 +7.35 +6.21 +9.29

S is then formed, containing indices of samples whose absolute
advantage meets or exceeds this cutoff:

S={illAlzy} (11)

This adaptive thresholding ensures that the selection criteria re-
main relevant to the current training distribution, filtering out
samples with negligible learning signals while retaining those with
meaningful policy gradients.

3.5.2  Entropy-Aware Sample Weighting. Samples within the candi-
date set S are not treated equally. AAP assigns a relative importance
weight w; to each sample i € S based on both the magnitude of
its advantage and the associated policy entropy. The weight is
computed using a modified softmax distribution:

eXP(|AA1’|/Ti)

Yjesexp(l4;l/z))
The key innovation is the sample-specific temperature z;, which is
adaptively set as:

5 =7 (1+7-H(m(:|x:))) (13)
In this equation, H(y(-|x;)) represents the entropy of the policy
for the given input x;, 7y is a base temperature, and 7 is a scaling
factor. This mechanism increases the temperature for high-entropy
samples (where the model is uncertain), effectively flattening the
weight distribution and encouraging exploration. In our experi-
ments, we adopt f = 1.0 and 7y = 1.0 as default values, performing
coarse grid searches around these defaults when computational
resources allow. Monitoring the retained sample proportion in S
serves as a reliable diagnostic for f tuning.

(12)

P =
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3.5.3  Weighted Policy Optimization Loss. The final distilled batch
for policy update is constructed from the candidate set S. The stan-
dard GRPO objective is then modified to incorporate the computed
sample weights, focusing the gradient update on the most valuable
samples:

Laap = Eics [w,— - min (r(H)Ai, clip(r(0),1-¢1+¢) A,)] (14)

where 0) = 223k
ensures that policy updates are dominated by samples that provide
strong, reliable advantage signals and are appropriately balanced
between exploration and exploitation based on model confidence.

To ensure numerical stability, especially in early training stages
where the candidate set S might be small, AAP employs a fallback
strategy. If |S| is below a minimal size kmin, the batch is supple-
mented with the top-k;, samples from B ranked by |Ai|. This
prevents overly aggressive filtering when advantage signals are
initially weak or homogeneous.By implementing this multi-stage
process, AAP provides a robust and adaptive framework for sample
prioritization. It enhances learning efficiency and training stability
by dynamically focusing on high-value experiences and intelli-
gently balancing the exploration-exploitation trade-off throughout
the training process.

is the probability ratio. This weighted loss

4 EXPERIMENTAL RESULTS

4.1 Experiment Settings

4.1.1 Training Dataset. (1) SFT: To construct the reasoning SFT
dataset(RS-IRD) for the cold-start initialization phase, we first curate
samples from several established multimodal RS sources, including
the FARIM[36], RSIVQA[55], VRSBench-train[19], and DOTA[39]
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Table 3: Ablation study on the contribution of individual training components to the VLM-ReG model. “AAP” denotes the
improvement made to the original GRPO algorithm via “Adaptive Advantage Prioritization”, while “RQPO” denotes the
improvement via “Refined Quality Rewards”. The best result in each column is highlighted in bold.

LRS

Model Components FAIR Bridge STAR ALL MME-RW-RS VRSBench-val Avg.

Cold Start (CS) only 23.12+0.19 38.26+0.21 27.12+0.14 29.50+0.18 50.31+0.15 57.12+0.24 45.64£0.19
Original GRPO only 27.16+0.12 41.22+0.13 31.31+0.11 33.23+0.12 54.22%0.16 65.12+0.17 50.86+0.15
AAP+RQPO 28.42+0.19 41.92+0.21 32.27+0.11 34.20+0.17 55.53+0.13 67.26+0.18 52.33%£0.16
CS + AAP 30.11+0.19 42.32+0.15 34.11£0.16 35.51+0.17 57.81+0.18 70.12+0.12 54.48+0.16
CS + RQPO 31.01+0.14 43.88+0.16 34.91+0.18 36.60+0.16 58.42+0.13 74.25+0.14 55.98+0.14
VLM-ReG (Ours) 32.14+0.22  45.11+0.14  35.65+0.15 | 37.63+0.17 60.12+0.12 78.11+0.13 58.62+0.14

dataset.We subsequently implement the data construction method-
ology outlined in Section 3.1, which yields a refined supervised fine-
tuning (SFT) dataset containing roughly 20k samples.(2) RL: The
reinforcement learning phase utilizes a heterogeneous ensemble of
multimodal remote sensing inference examples, drawn from vari-
ous RS-specialized corpora such as RSVQA-LR[53], CRSVQA[48],
WHU-RS19[3] and DIOR[12]. These resources comprehensively
cover RS-oriented reasoning paradigms, including multi-layered
scene interpretation, color-based query resolution, numerical quan-
tity estimation, and object localization query processing. The result-
ing RL training dataset comprises heterogeneous, inter-scenario
remote sensing inference examples.

4.1.2  Baselines and Benchmarks. To comprehensively evaluate
VLM-ReG, we compare against three groups of baselines: (1) Closed-
source MLLMs: General-purpose models GPT-40[31], GPT-40-mini
[32], Claude-3.5-Sonnet[1];(2) Open-source MLLMs:InternVL2.5[6],
Qwen-2.5-VL[2], LLaVA-1.5[24], LLaVA-Next[22], LLaVA-OV[21],
Mini-Gemini[9] and Geo-chat[16]. The parameters of the above
open-source models are all around 7B. We evaluate VLM-ReG
across three categories of multimodal RS reasoning benchmarks:
LRS[26], MME-RW-RS[52], VRSBench-validation[19], DDFAV[17]
and RSVLM-QA[56]. These benchmarks comprehensively encom-
pass a diverse spectrum of complex reasoning challenges, inte-
grating multi-scale visual data derived from both orbital satellite
observations and low-altitude drone remote sensing platforms.

4.1.3 Implementation Setup. The VLM-ReG model leverages Qwen-
2.5-VL-7B-Instruct as its foundational framework, employing a two-
phase training methodology. Initial model development utilizes
LLaMA Factory in conjunction with RS-IRD to establish founda-
tional language understanding and reasoning capabilities, with
supervised fine-tuning executed over a single epoch to mitigate
overfitting risks. Subsequent reinforcement learning employs the
Verl framework, processing 3,000 samples across three epochs. This
phase implements batch dimensions of 128 for both rollout and
training procedures, incorporating eight rollouts per input instance,
a temperature parameter set to 1.0, and Adam-based optimization
with a learning rate of 1 X 107%. Notably, the GRPO algorithm ex-
cludes KL divergence regularization to promote expansive policy
exploration. All computational evaluations were conducted using
eight NVIDIA A100-80G GPUs.
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4.2 Main Results of Benchmarks

Table 2 comprehensively compares our proposed model, VLM-ReG,
against state-of-the-art multimodal large language models, includ-
ing both closed-source and open-source general and reasoning-
oriented MLLMs—across diverse and challenging multimodal rea-
soning benchmarks. The "LRS" metric systematically aggregates
performance across three key subtasks (FAIR, Bridge, and STAR),
with "ALL" denoting their average and "Avg" representing the mean
performance across all benchmarks. Best results are presented in
bold, while second-best results are underlined with asterisks for
enhanced clarity and reproducibility.

Among closed-source MLLMs, GPT-40 achieves an “Avg.” score
of 42.27, with notable performance on MME-RW-RS (28.92) and
VRSBench-val (52.32). In contrast, GPT-40-mini and Claude-3.5-
Sonnet obtain lower “Avg.”” scores of 33.49 and 38.83, respectively.

Among open-source 7B/8B MLLMs, Qwen2.5-VL (Avg. 51.26)
and InternVL2.5 (Avg. 45.83) show competitive performance, while
LLaVA-OV attains the second-best Avg. of 53.33. Notably, our VLM-
ReG (7B) significantly outperforms all SoTA baselines. In LRS tasks,
it achieves the highest "ALL" score of 37.63 (+5.70 improvement)
by sweeping FAIR, Bridge, and STAR. VLM-ReG further dominates
individual benchmarks—including MME-RW-RS (60.12), VRSBench-
val (78.11), DDFAV (74.12), and RSVLM-QA (63.12)—surpassing
previous bests by margins ranging from 6.21 to 10.72.

Collectively, VLM-ReG attains an “Avg.” score of 62.62, repre-
senting a +9.29 improvement over the next-best open-source model.
This demonstrates that the intrinsic reasoning mechanism endows
lightweight visual-language models with robust multimodal capa-
bilities, enabling them to surpass all open-source counterparts and
approach the performance of proprietary systems. The consistent
superiority across benchmarks validates the efficacy and broad
applicability of the proposed methodology.

4.3 Ablation Study

To systematically evaluate the contributions of different training
components, we conduct an ablation study as shown in Table 3.
The results demonstrate the effectiveness of each component in
improving the performance of the VLM-ReG model across multiple
metrics.

When only the Cold Start (CS) stage is used, the model achieves
an average performance of 45.64, with relatively lower scores in
metrics such as FAIR (23.12) and STAR (27.12). The Original GRPO
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Q: How many airplanes are there in the
picture?
A.2,B.3,C.4,D.5

<think>Got it, let's count the airplanes in the
image. First, look at each distinct plane.
There's a large one on the left, then one in the
middle, one on the right, and the fourth one is
partially visible at the bottom right. Let me
check again. The image shows four airplanes:
the first one on the left, the second in the
center, the third to the right of the center, and
the fourth is cut off but still counts as an
airplane. So that's four. </think><answer>C

ERRCRERE T

Q: Where is the red car positioned relative to
the tennis court?
A. Left B. Top left C. Right D. Top right

<think>Got it, let's figure out where the red car
is relative to the tennis court. First, | need to
identify the tennis court in the image. The blue
area with red sections (the courts) is the
tennis court. The red car is in the parking lot
area at the top left of the image. Now, looking
at the position relative to the tennis court: the
car is above and to the left of the tennis court.
So "Top left" would be the correct option. Let

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

Q: What is the small object in the lower left
corner of the image?

A. House B. Car C. Airplane D. Ship

<think>Got it, let's look at the image, the
question is about the small object in the left
right. First, the image shows a dock, a boat, a
road with a car. Wait, the small object: the car
is on the road in the lower left. Wait, let's
check again. Wait, the options are House, Car,
Airplane, Ship. The image has a ship, a car on
the road, but the small object—maybe the
white car is on the road. Wait, the car is small.

</answer>

-

me check the choices: B is Top Let me check: there's a ship, a car on the road,
left.</think><answer>B </answer> and the dock. The car is the small
\ / object.</think><answer>C </answer> /

Figure 3: The output examples of VLM-ReG on VRSBench benchmark. VLM-ReG shows “human-like” questioning and self-
reflective thought process when solving RS reasoning problems.

algorithm alone yields better results, with an average of 50.86, in-
dicating that GRPO improves overall performance. However, the
integration of the proposed components(AAP or RQPO) further
enhances the model’s capabilities. The reason for the improvement
is that the AAP or RQPO method effectively addresses the short-
comings of GRPO during training.

The addition of Adaptive Advantage Prioritization to the Cold
Start stage (CS + AAP) leads to significant performance gains. The
average metric score rises to 54.48, surpassing both the CS-only
and Original GRPO-only models. Incorporating Refined Quality Re-
wards (RQPO) into the Cold Start stage (CS + RQPO) also results in
performance improvements, with an average score of 55.98. RQPO
enhances the model’s ability to distinguish high-quality rewards,
as evidenced by better scores in metrics like Bridge (43.88) and
VRSBench-val (74.25), which are critical for reward-based evalua-
tion.

The complete VLM-ReG model, which combines CS, AAP, and
RQPO, achieves the best performance across all metrics, with an av-
erage score of 58.62. It outperforms all ablation variants in key met-
rics: FAIR (32.14), Bridge (45.11), STAR (35.65), ALL (37.63), MME-
RW-RS (60.12), and VRSBench-val (78.11). This demonstrates that
the synergistic integration of AAP and RQPO into the Cold Start
stage enables VLM-ReG to effectively optimize visual-linguistic
reasoning and reward generation, confirming the necessity and
efficacy of each component in the proposed framework.

4.4 Visualization

As shown in Figure 3, VLM-ReG demonstrates advanced reasoning
capabilities through generating complex reasoning processes. It ef-
fectively manifests the "Aha moment" phenomenon[10], reflecting
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human-like thought processes characterized by iterative question-
ing and reflective analysis. This cognitive mechanism directly ele-
vates the system’s reasoning efficacy, resulting in marked progress
when addressing advanced reasoning challenges. The emergent
problem-solving capacity substantially boosts inferential accuracy
across complex analytical scenarios.

5 CONCLUSION

This study aims to address the domain gap that limits multimodal
large language models in remote sensing image reasoning and en-
hance the performance of RS-specific MLLMs (RS-MLLMs). Two
core contributions are proposed: first, the Remote Sensing Image
Reasoning Dataset (RS-IRD) with 20,000 samples, which generates
text-based "Image-CoT" via a modality-bridging pipeline to enable
cold-start training of RS-MLLMs without manual annotation, laying
a foundation for learning human-like reasoning patterns; second,
an enhanced reward design for Group Relative Policy Optimiza-
tion, which improves reasoning quality and efficiency. Extensive
experiments on multiple RS reasoning benchmarks show that the
proposed VLM-ReG outperforms state-of-the-art models, verifying
the efficacy of the framework. Future work may expand RS-IRD
to more RS scenarios or further optimize the reward function for
complex reasoning tasks.
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