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Abstract

Remote sensing has emerged as an important
domain for multimodal large language mod-
els (MLLMs), where reliable understanding re-
quires locating small, dense, and spatially sub-
tle visual evidence. However, our diagnos-
tic analysis shows that current MLLMs often
fail because their reasoning is not grounded to
the correct visual evidence, leading to wrong-
region attention or missed task-relevant ob-
jects. To address this issue, we introduce
RsEvi-8B, an evidence-aware remote sensing
MLLM that reasons with parseable bounding-
box-grounded evidence. To enable this ca-
pability, we construct RsEvi-248K, a large-
scale supervised dataset spanning VQA, vi-
sual grounding, object detection, object count-
ing, and scene classification. The dataset
provides verified bounding-box-grounded rea-
soning traces, where each intermediate visual
claim is aligned with supporting evidence re-
gions and filtered for both answer correct-
ness and evidence faithfulness. To improve
evidence-faithful reasoning, we further pro-
pose the evidence-aware GRPO, which uses an
evidence verifier to regulate learning on gen-
erated evidence spans while preserving task-
level outcome optimization. Extensive exper-
iments across five remote-sensing task fami-
lies show that RsEvi-8B improves the dataset-
balanced average score by 17.15 points over
Qwen3-VL-8B-Instruct, establishing explicit
visual grounding as a key ingredient for reli-
able remote-sensing reasoning.

1 Introduction

Remote sensing has become an important domain
for multimodal large language models (MLLMs),
where models must understand complex overhead
scenes from image level semantics to object and re-
gion level details. Recent remote sensing MLLMs
⋆ Equal contribution.
† Corresponding author.

Question:

Where is 
the top-
most small 
vehicle
situated in 
the image?

“Looking at the image, the top-most small 
vehicle is the white sedan parked on the 
right side of the image, next to the large 
tree … It is located at the top right of the 
scene.”

Evidence Grounding Error: Anchored 
on wrong region

Output

Figure 1: Diagnostic error analysis on 2,000 RSVQA-
HR and VRSBench questions. Left: example ground-
ing failure. Right: distribution of incorrect predictions.

and benchmarks have advanced instruction follow-
ing, region dialogue, open ended VQA, and multi
task evaluation (Kuckreja et al., 2024; Zhang et al.,
2024; Luo et al., 2024; Li et al., 2024; Pang et al.,
2024; Muhtar et al., 2025). However, the deci-
sive evidence in remote sensing images is often
small, dense, and embedded in large scenes (Shab-
bir et al., 2025). A correct answer may depend on
tiny aircraft, ships near a dock, or subtle spatial
relations.

To examine this challenge, we conduct a di-
agnostic error analysis on 2,000 randomly sam-
pled questions from RSVQA-HR (Lobry et al.,
2020) and VRSBench (Li et al., 2024). We eval-
uate Qwen3-VL-8B-Instruct on the corresponding
evaluation splits and categorize its 632 incorrect
predictions with GPT-5.4 (OpenAI, 2026a). The
judge is given only the image, question, gold an-
swer, and model response, and assigns one pri-
mary error type following the template in Fig. 15.
As shown in Fig. 1, evidence grounding failures
are the largest category, accounting for 322 of
632 errors. They typically involve attending to
the wrong region, missing small task-relevant ob-
jects, or assigning attributes and counts to the
wrong visual target. This suggests that reliable
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remote-sensing reasoning requires explicit visual
evidence, not answer prediction alone.

To make visual evidence explicit, a natural di-
rection is to move from unanchored textual rea-
soning to Think with Grounding, where interme-
diate visual claims are anchored to supporting im-
age regions. General vision language research
has explored related forms of this idea through in-
termediate boxes, object centric grounding, inter-
leaved box coordinates, and replayed visual evi-
dence (Shao et al., 2024a; Man et al., 2025; Fan
et al., 2025; Wang et al., 2026). In a related but
distinct line, remote sensing has developed CoT
reasoning works that leverage existing labels, an-
notations, or rewards (Köksal and Alatan, 2025;
Liu et al., 2026; Fiaz et al., 2025; Xu et al., 2026;
Yao et al., 2025). These works improve textual or
structured CoT, but they do not directly train mod-
els to ground each visual claim with a parseable
evidence span. This gap comes from a mismatch
between existing annotations and the evidence
needed for reasoning. Many VQA and scene clas-
sification benchmarks provide task level outputs,
rather than evidence boxes for reasoning steps (Lo-
bry et al., 2020; Cheng et al., 2017; Xia et al.,
2017). Spatial annotations are more common in vi-
sual grounding and object detection, where boxes
serve as final targets rather than intermediate rea-
soning evidence. Intermediate visual claims there-
fore remain hard to verify and optimize indepen-
dently from the final answer.

This raises a practical question: Can remote
sensing MLLMs be trained to reason with explicit,
verifiable grounded visual evidence? We address
this question with two ingredients: bounding-box-
grounded data construction and evidence-aware
optimization.

We first construct RsEvi-248K, a large-scale
SFT dataset for remote sensing Think with
Grounding. Our pipeline unifies diverse tasks
across visual question answering (VQA), visual
grounding (VG), object detection (OD), object
counting (OC), and scene classification (SC). An
MLLM extracts task-relevant and visually ground-
able evidence labels from the question, image, and
reference answer. These labels guide SAM3 (Car-
ion et al., 2025) to propose candidate evidence re-
gions, which are then verified to form evidence
sets. A teacher model generates grounded reason-
ing traces from the resulting evidence sets, and
rejection sampling keeps only responses with cor-
rect answers and faithful evidence.

Using RsEvi-248K, we train RsEvi-8B, a re-
mote sensing MLLM that reasons with explicit
grounded visual evidence. The model writes inter-
mediate reasoning inside <think> and represents
each visual claim as a <box> span with an evi-
dence label and a normalized bounding box. We
further optimize RsEvi-8B with evidence-aware
GRPO. Outcome rewards verify the final answer
but not the visual faithfulness of the supporting
evidence. When the same response-level advan-
tage is assigned to all tokens, unsupported boxes in
correct responses may be reinforced, while faith-
ful boxes in incorrect responses may be penal-
ized. We therefore keep the reward outcome-
based but apply evidence-aware advantage mask-
ing to evidence spans: an evidence verifier judges
whether each box supports its label, and the
advantage on that span is adjusted accordingly.
Across diverse remote-sensing tasks, RsEvi-8B
improves the dataset-balanced average score by
17.15 points over Qwen3-VL-8B-Instruct and re-
duces Evidence Grounding errors by 57.1% rela-
tive to the base model.

Our contributions are summarized as follows:

• We identify evidence selection and localiza-
tion failures as a key bottleneck in remote
sensing MLLMs, and introduce RsEvi-8B, a
model that reasons with explicit grounded
visual evidence and improves task perfor-
mance.

• We construct RsEvi-248K, a large-scale SFT
dataset with verified bounding-box-grounded
reasoning traces, built by evidence construc-
tion and rejection sampling.

• We propose evidence-aware GRPO, which
keeps outcome rewards for final answers
while modulating evidence-span advantages
according to visual faithfulness.

2 SFT Dataset Construction

We construct RsEvi-248K, a multimodal SFT
dataset for remote sensing that pairs task-specific
answers with reasoning traces grounded in verifi-
able visual evidence where applicable, providing
cold-start data before reinforcement learning. We
use Qwen3.5-397B throughout the construction
pipeline (Qwen Team, 2026). See Appendix B.1
for further details.
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Data sources and task normalization. We con-
struct RsEvi-248K from public remote-sensing
datasets spanning five task families: visual ques-
tion answering, visual grounding, object detec-
tion, object counting, and scene classification. The
sources include RSVQA-HR, VRSBench, VersaD,
DIOR-RSVG, HRRSD, NWPU-RESISC45, AID,
fMoW, UCMerced, METER-ML, FAIR1M, and
DOTA (Lobry et al., 2020; Li et al., 2024; Pang
et al., 2024; Zhan et al., 2023; Zhang et al., 2019;
Cheng et al., 2017; Xia et al., 2017; Christie et al.,
2018; Yang and Newsam, 2010; Zhu et al., 2022;
Sun et al., 2022a; Xia et al., 2018; Ding et al.,
2022). We normalize all samples into a unified
format with task labels and reference answers.

Object-level evidence construction. For each
sample, we construct a set of visual evidence
boxes that can support the final response. When
object or grounding annotations are available, we
directly convert them into the shared [0, 1000] co-
ordinate space. Otherwise, we prompt Qwen3.5-
397B to select task-relevant and visually localiz-
able evidence labels from the question, image, and
reference answer, following the evidence label se-
lection template in Fig. 9. These labels are then
used to obtain candidate regions from SAM3 (Car-
ion et al., 2025). We retain only candidates whose
boxes support the selected labels, using the Evi-
dence Box Verification in Fig. 10. This yields a
verified evidence set Ek = {(ℓi, bi)}Nk

i=1 for sam-
ple k, where ℓi denotes an object label and bi =
[xi1, yi1, xi2, yi2] denotes its bounding box.

Evidence-guided teacher response generation.
Given the image, instruction, task type, reference
answer, and verified evidence set, we sample K
candidate responses from Qwen3.5-397B as the
teacher model. All tasks follow a unified response
protocol, with task-specific generation templates
provided in Fig. 11. Each response contains a rea-
soning trace r enclosed by <think> and </think>,
followed by a final answer a in \boxed{}. The
reasoning trace interleaves natural language with
structured evidence references serialized as <box>
spans, where each span references an evidence
item (ℓi, bi) ∈ Ek.

Rejection sampling with answer and evidence
verification. We retain only candidates that are
both answer-correct and evidence-faithful. We
first enforce the response format and require ev-
ery <box> reference to match a verified evidence

Task # Samples Ratio

Visual Question Answering (VQA) 100,000 40.40%
Visual Grounding (VG) 59,436 24.01%
Scene Classification (SC) 40,662 16.43%
Object Counting (OC) 22,982 9.28%
Object Detection (OD) 24,448 9.88%

Total 247,528 100.00%

Table 1: Distribution of the RsEvi-248K SFT dataset.

box, which prevents unsupported spatial claims.
We also remove responses that reveal annotation
provenance using the evidence provenance check
in Fig. 14. We then apply task-specific answer ver-
ification: answer matching with semantic equiv-
alence checking for VQA, exact matching for
SC and OC, and IoU-based localization match-
ing for VG and OD. Among valid candidates, we
use Qwen3.5-397B to score each reasoning trace
for evidence usage, factual consistency, clarity,
and conciseness, and select the highest-scoring
response. The answer equivalence check and
Grounded Trace Scoring templates are shown in
Figs. 12 and 13, respectively. Samples without
valid candidates are discarded. Table 1 reports the
task distribution.

3 Method

We present RsEvi-8B, a multimodal large lan-
guage model for remote sensing reasoning that
produces grounded visual evidence across diverse
tasks. We first review SFT and GRPO in Sec. 3.1.
The training procedure then consists of two stages:
cold-start supervised fine-tuning in Sec. 3.2, and
GRPO with evidence-aware credit assignment in
Sec. 3.3.

3.1 Preliminaries

Supervised fine-tuning. Given a supervised
dataset Dsft = {(x, y)}, supervised fine-tuning op-
timizes the policy πθ by minimizing the negative
log-likelihood of the target response:

Lsft(θ) = −E(x,y)∼Dsft

|y|∑

t=1

log πθ(yt | x, y<t).

(1)

Group relative policy optimization. For each
input x, GRPO (Shao et al., 2024b) samples a
group of G responses {yi}Gi=1 from the old pol-
icy πθold , and each response receives a reward Ri.
The group-relative advantage is computed by nor-
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Figure 2: The RsEvi pipeline. (a) RsEvi-248K construction extracts evidence labels across tasks, verifies can-
didate regions, and filters teacher traces for answer correctness and evidence faithfulness. (b) Cold-start SFT ini-
tializes Qwen3-VL-8B-Instruct with grounded traces into a parsable evidence-aware policy. (c) Evidence-aware
GRPO combines outcome rewards with evidence judgments during policy optimization. Crops show representa-
tive judgments, including supported evidence (ℓ1), label–region mismatch (ℓ2), and box–target misalignment (ℓ3).

malizing rewards within the sampled group:

Âi =
Ri −mean({Rj}Gj=1)

std({Rj}Gj=1) + ϵ
. (2)

The policy is then updated with a clipped objec-
tive:

JGRPO(θ) = E

[
1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

min
(
ρi,tÂi,

clip
(
ρi,t, 1− ε, 1 + ε

)
Âi

)]

− β DKL

(
πθ ∥πref

)
.

(3)
Here, ρi,t is the token-level policy ratio between
πθ and πθold for token yi,t, and πref denotes the
reference policy.

3.2 Cold-Start Initialization
Directly applying RL to a base multimodal pol-
icy is challenging for remote sensing reasoning.
Before reward signals become informative, the
model needs to learn the response format, task-
specific output spaces, the normalized coordinate
convention, and the placement of visual evidence

within the reasoning trace. Early rollouts are there-
fore frequently unparsable or visually ungrounded,
leaving the RL signal sparse and noisy.

We initialize RsEvi-8B with supervised fine-
tuning on RsEvi-248K, which spans the same
five tasks used in RL: scene classification, object
counting, visual grounding, object detection, and
VQA. The dataset separates intermediate reason-
ing from the final boxed answer, with evidence
boxes embedded in the trace whenever applicable.
This yields a parsable, evidence-aware starting pol-
icy, allowing the subsequent RL stage to focus on
task accuracy and evidence faithfulness.

3.3 Evidence-Aware GRPO

In the RL stage, we optimize both final answer ac-
curacy and evidence faithfulness. Standard GRPO
assigns one response-level advantage to all tokens,
which may reinforce unsupported evidence in cor-
rect rollouts or penalize valid evidence in incor-
rect ones. We therefore keep the reward outcome-
based and use an external multimodal judge only
to adjust evidence span advantages.

Outcome reward. We use a separate outcome
reward for each task to score the final answer. For
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a rollout y with reference answer a and task type
τ , the reward is defined as

R(y, a, τ) = (1−λ)racc(y, a, τ)+λrfmt(y). (4)

The binary format reward rfmt(y) checks whether
y follows the required response format, which
encloses reasoning with <think> and </think>,
places the final answer in a \boxed{} expres-
sion, and represents each evidence item with a
<box> tag containing a label ℓ and normalized co-
ordinates [x1, y1, x2, y2] ∈ [0, 1000]4. The accu-
racy term racc uses normalized exact matching for
scene classification, thresholded count matching
for object counting, continuous IoU scoring for
visual grounding, and a soft set-level score with
best-IoU and count consistency for object detec-
tion. For VQA, we use normalized answer match-
ing and call a text-only semantic judge for un-
resolved cases, following the answer equivalence
check in Fig. 12. We set λ = 0.1 in all experi-
ments. Complete reward definitions are given in
Appendix C.2.

Evidence-aware advantage masking. Out-
come reward is a coarse credit signal: it verifies
the final answer but not the visual faithfulness of
the supporting evidence. As a result, correct an-
swers may reinforce unsupported evidence, while
supported evidence in incorrect responses may be
penalized. To reduce this credit assignment noise,
we keep the reward outcome-based and modify
only the advantage on judged evidence spans.

For each generated evidence item ei,k =
(bi,k, ℓi,k) in response yi, where bi,k is the pre-
dicted region and ℓi,k is its text label, we draw bi,k
as a red bounding box on the image. We then crop
the image around the box and enlarge the crop
before judging, which improves the visibility of
small objects in remote sensing images. Let Imark

i,k

denote the resulting visual input. We use a fixed
MLLM evidence judge Jev to assign a support la-
bel δevi,k = Jev(I

mark
i,k , ℓi,k) ∈ {0, 1}, using the

verification prompt in Fig. 10. Here, δevi,k = 1 indi-
cates that the highlighted region supports label ℓi,k.
Let T ev

i,k denote the token span of evidence item
ei,k. We decompose the response advantage into
[Âi]+ = max(Âi, 0) and [Âi]− = min(Âi, 0).

For tokens in a judged evidence span, we keep
only the advantage component whose sign is con-
sistent with the evidence judgment. In the expres-
sion below, k denotes the unique evidence item

whose span contains token t:

Ãi,t =

{
δevi,k[Âi]+ + (1− δevi,k)[Âi]−, t ∈ T ev

i,k ,

Âi, t /∈ ⋃
k T ev

i,k .
(5)

Consequently, supported evidence under negative
rollout advantage and unsupported evidence under
positive rollout advantage receive zero evidence-
span advantage, rather than being updated in the
direction implied by the sequence-level outcome.

Policy update. The policy is optimized with the
clipped GRPO objective in Eq. 3, with the per-
token surrogate using Ãi,t in place of Âi. At each
iteration, we sample G rollouts, compute the out-
come reward Ri (Eq. 4) and the group relative ad-
vantage Âi (Eq. 2), query the judge on every gen-
erated evidence item to compute δevi,k, and form the

masked advantage Ãi,t (Eq. 5). Since the judge
only modulates evidence-span advantages, the re-
ward remains outcome-based while encouraging
visually faithful evidence generation.

4 Experiments

4.1 Experimental Setup
Tasks and benchmarks. We evaluate RsEvi-8B
on a unified remote-sensing multimodal suite cov-
ering VG, OD, OC, SC, and VQA. The bench-
marks include DIOR-RSVG (Zhan et al., 2023),
RSVG (Sun et al., 2022b), VRSBench-VG (Li
et al., 2024), and RRSIS-D (Liu et al., 2024) for
VG; HRRSD (Zhang et al., 2019), RSOD (Long
et al., 2017), and NWPU VHR-10 (Cheng et al.,
2014) for OD; DOTA (Xia et al., 2018; Ding
et al., 2022), RSVQA-HR (Lobry et al., 2020),
HRRSD, and NWPU VHR-10 for OC; AID (Xia
et al., 2017), SIRI-WHU (Zhao et al., 2016),
WHU-RS19 (Dai and Yang, 2011), and UC-
Merced (Yang and Newsam, 2010) for SC; and
RSVQA-HR and VRSBench for VQA. See Ap-
pendix D.1 for more details.

Baselines. We compare RsEvi-8B with three
groups of models: general open-source MLLMs,
closed-source commercial MLLMs, and remote-
sensing MLLMs. The general open-source base-
lines include GLM-4.6V-Flash (V Team et al.,
2025), Gemma-4-31B-it (Gemma Team, 2026),
InternVL3.5-14B (Wang et al., 2025), Qwen3.5-
397B-A17B (Qwen Team, 2026), and Qwen3-
VL-8B-Instruct (Bai et al., 2025). The closed-
source baselines include Claude-Haiku-4.5 (An-
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Model DIOR-RSVG RSVG VRSBench-VG RRSIS-D

@0.25 @0.5 @0.75 mIoU @0.25 @0.5 @0.75 mIoU @0.25 @0.5 @0.75 mIoU @0.25 @0.5 @0.75 mIoU

Open-source MLLMs
GLM-4.6V-Flash 63.68 49.83 32.40 47.42 34.47 21.92 9.37 22.67 68.96 54.40 29.12 48.59 63.37 49.56 31.83 46.99
Gemma-4-31B-it 61.80 44.93 23.51 42.57 34.15 13.77 2.53 17.95 69.46 50.11 23.93 46.34 61.32 43.87 22.47 42.00
InternVL3.5-14B 16.93 13.87 9.43 12.57 11.41 7.01 1.87 7.99 20.89 16.22 9.33 14.63 17.71 14.69 9.97 13.26
Qwen3.5-397B-A17B 64.31 53.71 37.51 49.92 49.31 37.00 18.42 33.23 73.22 61.46 34.67 53.27 64.87 53.54 38.37 50.16
Qwen3-VL-8B-Instruct 61.95 49.80 33.51 46.48 40.83 28.93 14.59 27.13 70.93 58.35 32.08 50.91 62.55 50.49 34.13 46.87

Closed-source Commercial MLLMs
Claude-Haiku-4.5 21.97 6.13 0.68 12.89 1.71 0.08 0.00 1.37 21.06 6.48 0.96 12.64 22.45 6.75 0.98 13.20
Gemini-3-Flash 26.63 12.88 5.28 16.91 19.40 12.22 6.03 12.57 22.59 11.27 3.86 14.13 26.58 13.90 5.80 17.23
GPT-5.4-mini 34.36 14.24 1.97 20.34 3.10 0.49 0.08 3.00 38.87 16.60 2.93 22.42 34.66 14.08 1.90 20.17

Open-source Remote Sensing MLLMs
GeoChat 57.96 29.27 4.09 32.22 13.20 2.36 0.16 7.41 43.31 17.01 2.30 23.24 58.03 28.67 3.99 31.99
SkySenseGPT 41.80 17.31 2.08 23.20 5.46 0.49 0.08 3.48 31.07 9.24 0.66 17.12 41.05 17.05 1.77 22.67
VHM 66.75 51.15 21.11 44.10 3.26 0.57 0.08 2.21 47.39 23.83 4.11 26.89 65.63 50.21 21.23 43.52
Earthdial 59.93 40.05 15.68 37.67 19.15 6.11 0.57 10.30 47.73 22.93 6.18 27.55 59.12 39.82 15.57 37.41

RsEvi-8B 84.24 78.69 62.81 69.56 51.02 31.78 11.90 31.01 85.80 78.35 56.81 68.30 85.41 80.41 64.31 70.93

Table 2: Experimental results on Visual Grounding tasks. The best and second-best results are highlighted in bold
and underlined, respectively.

thropic, 2025), Gemini-3-Flash (Google Deep-
Mind, 2025), and GPT-5.4-mini (OpenAI, 2026b).
The open-source remote-sensing baselines in-
clude GeoChat (Kuckreja et al., 2024), Sky-
SenseGPT (Luo et al., 2024), VHM (Pang et al.,
2024), and EarthDial (Soni et al., 2025). All mod-
els are evaluated with temperature set to 0 using
greedy decoding.

Training Details. RsEvi-8B is initialized from
Qwen3-VL-8B-Instruct (Bai et al., 2025) and
trained with SFT on RsEvi-248K followed by
evidence-aware GRPO. The RL stage uses the
multitask outcome reward with evidence-span ad-
vantages masked by box–label support. See Ap-
pendix C for more training details.

4.2 Main Results

Overall performance. Tables 2, 3, and 4, to-
gether with Figure 3, show that RsEvi-8B achieves
strong results across the evaluation suite. It leads
on most grounding, detection, counting, scene
classification, and VQA metrics, while remaining
competitive with much larger general MLLMs and
outperforming remote-sensing MLLMs.

Visual grounding and object detection. We
first examine whether RsEvi-8B can produce faith-
ful evidence boxes. In visual grounding, Ta-
ble 2 shows that RsEvi-8B ranks first on 13
out of 16 columns across the four benchmarks.
Averaged over them, it improves Acc@0.75 by
16.72 points and mIoU by 13.31 points over the

Figure 3: Performance Comparison of RsEvi-8B with
State-of-the-Art Closed-Source, Open-Source, and
Remote-Sensing MLLMs on Object Detection Tasks.

strongest average baseline, Qwen3.5-397B-A17B.
The high-threshold gain is important because evi-
dence boxes must be accurate enough to support
the corresponding visual claim. In object detec-
tion, Figure 3 shows that RsEvi-8B achieves the
best mAP@0.5 and mAP@0.75 on all three bench-
marks among the baselines shown. Additional
mAP@0.5 results for a broader set of baselines on
HRRSD and RSOD are reported in Appendix D.2
(Table 14). Its average mAP@0.75 is 19.17 points
higher than the average of the best baseline values
shown in the figure. Together, these results show
that RsEvi-8B grounds task-relevant objects in evi-
dence boxes that are precise enough to be verified.

Scene classification and VQA. For scene classi-
fication, Table 3 shows that RsEvi-8B achieves the
best or second-best result on all four benchmarks,
with an average accuracy of 90.54 and a 3.21-point
gain over the strongest average baseline, VHM.
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Model Scene Classification HR VQA VRSBench

AID SIRI WHU UCM Comp Pre Existence Position Category Scene Shape

Open-source MLLMs
GLM-4.6V-Flash 71.90 66.08 86.90 74.48 68.50 63.90 86.38 62.27 63.73 66.56 67.96
Gemma-4-31B-it 76.43 66.29 92.20 85.57 74.40 70.00 83.55 61.87 55.10 66.50 65.57
InternVL3.5-14B 77.40 65.50 93.50 87.57 83.00 63.70 86.79 66.58 62.33 55.68 45.61
Qwen3.5-397B-A17B 76.60 67.00 91.50 82.19 72.60 67.70 85.77 65.36 58.04 60.87 70.41
Qwen3-VL-8B-Instruct 66.83 68.08 88.30 79.76 78.00 70.60 83.03 58.84 58.78 64.69 67.04

Closed-source Commercial MLLMs
Claude-Haiku-4.5 65.80 62.42 86.80 63.81 74.20 59.10 80.25 50.48 48.88 60.28 66.90
Gemini-3-Flash 81.07 74.12 94.40 92.10 77.30 71.40 86.96 65.99 65.90 71.10 70.48
GPT-5.4-mini 73.10 65.54 89.80 78.14 70.50 65.40 83.35 59.71 57.03 65.50 66.69

Open-source Remote Sensing MLLMs
GeoChat 73.13 53.00 84.80 70.43 80.40 56.90 85.84 65.03 70.21 51.99 44.48
SkySenseGPT 87.83 67.58 95.50 90.19 84.00 65.20 85.38 63.85 72.84 53.99 47.43
VHM 92.00 70.50 96.40 90.43 82.60 67.80 86.90 51.97 67.96 62.78 58.89
Earthdial 87.73 60.50 95.90 93.67 81.80 59.10 82.08 58.25 64.96 51.17 42.59

RsEvi-8B 94.93 75.79 98.00 93.43 87.50 91.80 91.27 72.87 82.55 73.51 75.12

Table 3: Experimental results on Scene Classification and VQA tasks. The best and second-best results are high-
lighted in bold and underlined, respectively.

Model DOTA RSVQA-HR HRRSD NWPU

ACC MAE ACC MAE ACC MAE ACC MAE

Open-source MLLMs
GLM-4.6V-Flash 27.50 6.8250 28.10 2.4194 65.20 0.8231 42.21 2.5066
Gemma-4-31B-it 34.17 3.7227 34.80 2.2649 61.06 0.8961 37.12 2.0029
InternVL3.5-14B 35.00 4.1583 28.70 2.5780 66.24 0.7012 40.32 2.2897
Qwen3.5-397B-
A17B

36.67 4.1500 42.30 2.2530 65.21 0.6617 36.97 2.0218

Qwen3-VL-8B-
Instruct

32.50 5.1917 42.10 2.3920 60.50 0.7517 40.61 1.8661

Closed-source Commercial MLLMs
Claude-Haiku-4.5 20.83 6.8750 19.40 2.8047 56.18 0.9743 36.54 2.4920
Gemini-3-Flash 38.33 3.0333 32.80 2.0201 67.33 1.6665 42.50 1.6943
GPT-5.4-mini 29.17 4.1917 28.90 2.5510 48.27 1.4786 33.92 2.1718

Open-source Remote Sensing MLLMs
GeoChat 11.67 7.2167 33.30 4.1310 46.39 1.4993 31.15 3.3377
SkySenseGPT 21.67 4.4583 26.30 1.9444 57.16 0.8562 36.83 2.5240
VHM 27.50 6.5417 13.10 2.0280 62.68 0.7842 39.59 2.2445
Earthdial 26.67 5.8917 37.20 1.9190 61.93 0.8627 37.70 2.7394

RsEvi-8B 43.33 4.4750 45.50 1.8360 76.90 0.3613 44.10 1.4076

Table 4: Experimental results on Object Counting
tasks.

This suggests that grounding local visual claims
can support scene semantics without weakening
global image recognition. The advantage is larger
on VQA, where RsEvi-8B ranks first on all seven
reported columns, reaching an average accuracy
of 82.09 and outperforming the strongest average
baseline, Gemini-3-Flash, by 9.36 points. The
stronger gains on presence, position, and category
questions are consistent with our diagnostic find-
ing that many VQA errors stem from grounding
the answer in the wrong visual entity or relation.

Object counting. Table 4 shows that RsEvi-8B
obtains the best accuracy on all four counting
benchmarks: DOTA, RSVQA-HR, HRRSD, and
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Figure 4: Diagnostic error reduction on 2,000 ran-
domly sampled questions from RSVQA-HR and VRS-
Bench. Percentages indicate the relative error reduction
of RsEvi-8B compared with Base.

NWPU VHR-10. Its average counting accuracy
reaches 52.46, which is 7.17 points higher than the
strongest average baseline, Qwen3.5-397B-A17B.
The gain is especially clear on HRRSD, improv-
ing the best baseline accuracy from 67.33 to 76.90
and the best baseline MAE from 0.6617 to 0.3613.
On DOTA, although RsEvi-8B does not achieve
the lowest MAE, it still obtains the best exact-
count accuracy. Overall, explicit evidence helps
the model track visible instances before counting.

Diagnostic error reduction. We analyze er-
rors on 2,000 randomly sampled questions from
RSVQA-HR and VRSBench. We compare three
models: Base denotes Qwen3-VL-8B-Instruct,
RsEvi-8B-SFT denotes the checkpoint after su-
pervised fine tuning on RsEvi-248K, and RsEvi-
8B denotes the final model after evidence-aware
GRPO. We classify incorrect predictions into the
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Model VG VQA SC OD OC Avg.

Qwen3-VL-8B-Instruct 46.9 70.0 75.7 19.8 43.9 51.3
RsEvi-8B-SFT 56.7 78.2 89.3 45.1 46.0 63.1
RsEvi-8B-SFT + GRPO 65.1 82.6 89.6 46.4 49.2 66.6
RsEvi-8B 67.3 83.6 90.5 48.2 52.5 68.4

Table 5: Ablation study with dataset-balanced task-
family averages.

same four categories used in the introduction: Ev-
idence Grounding, Recognition, Reasoning, and
Other. Figure 4 reports the error counts, with per-
centages indicating the relative reduction of RsEvi-
8B over Base. RsEvi-8B reduces all error types,
with the largest drop in Evidence Grounding er-
rors, from 322 to 138, or 57.1%. The share of
Evidence Grounding errors also decreases, sug-
gesting that the model is less likely to ground an-
swers in the wrong visual evidence. Recognition
errors show the second largest reduction at 49.1%.
These results support our diagnostic finding that
explicit grounded visual evidence mitigates a dom-
inant failure mode in remote-sensing question an-
swering.

4.3 Ablation Study

We ablate the two main components of RsEvi:
SFT on RsEvi-248K and evidence-aware GRPO.
Table 5 reports dataset-balanced task-family aver-
ages for VG, VQA, SC, OD, and OC. VG uses
Acc@0.5, OD uses mAP@0.75, OC uses exact-
count accuracy, and SC/VQA use accuracy. The
final column averages the five task-family scores.
We additionally compare with two representa-
tive remote-sensing reasoning models, RS-EoT-
7B (Shao et al., 2026) and GeoSolver-9B (Sun
et al., 2026); full results are provided in Ap-
pendix D.3.

Effect of RsEvi-248K. RsEvi-8B-SFT im-
proves the average score from 51.27 to 63.06
over Qwen3-VL-8B, showing that RsEvi-248K
provides an effective cold-start initialization. The
largest gain appears on OD, followed by SC, VG,
and VQA. This shows that verified bounding-box-
grounded traces provide an effective cold-start
initialization, helping the model learn the response
format, normalized coordinates, and evidence
placement before RL.

Effect of evidence-aware GRPO. Starting from
RsEvi-8B-SFT, standard GRPO raises the aver-
age score from 63.06 to 66.59. Evidence-aware

GRPO further improves it to 68.42 by adjusting
updates on generated evidence spans according to
box–label support. The gain over standard GRPO
is consistent across task families, largest on OC,
followed by VG and OD. These results support
evidence-aware credit assignment as a key com-
ponent of RsEvi-8B. It improves tasks that de-
pend on grounded visual evidence while benefit-
ing scene understanding and question-conditioned
reasoning.

4.4 Case Study

We provide qualitative examples in Figs. 5, 6, 7,
and 8. The examples cover object counting, ob-
ject detection, scene classification, VQA, and vi-
sual grounding. They show that RsEvi-8B uses ex-
plicit <box> spans to anchor task-relevant visual
claims, such as airplane instances for counting, ve-
hicle boxes for detection and comparison, scene
cues for resort classification, and the reference ve-
hicle and target basketball court for visual ground-
ing. These cases illustrate how grounded evidence
is used before producing the final answer.

5 Related Work

Grounded Reasoning in MLLMs. Grounded
reasoning anchors language outputs to visual ev-
idence by referring to image regions (Peng et al.,
2023; Chen et al., 2023; You et al., 2023; Shao
et al., 2024a; Fan et al., 2025). Existing work
spans grounded MLLMs that align regions with
language and reasoning frameworks that inter-
leave visual evidence with chain-of-thought. The
former evolved from coordinate tokens (Peng
et al., 2023) to natural-language coordinates (Chen
et al., 2023) and free-form region grounding (You
et al., 2023). Grounding-augmented reasoning
frameworks use localized evidence as intermedi-
ate reasoning signals: Visual CoT (Shao et al.,
2024a) uses bounding boxes to guide later steps,
Argus (Man et al., 2025) formalizes object-centric
grounding over task-relevant regions, GRIT (Fan
et al., 2025) interleaves box coordinates with tex-
tual reasoning. PRCO (Miao et al., 2026) co-
evolves textual evidence extraction and reason-
ing through Observer–Solver roles, whereas our
method assigns localized credit to explicit box–
label evidence spans.

Remote Sensing MLLMs. Remote sensing
MLLMs adapt vision-language models to aerial
and satellite imagery, addressing fine-grained cate-
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gories, small objects, and geospatial context (Yao
et al., 2025). GeoChat (Kuckreja et al., 2024)
introduces region-level RS-grounded dialogue,
while EarthGPT (Zhang et al., 2024) unifies multi-
task instruction tuning. Subsequent works (Luo
et al., 2024; Pang et al., 2024; Muhtar et al., 2025)
target fine-grained scene reasoning, hallucination-
aware instruction tuning, and scalable VGI-based
data construction, respectively. GeoPixel (Shab-
bir et al., 2025) advances pixel-level grounding
for high-resolution imagery with small objects.
Reasoning-oriented methods progress from RS
CoT with GRPO (Köksal and Alatan, 2025) and
Geo-CoT supervision (Liu et al., 2026) to RL-
based geospatial reasoning (Fiaz et al., 2025; Xu
et al., 2026).

6 Conclusion

Remote sensing reasoning requires models to pro-
duce not only plausible answers, but also the
visual evidence that supports their intermediate
claims. Our diagnostic analysis shows that evi-
dence grounding failures are a major bottleneck
for current remote sensing MLLMs, especially
in large-scale scenes with small, dense, and spa-
tially subtle targets. To address this issue, we
introduce RsEvi-8B, a remote sensing MLLM
that performs Think with Grounding through
parseable bounding-box-grounded evidence spans.
We further optimize it with evidence-aware GRPO,
which mitigates the mismatch between outcome-
level rewards and evidence faithfulness by assign-
ing credit at the evidence-span level. Across
diverse remote-sensing tasks, explicit evidence
grounding improves performance and reasoning
faithfulness.

Limitations

We note two limitations of this work. First, the
construction of grounded reasoning data relies on
external models for evidence extraction, verifica-
tion, and teacher response generation. Although
filtering and rejection sampling reduce low-quality
samples, errors from these models may still af-
fect the SFT data. Second, the evidence-aware
RL stage uses an external judge to assign binary
support labels to generated evidence spans. Al-
though we crop and enlarge highlighted regions
before judging, these judgments may still be noisy
when the evidence is ambiguous.

Ethical Considerations

All experiments in this work are conducted on
publicly available datasets and benchmarks. We
do not collect private or personally identifiable
data. Human annotators are involved only in au-
diting model outputs, and no personal informa-
tion about them is collected or analyzed. As with
prior work using existing remote sensing datasets,
model behavior may be affected by annotation
noise, dataset bias, or limited coverage.
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A Diagnostic Error Analysis

We perform diagnostic error classification on
the incorrect predictions made by Qwen3-VL-8B-
Instruct on 2,000 randomly sampled questions
from RSVQA-HR and VRSBench. We use GPT-
5.4 (OpenAI, 2026a) as the multimodal judge with
temperature set to 0, and ask it to assign exactly
one primary error type following the error attri-
bution template in Fig. 15. The template uses
four categories. Evidence Grounding denotes fail-
ures to ground the answer in the correct visual
evidence, such as missing the relevant object, at-
tending to an incorrect or adjacent region, or us-
ing only partial evidence. Recognition denotes
cases where the model attends to the correct or a
highly plausible region but misidentifies its cate-
gory, scene cue, or attribute. Reasoning denotes
cases where the relevant visual evidence is mostly
correct but the model makes an error in counting,

comparison, spatial relation, or aggregation. Other
covers formatting errors, synonym or label mis-
matches, annotation ambiguity, unclear questions,
and cases whose primary cause cannot be reliably
determined.

B Dataset Construction

B.1 SFT Dataset Construction Details

Overview. In this section, we provide additional
details on the construction of RsEvi-248K. We
build the dataset from public remote-sensing re-
sources covering visual question answering, visual
grounding, scene classification, object detection,
and object counting (Lobry et al., 2020; Li et al.,
2024; Pang et al., 2024; Zhan et al., 2023; Zhang
et al., 2019; Cheng et al., 2017; Xia et al., 2017;
Christie et al., 2018; Yang and Newsam, 2010;
Zhu et al., 2022; Sun et al., 2022a; Xia et al., 2018;
Ding et al., 2022). Qwen3.5-397B-A17B (Qwen
Team, 2026) is used as the teacher model for label
extraction, response generation, answer verifica-
tion, and reasoning quality assessment. All spatial
annotations are normalized into a shared [0, 1000]
coordinate space. Table 6 summarizes the source
composition of the final SFT set.

Data sources and task normalization. We first
convert all source datasets into a unified format
containing an image, a task label, a user instruc-
tion, a reference answer, and optional object-level
annotations. VRSBench contributes both VQA
and visual grounding samples, while caption-
only samples are excluded. RSVQA-HR is used
for VQA-style question answering, and DIOR-
RSVG provides referring-expression grounding
examples. HRRSD provides object detection an-
notations and also contributes object counting sam-
ples. Scene classification data is collected from
NWPU-RESISC45, AID, fMoW, UCMerced, and
METER-ML. VersaD contributes object-centric
VQA samples over FAIR1M and DOTA imagery.
For all localization tasks, boxes are normalized to
[0, 1000] and represented in xyxy format.

Object-level evidence construction. For sam-
ples with native object or grounding annotations,
we directly use the provided boxes as candidate
evidence after coordinate normalization. For other
samples without object-level evidence, we prompt
Qwen3.5-397B-A17B to extract task-relevant and
visually localizable object labels from the ques-
tion, image, and reference answer, following the
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evidence label selection template in Fig. 9. We
use these labels as text prompts for SAM3 (Carion
et al., 2025) to obtain candidate regions. We retain
SAM3 proposals whose labels match the extracted
label set and whose confidence scores are at least
0.55, then normalize their boxes to the shared co-
ordinate system and discard boxes with degener-
ate geometry. To reduce noisy over-segmentation,
labels that produce more than 20 proposals are fil-
tered before teacher verification. The remaining
boxes are verified by the teacher model, and only
boxes that pass verification are retained, using the
evidence box verification template in Fig. 10. This
yields a verified evidence set Ei = {(ℓj , bj)}Ni

j=1

for sample i, where ℓj is an object label and bj is
its normalized bounding box.

Evidence-guided teacher response generation.
Given the image, instruction, task type, reference
answer, and verified evidence set, we sample K =
8 teacher responses with Qwen3.5-397B-A17B us-
ing the Grounded Trace Generation template in
Fig. 11, instantiated with task-specific answer re-
quirements and examples. Each response follows
a unified protocol: the reasoning trace is enclosed
by <think> and </think>, evidence items are se-
rialized as <box> spans, and the final answer is
placed in a \boxed{} expression. The final answer
format is task-dependent: short text for VQA, a
class name for scene classification, an integer for
object counting, a single box for visual grounding,
and a list of boxes for object detection.

Rejection sampling with answer and evidence
verification. We retain only responses with cor-
rect answers and faithful evidence use. First, we
enforce the response format and require each ev-
idence box mentioned in the reasoning trace to
match the verified evidence set. We also discard re-
sponses that reveal annotation provenance or auxil-
iary hints. This leakage filter combines rule-based
screening with a separate teacher-based leakage
check that identifies cases where the response re-
lies on annotation provenance rather than visual
evidence, with the evidence provenance check
shown in Fig. 14. We then apply task-specific an-
swer checks: normalized semantic matching for
VQA, exact matching for scene classification and
object counting, and IoU-based matching for vi-
sual grounding and object detection with an IoU
threshold of 0.75. Among valid candidates, the
teacher model scores the reasoning trace along five
axes: factual consistency, evidence usage, hallu-

Task Source # Samples Training
Source /
Split

VQA RSVQA-HR 47,635 Train split
VRSBench 34,053 Train split
VersaD 18,312 Train split

Visual Grounding VRSBench 34,727 Train split
DIOR-
RSVG

24,709 Train split

Scene Classification NWPU-
RESISC45

25,196 Train split

AID 6,979 Train split
fMoW 4,910 Train split
UCMerced 2,097 Train split
METER-ML 1,480 Train split

Object Detection HRRSD 24,448 Train/val
split

Object Counting VRSBench 13,419 Train split
HRRSD 6,366 Train/val

split
FAIR1M 2,138 Train split
DOTA 1,059 Train split

Total – 247,528 –

Table 6: Source composition of RsEvi-248K.

cination avoidance, clarity, and conciseness. We
keep the highest-scoring candidate for SFT. The
answer equivalence check and Grounded Trace
Scoring templates are shown in Figs. 12 and 13,
respectively.

Deduplication and resampling. After filtering,
we remove exact duplicates from the SFT candi-
date set. To keep the final SFT set compact while
preserving broad task coverage, we cap VQA at
100,000 examples, keep visual grounding, scene
classification, and object counting, and upsample
OD by a factor of two. In practice, this repeats the
HRRSD object detection subset once in the final
training set. This produces 247,528 SFT examples
in total. The final task distribution is reported in
Table 1 in the main text, and the source-level com-
position is shown in Table 6.

Dataset statistics and filtering outcomes. The
construction pipeline begins with 471,249 candi-
date samples and retains 247,528 examples af-
ter verification, deduplication, and task balancing,
yielding a final-to-candidate ratio of 52.53%. Can-
didate responses pass format validation at a rate of
97.49% and contain 1.64 evidence boxes on aver-
age. Evidence derived from native annotations ac-
counts for 48.36% of the final set, while inferred
and verified evidence accounts for the remaining
51.64%. The data construction evidence verifier
reaches 95.5% agreement with human judgments
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Task # Samples Ratio

Visual Question Answering (VQA) 28,125 18.31%
Visual Grounding (VG) 36,337 23.66%
Scene Classification (SC) 32,933 21.44%
Object Counting (OC) 28,247 18.39%
Object Detection (OD) 27,958 18.20%

Total 153,600 100.00%

Table 7: Distribution of the RL training dataset.

under the audit protocol in Table 15. Common
rejected cases include VG boxes below the IoU
threshold, incorrect scene labels, incorrect object
counts, and a small number of bounding-box pars-
ing failures; these samples are removed before en-
tering RsEvi-248K.

B.2 RL Dataset Construction

The RL training set is built from the same normal-
ized remote-sensing sources and task families as
RsEvi-248K. Unlike SFT, it uses verifiable refer-
ence answers rather than teacher responses, since
supervised reasoning targets are not required for
RL. Starting from the same source selection and
task weights, we form a more balanced RL mix-
ture by reducing the dominance of visual question
answering and increasing the relative coverage of
object detection and object counting. The final RL
training set contains 153,600 examples, including
132,859 unique image and instruction pairs. Its
task distribution is shown in Table 7.

C Training Details

C.1 Training setup.

In this section, we describe the training details
of RsEvi-8B. All training is conducted on 4
NVIDIA H200 GPUs. The model is trained
in two stages: supervised fine tuning (SFT)
followed by reinforcement learning (RL) with
evidence-aware GRPO. Both stages adopt Qwen3-
VL-8B-Instruct (Bai et al., 2025) as the back-
bone. The SFT and RL stages are implemented
based on LLaMA-Factory (Zheng et al., 2024) and
EasyR1 (Zheng et al., 2025), respectively.

Supervised fine tuning. For the SFT stage, we
perform full parameter fine tuning on the language
model and the multimodal projector while keep-
ing the vision tower frozen. The SFT corpus com-
prises 247,528 samples spanning five task fami-
lies: visual question answering, visual grounding,
scene classification, object detection, and object

counting. We train for one epoch and use the re-
sulting checkpoint to initialize the RL policy. Key
SFT hyperparameters are reported in Table 8.

Reinforcement learning. For the RL stage, we
extend the GRPO implementation in EasyR1
with evidence-aware supervision. Following
DAPO (Yu et al., 2025), we use token level pol-
icy gradient loss averaging and clip-higher, with
clipping factors ϵl = 0.2 and ϵh = 0.28, and dis-
able the reference KL term (β = 0). The scalar
reward is the multitask outcome reward defined
in Appendix C.2, with the format weight set to
λ = 0.1. We employ Qwen-3-VL-30B-A3B (Bai
et al., 2025) as the evidence judge. It uses the Ev-
idence Box Verification prompt in Fig. 10 to ver-
ify whether each generated evidence box supports
its text label in the rendered image region. To fo-
cus the judge on local visual cues, we render a
crop around each candidate box with a minimum
padding of 64 pixels and a padding ratio of 0.5.
The judge uses the Evidence Box Verification in
Fig. 10. Other RL hyperparameters are summa-
rized in Table 9. More implementation details can
be found in the EasyR1 codebase.

Training overhead. We measure the additional
cost of evidence-aware GRPO on 4 NVIDIA H200
GPUs. Both runs use the same SFT checkpoint,
RL data, rollout batch size of 384, and actor batch
size of 128. We average perf.time_per_step
over RL training logs, excluding SFT time and
the validation record at step 0. As shown in Ta-
ble 10, evidence-aware GRPO takes 209.7 seconds
per step, compared with 182.7 seconds for stan-
dard GRPO. The 14.8% increase indicates that evi-
dence verification does not add substantial training
cost.

C.2 Reward Details
Notation. For a rollout y, let â denote the
model’s final answer extracted from y. Given
a reference answer a and task type τ ∈
{SC,OC,VG,VQA,OD}, the outcome reward
combines a task specific accuracy term with a bi-
nary format term:

R(y, a, τ) = (1− λ) rτacc(y, a) + λ rfmt(y). (6)

The accuracy term rτacc takes a task specific form,
which we define in the remainder of this section.

Format reward. The format reward enforces
compliance with the prescribed reasoning and an-
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Stage lr Epochs Max Len. Batch Opt. Sched. Warmup WD Freeze VT

SFT 1e-5 1 4096 128 AdamW Cosine 0.03 0.01 True

Table 8: Hyperparameters for supervised fine tuning. Max Len. denotes the maximum sequence length, Batch
denotes the training batch size, Opt. denotes the optimizer, Sched. denotes the learning rate scheduler, WD
denotes weight decay, and Freeze VT indicates whether the vision tower is frozen.

Algorithm lr Max Len. Steps Opt. Rollout BS n Actor BS Temp. top-p/top-k

GRPO 1e-6 4096 / 2048 400 AdamW 384 8 128 1 1.0 / -1

Table 9: Hyperparameters for reinforcement learning. Max Len. denotes the maximum prompt/response lengths,
Opt. denotes the optimizer, Rollout BS and Actor BS denote the rollout and actor batch sizes, respectively, and n
denotes the number of rollouts per prompt.

RL setting Hardware Time / step

Standard GRPO 4 H200 182.7 s
Evidence-aware GRPO 4 H200 209.7 s (↑14.8%)

Table 10: Training overhead of evidence-aware GRPO
on 4 NVIDIA H200 GPUs.

swer template:

rfmt(y) = 1[y ∈ Tfmt ∧ ValidBox(y)] , (7)

where Tfmt denotes the required <think> reason-
ing template terminated by a \boxed{} answer,
and ValidBox(y) verifies that all evidence boxes
are well formed.

Scene classification. We adopt normalized ex-
act matching:

rSCacc(y, a) = 1[ν(â) = ν(a)] , (8)

where ν(·) lowercases the text and collapses con-
secutive whitespace.

Object counting. Let ĉ and c⋆ denote the pre-
dicted and reference counts. For small reference
counts (c⋆ ≤ 2), we require an exact match,
rOC
acc (y, a) = 1[ĉ = c⋆]. For larger counts,

we use a clipped relative score, rOC
acc (y, a) =

max(0, 1− |ĉ− c⋆|/max(|ĉ|, |c⋆|)).
Visual grounding. Let B̂ and B denote the pre-
dicted and reference grounding boxes. We use a
continuous IoU reward:

rVG
acc (y, a) = max

b̂∈B̂, b∈B
IoU(b̂, b). (9)

Visual question answering. For VQA, we first
attempt deterministic normalized matching and in-
voke a semantic judge only when the rule based

comparison is inconclusive. Let µ(·) denote the
VQA text normalizer and Y = {yes, no} the
yes/no answer set. The reward rVQA

acc (y, a, q)
equals 1 if µ(â) = µ(a). It equals 0 if µ(â) and
µ(a) both lie in Y but disagree. Otherwise, it falls
back to J(q, a, â) ∈ {0, 1}, the output of a seman-
tic equivalence judge conditioned on the question
q.

Object detection. Let B̂ = {b̂i}ni=1 and B =
{bj}mj=1 denote the predicted and reference box
sets, respectively. We use a soft set level re-
ward that linearly combines, with equal weight
wod = 0.5, a per reference best IoU term siou =
1
m

∑m
j=1max1≤i≤n IoU(b̂i, bj) that rewards local-

ization accuracy, and a count consistency term
scnt = min(n,m)/max(n,m) that penalizes
both overprediction and underprediction:

rOD
acc (y, a) = wod siou + (1− wod) scnt. (10)

D Evaluation Details and Additional
Results

D.1 Evaluation Details
We evaluate RsEvi-8B and all baselines on a
suite of remote-sensing benchmarks that cover
grounded evidence extraction, scene-level under-
standing, object counting, and visual question an-
swering. Table 11 summarizes the benchmark set-
ting, including task types, sample numbers, and
evaluation metrics.

Evaluation Datasets. The benchmarks jointly
test object-level localization, countable evi-
dence, scene semantics, and question-conditioned
remote-sensing understanding.

• NWPU VHR-10 (Cheng et al., 2014) is a
ten-class very-high-resolution object detec-
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Benchmark Task Samples Metric

NWPU VHR-10 (Cheng et al., 2014) OD 1,601 mAP@0.5, mAP@0.75
OC 687 Acc, MAE

RSOD (Long et al., 2017) OD 936 mAP@0.5, mAP@0.75

DOTA (Xia et al., 2018; Ding et al., 2022) OC 120 Acc, MAE

HRRSD (Zhang et al., 2019) OD 14,049 mAP@0.5, mAP@0.75
OC 14,049 Acc, MAE

RSVG (Sun et al., 2022b) VG 1,227 Acc@0.25/0.5/0.75, mIoU

DIOR-RSVG (Zhan et al., 2023) VG 7,500 Acc@0.25/0.5/0.75, mIoU

RRSIS-D (Liu et al., 2024) VG 7,720 Acc@0.25/0.5/0.75, mIoU

UC-Merced (Yang and Newsam, 2010) SC 2,100 Acc

WHU-RS19 (Dai and Yang, 2011) SC 1,000 Acc

SIRI-WHU (Zhao et al., 2016) SC 2,400 Acc

AID (Xia et al., 2017) SC 3,000 Acc

RSVQA-HR (Lobry et al., 2020) OC 1,000 Acc, MAE
VQA 2,000 Acc

VRSBench (Li et al., 2024) VG 16,159 Acc@0.25/0.5/0.75, mIoU
VQA 37,409 Acc

Table 11: Evaluation benchmarks, task types, sample numbers, and metrics used in our experiments. VG, OD, OC,
SC, and VQA denote visual grounding, object detection, object counting, scene classification, and visual question
answering, respectively.

tion dataset. We use it for object detection
and object counting, and report additional de-
tection splits by instance number and object
scale.

• RSOD (Long et al., 2017) contains represen-
tative aerial object categories such as aircraft,
oil tanks, overpasses, and playgrounds. We
use it to evaluate object detection on compact
but canonical remote-sensing targets.

• DOTA (Xia et al., 2018; Ding et al., 2022)
is a large-scale aerial object detection dataset
with dense objects and strong scale and ori-
entation variation. We use a DOTA-derived
split for object counting.

• HRRSD (Zhang et al., 2019) is a high-
resolution remote-sensing object detection
dataset with large-scale annotations. We use
it for both object detection and object count-
ing.

• RSVG (Sun et al., 2022b) is a remote-sensing
visual grounding benchmark built around
geospatial referring expressions. We use it to
evaluate whether language descriptions can
be localized to image regions.

• DIOR-RSVG (Zhan et al., 2023) extends
DIOR imagery with expression-box annota-
tions for referring object localization. We use
it for visual grounding.

• RRSIS-D (Liu et al., 2024) provides refer-
ring expressions for remote-sensing objects
with diverse scales and orientations. We con-
vert its annotations into box-level targets for
visual grounding.

• UC-Merced (Yang and Newsam, 2010) is a
21-class land-use scene classification dataset.
We use it to evaluate image-level remote-
sensing scene recognition.

• WHU-RS19 (Dai and Yang, 2011) is a 19-
class high-resolution satellite scene classifi-
cation benchmark. We use it for scene-level
category recognition.

• SIRI-WHU (Zhao et al., 2016) contains
2,400 remote-sensing scene images across 12
land-use categories. We use it for scene clas-
sification.

• AID (Xia et al., 2017) is a large-scale aerial
scene classification benchmark with 30 cate-
gories and diverse imaging conditions. We
use it for scene classification.

• RSVQA-HR (Lobry et al., 2020) evalu-
ates visual question answering over high-
resolution remote-sensing images. We use
its comparison, presence, and counting ques-
tions for visual question answering and ob-
ject counting.
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• VRSBench (Li et al., 2024) is a versa-
tile remote-sensing vision-language bench-
mark covering captions, object references,
and question-answer pairs. We use its vi-
sual grounding and visual question answering
splits.

Metric Definitions. For visual grounding,
Acc@t denotes the percentage of predictions
whose intersection-over-union with the ground-
truth box is at least threshold t, and mIoU is
the mean intersection-over-union over all evalu-
ated samples. For object detection, mAP@t is the
mean average precision computed at IoU thresh-
old t over object categories. For scene classifi-
cation and visual question answering, Acc is the
normalized answer accuracy. For object counting,
Acc measures exact numerical correctness after
answer normalization, while MAE measures the
mean absolute difference between the predicted
and ground-truth counts. All metrics are reported
as percentages except MAE.

Grounding evaluation protocol and diagnos-
tics. For tasks without coordinate outputs, we
use the original dataset questions. For VG and OD,
open-source remote-sensing MLLMs are evalu-
ated with their official code, prompts, and parsers;
for the remaining models, we preserve the same
task semantics and follow their native coordinate
conventions. GPT models output integer xyxy co-
ordinates normalized to [0, 999], whereas Claude
outputs absolute pixel coordinates relative to the
displayed image. The Claude VG and OD prompts
permit preceding reasoning but require the final
line to contain, respectively, one boxed absolute
xyxy box or a boxed list of absolute xyxy boxes.
Concretely, the required final-line formats are
\boxed{[[xmin,ymin,xmax,ymax]]} for VG
and \boxed{[[xmin,ymin,xmax,ymax],...]}
for OD. We map all predictions back to the orig-
inal image space before computing IoU or mAP,
retry unparsable outputs up to three times with
the same prompt, and mark a sample incorrect if
no valid, nondegenerate box is obtained. The low
commercial-model scores mainly occur on RSVG,
whose median target occupies only 0.185% of the
image, compared with 1.76%–1.89% on the other
VG benchmarks; its expressions also combine
distance, area, and multiple spatial relations,
making precise instance localization difficult. On
NWPU-OD, Claude-Haiku-4.5 produces valid
boxes for 97.94% of samples. Optimizing a

single global translation for all predicted boxes
increases mean IoU only from 0.061 to 0.066
and the fraction with IoU ≥ 0.5 from 0.94%
to 1.16%, while the fraction with IoU ≥ 0.75
remains near zero. Thus, neither parsing failures
nor a fixed coordinate offset explains most of the
low performance; the dominant errors arise from
inaccurate predicted box locations.

D.2 Additional Results

Table 12 provides additional object detection re-
sults on the five NWPU VHR-10 splits. Single and
Multiple separate images according to whether the
queried category appears as one instance or mul-
tiple instances, while Small, Medium, and Large
group samples by target scale. These splits com-
plement the aggregate object detection results by
making scale sensitivity and crowded-instance lo-
calization explicit.

Table 13 reports the remaining VRSBench tasks
omitted from Table 3. These tasks include the
overall VRSBench score as well as quantity, quan-
tity MAE, color, image-level recognition, size, rea-
soning, direction, and rural-or-urban recognition.
Together with the main VRSBench columns in Ta-
ble 3, the appendix table gives a more complete
view of model behavior across both perceptual and
reasoning-oriented remote-sensing question types.

Additional object detection results. Figure 3
presents representative object detection baselines,
while Table 12 reports the complete NWPU VHR-
10 results. Table 14 provides additional mAP@0.5
results on HRRSD and RSOD for a broader set
of baselines. Among these models, Qwen3.5-
397B-A17B performs best on HRRSD with 40.10
mAP@0.5, while InternVL3.5-14B performs best
on RSOD with 51.76 mAP@0.5.

D.3 Additional Analysis

Across all human audits, the annotator follows the
same task-specific prompts as the corresponding
automated components; the full prompt templates
are provided in Appendix F.

Reliability of external models. External-model
errors can enter both dataset construction and RL,
but our pipeline restricts their propagation. Ex-
tracted evidence labels are used only to propose
candidate regions, teacher responses are retained
only after evidence and answer verification fol-
lowed by rejection sampling, and the RL evidence
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Model Single Multiple Small Medium Large

@0.5 @0.75 @0.5 @0.75 @0.5 @0.75 @0.5 @0.75 @0.5 @0.75

Open-source MLLMs
GLM-4.6V-Flash 46.74 23.17 35.66 13.01 36.27 12.67 43.06 18.59 49.44 30.63
Gemma-4-31B-it 45.74 15.25 23.30 3.80 30.45 6.90 36.63 10.57 46.27 17.80
InternVL3.5-14B 30.69 11.03 39.81 13.16 25.12 4.49 33.52 11.38 45.09 20.14
Qwen3.5-397B-A17B 52.96 25.98 43.94 14.83 38.71 10.85 50.64 21.95 58.75 34.88
Qwen3-VL-8B-Instruct 46.64 22.67 16.96 5.40 29.44 6.56 36.94 16.08 38.94 26.00

Closed-source Commercial MLLMs
Claude-Haiku-4.5 1.50 0.00 0.67 0.00 0.94 0.00 0.93 0.00 2.15 0.00
Gemini-3-Flash 9.23 3.11 9.55 2.71 7.62 2.08 8.82 2.83 12.55 4.96
GPT-5.4-mini 8.43 1.40 1.83 0.09 2.47 0.04 5.24 0.23 7.88 2.39

Open-source Remote Sensing MLLMs
GeoChat 4.01 0.00 2.09 0.11 1.56 0.01 3.14 0.07 5.63 0.00
SkySenseGPT 3.61 0.20 1.71 0.06 0.72 0.00 2.39 0.15 6.68 0.30
VHM 13.04 1.20 2.90 0.20 7.55 1.06 7.99 0.65 14.36 1.00
Earthdial 28.18 6.62 8.34 0.51 15.93 2.75 19.40 4.41 29.52 5.83

RsEvi-8B 65.70 36.01 54.08 19.43 52.30 16.52 62.33 29.31 68.79 46.87

Table 12: Results on the five NWPU object detection splits. The best and second-best results are highlighted in
bold and underlined, respectively.

Model Overall Quant Q-MAE Color Image Size Reason Direct Rural

Open-source MLLMs
GLM-4.6V-Flash 68.48 47.29 0.9938 71.10 82.55 52.72 72.28 60.17 83.39
Gemma-4-31B-it 65.79 44.24 1.1074 78.79 83.17 47.48 71.18 58.49 84.75
InternVL3.5-14B 66.25 53.59 0.7733 64.31 73.60 45.10 68.40 46.33 82.03
Qwen3.5-397B-A17B 67.31 46.97 0.9491 77.24 81.75 53.51 73.28 57.44 82.71
Qwen3-VL-8B-Instruct 65.61 44.24 1.1541 78.20 83.17 52.82 70.18 51.57 84.41

Closed-source Commercial MLLMs
Claude-Haiku-4.5 61.18 39.10 1.1915 72.14 81.93 49.46 64.30 50.10 86.44
Gemini-3-Flash 70.98 51.95 1.2198 78.28 86.54 54.20 73.28 61.84 84.41
GPT-5.4-mini 65.47 41.97 1.1964 80.51 81.58 54.10 69.18 57.65 86.78

Open-source Remote Sensing MLLMs
GeoChat 59.69 25.76 3.1311 44.45 61.82 43.42 62.08 42.14 80.00
SkySenseGPT 62.57 39.58 1.2954 51.49 62.18 45.20 64.08 44.65 79.32
VHM 65.89 47.46 1.0051 71.46 87.42 49.85 65.85 46.54 83.73
Earthdial 60.94 41.32 1.4245 62.85 68.47 46.49 54.66 31.45 72.20

RsEvi-8B 77.49 59.30 0.6030 78.70 92.83 59.64 75.61 60.17 86.78

Table 13: Additional results on VRSBench tasks omitted from Table 3. Quant, Q-MAE, Reason, and Direct denote
Quantity, Quantity-MAE, Reasoning, and Direction, respectively. The best and second-best results are highlighted
in bold and underlined, respectively.

judge modifies advantages only for the correspond-
ing <box> spans without changing the task-level
outcome reward. To quantify residual errors, we
conduct a blinded human audit. For evidence label
extraction, a remote-sensing annotator evaluates
200 randomly sampled examples without native
box annotations for question relevance, visibility,
localizability, and coverage of the key evidence
needed for the answer. For the data construction
evidence verifier and RL evidence judge, the anno-
tator evaluates 200 randomly sampled box–label
pairs per target, with each marked box and its la-
bel shown without the automatic decision, and de-
termines whether the region reasonably covers and
visually supports the label. Table 15 reports agree-
ment rates of 98.5%, 95.5%, and 93.5%, respec-

tively. These results indicate that the external mod-
els are generally reliable, while occasional errors
remain possible.

Automated-judge validation. Semantic answer
judging is used only for VQA cases unresolved by
deterministic matching. To assess the remaining
automated judgments, a remote-sensing annota-
tor independently audits 200 decisions each from
the Diagnostic Error Analysis, the data construc-
tion evidence verifier, and the RL evidence judge
without seeing the automatic decisions. Human
agreement reaches 90.5%, 95.5%, and 93.5%, re-
spectively. For cross-model consistency, GPT-5.4
rescores 200 examples with multiple valid candi-
date traces under the same grounded-trace criteria

51615



Model HRRSD
mAP@0.5

RSOD
mAP@0.5

Open-source MLLMs
Gemma-4-31B-it 40.03 31.02
InternVL3.5-14B 18.35 51.76
Qwen3.5-397B-A17B 40.10 32.05
Qwen3-VL-8B-Instruct 36.57 26.96

Closed-source Commercial MLLMs
Claude-Haiku-4.5 5.04 2.72
Gemini-3-Flash 11.45 6.11

Open-source Remote Sensing MLLMs
GeoChat 8.37 2.80
SkySenseGPT 8.68 7.08
VHM 19.25 1.45

Table 14: Additional object detection results on
HRRSD and RSOD.

Audit target Samples Agreement

Evidence label extraction 200 98.5%
Data construction evidence verifier 200 95.5%
RL evidence judge 200 93.5%

Table 15: Human audit of external models used for evi-
dence construction and RL.

and selects the same highest-scoring trace as the
original scoring model in 92.0% of cases. These
results indicate that the automated judgments are
generally consistent, while occasional errors re-
main possible.

Evidence quality and reasoning reliability.
Benchmark accuracy alone does not establish
whether generated evidence is reliable. Beyond
the diagnostic analysis in Fig. 4, where RsEvi-
8B reduces Evidence Grounding errors from 322
to 138 (57.1%) relative to the base model, we di-
rectly evaluate evidence quality on the same 2,000
RSVQA-HR and VRSBench questions for RsEvi-
8B-SFT, RsEvi-8B-SFT with standard GRPO, and
RsEvi-8B. For each response, we mark its <box>
regions on the input image and provide GPT-5.4
with the marked image, question, and full re-
sponse. Box Support and Question Relevance as-
sess each evidence item, while Set Sufficiency as-
sesses whether the complete evidence set covers
the visual information needed for the answer. Task
Accuracy, Box Support, Question Relevance, and
Set Sufficiency are 79.2%, 87.8%, 90.0%, and
79.6% for RsEvi-8B-SFT; 82.4%, 86.6%, 88.7%,
and 82.1% with standard GRPO; and 84.4%,
96.1%, 94.7%, and 85.2% for RsEvi-8B, respec-
tively. Standard GRPO improves task accuracy

Model VG VQA SC OD OC Avg.

RS-EoT-7B 41.8 70.2 66.0 17.7 41.2 47.4
GeoSolver-9B 65.7 77.8 88.0 47.9 49.1 65.7
RsEvi-8B 67.3 83.6 90.5 48.2 52.5 68.4

Table 16: Comparison with remote-sensing reasoning
models using dataset-balanced task-family averages.

and set sufficiency but slightly lowers box support
and question relevance, indicating that outcome-
only optimization can tolerate imperfect evidence.
Evidence-aware GRPO performs best on all four
measures, showing that its gains extend beyond
task performance to evidence support, relevance,
and sufficiency.

Comparison with reasoning-based models.
Following Table 5, we report dataset-balanced av-
erages for each task family and their unweighted
mean. Table 16 shows that RsEvi-8B outperforms
RS-EoT-7B (Shao et al., 2026) and GeoSolver-
9B (Sun et al., 2026) across all five task families,
achieving an overall average of 68.4 compared
with 47.4 and 65.7, respectively. Together with
the controlled comparison from a shared SFT ini-
tialization in Table 5, these results indicate that the
gains are not explained by general reasoning en-
hancement alone and support the contribution of
evidence-aware training.

E Case Study

We provide qualitative examples in Figs. 5, 6, 7,
and 8. These cases cover object counting, ob-
ject detection, scene classification, visual question
answering, and visual grounding. They illustrate
how RsEvi-8B anchors intermediate visual claims
to explicit <box> evidence before producing the fi-
nal answer.
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Case Study 1:

Problem: How many airplanes are there in the image? Provide your
answer as a single integer.

Output.
<think>
I scan the airport apron systematically to count all visible airplanes, using the beige terminal buildings, jet bridges,
and gray taxi lanes as visual landmarks. Starting from the left side, I find one airplane parked near the terminal
gate on the left apron: <box>"label":"airplane", [16, 351, 131, 451]</box>. Moving right along the
same row, another airplane is visible beside the concourse and service vehicles: <box>"label":"airplane", [51,
461, 151, 561]</box>. Further up near the top left, next to a rectangular terminal block, I spot a third airplane:
<box>"label":"airplane", [276, 146, 386, 243]</box>. Below that, in the lower left area near the round
terminal section, there is a fourth airplane: <box>"label":"airplane", [241, 781, 336, 903]</box>. To its
right, a fifth airplane is parked on the lower apron: <box>"label":"airplane", [366, 781, 461, 891]</box>.
Above that one, a sixth airplane is visible near the lower middle-left gate lane: <box>"label":"airplane", [346,
661, 456, 766]</box>. In the center, along the broad vertical runway/taxiway strip, I see a seventh airplane:
<box>"label":"airplane", [441, 351, 526, 446]</box>. Below the center, an eighth airplane is parked with
its tail toward the bottom of the image: <box>"label":"airplane", [476, 626, 573, 756]</box>. Moving to
the upper right section, close to the right-side terminal finger, I find a ninth airplane: <box>"label":"airplane",
[533, 116, 631, 218]</box>. Below that, a tenth airplane is visible on the same terminal-side apron:
<box>"label":"airplane", [574, 501, 666, 581]</box>. Further right and lower, an eleventh airplane is
parked near service roads and gate equipment: <box>"label":"airplane", [611, 731, 736, 853]</box>. Above
that, a twelfth airplane is visible on the far right apron: <box>"label":"airplane", [841, 346, 953, 453]</box>.
To its left, a thirteenth airplane is parked with wings spanning across the dark pavement: <box>"label":"airplane",
[816, 221, 906, 303]</box>. This completes the count of all airplanes in the image.
</think>

13 ← Correct

Figure 5: Qualitative example of RsEvi-8B on remote-sensing object counting. The model localizes airplane
evidence across the airport scene, and then uses this grounded visual evidence to derive the final count.
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Case Study 2:

Problem: {Object Detection} Detect all vehicle in the image and
return their bounding boxes. Output ONLY a JSON bbox list:

[[xmin,ymin,xmax,ymax],...].

Output.
<think>
I scan the overhead street scene to detect all vehicles, focusing on the paved roads between the green-roofed buildings
and bright pink tree canopies while avoiding shadows and road markings. Starting from the upper left, near the curb
and the edge of the intersection, I find a dark vehicle on the road: <box>"label":"vehicle", [138, 31, 186,
93]</box>. Moving down along the same diagonal road, partly beside the pink trees, I spot another dark vehicle:
<box>"label":"vehicle", [115, 161, 165, 231]</box>. Further along that same road segment, there is another
dark vehicle slightly to the lower right: <box>"label":"vehicle", [161, 214, 206, 271]</box>. In the lower
central-left area near the corner of the large green-roofed building, I detect a dark vehicle: <box>"label":"vehicle",
[366, 503, 417, 577]</box>. Further right along the upper road, I see a yellow vehicle: <box>"label":"vehicle",
[331, 206, 371, 261]</box>, followed by another dark vehicle near the road bend: <box>"label":"vehicle",
[376, 246, 418, 311]</box>, and a yellow vehicle closer to the central intersection: <box>"label":"vehicle",
[481, 345, 523, 411]</box>. Near the top right intersection, on the vertical lane beside the building shadow, there
is a dark vehicle: <box>"label":"vehicle", [678, 151, 711, 236]</box>. Moving to the lower right road,
where the street runs horizontally past the building edge, I find two more dark vehicles: <box>"label":"vehicle",
[841, 531, 891, 586]</box> and <box>"label":"vehicle", [853, 604, 906, 653]</box>.
</think>

[[138, 31, 186, 93], [115, 161, 165, 231], [161, 214, 206, 271], [366, 503, 417, 577], [331, 206, 371, 261],

[376, 246, 418, 311], [481, 345, 523, 411], [678, 151, 711, 236], [841, 531, 891, 586], [853, 604, 906, 653]]
Correct

Figure 6: Qualitative example of RsEvi-8B on remote-sensing object detection. The model localizes vehicle
evidence across the road network, and then uses this grounded visual evidence to return the complete bounding-
box list.
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Case Study 3:

Problem: Classify the image within one of the given classes: railway
station, beach, industrial, center, storage tanks, meadow, mountain, airport,

resort, school, port, farmland, medium residential, pond, river, sparse
residential, forest, playground, church, parking, viaduct, stadium, square,

bridge, desert, dense residential, commercial, park, bare land, baseball field.
Answer with one word or short phrase.

Output.
<think>
The image displays a large coastal leisure property, with a sandy beach running along the entire right edge and light-
roofed accommodation buildings in the center. I can see two distinct swimming pools: one blue rectangular pool
near the upper-center building courtyard <box>"label":"swimming pool", [371, 254, 421, 336]</box> and
another kidney-shaped pool in the lower-right courtyard beside the large resort buildings <box>"label":"swimming
pool", [718, 636, 781, 691]</box>. There is also a tennis court in the left-center portion of the property
<box>"label":"tennis court", [146, 506, 216, 611]</box>, plus a large parking area near the top and left
side. The palm-lined paths, landscaped lawns, recreational facilities, and direct beach access indicate a resort. The
combination of high-end accommodation, pools, sports amenities, and beachfront setting strongly suggests this is a
resort.
</think>

resort ← Correct

Case Study 4:

Problem: Is the top edge vehicle closer or further compared to the other
vehicles? Answer with one word or short phrase.

Output.
<think>
I examine the positions of the vehicles in the image relative to the frame and the surrounding rooftop courtyard. The
vehicle at the top edge is a yellow car located near the upper-right boundary of the image, beside the dark paved strip
and just above the building edge: <box>"label":"vehicle", [630, 50, 720, 140]</box>. Comparing its vertical
position to the other vehicles, a white van on the upper-left paved area <box>"label":"vehicle", [280, 110, 380,
240]</box> and a dark van near the upper-middle area <box>"label":"vehicle", [470, 50, 570, 150]</box>,
the yellow car is positioned closest to the top border and higher in the image. Since it is farther away from the bottom
of the frame than the other visible vehicles, it is further compared to them.
</think>

further ← Correct

Figure 7: Qualitative examples of RsEvi-8B on remote-sensing scene classification and visual question answering.
The model localizes task-relevant visual evidence for both the resort scene and the top-edge vehicle comparison,
and then uses this grounded visual evidence to infer the final answers.
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Case Study 5:

Problem: A basketball court is on the upper right of the vehicle on the left.
Output ONLY one JSON bbox: [[xmin,ymin,xmax,ymax]].

Output.
<think>
I first locate the vehicle on the left side of the image, which is a small white car parked along the vertical road
beside the buildings and trees: <box>"label":"vehicle on the left", [28, 394, 51, 431]</box>. Then, I
look diagonally to the upper right from this vehicle, across the canal and toward the fenced sports complex. In that
direction, I find a rectangular basketball court in the upper-right quadrant, to the right of several tennis courts and
just above another darker court. It has clear basketball markings, including a center circle and key/free-throw areas:
<box>"label":"basketball court", [784, 324, 958, 431]</box>. This court is positioned diagonally up and
to the right from the vehicle.
</think>

[[784, 324, 958, 431]] ← Correct, IoU: 0.937

Figure 8: Qualitative example of RsEvi-8B on remote-sensing visual grounding. The model localizes the left
vehicle and the basketball court from the spatial relation, and then uses this grounded visual evidence to output the
target bounding box.

F Prompt Templates

We provide the templates used throughout the di-
agnostic, data construction, filtering, and optimiza-
tion pipeline. Figs. 9 and 10 define evidence con-
struction; Fig. 11 defines grounded trace genera-
tion; Figs. 12, 13, and 14 define response verifi-
cation and filtering; and Fig. 15 defines the VQA
error attribution procedure used in the diagnostic
analysis.
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Evidence Label Selection
You are a Remote Sensing Text-Label Extractor for visual prompting.
Task: Given a QUESTION, a GROUND-TRUTH ANSWER, and an IMAGE, output short text labels (1–5
words) that can be used as prompts for a segmentation model. Labels must be clearly visible and
segmentable in the IMAGE, and must be decisive evidence for producing the ground-truth answer.
Return ZERO labels when: No valid label remains after applying the rules.
Rules:
- Candidate label sources (in priority order): (1) phrases explicitly present in the QUESTION; (2)

phrases explicitly present in the GROUND-TRUTH ANSWER; (3) if (1)(2) provide no suitable seg-
mentable target noun, you may add a label based on the IMAGE only if it is clearly visible and
decisive for the answer.

- Labels must be concrete, visually verifiable, and segmentable. Attributes are allowed only if ex-
plicitly written and visually verifiable.

- Labels must not contain positional or relational words. Remove such words; if nothing meaningful
remains, drop the label.

- Keep only labels that directly support the ground-truth answer; drop anything unrelated to the
QUESTION or ANSWER.

- Drop labels that are obscure, tiny, hard to localize, overly broad, duplicated, weakly related, or
would match too many instances.

- Normalize labels: lowercase; remove articles; prefer singular; remove duplicates or near-
duplicates.

- Discard land-cover, scene, or texture labels unless the question/answer explicitly requires segment-
ing a small bounded patch.

- Model/type labels must include the object category, not the model name alone.
Output MUST be strict JSON only (no extra text):

{"labels":["...","..."]}

FEW-SHOT EXAMPLES:
Q: what region is this?

GT: church

IMAGE: clearly shows a church building

A:

{"labels":["church"]}

Q: what kind of facility is shown?

GT: airport

IMAGE: clearly shows a long runway and a terminal building

A:

{"labels":["runway","terminal building"]}

USER:
Question: {QUESTION}

Ground-truth answer: {ANSWER}

Now output the JSON only, and nothing else.

Figure 9: Evidence label selection template.
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Evidence Box Verification
You are a careful reviewer of remote-sensing evidence boxes.
You will be given:

1. An image that contains one blue axis-aligned bounding box. The box is drawn on the image and annotated with text
in the form "{id}".

2. A text list that contains exactly one id and its label.

ID-LABEL LIST (authoritative, exactly one item):
<ID_LABELS>
Your task:
- Judge only this single id.
- Decide whether the bounding box on the image is correct for its text_label in ID-LABEL LIST.
Decision rules:
- Only judge based on visible evidence in the image. Do not guess.
- ok = 1 (correct): the box tightly and reasonably covers the main instance of the labeled object/region; the label matches

what is inside the box. Small background is allowed.
- ok = 0 (incorrect): the box mainly covers the wrong object/class, is severely misaligned, misses the target, or mostly

covers irrelevant background.
Special rules:
- A partially visible object can still be correct if the visible part is enough to clearly identify the labeled class.
- Do not mark large vehicle as correct if the object is a ship/boat or an airplane.
- For long, thin, and tilted objects, minor looseness is acceptable if the box still reasonably covers the main visible extent

of the target.
Output requirements (STRICT):
- Output only one JSON object. Do not output any extra text, Markdown, code fences, or explanations.
- Use exactly this schema:

{
"results": [
{"id": <int>, "reason": <string>, "ok": <0|1>}

]
}

- "results" must contain exactly one item.
- The returned "id" must exactly equal the single id in ID-LABEL LIST.
- "reason" must be one short concrete sentence.
- Field order inside the result object must be: id, reason, ok.
Example output (format example only):
{
"results": [
{"id": 2, "reason": "The box aligns with the labeled building.", "ok": 1}

]
}

Now provide your answer in the format above. Do not output any other irrelevant content.

Figure 10: Evidence Box Verification template.
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Grounded Trace Generation
You are a careful remote-sensing vision-language assistant.
You will receive a <TASK_NAME> question about the image.
You are given an image, a question (Q), and optional auxiliary annotations (AUX, JSON;).
AUX rules:
- AUX contains only bounding-box hints (id, text_label, bbox).
- Use AUX only as visual guidance for answering the question.
- If AUX is irrelevant, ignore it.
- If AUX is useful, treat it as visually observed evidence in the image.
- Never mention AUX, auxiliary information, annotations, provided boxes, the prompt/context, or

where the information comes from.
Optional evidence boxes:
- You may include <box>...</box> only inside the "think" field.
- Any <box> must be copied exactly from AUX.
- <box> format: <box>"label":"SHORT_LABEL", [x_min,y_min,x_max,y_max]</box>.
- Coordinates are normalized integers in [0,1000].
Reasoning and output:
- Provide concise step-by-step reasoning grounded in visible evidence.
- Output only one valid JSON object with exactly two keys: "think" and "answer".
- Put all reasoning and optional <box> entries in "think".
- Put only the final answer inside \boxed{}.
Task-specific answer requirement:
<TASK_ANSWER_REQUIREMENT>

Task-specific example:
<TASK_EXAMPLE>

Inputs:
Q: <QUESTION>

AUX (JSON, may be []): <AUX_JSON>

Now answer following the required format. Do not output anything else.

Figure 11: Grounded Trace Generation template, where AUX is the verified evidence set.
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Answer Equivalence Check

You are an answer equivalence judge.
Given a question (Q), a ground-truth answer (GT), and a predicted answer (PRED), decide whether
PRED is semantically equivalent to GT under the context of Q.
Rules:
- Judge only using Q, GT, and PRED. Do not use outside knowledge.
- Accept minor differences that do not change meaning, such as synonyms, paraphrases, capitaliza-

tion, punctuation, and formatting.
- Reject if meaning changes, including different number, object, attribute, choice, range, or opposite

meaning.
- If you are not sure, label = 0 (incorrect). Do not guess.
Output requirements (STRICT):
- Output only one JSON object. Do not output any extra text, Markdown, code fences, or explana-

tions.
- The JSON must contain and only contain these fields: "reason" and "label".
Example output (format example only):

{

"reason": "PRED expresses the same meaning as GT for this question.",

"label": 1

}

Inputs:
Q: <QUESTION>

GT: <GT>

PRED: <PRED>

Now provide your answer in the format above. Do not output any other irrelevant content.

Figure 12: Answer equivalence check template.
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Grounded Trace Scoring

You are a quality rater for remote-sensing multimodal reasoning.
You will receive:
- Question (Q), image, auxiliary information (AUX), and a full model response (R).
- R includes <think>...</think>, optional <box>...</box>, and a final answer in \boxed{}.
Important definition of AUX: AUX is a JSON list of detected bounding boxes; bbox is in normalized
integer coordinates (0..1000), not pixel coordinates. AUX is not free-text knowledge.

{

"id": int,

"text_label": str,

"bbox": [x1,y1,x2,y2],

"unique_in_image": bool

}

Assumption: The final answer in \boxed{} is already verified to be correct. Score the quality and
reliability of the reasoning process, not final-answer correctness.
Scoring dimensions (STRICT ranges):
- process_correctness in [0,5]: correctness, grounding, consistency, and support for the answer.
- aux_usage in [0,2]: set to 2 if AUX is empty or unnecessary; otherwise score use of key relevant

boxes.
- hallucination in {0,1}: whether key non-existent objects/facts are avoided.
- clarity in {0,1}: whether the reasoning is clear.
- non_redundant in {0,1}: whether the reasoning is concise and not repetitive.
Output requirements (STRICT):
- Output only one JSON object with "reason" and "scores".
- "reason" contains 5–10 concrete sentences; "scores" contains only the five integer score fields.
Example output (format example only):

{

"reason": "[...QUALITY_RATIONALE_PLACEHOLDER...]",

"scores": {

"process_correctness": 4,

"aux_usage": 2,

"hallucination": 1,

"clarity": 1,

"non_redundant": 1

}

}

Inputs:
Q: <QUESTION>

AUX (may be empty): <AUX>

R (full response): <FULL_RESPONSE>

Image: (provided)

Now provide your answer in the format above. Do not output any other irrelevant content.

Figure 13: Grounded Trace Scoring template, where AUX refers to the verified evidence set.
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Evidence Provenance Check
You are a strict leakage judge for reasoning text in a remote-sensing QA pipeline.
You will receive one think text only (no image, no AUX). Your task is to judge only whether bbox/lo-
cation/region evidence in the think text is implied to come from an external provided source, instead
of direct visual observation from the image.
Critical policy (highest priority):
- In this pipeline, using <box>"label":"...", [x_min,y_min,x_max,y_max]</box> in think is

allowed.
- The mere presence of <box> tags, coordinates, or box labels is not leakage.
- Do not infer leakage from format alone. Label 0 only when external-source wording/semantics is

explicitly tied to bbox/location evidence.
Important scope:
- Judge only bbox/location-related leakage.
- Do not treat references to provided classes, answer options, label sets, category schema, task in-

structions, or output format as leakage unless they are explicitly used to provide or confirm bbox/lo-
cation evidence.

Label definition:
- label = 1 (SAFE): the think text does not say or imply that bbox/location/region evidence comes

from external sources.
- label = 0 (LEAK): the think text says or clearly implies that bbox/location/region evidence

is supplied, confirmed, copied, derived, or determined from external sources rather than visually
observed from the image.

Treat as LEAK only if the text explicitly indicates that the box, bbox, coordinates, region, location,
or target area comes from AUX, annotations, provided boxes, metadata, external hints, or context
fields.
Treat as SAFE for patterns like "I can see ... <box>...</box>", "The image shows ...

<box>...</box>", and "A ... is visible at <box>...</box>".
Decision rule: If explicit external-source implication is tied to bbox/location evidence, label 0. Oth-
erwise label 1. If uncertain, label 1.
Output requirements:
- Output only one JSON object.
- The JSON must contain exactly two fields: "reason" and "label".
- No extra text.

{

"reason": "1-3 sentence reason",

"label": <0|1>

}

Input:
THINK: <THINK>

Now output JSON only.

Figure 14: Evidence provenance check template.
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VRSBench Error Attribution
You are an expert evaluator for remote-sensing visual question answering.
You will be given the following inputs:
- Image
- Question: {question}

- Model response: {model_response}

- Gold answer: {gold_answer}

The model response differs from the gold answer. Your task is to decide which error type best
describes the primary cause of the error.
Choose one primary category from the following categories:
- Evidence Grounding: the model failed to ground its answer in the correct visual evidence, in-

cluding missing a key object, focusing on an irrelevant region, using only part of a dense area,
confusing adjacent or visually similar regions, or making unsupported visual claims.

- Recognition: the model may have attended to the correct or a highly plausible visible region or
visual cue, but misidentified what it is.

- Reasoning: the model recognized the relevant visual facts, but combined them incorrectly.
- Other: the error is due to answer extraction, final-answer formatting, synonym mismatch, label

mapping, annotation ambiguity, unclear question wording, or the root cause cannot be determined
reliably.

Decision rules:
- Choose the earliest visual failure that causes the wrong answer.
- When the model clearly uses the correct or a highly plausible visible region, and the main error

is limited to misidentifying its category, attribute, or scene cue, choose Recognition rather than
Evidence Grounding.

- If the model misses the relevant region, uses the wrong region, confuses nearby or similar regions,
relies only on a partial region, or makes unsupported visual claims, prefer Evidence Grounding.

- When the relevant visual evidence is mostly correct but the logical, spatial, counting, comparison,
or aggregation step is wrong, choose Reasoning.

- For counting questions, first decide whether the error is caused by missing objects, duplicate count-
ing, counting the wrong region, or confusing nearby objects. If so, choose Evidence Grounding.

- If the cause is ambiguous or cannot be judged from the image and response, choose Other. Do not
create new categories.

Output requirements:
- Return a single minified JSON object only.
- Do not output markdown, code fences, or any extra explanation.
- Use exactly this format:

{

"rationale": "1-3 sentences explaining the primary cause",

"category": "<Evidence Grounding|Recognition|Reasoning|Other>"

}

Figure 15: VQA error attribution template.
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