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Abstract. While Vision-Language Models (VLMs) have significantly
advanced remote sensing interpretation, enabling them to perform com-
plex, step-by-step reasoning remains highly challenging. Recent efforts to
introduce Chain-of-Thought (CoT) reasoning to this domain have shown
promise, yet ensuring the visual faithfulness of these intermediate steps
remains a critical bottleneck. To address this, we introduce GeoSolver, a
novel framework that transitions remote sensing reasoning toward verifi-
able, process-supervised reinforcement learning. We first construct Geo-
PRM-2M, a large-scale, token-level process supervision dataset synthe-
sized via entropy-guided Monte Carlo Tree Search (MCTS) and targeted
visual hallucination injection. Building upon this dataset, we train Geo-
PRM, a token-level process reward model (PRM) that provides granular
faithfulness feedback. To effectively leverage these verification signals, we
propose Process-Aware Tree-GRPO, a reinforcement learning algorithm
that integrates tree-structured exploration with a faithfulness-weighted
reward mechanism to precisely assign credit to intermediate steps. Ex-
tensive experiments demonstrate that our resulting model, GeoSolver-
9B, achieves state-of-the-art performance across diverse remote sens-
ing benchmarks. Crucially, GeoPRM unlocks robust Test-Time Scaling
(TTS). Serving as a universal geospatial verifier, it seamlessly scales
the performance of GeoSolver-9B and directly enhances general-purpose
VLMs, highlighting its remarkable cross-model generalization. The code
will be available at https://github.com/minglangL/GeoSolver.
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1 Introduction

The integration of Vision-Language Models (VLMs) has profoundly advanced
the field of remote sensing [15, 22, 28, 29, 41, 49, 68, 74], transitioning systems
� Corresponding author.
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Fig. 1: Overall framework of our proposed GeoSolver. To enable reliable geospa-
tial reasoning, we first construct the Geo-PRM-2M dataset via (a) Entropy-Guided
MCTS and (b) Synthetic Hallucination Injection. The trained GeoPRM is then seam-
lessly integrated to (c) scale test-time reasoning via advanced search strategies during
inference, and (d) align the base policy via Process-Aware Tree-GRPO during training.

from simple discriminative perception to complex, open-ended visual under-
standing. Recently, pioneering efforts have sought to elevate these models fur-
ther by introducing the Chain-of-Thought (CoT) paradigm to the geospatial
domain [12, 24, 62, 70]. By forcing models to decompose tasks and explicitly
gather visual evidence before predicting an answer [30,46,53], these perceptually-
grounded reasoning frameworks have demonstrated remarkable potential in in-
terpreting dense, top-down satellite imagery.

However, optimizing these multimodal reasoning processes presents signifi-
cant challenges. While traditional end-to-end remote sensing VLMs relied ex-
clusively on Supervised Fine-Tuning (SFT) [22, 35, 45], recent reasoning-centric
models have advanced by adopting Reinforcement Learning (RL) frameworks [12,
30, 53], most notably Group Relative Policy Optimization (GRPO) [10]. Yet,
current GRPO paradigms in this domain rely predominantly on outcome-based
rewards. In visually complex geospatial scenarios, optimizing solely on final out-
comes exacerbates the credit assignment problem. Without explicit step-level
verification, models are frequently rewarded for "lucky guesses," where they gen-
erate linguistically fluent but visually ungrounded claims (e.g., hallucinating an
incorrect bounding box that coincidentally leads to the right object count). Con-
sequently, outcome-supervised policies are inadvertently encouraged to memo-
rize spurious correlations rather than perform faithful visual grounding [43,58].
To eliminate these spatial hallucinations, transitioning to process supervision
is imperative. While Process Reward Models (PRMs) have shown tremendous
promise in domains like mathematical reasoning [19,60,63,76], their application
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in remote sensing remains entirely uncharted. Furthermore, naively importing
scalar PRMs as direct optimization targets is highly problematic, as it frequently
induces length bias and reward hacking, driving the policy to generate artificially
truncated reasoning to avoid step-wise penalties [37,42].

To overcome these fundamental challenges, we present the GeoSolver frame-
work, a novel approach that aligns remote sensing VLMs towards verifiable, step-
by-step reasoning. Recognizing that robust process supervision requires domain-
specific discriminative signals, we first construct Geo-PRM-2M, a large-scale
token-level process supervision dataset. We synthesize this corpus through a
dual-view pipeline: we employ an entropy-guided Monte Carlo Tree Search [4] to
mine the model’s intrinsic logical errors and inject synthetic perturbations (e.g.,
bounding box jittering) to explicitly target visual grounding failures. Trained on
this dataset, our token-level verifier, GeoPRM, provides granular, continuous
feedback on reasoning faithfulness.

Building upon GeoPRM, we propose a novel RL alignment algorithm: Process-
Aware Tree-GRPO. Rather than relying on sample-inefficient linear rollouts [47],
we construct an entropy-guided reasoning tree during the RL exploration phase.
Crucially, we introduce a faithfulness-weighted reward mechanism that penalizes
trajectories exhibiting sudden drops in PRM confidence [37], even if their final
outcome is correct. By propagating these process-aware signals through the tree
via global and local advantages, our algorithm explicitly incentivizes reasoning
paths that are not only accurate but consistently verifiable.

Extensive experiments across six major remote sensing tasks demonstrate
the efficacy of our approach. Applying our framework to train the GeoSolver-9B
model, we show that under standard inference, it significantly outperforms both
dedicated remote sensing models and general-purpose reasoning VLMs. Further-
more, by employing GeoPRM for test-time scaling (TTS) [38, 66], we observe
consistent performance gains, validating the compute-optimal scaling law in re-
mote sensing. Most notably, when used to guide general-purpose models, Geo-
PRM enables them to surpass fully fine-tuned domain experts, demonstrating
that our reward model captures a generalized, fundamental logic of multimodal
geospatial verification.

In summary, our contributions can be summarized as follows:

– We construct Geo-PRM-2M, the first large-scale process supervision dataset
for remote sensing, and develop GeoPRM, a token-level PRM that precisely
localizes logical and visual hallucinations.

– We propose Process-Aware Tree-GRPO, an RL algorithm that organically
integrates efficient tree-structured exploration with step-wise verification,
resolving the credit assignment inherent in standard reasoning alignment.

– Experimental results show that GeoSolver-9B achieves leading performance
across diverse geospatial tasks. Furthermore, we comprehensively validate
the efficacy of Test-Time Scaling in remote sensing and showcase the re-
markable cross-model generalization of our proposed PRM.
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2 Related Work

Vision-Language Models in Remote Sensing. While generalist Vision-
Language Models (VLMs) like GLM-4.1V [52] and Qwen3-VL [2] exhibit remark-
able capabilities, they often struggle with the unique top-down perspectives and
scale variations of remote sensing imagery [35, 67, 74]. Domain-specific models
(e.g., GeoChat [22], VHM [41]) address this domain gap but typically operate as
black boxes, lacking interpretable reasoning. To introduce transparency, pioneer-
ing frameworks like RS-EoT [46] and GeoZero [53] integrate Chain-of-Thought
(CoT) [54] for step-by-step geospatial analysis. However, as these models transi-
tion from Supervised Fine-Tuning (SFT) to Reinforcement Learning (RL), they
predominantly rely on outcome-based rewards. Without explicit step-level veri-
fication, they are prone to visual hallucinations, often being rewarded for flawed
intermediate logic that coincidentally yields the correct final answer [18, 30, 62].
This highlights the critical need for process-supervised alignment in remote sens-
ing.
Process Reward Models. Unlike Outcome Reward Models (ORMs) [8] that
evaluate only the final answer, Process Reward Models (PRMs) [27,73] provide
granular feedback by assessing each intermediate reasoning step. To bypass the
high costs of human annotation seen in early PRMs, recent natural language and
math frameworks (e.g., URSA [37], GraphPRM [42]) employ Monte Carlo Tree
Search (MCTS) [4] for automated data synthesis. However, multimodal PRMs
remain largely underexplored, particularly within the remote sensing domain.
The geospatial field introduces unique challenges where errors frequently arise
from subtle visual-textual misalignments rather than purely logical flaws [23,
40]. GeoPRM bridges this gap by utilizing the Geo-PRM-2M dataset, which is
constructed through Automated Process Annotation via Entropy-Guided MCTS
and Synthetic Hallucination Injection, ensuring robust token-level verification.
Reinforcement Learning with Tree Search. RL, particularly policy opti-
mization algorithms like PPO [44] and GRPO [10], has become the standard for
aligning VLMs. While integrating process supervision into RL offers clear advan-
tages over outcome supervision [26,73], directly using static scalar PRM scores as
optimization targets often induces reward hacking and length bias, causing mod-
els to generate artificially truncated responses [37, 42]. Concurrently, while tree
search algorithms [16,20] are widely used for Test-Time Scaling (TTS), their in-
tegration into online RL training is computationally prohibitive. Frameworks like
TreeRL [17] mitigate this via entropy-guided exploration during rollout. Build-
ing on these insights, we propose Process-Aware Tree-GRPO. To prevent reward
hacking, we replace scalar score accumulations with a drop-moment penalty,
and we systematically propagate these robust verification signals through an
entropy-guided reasoning tree to optimize the policy efficiently.

3 Methodology

In this section, we introduce the proposed GeoSolver in detail. We first provide
the preliminaries of the base model and Supervised Fine-Tuning (SFT) initial-
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ization in Sec. 3.1. Then, to address the challenge of granular verification, we
clarify the formulation of our token-level Process Reward Model (GeoPRM) in
Sec. 3.2 and the Process-Aware Tree-GRPO alignment algorithm in Sec. 3.3.

3.1 Preliminaries

Base Vision-Language Model. We build our framework upon the pretrained
GLM-4.1V-9B-Base [52]. This state-of-the-art foundation model features a de-
coupled architecture ideally suited for geospatial tasks. For visual encoding,
it employs Aimv2-Huge [13], a vision transformer capable of handling vari-
able image resolutions and aspect ratios as a critical requirement for process-
ing multi-scale remote sensing imagery. Unlike traditional fixed-resolution en-
coders, Aimv2-Huge utilizes a dynamic positional encoding scheme that adapts
its pretrained position table via bicubic interpolation, allowing it to preserve
fine-grained spatial details without distortion. For language modeling, the model
incorporates a 3D-RoPE decoder, which further enhances its ability to compre-
hend complex spatial relationships within the visual context.
Supervised Fine-Tuning. To equip the base model with the fundamental capa-
bility for Chain-of-Thought (CoT) reasoning, we perform supervised fine-tuning
on the Geo-CoT380k dataset [30]. This dataset contains 380k samples annotated
with structured reasoning paths (e.g., planning → visual evidence collection →
synthesis). Given an input image I, a query Q, and the corresponding ground-
truth reasoning chain C = {c1, c2, . . . , c|C|}, we train the model to minimize the
negative log-likelihood of the target tokens:

LSFT(θ) = −E(I,Q,C)∼Dsft

|C|∑
t=1

log πθ(ct|c<t, I, Q) (1)

We denote the policy derived from this stage as πsft. While πsft successfully
adopts the desired reasoning format, it remains susceptible to logical errors and
visual hallucinations, serving as the starting policy for our subsequent reinforce-
ment learning alignment.

3.2 Process Reward Modeling

To enable granular verification of reasoning trajectories, we develop GeoPRM,
a token-level discriminator designed to assign a scalar likelihood of correctness
to each generated token. Unlike step-level reward models, our token-level archi-
tecture allows for precise localization of errors such as incorrect bounding box
coordinates within the sequence. Based on Geo-CoT380k, we construct Geo-
PRM-2M, a composite dataset of approximately 2 million samples, through a
dual-strategy pipeline.
Automated Process Annotation via Entropy-Guided MCTS. To auto-
mate process annotation, recent works in reasoning domains typically rely on
Monte Carlo (MC) method [36,37,42]. However, applying uniform random sam-
pling to the vast multimodal solution space often yields redundant paths that fail
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to capture the critical divergence points between successful and failed reasoning.
To efficiently explore the solution space and establish clear decision boundaries,
we design an Entropy-Guided Monte Carlo Tree Search algorithm. This approach
prioritizes exploration in regions of high uncertainty within the policy πsft.

Tree Construction. We iteratively build the reasoning tree by identifying
forking points where the model is uncertain. Specifically, we compute the entropy
H(ynext|I,Q, y<t) of the next token distribution. We select the top-N tokens
with the highest entropy as branching nodes and expand them by performing T
rollouts. This process iterates for K rounds, constructing a dense tree of diverse
reasoning paths encompassing both correct and flawed logic.

Value Estimation and Labeling. Once the tree is constructed, we estimate
the faithfulness of each step st based on its rollout success rate. Formally, given
the image I, query Q, and a reasoning prefix s<t, the MC value V (st) is defined
as the proportion of its T rollouts leading to the correct final answer ygt:

V (st) =
1

T

T∑
k=1

I(ok = ygt|s<t, I, Q) (2)

Using this strategy, we generate a pool of 3.72 million reasoning trajectories.
To ensure the dataset contributes valid discriminative signals, we calculate the
standard deviation of correctness scores within each problem’s solution space.
We filter out problems with low variance (where the model is either uniformly
correct or uniformly incorrect across all paths), retaining 1.37 million high-value
samples that effectively highlight the boundary between valid reasoning and
plausible errors.
Synthetic Hallucination Injection. Apart from logical errors, perceptual in-
consistency between images and text is a unique and prominent challenge in
multimodal scenarios [14, 59]. While MCTS-based annotation captures logical
uncertainty, it may fail to isolate subtle visual-textual misalignments if the model
hallucinates its way to the right answer. To explicitly penalize ungrounded vi-
sual claims, we propose a targeted synthetic injection engine to construct a sub-
set derived from ground-truth trajectories. We employ two perturbation strate-
gies: 1) Box Perturbation: We manipulate bounding box coordinates to break
visual-textual alignment, creating Small Jitter (shifting slightly to test precise
boundary awareness) and Large Jitter (moving to background regions to penal-
ize obvious errors). 2) Fact Modification: We alter factual statements, such as
object counts or attributes, creating Tampered negatives that violate the visual
premise.

Combined with unaltered positive anchors from Geo-CoT380k, this synthetic
engine contributes approximately 0.7 million samples, bringing the total Geo-
PRM-2M training instances to 2 million.
Training Objective. We initialize GeoPRM from πsft and append a linear
binary classification head. To evaluate the current token within the full reasoning
context, we concatenate the image I and query Q with all preceding tokens.
Formally, we define the training as a dense token-level binary classification task
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over a sequence of length L:

min
θ

L(θ) = − 1

L

L∑
t=1

mt [yt log ŷt + (1− yt) log(1− ŷt)] (3)

where yt is the label for the t-th token, ŷt = P (yt|I,Q, y<t) is the predicted
probability, and the mask mt restricts the loss calculation to valid reasoning
tokens.

3.3 Process-Aware Tree-GRPO

Vanilla GRPO normalizes in-group rewards based solely on final outcomes. This
presents two critical limitations: 1) Reward Sparsity and Hacking: Outcome re-
wards ignore intermediate quality. Conversely, directly using scalar PRM scores
as optimization targets induces a length bias. Because PRMs are trained on dis-
tributions where longer reasoning chains inherently carry a higher statistical risk
of accumulating errors, they naturally tend to assign lower scores to longer se-
quences. 2) Inefficient Exploration: Independent linear sampling fails to leverage
the hierarchical and compositional nature of spatial reasoning. To address these
limitations, we present Process-Aware Tree-GRPO, integrating entropy-guided
tree search with a drop-moment penalty mechanism, as illustrated in Figure 2.
Process-Aware Reward via Drop-Moments. To extract reliable verification
signals from GeoPRM, we adopt the concept of the drop-moment [37], signifying
a sudden loss of confidence between consecutive steps. For a trajectory oi with
a GeoPRM reward sequence {ri1, ri2, . . . , riLi

}, a drop-moment occurs if:

δip = max
j

(
rij−1 − rij

)
> ρ (4)

where ρ is the sensitivity threshold. In the remote sensing domain, the final
outcome of a trajectory is typically evaluated by a continuous domain-specific
scoring mechanism, yielding an outcome score Sout(oi) ∈ [0, 1] (e.g., IoU or
mAP). When a drop-moment is detected, we apply a penalty factor γ ∈ (0, 1)
to this base score:

R =

{
Sout(oi), if δip < ρ

γ · Sout(oi), if δip ≥ ρ
(5)

This formulation circumvents the inherent length bias by focusing on relative
confidence drops rather than absolute score accumulations, ensuring the policy
learns from trajectories that are both outcome-accurate and process-rigorous.
Unifying Tree Search with Process Advantages. Although the drop-moment
mechanism effectively refines the trajectory reward R(oi) based on process qual-
ity, this scalar remains a sequence-level reward. To explicitly assign credit to
intermediate reasoning tokens, we must distribute this reward along the rea-
soning path. Therefore, during the rollout stage, we employ the aforementioned
entropy-guided tree construction to yield a hierarchical reasoning tree T for a
problem (see the left of Figure 2).
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Fig. 2: Illustration of the Process-Aware Tree-GRPO. The reasoning tree dynamically
expands by identifying high-entropy tokens, followed by trajectory rollouts. Leaf nodes
receive outcome rewards which are further refined by GeoPRM’s drop-moment penalty.
These process-aware signals are then aggregated upwards to compute Local Advantage
(LA) and Global Advantage (GA) for fine-grained policy optimization.

For any intermediate step sn, let L(sn) denote the set of all complete leaf
trajectories descending from it. The value of step sn is computed as the average
process-aware reward of its descendants:

V (sn) =
1

|L(sn)|
∑

l∈L(sn)

R(l) (6)

By aggregating the drop-moment penalized rewards from the leaves, V (sn) ac-
curately reflects the potential of step sn to lead to a faithful and correct con-
clusion. Based on this value, we define the Global Advantage as GA(sn) =
V (sn) − V (root), measuring the node’s performance relative to the overall tree
expectation; and the Local Advantage as LA(sn) = V (sn) − V (p(sn)), mea-
suring the improvement over its immediate parent p(sn). The final re-weighted
advantage is:

Â(sn) =
GA(sn) + LA(sn)√

|L(sn)|
(7)

Because non-leaf steps appear in multiple complete sequences and would be
repeatedly computed during optimization, we downweight their advantage by
dividing by

√
|L(sn)|, the square root of the number of leaf nodes in the subtree.

This critical adjustment prevents the policy from overfitting to early, shared
reasoning stages.

Finally, we update the policy πθ using the clipped surrogate objective over
all nodes in the tree:

LTree-GRPO(θ) = −E(I,Q)∼D,T ∼πθold

1

|T |
∑
sn∈T

min

(
rθ(sn)Â(sn), clip (rθ(sn), 1− ϵ, 1 + ϵ) Â(sn)

)
(8)
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Table 1: Comparison of GeoSolver with state-of-the-art models on object-level remote
sensing tasks. We report mIoU and mAP@50 for Visual Grounding (DIOR-RSVG [65],
RRSIS-D [31], VRSBench [25], and RSVG [50]) and Object Detection (DOTAv2-val [11,
21,55] and HRRSD [69]), alongside Accuracy for Object Counting (RSOD [33], NWPU-
VHR [6], DOTAv2-val [11,21,55], and HRRSD [69]). The best results are bolded, and
the second-best are underlined.

Method Visual Grounding Object Detection Object Counting

DIOR RRSIS VRS RSVG DOTA HRRSD RSOD VHR DOTA HRRSD

Closed-source Commercial Vision-Language Models
Claude-Sonnet-4 [1] 8.87 11.62 6.65 2.53 3.89 14.87 51.5 25.0 25.17 50.11
Gemini-2.0-Flash [9] 11.40 16.05 13.52 1.75 14.30 28.92 63.5 39.0 29.36 54.65
GPT-5 [39] 8.27 10.60 5.65 1.49 8.66 13.15 40.0 58.0 36.20 58.50

Open-source Reasoning Vision-Language Models
Kimi-VL-Thinking [51] − − − − − − 15.5 53.0 30.68 46.26
GLM-4.1V-Thinking [52] 39.41 43.03 43.20 19.35 40.45 55.53 28.5 62.5 29.80 58.96
RS-EoT [46] 9.23 12.09 1.28 11.79 − − 35.0 49.5 28.04 57.62

Open-source Remote Sensing Vision-Language Models
GeoChat [22] 29.87 30.30 23.66 0.13 − − 23.5 47.0 29.87 43.22
VHM [41] 49.90 55.20 34.91 5.80 2.37 12.47 16.0 48.5 32.67 46.71
SkySenseGPT [35] 27.76 33.63 21.25 4.57 4.56 6.23 51.5 49.5 33.11 58.73
EarthDial [49] 39.46 35.39 13.04 7.18 3.52 8.05 41.0 52.5 32.23 61.45

GeoSolver 75.62 76.66 64.57 27.43 53.47 94.74 45.5 79.0 45.92 84.13

where rθ(sn) =
πθ(sn)

πθold
(sn)

denotes the probability ratio. By explicitly linking drop-
moments to leaf rewards and propagating them via local and global advantages
through the tree, this algorithm systematically aligns the model toward verifi-
able, hallucination-free reasoning.

4 Experiments

4.1 Experimental Setup

Datasets and Tasks. To comprehensively validate the versatility of GeoSolver,
we evaluate its performance across six major remote sensing tasks: Object Count-
ing (OC), Object Detection (OD), Visual Grounding (VG), Scene Classification
(SC), Visual Question Answering(VQA) and Image Captioning(IC). These tasks
are assessed on a diverse suite of 17 established benchmark datasets. For train-
ing, we utilize the Geo-CoT380k dataset [30] for the initial SFT stage, and its
expanded training set for the Tree-GRPO alignment.
Baselines. We benchmark GeoSolver against a broad spectrum of state-of-the-
art models, categorized into three groups: (1) leading closed-source commer-
cial systems (e.g., Gemini-2.0-Flash [9], Claude-Sonnet-4 [1]); (2) open-weight
general and domain-specific VLMs (e.g., Qwen2.5-VL [3], GeoChat [22], Earth-
Dial [49]); and (3) recent reasoning-centric or CoT-enabled frameworks (e.g.,
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Table 2: Comparison of GeoSolver with state-of-the-art models on scene-level tasks.
We report Accuracy for Scene Classification (NWPU-RESISC45 [5], AID [56], WHU-
RS19 [57], SIRI-WHU [71,72,75], and UCMerced [61]) and VQA (VRSBench [25] and
RSVQA-HR [32]). For Image Captioning (RSITMD [64], NWPU-Captions [7], and
RSICD [34]), we report the BLEU-4 metric.

Method Scene Classification VQA Image Caption

NWPU AID RS19 SIRI UCM VRS HR RSIT NWPU RSIC

Closed-source Commercial Vision-Language Models
Claude-Sonnet-4 58.44 60.33 76.32 64.33 67.86 58.95 55.94 20.14 28.32 11.58
Gemini-2.0-Flash 74.89 76.00 90.00 72.00 85.95 61.92 49.95 15.73 20.55 10.85
GPT-5 82.22 75.50 95.53 75.00 88.57 62.20 65.94 27.27 39.62 16.83

Open-source Vision-Language Models
MiniGPT-v2 32.67 27.17 30.79 26.67 32.86 37.35 50.95 25.45 37.75 15.40
Qwen2.5-VL 68.89 71.67 86.05 67.33 78.33 59.64 57.43 27.92 38.89 17.80

Open-source Reasoning Vision-Language Models
Kimi-VL-Thinking 72.22 70.50 88.68 69.00 77.62 69.09 70.93 24.82 34.84 15.60
GLM-4.1V-Thinking 70.09 69.67 86.84 60.33 82.86 63.57 55.94 20.57 29.59 12.57
RS-EoT 75.56 75.83 90.25 78.88 85.95 69.00 70.05 25.16 37.27 23.02

Open-source Remote Sensing Vision-Language Models
VHM 91.33 79.00 91.84 64.33 89.29 54.26 69.43 38.93 50.69 25.66
SkySenseGPT 83.33 75.50 93.16 55.33 85.00 48.59 63.44 37.76 23.33 42.47
EarthDial 76.67 67.33 88.76 73.42 80.71 39.18 72.43 42.09 67.14 29.09

GeoSolver 96.44 98.33 99.50 76.00 92.38 77.02 73.19 52.50 80.93 36.18

GLM-4.1V-9B-Thinking [52], RS-EoT-7B [46]). Furthermore, for Test-Time Scal-
ing (TTS) evaluations, we compare GeoPRM against existing general mathemat-
ical PRMs and general VLMs acting as verifiers.
Implementation Details. GeoSolver is initialized from the GLM-4.1V-9B-
Base [52] checkpoint. All training stages are conducted on a cluster of four
NVIDIA H200 GPUs. Specifically, GeoPRM is trained on our Geo-PRM-2M
dataset for 2 epochs with a batch size of 128. The policy model undergoes 1 epoch
of SFT, followed by 1000 optimization steps of Process-Aware Tree-GRPO.

4.2 Comparison with State-of-the-Art

We first evaluate the standard inference performance of GeoSolver. Table 1 and
Table 2 present the quantitative results across object-level and scene-level tasks,
respectively. Despite the absence of inference-time search, GeoSolver consistently
outperforms existing domain-specific models like GeoChat [22] and VHM [41].
On fine-grained tasks such as VG and OD, GeoSolver achieves clear performance
margins over general-purpose reasoning models (e.g., GLM-4.1V-Thinking [52]).
This demonstrates that the Process-Aware Tree-GRPO training endows the pol-
icy with a strong intrinsic capability for faithful spatial reasoning, effectively
curbing object hallucinations during standard autoregressive generation.
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Table 3: Comparison of different verification strate-
gies on GeoSolver. We evaluate greedy decoding (Geo-
Solver w/o TTS), Self-Consistency (majority voting),
and our GeoPRM utilizing both Best-of-N and Beam
Search strategies. The generation budget is set to 32.

Method VG Detect OC SC VQA IC ↑ (Avg)

GeoSolver (w/o TTS) 58.19 74.11 54.06 90.62 70.07 47.00 −

Self-Consistency 59.44 75.17 59.28 92.57 76.58 47.51 4.1%
Best-of-N 66.35 82.51 73.92 96.01 88.70 48.18 15.8%
Beam Search 68.04 84.66 75.45 98.39 87.84 48.05 17.5%

Table 4: Cross-model reward model comparison us-
ing BoN performance (N = 32). We evaluate the ver-
ification efficacy of various strategies, including Self-
Consistency, generic VLMs acting as verifiers, open-
source PRMs, and our domain-specific GeoPRM across
diverse remote sensing tasks.

Method VG Detect OC SC VQA IC Avg

Self-Consistency 59.44 75.17 59.28 92.57 76.58 47.51 68.43

Open-source Vision-Language Models
Qwen3-VL-8B 54.20 75.25 50.23 91.09 70.45 47.72 64.82
GLM-4.1V 53.01 74.62 47.36 90.78 71.85 47.24 64.14

Open-source Reward Models
GraphPRM 53.82 72.92 42.36 89.58 68.35 47.17 62.37
URSA-8B-RM 53.27 73.30 45.15 86.43 70.50 46.98 62.61

GeoPRM 66.35 82.51 73.92 96.01 88.70 48.18 75.95
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Fig. 3: Compute-optimal
scaling behavior of Geo-
Solver equipped with
GeoPRM. The curves illus-
trate the performance gains
on (a) VG and (b) VQA
as the compute budget (N)
increases.

4.3 Scaling Test-Time Reasoning with GeoPRM

To investigate the potential of compute-optimal inference in remote sensing, we
comprehensively evaluate Test-Time Scaling (TTS) enabled by our process re-
ward model, GeoPRM. We design three sets of experiments to assess the efficacy
of different search strategies [48], the scaling behavior with increased compute
budgets, and the superiority of our domain-specific PRM over generic verifiers.
Note that for all aggregated task columns in this section, the reported values
represent the average performance across their corresponding datasets.
Efficacy of Verification Strategies. We first evaluate the impact of differ-
ent test-time verification methods applied directly to our GeoSolver policy. As
shown in Table 3, relying solely on greedy decoding (w/o TTS) yields a solid
baseline, but lacks a mechanism to correct intermediate logical flaws. While
Self-Consistency (majority voting) provides marginal improvements, it is funda-
mentally bottlenecked by the base policy’s distribution. In contrast, integrating
GeoPRM as the verifier, unlocking explicit process supervision, leads to sub-
stantial gains. Both Best-of-N and Beam Search strategies consistently elevate
performance across all metrics, with Beam Search demonstrating particular effi-
cacy in densely grounded tasks like Object Counting and Detection by pruning
hallucinatory branches early in the reasoning tree.
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Fig. 4: Cross-model generalization capabilities of GeoPRM using BoN performance.
The gray bars indicate the base model performance, while the red gradient bars show
consistent accuracy gains as the generation budget (N) increases. Horizontal dashed
lines represent the baseline performance of fully fine-tuned remote sensing models.
Notably, with N = 32, GeoPRM-guided generalists surpass these domain experts.

Compute-Optimal Scaling Behavior. A hallmark of effective test-time rea-
soning is predictable performance scaling concerning the inference compute bud-
get. We vary the generation budget to observe this scaling law. As illustrated in
Figure 3, scaling the test-time budget consistently and monotonically improves
performance. Notably, on complex reasoning tasks such as VG and VQA, the
performance curves exhibit a robust log-linear improvement before plateauing,
confirming that GeoPRM effectively harnesses additional compute to navigate
complex geospatial logic without suffering from reward over-optimization.
Cross-Model Reward Model Comparison. A critical determinant of TTS
efficacy is the domain alignment of the reward model itself. In Table 4, we
benchmark GeoPRM against alternative verification systems, including general-
purpose VLMs acting as verifiers and state-of-the-art out-of-domain mathemat-
ical PRMs like URSA-8B-RM [37]. The results reveal a stark contrast: general-
domain PRMs and standard VLMs struggle to accurately assess geospatial co-
ordinate logic and dense visual relations, often underperforming simple Self-
Consistency. Conversely, GeoPRM provides highly calibrated, token-level feed-
back for spatial relations and visual evidence, empirically validating the absolute
necessity of our domain-specific Geo-PRM-2M construction pipeline.

4.4 Cross-Model Generalization

A compelling indicator of a robust PRM is its ability to generalize beyond the
specific policy it was trained alongside. In this section, we investigate whether
GeoPRM can function as a universal verifier by scoring the inference rollouts of
general-purpose VLMs. Specifically, we apply GeoPRM to guide GLM-4.1V [52],
Qwen3-VL-8B, and Qwen3-VL-32B [2]. As illustrated in Figure 4, equipping
these generalist base models with GeoPRM via TTS (N ∈ {8, 16, 32}) yields sub-
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Table 5: Ablation study of different RL alignment strategies on GeoSolver. We eval-
uate the progressive integration of Vanilla GRPO, Average Process Score (APS), our
Process-Aware (PA), and Tree-based exploration.

Models Tree PRM VG OC Det IC SC VQA Avg
APS PA (mIoU) (Acc) (mAP) (BLEU-4) (Acc) (Acc)

Base (GLM-4.1V-Base) − − − 34.48 16.96 3.56 12.43 59.78 8.16 22.56
+ SFT − − − 53.77 49.73 59.42 44.90 86.01 68.23 60.34

Vanilla GRPO ✗ ✗ ✗ 59.31 55.56 68.89 54.89 91.74 72.17 67.09
+ Average Process Score ✗ ✓ ✗ 48.69 48.22 50.76 46.45 87.21 67.44 58.13
+ Process-Aware ✗ ✗ ✓ 60.12 59.21 69.90 54.67 92.01 73.02 68.16
+ Tree-based ✓ ✗ ✗ 59.46 57.77 70.82 55.21 91.83 73.68 68.13
Process-Aware Tree-GRPO ✓ ✗ ✓ 61.07 63.6 73.97 56.54 92.73 75.11 70.51

Table 6: Ablation of Geo-PRM-2M training data components evaluated using BoN
performance. We compare reward models trained on the full dataset against those
trained without intrinsic MCTS samples (w/o SMC) or without Synthetic Hallucination
Injection (w/o SSHI).

Models Dataset Object-level Scene-level

N=4 N=8 N=16 N=32 N=4 N=8 N=16 N=32

GeoSolver
Geo-PRM-2M 68.44 70.92 73.26 74.26 74.03 75.87 76.97 77.63
w/o SMC 62.74 63.60 63.82 64.27 69.53 70.21 69.82 70.77
w/o SSHI 66.28 67.81 69.72 70.26 74.24 75.46 76.37 76.89

Qwen3-VL-8B
Geo-PRM-2M 28.70 30.98 32.56 34.13 48.51 50.45 51.93 52.99
w/o SMC 24.87 25.38 25.22 26.11 45.11 45.88 46.04 45.97
w/o SSHI 26.85 27.88 28.30 28.92 47.80 49.57 50.24 50.78

stantial and consistent performance improvements over their greedy decoding.
More importantly, with a sufficient compute budget (e.g., N = 32), these general-
purpose models successfully surpass the performance of fully fine-tuned, domain-
specific remote sensing models (such as SkySenseGPT [35], EarthDial [49], and
VHM [41]), which are denoted by the horizontal reference lines. This cross-model
improvement underscores that GeoPRM has not merely overfit to GeoSolver’s
output distribution; rather, it has successfully internalized a generalized, trans-
ferable discriminative logic for multimodal geospatial verification.

4.5 Ablation Study

To systematically validate our proposed components, we ablate the RL alignment
strategies and the PRM training data composition.
Reward Formulation and Tree Exploration. In Table 5, we systematically
ablate the components of our RL alignment phase. First, compared to Vanilla
GRPO (only outcome rewards), integrating a naive Average Process Score (APS)
induces severe reward hacking: the policy artificially truncates reasoning chains
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Question: How many aircraft are there in the 

image? Answer the question using a single word 

or phrase.

To determine the number of aircraft in the image, I will start by examining the airport layout in the satellite 

view. Airports typically have designated runways and taxi areas where aircraft can be found.
Step 1:

Step 2: First, I scan the runway areas and several marked spots where aircraft are parked or prepared for departure. 

It’s crucial to note the typical visual characteristics of aircraft: distinct shapes and colors.

Step 3:

Step 4:

Step 5:

Step 6:

There are multiple recognizable shapes of planes in the runway area. I can clearly identify an aircraft 

positioned at coordinates [194, 244], which appears to be a passenger jet.

Next, I check other notable positions, like [141, 392], where another aircraft is visible; and then I see a third 

plane at [778, 514]. Lastly, there is a fourth aircraft at [863, 494].

Counting these identified aircraft, I see that there are four in total. I verify each by ensuring their dimensions 

and positions align with known characteristics of commercial aircraft.

Thus, I conclude that the total number of aircraft present in the image is 4. Correct Solution

To determine the number of aircraft in the image, I first focus on the typical locations where airplanes are 

found, such as taxiways, runways, or parking areas at airports. 
Step 1:

Step 2: This specific image depicts an airport layout, showing several areas designated for aircraft parking and 

taxiing.

Step 3:

Step 4:

Step 5:

Step 6:

I note the following planes: one located at approximately [199, 244], another at [147, 391]. Each of these 

positions corresponds to a visible airplane in the image.

Following that, at [781, 516], I see a third aircraft, and finally, at [864, 493], I observe a fourth plane.

Finally, I see a third aircraft located in the bottom left portion of the image, at [223, 789], recognizable by its 

tail and proximity to other airport structures.

To validate my count, I ensure each aircraft adheres to the typical characteristics of planes, including wing 

and tail structures, which are distinctly visible from the top-down perspective of the image.

Wrong Solution
After carefully evaluating the image and confirming the presence of aircraft at the 

identified coordinates, I conclude that there are 5 aircraft visible in the image.
Step 7:

Fig. 5: Qualitative example of GeoPRM verification. We visualize two reasoning tra-
jectories for an aircraft counting task. In the top erroneous attempt, GeoSolver halluci-
nates a non-existent aircraft at Step 5, which GeoPRM instantly penalizes with a sharp
score drop (from 0.966 to 0.228). The bottom trajectory demonstrates how GeoSolver
avoids this error to reach a fully grounded conclusion.

to minimize accumulated penalties. Conversely, our Process-Aware (PA) drop-
moment mechanism circumvents this length bias by penalizing only sudden rela-
tive confidence drops, effectively filtering logical errors while preserving reasoning
completeness. Independent of the reward formulation, we investigate the impact
of the exploration structure. Upgrading Vanilla GRPO with our entropy-guided
tree search yields substantial gains over chain-based rollouts. Under an identical
token budget, the tree structure enables a much denser exploration of critical
branching points. Ultimately, synergizing these two structural and formulation
improvements into the unified Process-Aware Tree-GRPO pipeline achieves the
highest overall performance.
Efficacy of PRM Synthesis Strategies. A robust PRM requires both rigor-
ous logical evaluation and precise visual grounding. In Table 6, we ablate the two
core synthesis strategies of Geo-PRM-2M: intrinsic MCTS samples (SMC) and
Synthetic Hallucination Injection (SSHI). Training the reward model without
SSHI diminishes its sensitivity to subtle visual-textual misalignments, confirm-
ing that explicit box perturbations are vital for detecting ungrounded coordi-
nates. Similarly, omitting SMC severely limits the model’s capacity to evaluate
deep, multi-step logical reasoning. The consistent TTS performance drop across
both GeoSolver and the generic Qwen3-VL-8B confirms that intrinsic logical
mining and synthetic visual perturbations are mutually indispensable.

4.6 Qualitative Analysis

To intuitively illustrate the system-level impact of our approach, Figure 5 demon-
strates how process supervision actively intervenes during TTS. While autore-
gressive generation might blindly commit to a hallucinated object (as seen in the
ungrounded Step 5), GeoPRM translates this subtle visual-textual misalignment
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into a measurable drop-moment. By integrating these dense, token-level signals,
GeoSolver effectively prunes deceptive branches early in the search space, ensur-
ing that the final output is strictly anchored to the visual evidence rather than
logical extrapolation.

5 Conclusion

In this paper, we introduce GeoSolver, a comprehensive framework that scales
geospatial reasoning through rigorous process supervision. To combat spatial
hallucinations, we construct the Geo-PRM-2M dataset by leveraging Entropy-
Guided MCTS and Synthetic Hallucination Injection, enabling the training of
GeoPRM as a highly calibrated token-level verifier. For policy alignment, we pro-
pose Process-Aware Tree-GRPO, an algorithm that synergizes entropy-guided
tree exploration with a process-level penalty to effectively mitigate reward hack-
ing and inherent length bias. Consequently, GeoSolver establishes new state-of-
the-art benchmarks across diverse remote sensing tasks under standard infer-
ence. Furthermore, we demonstrate that GeoPRM unlocks profound Test-Time
Scaling capabilities; it not only consistently enhances GeoSolver’s performance
but also generalizes as a plug-and-play verifier for generalist VLMs. Ultimately,
this work establishes a new paradigm for scaling test-time compute in remote
sensing, demonstrating that process-guided exploration is essential for achieving
verifiable and faithful geospatial intelligence.
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