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Supplementary Material

1. System Prompt Details
In this section, we provide the exact system prompts used in
our SocraticAgent framework to synthesize the RS-EoT-4K
dataset. As described in the main paper, SocraticAgent op-
erates as a self-play multi-agent system consisting of three
distinct roles: the Reasoner, the Perceiver, and the Veri-
fier.
• The Reasoner (Fig. 1) serves as the cognitive core. It is a

text-only agent designed to simulate the human “coarse-
to-fine” visual interpretation process. By following a
Plan–Integrate–Decide paradigm, it decomposes com-
plex queries into atomic visual questions, iteratively gath-
ering evidence before concluding.

• The Perceiver (Fig. 2) acts as the visual interface. To en-
force explicit and detailed reasoning from the Reasoner,
we employ a self-play prompting mechanism where the
Perceiver is instructed to collaborate with a “weak-
reasoning” partner. Its role is to provide accurate, descrip-
tive visual observations in a “natural inner monologue”
style without performing high-level logical reasoning.

• The Verifier (Fig. 3) functions as the quality control gate-
keeper. It compares the final answer generated by the
Reasoner against the ground truth to filter out incorrect
or hallucinated reasoning traces during the data synthesis
phase.
The complete prompts for these agents are presented in

Fig. 1, Fig. 2, and Fig. 3, respectively.

2. SFT Training Settings
We perform SFT on the base model Qwen2.5-VL-7B-
Instruct using the RS-EoT-4K dataset. The training is im-
plemented based on the LLaMA-Factory framework. We
train the model for 5 epochs with a learning rate of 3×10−5,
using the AdamW optimizer and a cosine learning rate
scheduler. The global batch size is set to 64, and the max-
imum sequence length is limited to 4096 tokens to accom-
modate the detailed reasoning traces. The entire training
process was executed on 4 A100 GPUs and required ap-
proximately 40 minutes to complete.

An empirical finding in our experiments concerns the use
of system prompts. We observed that including explicit rea-
soning triggers in the system prompt (e.g., instructions like
“Please reason step-by-step”) during training caused the
model to develop a strong dependency on these specific trig-
gers. Consequently, the model often failed to initiate rea-
soning or exhibited abnormal behaviors when such prompts
were absent during inference. To address this and ensure
robust, spontaneous reasoning capabilities, we exclude all

reasoning-specific instructions from the system prompt dur-
ing SFT and RL. Instead, we hard-code the start-of-thought
token <think> directly into the assistant’s response field
within the chat template. This design forces the model to
automatically enter the reasoning mode immediately upon
generation, ensuring stable output trajectories without rely-
ing on specific user or system prompts.

Training and evaluation data usage. The synthetic tra-
jectories generated by SocraticAgent are used exclusively
for training. Concretely, our pipeline consists of three
stages: (1) collecting queries from public remote-sensing
datasets, (2) synthesizing RS-EoT trajectories for SFT, and
(3) performing the subsequent two-stage RL procedure. All
results reported in the main paper and this supplementary
material are evaluated on public benchmarks with their of-
ficial splits; no synthetic data are used for evaluation.

Grounding degradation after SFT. We observe a tem-
porary drop in grounding performance immediately after
SFT because the SFT corpus contains VQA-style reason-
ing trajectories but no grounding samples. In our pipeline,
the role of SFT is to initialize the reasoning format and
stabilize long-form thought generation rather than to max-
imize grounding accuracy directly. The subsequent RL-
Grounding stage recovers and further improves the ground-
ing ability once grounding-specific rewards are introduced.

3. RL Training Settings
All reinforcement learning experiments are conducted using
the EasyR1 framework, which provides a production-ready
implementation of GRPO with KL regularization. We fix
the KL coefficient to β = 1.0 × 10−2. For each input, the
model generates 4 rollout samples using sampling tempera-
ture 1.0, with a maximum response length of 4096 tokens.

Policy optimization is performed with the AdamW op-
timizer, using a learning rate of 1.0 × 10−6, weight decay
of 1.0 × 10−2, and a linear warm-up over the first 3% of
training steps. We apply gradient clipping with a thresh-
old of 1.0. All models are trained in bf16 precision under
full-sharded data parallelism (FSDP) with gradient check-
pointing enabled.

For both RL-Grounding and RL-VQA, we use a global
batch size of 512 (covering rollout, training, and validation
batches) and train for 240 steps. Experiments are run on
a single node equipped with 8 A100 GPUs. The RL-VQA
stage requires approximately 2.3 days to complete, while
the RL-Grounding stage takes about 2.5 days.
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System Prompt for the Reasoner

You are a reasoning model that follows a Plan–Integrate–Decide paradigm, collaborating with a weak-perception visual model to complete general
remote sensing tasks (such as classification/attribute recognition, localization/counting, relation/change detection, and VQA). The perception model
can only answer very simple, atomic visual facts and cannot perform reasoning. Therefore, you must decompose the perception process into a
coarse-to-fine sequence of steps, simulating how humans visually interpret remote sensing imagery.

[Coarse-to-Fine Perception Chain]
1) Global Observation Stage (Overall Understanding):

- Begin with a broad, holistic examination of the entire image, forming an initial impression of its overall layout — main land-cover types,
spatial organization, scene functionality, distribution of major objects, and possible visual interferences (e.g., shadows, fog, noise, or occlusion).

- While questions at this stage should remain broad, general, and high-level, they must be context-aware — i.e., lightly tailored to the task/query
so they inform later reasoning for this specific problem.

2) Focused and Detailed Observation Stage (Targeted Analysis):
- After forming a general understanding of the scene, use the task objective (query) and global observations to focus attention on potentially

relevant local regions or objects.
- Naturally shift attention from overall impressions to specific, task-relevant areas, similar to how humans visually focus.
- Ask more detailed and targeted questions, typically focusing on:
• Local details (shape, texture, boundaries, orientation, color features, etc.);
• Relationships and differences (changes, similarities, transitions between regions, etc.);
• Task-critical elements (e.g., presence, quantity, or arrangement of specific targets).

3) Integration and Verification Stage:
- Integrate the facts collected from the global and detailed observation stages into a consistent intermediate conclusion.
- If contradictions or uncertainties remain, ask verification questions.
- Ensure that the reasoning covers all key regions and that the logic is consistent.

4) Final Review and Confirmation Stage:
- Before giving the final answer, perform a quick overall review of the image to confirm that no small anomalies, marginal areas, or potential clues

have been overlooked.
- Check whether the final answer meets the query’s requirements regarding format, length, and structure.
- The final answer must only output the direct answer to the query itself, such as “Yes/No”, a specific number, or a concise conclusion. Do not

include any explanations, reasoning, or additional commentary.
- If necessary, ask one final targeted question for confirmation.

[Questioning and Iteration Constraints]
- Never forward the user’s original query directly to the perception model; each question must concern only one atomic visual fact.
- Each new question should provide maximum information gain and must not repeat previous questions (avoid paraphrasing).
- You have {MAX LOOP-1} questioning rounds available: the early rounds focus on global perception, the middle rounds gather key evidence, and

the final rounds perform verification questioning.

[Output Format (Strict Requirements)]
- If further questioning is needed:

Start with <thinking>...</thinking> (briefly explain the reasoning and purpose of the next question), then output only one
<question>...</question>.

- If ready to give the final answer:
Start with <thinking>...</thinking> (summarize key evidence and note that final checks have been completed), then output
{FINAL PREFIX EN} ....

- Each round must begin with <thinking>...</thinking> and be followed by exactly one of the two options:
<question>...</question> or {FINAL PREFIX EN} .... No other content is allowed.

- Inside <thinking>, do not mention external entities such as “the perception model,” “user,” or “conversation.”
- Use English for internal reasoning and questioning, but ensure that the final answer matches the input query’s language.

Figure 1. The system prompt for the Reasoner in SocraticAgent.

4. RL Reward Function

4.1. Grounding Reward

For the grounding task, the model is required to output a
bounding box in the form [x1, y1, x2, y2] after a
complete <think></think> block. Our reward con-
tains two components: an IoU-based accuracy term and a
lightweight format term.

Format reward. For the grounding task, we apply a
lightweight format reward to encourage the model to pro-
duce both a well-formed reasoning block and a structured
bounding-box output. We evaluate two binary indicators:
(i) whether the response contains a complete, matched
<think></think> block, and (ii) whether a valid four-
number bounding-box list of the form [x1, y1, x2,
y2] appears after the closing </think> tag. We denote
these indicators as sthink and sbbox, respectively. The format
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System Prompt for the Perceiver

You are an image interpretation expert collaborating with a reasoning model that has very weak logical ability. Together, through multi-turn
dialogue, you will complete general remote sensing tasks (classification/attribute, localization/counting, relation/change analysis, VQA, etc.).
The reasoning model can only understand the textual descriptions of your perception results — it cannot see the image directly. Therefore, you
must respond to each of its questions about the image accurately and completely, without adding any information that is irrelevant to the question.
Your tone should resemble a natural inner monologue of a person carefully observing an image. Always begin your response with: “Let’s look at
the image,” and then continue with your detailed observation.

Figure 2. The system prompt for the Perceiver in SocraticAgent.

System Prompt for the Verifier

You are a strict answer evaluator. Given a Query, Answer, and GT,
output only:
1) "ACCEPT"
2) "REJECT: <brief reason>"

Figure 3. The system prompt for the Verifier in SocraticAgent.

reward is then defined as

rfmt =
sthink + sbbox

2
,

IoU accuracy. We first normalize the response and ver-
ify that a well-formed reasoning block (i.e., a matched pair
<think>...</think>) exists. Only the text appear-
ing after the closing tag </think> is used for prediction
parsing. From this tail segment, we extract the first valid
four-number list [x1, y1, x2, y2]; if no valid list is
found, the prediction is treated as invalid. The accuracy
score is then computed using the IoU between the predicted
and ground-truth boxes directly in the original pixel coordi-
nate system:

racc =

{
IoU(bboxpred, bboxgt), if a valid box is parsed,

0, otherwise.

Overall reward. The final grounding reward combines
IoU accuracy and the format term:

roverall = (1− λ) racc + λ rfmt,

where we use λ = 0.1 in all experiments. Each sample is
scored independently, and we log roverall, IoU, racc, and rfmt
during training.

4.2. Multiple-Choice VQA Reward
For the multiple-choice VQA task, the model predicts a
subset of option letters (e.g., A, C, D) after completing the
<think></think> reasoning block. Only the text fol-
lowing the last </think> tag is considered for answer ex-
traction. We first identify the last line in this tail that con-
tains independent letter tokens; if none are found, we treat
the prediction as invalid.

Given the ground-truth correct set G ⊆ A and the
model’s predicted set P ⊆ A, where A is the set of all al-
lowed options, we compute a symmetric, option-level accu-
racy score. Each option contributes equally: selecting a cor-
rect option and correctly rejecting an incorrect option both
receive positive credit, while selecting an incorrect option
or failing to select a correct one is penalized. The accuracy
reward is therefore:

racc = 1− 1

|A|
∑
a∈A

∣∣1{a ∈ G} − 1{a ∈ P}
∣∣.

If the model outputs any letter not contained in A, we
apply a hard-zero accuracy (i.e., racc = 0), matching our
implementation.

Format reward. The VQA setting uses the same
lightweight format reward as the grounding task. Because
empty outputs are allowed and interpreted as selecting no
options, the format reward does not require the predicted
letters to appear after the </think> tag. Instead, we
simply check whether the model produces a complete and
matched <think></think> reasoning block. If the
block is present, the model earns a format score of 1; other-
wise, the score is 0.

Overall reward. The final VQA reward is a convex com-
bination of accuracy and format:

roverall = (1− λ) racc + λ rfmt,

with λ = 0.1 throughout all experiments.
This reward design provides a graded, stable learning

signal across all options without relying on task-specific
heuristics, while the matched <think></think> con-
straint ensures structured reasoning outputs.

5. RL Training Dynamics Curves
Figure 4 visualizes the evolution of key optimization statis-
tics during the two RL stages in our pipeline: RL-
Grounding and RL-VQA. The top block corresponds to the
RL Grounding stage and the bottom block to the RL-VQA

3



0 100 200
-0.06

-0.04

-0.02

0

advantages mean
Raw
Smooth

0 100 200
0.34

0.35

0.36

0.37

0.38

0.39

entropy loss
Raw
Smooth

0 100 200

0.4

0.6

0.8

1

grad norm
Raw
Smooth

0 100 200
0

0.02

0.04

0.06

0.08

0.1

kl loss
Raw
Smooth

0 100 200

1e-4

1.5e-4

2e-4

2.5e-4

3e-4

3.5e-4
pg loss

Raw
Smooth

0 100 200

0.2

0.3

0.4

0.5

rewards mean
Raw
Smooth

RL-Grounding Training Dynamics
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Figure 4. RL training dynamics for our two-stage pipeline. Top:
RL-Grounding stage; bottom: RL-VQA stage. Each panel reports
the evolution of a different statistic (advantage mean, entropy loss,
gradient norm, KL loss, policy-gradient loss, and reward mean),
with light curves showing raw values and dashed curves showing
Gaussian-smoothed trends over training steps.

stage; in both cases we plot the same set of metrics, in-
cluding mean advantage, actor gradient norm, entropy loss,
KL loss, policy gradient loss, and average reward. For
each quantity, we plot both the raw measurements and their
Gaussian-smoothed trends, providing a compact view of
how the GRPO optimization behaves over the training steps
in both stages.

6. Difference Between Multiple-Choice VQA
and Standard VQA

To assess the effectiveness of our proposed multiple-choice
reformulation of VQA, we additionally perform an ablation
study using the original dataset and model settings, but ap-
plying reinforcement learning directly on the standard free-
form VQA answers. This experiment allows us to isolate
and compare the impact of our multiple-choice VQA design
against the conventional VQA supervision.

We first evaluate the final model performance on the

Table 1. Ablation study on VQA data reconstruction strategies
on the RSVQA. We compare our proposed Multiple-Choice VQA
reconstruction against the Standard VQA (Free-form) supervision.
Our method achieves consistently superior performance across all
metrics.

Method Avg@5 Conv@5 Pass@5

Standard VQA (Free-form) 74.73 76.86 90.91
Ours (Multiple-Choice) 75.16 78.29 92.51

0 50 100 150 200
Step

0.60

0.65

0.70

0.75

0.80

Re
wa

rd

Reward Curves under Different Training Data Settings

Choice
VQA

Figure 5. Ablation comparing reinforcement learning on the
original free-form VQA answers (red) versus our reconstructed
multiple-choice VQA formulation (blue). Standard VQA pro-
duces unstable and oscillatory training dynamics, while the
multiple-choice approach yields smooth and efficient reward im-
provement.

RSVQA. As presented in Table 1, our multiple-choice re-
construction strategy achieves consistently superior results
across all metrics compared to the standard free-form super-
vision. To understand the source of this performance gap,
we visualize the training stability in Figure 5. When trained
with standard free-form VQA answers, the model exhibits
slow reward improvement and frequent large-magnitude
oscillations during GRPO optimization. This indicates
that the original VQA supervision produces an unstable
and inefficient reward signal for RL, making it difficult
for the model to learn consistent behaviors. In contrast,
our multiple-choice VQA reformulation leads to a much
smoother and steadily increasing reward curve under the
same RL setup. This demonstrates that transforming VQA
into a structured multi-option prediction task greatly stabi-
lizes the reward landscape and improves training efficiency.

Overall, the ablation confirms that the multiple-choice
VQA formulation provides a more reliable and effective RL
objective compared to standard VQA, and is essential for
achieving stable reinforcement learning in our setting.
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7. Additional Experimental Results
In this section, we collect the additional experimen-
tal results that were used to further analyze the RS-
EoT paradigm, including comparisons with remote-sensing
VLMs, classification and cross-modality transfer results, an
ablation on the order of the two RL stages, Pass@1 evalua-
tion, and a brief discussion of common failure modes.

7.1. Comparison with Remote-Sensing VLMs
RS-EoT-7B is a reasoning-oriented model and is therefore
most directly compared with other remote-sensing multi-
modal models on the FIT-RSFG-VQA benchmark. Ta-
ble 2 reports additional results for GeoChat and EarthDial.
Compared with these instruction-style baselines, RS-EoT-
7B achieves substantially better performance on all reported
metrics, indicating that the explicit reasoning traces learned
by RS-EoT translate into stronger downstream reasoning
ability on fine-grained remote-sensing VQA.
Table 2. Additional comparison with remote-sensing VLMs on
FIT-RSFG-VQA.

Model Avg@5 Conv@5 Pass@5

GeoChat 53.89 52.39 54.66
EarthDial 53.51 53.87 75.50
RS-EoT-7B 67.85 68.90 85.28

7.2. Classification and Cross-Modality Results
Besides general VQA and grounding, we also evaluate
RS-EoT-7B on classification benchmarks and on a SAR
benchmark to examine whether the learned reasoning strat-
egy transfers beyond the main training tasks. As shown
in Table 3, RS-EoT-7B consistently outperforms the base
Qwen2.5-VL-7B model on RSFG-SC, UC Merced, and
OpenSARUrban. These results suggest that the reasoning-
oriented post-training procedure does not only help on
VQA-style tasks, but also improves classification perfor-
mance and exhibits reasonable transfer to non-RGB remote-
sensing imagery.
Table 3. Evaluation on classification benchmarks and a SAR
benchmark.

Model RSFG-SC UC Merced OpenSARUrban (SAR)

Qwen2.5-VL-7B 57.42 69.57 25.78
RS-EoT-7B 64.05 72.62 26.34

7.3. Ablation on the Order of the Two RL Stages
We further study the order of the two RL stages in our train-
ing pipeline. Table 4 compares three variants: performing
RL-Grounding before RL-VQA (VG+VQA), reversing the
order (VQA+VG), and merging both types of data into a
single RL stage (Merged). The VG+VQA strategy yields
the best overall trade-off, especially on grounding metrics,

which indicates that grounding-first RL provides a stronger
perceptual foundation for the later reasoning-heavy VQA
stage. This observation is consistent with the motivation
of our pipeline design: cold-start SFT is used to initial-
ize the reasoning format, whereas RL on grounding data
supplies the fine-grained visual alignment needed for sub-
sequent complex reasoning.
Table 4. Ablation study on the order of the two RL training stages.

Model RSFG-VQA VRSBench-ref

Avg@5 Conv@5 Pass@5 IoU@50 IoU@70 mIoU

VG+VQA 67.85 68.90 85.28 54.71 32.40 48.04
VQA+VG 65.57 68.75 83.64 51.42 29.10 45.77
Merged 65.88 69.28 83.55 51.06 29.02 45.52

7.4. Pass@1 Evaluation
For completeness, Table 5 reports Pass@1 results on three
benchmarks. RS-EoT-7B improves over the Qwen2.5-VL-
7B baseline in all cases, showing that the gain of our method
is not limited to best-of-k sampling and is already visible
under single-sample decoding.

Table 5. Pass@1 evaluation results.

Model RSFG-VQA VRSBench RSVQA

Qwen2.5-VL-7B 62.42 61.97 67.39
RS-EoT-7B 68.16 63.33 75.08

7.5. Observed Failure Modes
We observe that RS-EoT still struggles in scenes contain-
ing many dense, small-scale objects and in queries that re-
quire exact counting under heavy occlusion or clutter. In
such cases, the reasoning chain may remain well-structured
while the underlying visual evidence is incomplete or im-
precise. These examples indicate that better fine-grained
perception and stronger object enumeration remain impor-
tant directions for improving reasoning models in remote
sensing.

8. Case Study
We provide additional qualitative examples to further
demonstrate the effectiveness of RS-EoT-7B in complex re-
mote sensing reasoning scenarios. Specifically, we present
extended case studies covering both Remote Sensing Gen-
eral VQA tasks (Fig. 6, Fig. 7, and Fig. 8) and Fine-grained
Grounding tasks (Fig. 9 and Fig. 10). These visualizations
illustrate how the model employs the iterative evidence-
seeking paradigm to achieve robust reasoning and precise
localization across diverse queries.
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Figure 6. Reasoning cases of RS-EoT-7B (Part 1).
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Figure 7. Reasoning cases of RS-EoT-7B (Part 2).
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Figure 8. Reasoning cases of RS-EoT-7B (Part 3).
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Figure 9. Reasoning cases of RS-EoT-7B (Part 4).
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Figure 10. Reasoning cases of RS-EoT-7B (Part 5).
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