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E <think> One prominent handheld object is visible in the scene, and | need to focus on the E
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Question: What is the person in the background
holding in their hand?

2 1 <think> Within this grounded region, the visible object appears to be a handheld
5 | electronic device ... </think>

Response of Ground-R1 w/
<think> Behind the foreground figure, there is a seated person ... | should focus tightly on
the background person's hands and the object they are holding. </think>

<think> Inside this region, the background person is clearly holding a transparent drinking
glass in their hand ... </think>
<answer> Drinking Glass </answer> J

Figure 1: Comparison between standard GRPO and our proposed SRPO. GRPO grounds on a large, salient
foreground region and produces an incorrect answer by relying on spurious context. In contrast, SRPO encourages
more precise evidence localization, allowing the model to attend to the small yet critical background region.

Abstract

Large Vision-Language Models (LVLMs) have
become powerful general-purpose assistants,
yet their predictions often lack reliability and
interpretability due to insufficient grounding
in visual evidence. The emerging thinking-
with-images paradigm seeks to address this
issue by explicitly anchoring reasoning to im-
age regions. However, we empirically find that
most existing methods suffer from a system-
atic scale-driven bias in optimization, where
training rewards are dominated by large vi-
sual regions, suppressing learning from small
but semantically critical evidence and leading
to spurious grounding at inference time. To
address this limitation, we propose Ground-
R1, a de-biased thinking-with-images frame-
work trained via a novel Scale Relative Policy
Optimization (SRPO) objective that replaces
standard GRPO. Specifically, our SRPO re-
calibrates reward learning across evidence re-
gions of different sizes through scale-aware
binning and intra-/inter-bin comparisons, en-
abling balanced credit assignment during train-
ing. Experimental results on general LVLM,
high-resolution, and visual grounding bench-
marks validate the effectiveness of Ground-R1
and show that SRPO yields consistent gains
over standard GRPO in both response accuracy
and evidence grounding.

1 Introduction

Large Vision-Language Models (LVLMs) (Ope-
nAl, 2024; Anthropic, 2024; Bai et al., 2025) have
emerged as versatile general-purpose assistants, ca-
pable of interpreting and executing a wide range of
real-world tasks through the unified processing of
visual and linguistic signals. Despite their impres-
sive capabilities, LVLMs still suffer from limited
answer reliability and poor interpretability. These
issues often stem from the models’ tendency to rely
on spurious correlations in pre-training data distri-
butions, rather than grounding their predictions in
salient visual evidence from the input (Gupta et al.,
2023; Xu et al., 2024b; Zhou et al., 2024).

To mitigate these limitations, recent studies ad-
vocates thinking with images (Shao et al., 2024a; Su
etal.,2025; Lai et al., 2025; Zheng et al., 2025), i.e.,
a paradigm that requires models to explicitly an-
chor reasoning processes to semantically grounded
evidence regions. Despite this progress, most ex-
isting approaches build upon vanilla GRPO (Guo
etal., 2025), which relies on outcome-level rewards
without step-wise supervision, making accurate ev-
idence grounding difficult to ensure. Empirically,
we further identify a systematic scale-driven bias,
where the training rewards are dominated by large
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Figure 2: Comparison of training reward trajectories across evidence regions of different scales. Top: vanilla
GRPO, where large regions consistently receive higher rewards. Bottom: our proposed SRPO, which alleviates
scale-driven bias and yields more balanced reward signals across regions of different sizes. The large-, medium-,
and small-scale regions are defined by relative area thresholds of less than 10%, between 10% and 30%, and greater

than 30%, respectively.

visual regions. To substantiate this observation, we
conduct diagnostic experiments to analyze reward
distributions across evidence regions of different
scales during training. Specifically, we track re-
ward trajectories for large-, medium-, and small-
scale regions, defined by relative area thresholds of
less than 10%, between 10% and 30%, and greater
than 30%, respectively. As shown in Figure 2, the
large evidence regions consistently receive higher
rewards than medium and small ones, indicating
that they dominate the training signal. This leads to
consistently negative advantages for small regions
with lower mean rewards, causing their gradients
to be suppressed or even clipped during optimiza-
tion. Consequently, at inference time, models tend
to favor visually prominent objects over small yet
semantically critical evidence (c.f. Figure 1).

To address this issue, we propose Ground-
R1, a de-biased thinking-with-images framework
equipped with Scale Relative Policy Optimization
(SRPO), a novel training paradigm that recalibrates
reward signals across evidence regions of differ-
ent scales. Specifically, SRPO first discretizes evi-
dence regions into scale-aware bins based on their
relative areas. It then decomposes reward learning
into complementary intra-bin and inter-bin compo-
nents, capturing scale-calibrated relative compar-
isons within each scale while encouraging discrim-
inative comparisons across scales. Furthermore,
SRPO adopts a scale-aware advantage computation

strategy, where intra-bin advantages are computed
using per-bin statistics and inter-bin advantages are
estimated globally. This scale-relative design effec-
tively mitigates the dominance of large regions in
training, leading to more balanced reward propaga-
tion and more faithful visual evidence grounding.

We evaluate Ground-R1 across a comprehen-
sive set of benchmarks covering general LVLM
tasks, high-resolution scenarios, and visual ground-
ing evaluations. Our method consistently deliv-
ers strong performance over supervised fine-tuning
(SFT) counterparts, grounded visual reasoning ap-
proaches (Liu et al., 2024b; Shao et al., 2024a; Qi
et al., 2024; Liu et al., 2024b), R1-series works
(Yang et al., 2025; Peng et al., 2025; Huang et al.,
2025) and concurrent thinking-with-image meth-
ods (Zheng et al., 2025; Lai et al., 2025). For ex-
ample, built upon Qwen2.5-VL (Bai et al., 2025),
Ground-R1 achieves a 11.9% absoluate improve-
ment on V* (Wu and Xie, 2024). In addition, com-
pared to standard GRPO, our proposed SRPO con-
sistently delivers further performance gains while
enabling more precise and faithful grounding of
evidence regions. Specifically, Ground-R1 trained
via SRPO achieves an 1.8% absolute improvement
over the GRPO variant on the HR-8K benchmark.
Moreover, SRPO demonstrates improved evidence
region grounding over the course of training, re-
sulting in higher grounding IoU values than GRPO
(c.f. Figure 4).



In summary, our contributions are in three-folds:

* We introduce Ground-R1, a thinking-with-
images paradigm that decomposes reasoning
into grounding and answering stages to explic-
itly anchor predictions in visual evidence.

We identify and systematically diagnose a
scale-driven bias in GRPO-based grounded
reasoning, and propose scale relative policy
optimization to recalibrate rewards across evi-
dence regions of varying sizes.

Extensive experiments across general LVLM,
high-resolution, and visual grounding bench-
marks demonstrate that Ground-R1 consis-
tently outperforms prior methods, with SRPO
yielding consistent gains over GRPO in both
answering accuracy and evidence grounding.

2 Related Work

Visual Reasoning in LVLMs. Recent advances
in LVLMs’ visual reasoning capabilities have
driven sustained research efforts toward implement-
ing cognitive processes through explicit problem-
solving trajectories (Wang et al., 2025¢; Huang and
Chang, 2023; Xu et al., 2025a). The early attempts
(Chen et al., 2023b; Yao et al., 2023; Besta et al.,
2024; Wei et al., 2022) employ carefully designed
prompts to guide the rationale generation. + An-
other line of work enhances LVLM reasoning capa-
bilities through supervised fine-tuning on rationale
annotations (Zhang et al., 2023; Wang et al., 2024a;
Dong et al., 2024; Xu et al., 2024a; Thawakar et al.,
2025; Yao et al., 2024). LLaVA-CoT (Xu et al.,
2024a) explicitly defines the structured reasoning
stages to enhance the process interpretability. Mul-
berry (Yao et al., 2024) augments Monte Carlo
Tree Search by integrating collective knowledge
from multiple LVLMs, where negative exploration
paths are leveraged to synthesize self-reflective data
for iterative self-correction. Recent breakthroughs
from DeepSeek-R1 (Guo et al., 2025) have cat-
alyzed a wave of Rl-inspired methodologies in
vision-language research (Yang et al., 2025; Peng
etal., 2025; Tan et al., 2025; Liu et al., 2025; Meng
et al., 2025; Yu et al., 2025; Huang et al., 2025).
Vision-R1 (Huang et al., 2025) introduces a pro-
gressive thinking suppression training strategy to
address overthinking issues. LMM-R1 (Peng et al.,
2025) focuses on unleashing general reasoning ca-
pabilities in 3B-parameter models, demonstrating
progress in visual geometry and agent domains.
Visual-RFT (Liu et al., 2025) further extends this

paradigm to broader vision tasks, including fine-
grained classification and object detection. Despite
recent progress, most LVLMs still adopt a text-
centric reasoning paradigm, whereas human cog-
nition relies on interleaved visual-text reasoning
grounded in visual evidence, motivating the need
for more grounded reasoning frameworks.

Thinking with Images. Recent advances in multi-
modal reasoning have moved beyond text-centric
paradigms toward thinking with images (Shao et al.,
2024a; Su et al., 2025; Lai et al., 2025; Zheng
et al., 2025), where visual information is actively
involved as intermediate representations during rea-
soning rather than serving as static context. Exist-
ing methods can be broadly categorized into three
types according to how visual information is manip-
ulated: 1) Tool-driven reasoning (Wu et al., 2024;
Liu et al., 2023; Qi et al., 2024; Shao et al., 2024a;
Hong et al., 2025; Zheng et al., 2025; Lai et al.,
2025), where models act as high-level planners
that orchestrate predefined visual tools, e.g., vi-
sual, numerical, and information retrieval tools,
to optimize grounded reasoning policies; 2) Pro-
grammatic reasoning (Gupta and Kembhavi, 2023;
Suris et al., 2023; Liu et al., 2025), which treats
visual reasoning as a code generation process, al-
lowing models to compose customized and veri-
fiable visual operations, particularly effective for
structured tasks such as geometry (Mallis et al.,
2025) and mathematical reasoning (Wang et al.,
2025b); 3) Intrinsic reasoning (Team, 2024; Sun
et al., 2024b; Chen et al., 2025; Xu et al., 2025b),
where models internally synthesize visual repre-
sentations within a closed reasoning loop, unifies
visual generation and reasoning by making visual
imagination a native component of the reasoning
process. Our Ground-R1 follows the tool-driven
reasoning paradigm, avoiding the computational
overhead of programmatic execution and the un-
certainty of intrinsic visual imagination (Hu et al.,
2024). Moreover, we identify a systematic bias in
reward learning and propose SRPO as an alterna-
tive to GRPO that recalibrates reward signals in a
scale-aware manner.

3 Ground-R1

A schematic illustration of Ground-R1 is shown in
Figure 3. The overall pipeline is described in Sec-
tion 3.1, while the proposed scale-relative policy
optimization is detailed in Section 3.2.
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Figure 3: Schematic illustrations of Ground-R1. The grounding phase analyzes input instructions and generates
evidence region rollouts. b; € R* denotes the axis-aligned bounding box coordinates and e; is the corresponding
cropped evidence region, i € [1, G1]. The answering phase takes the input image, question, and the generated
evidence regions as input and delivers final answers. o; ; denote the j-th rollout answers based on the i-th evidence
region e;. j € [1, G2]. Region discretization partitions rollouts into K equal-sized bins based on their relative
areas. A; ; is the computed advantages (c.f. Eq. (5)) and the proposed SGPO is optimized via Eq. (6).

3.1 Opverall Pipeline

Grounding Rollout. Given the input question g
and image v, the grounding rollout process syn-
thesizes critical evidence regions through iterative
reasoning. We formally structure cognitive pro-
cesses through dedicated markup tags: analytical
reasoning flows are encapsulated within <think>
and </think> elements, while visual grounding
outputs are delimited by <box> and </box> tags.
Following GRPO (Shao et al., 2024b), a set of
grounding rollouts is generated by an existing pol-

icy mg,, as follows.

b={b} ~m(-lav), (D
where b; € R* denotes the axis-aligned bounding
box represented by its top-left and bottom-right
corner coordinates. (57 is the number of sampled
grounding rollouts.

Answer Rollout. Leveraging the evidence region
coordinates generated from the grounding rollout
process, we extract corresponding image regions
through spatial cropping. During the answer rollout
phase, the policy model integrates multiple inputs
including the original image, textual query, and
evidence-aligned image regions to synthesize final
responses. Consider a generated bounding box b;
as an illustrative case, the corresponding evidence
region e; is derived through zoom-in and cropping
operations. The answer rollout process is formally
expressed as follows:

2

G
0; = {Oi,j}jjl ™~ o ( | q,v, 62‘),

where o; ; denote the j-th rollout answers based
on the i-th evidence region e;. i € [1,G1], j €
[1, G2]. G2 denotes the number of answer rollouts
generated per evidence region, yielding a total of
(G1 - G4 reasoning trajectories.

3.2 Scale Relative Policy Optimization

Our Ground-R1 is trained via the proposed SRPO,
which extends the conventional GRPO (Shao et al.,
2024b) by conditioning advantage normalization
on the region scale.

Evidence Region Discretization. We first perform
the area-based discretization on the evidence re-
gions e; generated in the grounding rollout process,
partitioning them into K equal-sized bins based on
their relative areas, as follows:

s(i) =min (| Ka;| +1,K) € {1,...,K}. (3)

where s(i) denotes the bucket index of the i-th
evidence region and a; is the relative area of e;.
Reward Scoring. Since the rewards vary signifi-
cantly across different area bins, we apply binary re-
wards including both intra- and inter-bin rewards.
e Intra-bin reward: It is designed to capture the
relative magnitudes within each bin. Specifically,
it incorporates two complementary components
including a format reward which ensure that the
responses conform to the desired format and an
answer reward which evaluates the correctness
of the final prediction. Formally, the intra-bin re-
ward is denoted as r%f‘;ra,i €[1,G1],j € [1,Gq).
For each bin S, = {(3,7) | s(i) = k}, k €
[1, K], we compute the mean and standard devi-



ation of the intra-bin rewards, denoted as p and
o, respectively.

e Inter-bin reward: To encourage discriminative
comparisons across different bins, we introduce
an additional inter-bin reward that favors rollouts
associated with the bin exhibiting the highest
mean reward. Specifically, the inter-bin reward
r;f‘]t-er is computed as follows.

1, if¢= argmax u

ke{l,...K} (4)

0, otherwise

Scale-aware Advantage Estimation. For intra-bin
rewards, advantages are estimated using per-bin
statistics instead of global normalization to ensure
scale-consistent within each bin. By contrast, inter-
bin rewards capture cross-bin discrimination and
thus use standard global advantage estimation.

pintra _ (i) pinter _ mean(r1n§er)

A. J— ] ,] i 1,7 (5)
2y Us(i) Std(T;{ljtoer) ’

where p4(;) and o(;) denote the mean and standard
deviation of the intra-bin rewards for the bin to
which the i-th evidence region belongs.

Optimization Objective. Our proposed SRPO is
optimized by maximizing the following objective:

G1 Ga
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min (pi,j (Q)Ai_’j, Chp (pi,j (9), 1- g, 1 + 8)Ai7j) (6)
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where ¢ is clipping-related hyper-parameters for
stabilizing training and the importance sampling
ratio p; ;(6) is defined as follow:

79 (045 | @, 0i,<j)
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4 [Experiments

4.1 Experimental Settings

Training Dataset. We adopt the dataset introduced
by DeepEyes (Zheng et al., 2025) including fine-
grained visual search (Wu and Xie, 2024), arX-
ivQA (Li et al., 2024b), ThinkLite-VL (Wang et al.,
2025d) for RL training. Note that we do not employ
curated SFT dataset for cold-start training, as the
distribution of SFT data can substantially alter the
grounding behavior of LVLMs (Lai et al., 2025),

which would hinder our investigation of the base
model’s inherent behavior under the thinking-with-
images paradigm.

Implementation Details. We conducted experi-
ments using Qwen-2.5-VL-7B-Instruct (Bai et al.,
2025). The training was performed for 1,000 steps
with a batch size of 8 and a learning rate of 1 x ¢ 6.
The rollout numbers for the grounding (1) and
answering (G2) stages were set to 4 and 2, respec-
tively. The number of equal-sized bins K was set
to 3. We used a default sampling temperature of
1 and a maximum response length of 512 tokens.
All experiments were run on 8 xH100 GPUs, with
a total training time of approximately 12 hours.

4.2 Evaluation on LVLM Benchmarks.

Results on General Benchmarks. Table 1 re-
ports the quantitative comparisons on six widely
used benchmarks, including MME (Fu et al., 2024),
MM-Vet (Yu et al., 2023), SEED-Bench (Li et al.,
2023a), MME-RealWorld-Lite (Zhang et al., 2024),
RealworldQA (xAlI, 2024), and POPE (Li et al.,
2023b). These benchmarks jointly evaluate gen-
eral multi-modal reasoning and hallucination re-
sistance. We include strong proprietary models
(e.g., GPT-4V and GPT-40), state-of-the-art open-
source LVLMs (e.g., InternVL2.5, Qwen2-VL),
and recent thinking-with-images (e.g., DeepEyes,
Mini-o3) and R1-style approaches (e.g., Vision-R1,
LMM-R1) for comprehensive comparison.

As shown in Table 1, Ground-R1 consistently

outperforms its base model Qwen2.5-VL-7B across
all evaluated benchmarks, e.g., achieving notable
absolute improvements of +83.4 on MME and
+17.1% on MME-RWL. These results indicate that
Ground-R1 substantially enhances both general
multimodal reasoning and grounding-sensitive ca-
pabilities without sacrificing robustness.
Results on High-Resolution Benchmarks. We
provide the comparison results on high-resolution
benchmarks, including V (Wu and Xie, 2024) and
HR-Bench (Wang et al., 2025¢), which pose more
challenging evaluations due to high-resolution im-
ages (4K/8K) and the presence of small-scale ob-
jects. As shown, Ground-R1 consistently outper-
forms Qwen2.5-VL-7B as well as prior methods
across all high-resolution settings, achieving no-
table absolute improvements of +11.9% on V*,
+6.8% on HR-4K, and +8.4% on HR-8K. These
gains indicate that Ground-R1 is particularly effec-
tive over high-resolution scenarios where critical
evidence often occupies a small spatial extent.



Table 1: Evaluation results on LVLM benchmarks including general and high-resolution scenarios. HR-4K/8K
denotes HR-Bench (Wang et al., 2025¢) with the high resolution of 4K/8K. MME-RWL denotes the MME-Real World
lite version (Zhang et al., 2024). T denotes results reproduced by us under the same experimental setting.

Method MME MM-Vet SEED MME-RWL RWQA POPE v* HR-4K HR-8K
GPT-4V (OpenAl, 2023) 1926.6 67.5 53.8 - 61.4 - - - -
GPT-40 (OpenAl, 2024) - 69.1 72.0 - 75.4 86.9 65.2 62.0 58.3
InternVL2-8B (Chen et al., 2024b) 2210.3 54.2 - - 64.4 86.9 - - -
InternVL2.5-8B (Chen et al., 2024a) | 2344.1 62.8 - - 70.1 90.6 - - -
Qwen2-VL-7B (Wang et al., 2024b) | 2326.8 62.0 75.1 - 70.1 88.1 - - -
CogCoM (Qi et al., 2024) - 46.1 - - - - - - -
Chain of Spot (Liu et al., 2024b) 1501.1 30.8 59.7 - - 86.4 - - -
FaST (Sun et al., 2024a) 1517.4 31.0 60.1 - - 86.4 - - -
Vision-R1-7B (Huang et al., 2025) 2306.2 583 73.0 41.0 50.2 88.7 - - -
LMM-R1 (Peng et al., 2025) 2210.6 64.5 74.4 354 522 86.5 - - -
R1-Onevision (Yang et al., 2025) 2192.2 67.5 66.5 35.1 46.5 84.9 - - -
LLaVA-OneVision (Li et al., 2024a) - - - - - - 754 63.0 59.8
DeepEyes’ (Zheng et al., 2025) - - - - - 87.7 83.3 73.2 69.5
Mini-o3" (Lai et al., 2025) - - - - - - 86.9 74.9 70.6
Pixel Reasoner (Wang et al., 2025a) - - - - - - 86.3 74.0 66.9
Qwen2.5-VL-7B (Bai et al., 2025) 2327.0 67.1 76.5 33.8 65.9 83.6 75.5 68.2 62.7
Ground-R1 (Ours) 24104 69.8 71.8 50.9 68.8 89.8 874 75.0 71.1
A (vs. Qwen2.5-VL-7B) +83.4 +2.7 +1.3 +17.1 +2.9 +6.2 +11.9 +6.8 +8.4

4.3 Visual Grounding

To ensure the broad coverage of multi-modal
competencies, we also evaluate the visual
grounding capabilities of Ground-R1 on Ref-
COCO (Kazemzadeh et al., 2014), RefCOCO+
(Kazemzadeh et al., 2014) and RefCOCOg (Mao
et al., 2016). We use the following prompts as
follows, i.e., “Locate <ref> in this image and out-
put the bbox coordinates in JSON format.", where
<ref> refers to the specific expression.

As shown in Table 2, Ground-R1 demonstrates
superior visual grounding capabilities, achieving
93.1% accuracy on RefCOCO val and surpassing
most LVLMs, while narrowing the performance
gap between generalist and specialist models (e.g.,
Grounding DINO (Liu et al., 2024a)). Although
Ground-R1 slightly underperforms CogCoM (Qi
et al., 2024) on specific benchmarks (e.g., test-
A of RefCOCO), this discrepancy is explainable:
CogCoM leverages a specialized grounded VQA
dataset (Wang et al., 2024c) for additional training
to enhance visual grounding, whereas our Ground-
R1 maintains dual competence in both visual rea-
soning and grounding without requiring dedicated
grounding-specific training.

4.4 Ablation Studies

To justify the design of our approach, we compare

Ground-R1 against the following model variants:

* Vanilla-SFT: This variant replaces the RL-based
training in Ground-R1 with SFT.

* Vanilla-R1: This variant omits the grounding

phase of Ground-R1 and leverages RL training.

* Ground-R1-GRPO: This variant replaces the
proposed SRPO with the standard GRPO.

* Ground-R1-Intra/Inter: These two variants use
only the intra-bin or inter-bin rewards in SRPO,
respectively (c.f. Section 3.2).

The comparison results are demonstrated in Ta-
ble 3. Building upon these model variants, we seek
to address four critical inquiries:

Q1: Does RL-based methodology outperform SFT-

based approaches in visual reasoning?

By comparing Ground-R1 with Vanilla-SFT, we
observe that RL-based methods consistently outper-
form SFT-based counterparts across all the bench-
marks. For example, Ground-R1 achieves an abso-
lute improvement of 14.1% over Vanilla-SFT on
V* Bench. These results indicate that RL-based op-
timization more effectively aligns model behavior
with task objectives by providing direct feedback
on reasoning outcomes.

Q2: Does the “grounding-then-answering"

paradigm outperform direct answer generation?

To answer this question, we compare Ground-
R1 with Vanilla-R1, where the latter removes the
explicit grounding stage and directly generates an-
swers. As shown in Table 3, Ground-R1 consis-
tently outperforms Vanilla-R1 across all the evalu-
ated benchmarks. These results indicate that explic-
itly separating grounding from answering enables
the model to localize task-relevant visual evidence
more effectively, leading to more accurate reason-
ing than direct answer generation.



Table 2: Evaluation results on visual grounding benchmarks including RefCOCO, RefCOCO+ and RefCOCOg.

RefCOCO RefCOCO+ RefCOCOg
Method

val test-A test-B val test-A test-B val test
Gemini 1.5 Pro (Reid et al., 2024) 732 72.9 74.6 62.5 63.9 65.0 75.2 76.2
Grounding DINO (Liu et al., 2024a) 90.6 93.2 88.2 88.2 89.0 75.9 86.1 87.0
Shikra-7B (Chen et al., 2023a) 87.0 90.6 80.2 81.6 87.4 72.1 82.3 82.2
Shikra-13B (Chen et al., 2023a) 87.8 91.1 81.8 82.9 87.8 74.4 82.6 83.2
Qwen2-VL (Bai et al., 2023) 89.4 92.3 85.3 83.1 88.3 77.2 85.6 85.5
CogVLM (Wang et al., 2024c) 92.5 94.0 88.7 87.5 91.8 81.4 89.5 90.1
CogCoM (Qi et al., 2024) 92.3 94.6 89.2 88.2 92.8 82.1 89.3 90.5
Qwen2.5-VL-7B (Bai et al., 2025) 90.0 92.5 85.4 84.2 89.1 76.9 87.2 87.2
InternVL2.5-8B (Chen et al., 2024a) 90.3 94.5 85.9 85.2 91.5 78.8 86.7 87.6
Vision-R1-7B (Huang et al., 2025) 58.3 64.2 485 50.9 61.1 38.5 51.9 52.6
LMM-RI1 (Peng et al., 2025) 87.3 91.4 83.6 79.2 87.1 72.9 84.1 84.1
R1-Onevision (Yang et al., 2025) 45.0 51.6 353 47.2 57.0 37.1 53.0 48.2

DeepEyes (Zheng et al., 2025) 89.8 - - 83.6 - - 86.7 -
Qwen2.5-VL-7B (Bai et al., 2025) 90.0 92.5 85.4 84.2 89.1 76.9 87.2 87.2
Ground R1 (Ours) 93.1 94.0 88.2 86.9 91.2 78.8 89.8 90.2
A (vs. Qwen2.5-VL-7B) +3.1 +1.5 +2.8 +2.7 +2.1 +1.9 +2.6 +3.0

Table 3: Ablation studies of Ground-R1. Refer to Section 4.4 for the configuration of each model variants.

Method MME MM-Vet SEED MME-RWL RWQA POPE v* HR-4K HR-8K
Ground-R1 2410.4 69.8 77.8 50.9 68.8 89.8 87.4 75.0 71.1
Vanilla-SFT 2337.0 68.0 76.7 34.2 67.1 87.6 73.3 66.6 60.0
Vanilla-R1 2338.8 53.2 754 35.1 66.5 88.4 80.1 71.3 67.9

Ground-R1-GRPO | 2395.1 68.8 77.6 494 67.7 89.7 85.3 73.8 69.3
Ground-R1-Intra 2358.7 59.2 76.7 43.6 63.9 88.8 81.7 71.8 68.5
Ground-R1-Inter 2390.5 67.9 76.9 44.1 65.5 89.3 81.2 72.6 68.8

03: To what extent does the proposed SRPO out-
perform standard GRPO?

To quantify the effectiveness of SRPO, we com-
pare Ground-R1 with Ground-R1-GRPO, which
shares the same architecture but replaces SRPO
with standard GRPO. As shown in Table 3, Ground-
R1 consistently outperforms Ground-R1-GRPO
across all evaluated benchmarks. Notably, SRPO
brings substantial gains on high-resolution bench-
marks, achieving an improvement of +2.1% on V*,
+1.2% on HR-4K, and +1.8% on HR-8K. These
results demonstrate that SRPO provides additional
benefits over standard GRPO by more effectively
recalibrating reward signals across evidence re-
gions of different scales.

Q4: How do the intra- and inter-bin reward com-
ponents of SRPO contribute to the performance?

To assess the contribution of each reward compo-
nent in SRPO, we compare Ground-R1 with its two
ablated variants, Ground-R 1-Intra and Ground-R1-
Inter, which retain only the intra-bin or inter-bin
reward, respectively. As shown in Table 3, both
variants underperform the full Ground-R1 model
across all benchmarks, indicating that neither com-
ponent alone is sufficient. In particular, Ground-R1-
Intra exhibits notable degradation, suggesting that

intra-bin normalization alone cannot adequately
distinguish evidence across different scales.

05: Compared to GRPO, does SRPO lead to more
accurate grounded evidence region?

To investigate this, we analyze the training dy-
namics of Ground-R1 trained with SRPO and stan-
dard GRPO. As shown in Figure 4, we report the
normalized average reward, grounding IoU, and
tool call count over the course of training. Follow-
ing (Zheng et al., 2025), grounding IoU is evaluated
on the fine-grained visual search split of the train-
ing dataset, which provides ground-truth bounding
boxes closely aligned with the target answers.

As shown in Figure 4, our SRPO consistently
achieves higher average rewards and substantially
improves grounding IoU compared to GRPO, indi-
cating more accurate and faithful evidence region
grounding. Notably, this performance gap becomes
particularly pronounced after approximately 600
training steps. We attribute this to the inherent op-
timization bias of GRPO, which primarily favors
large and visually salient bounding boxes (c.f. Fig-
ure 2). As training progresses, the policy increas-
ingly exploits previously high-reward large regions,
leading to an exploration collapse that prevents
revisiting small but potentially critical evidence.



Average Reward

Grounding loU

Tool Call Count

0.75
0.40 L5
0.70 0.38
14
0.65 0.36
0.60 0.34 13
0.55 0.32
1.2
0.50 0.30
0.45 0.28 11
—— SRPO —— SRPO —— SRPO
0.40 026
GRPO GRPO | GRPO
0.24
0 200 400 600 800 1000 ) 200 400 600 800 1000 0 200 400 600 800 1000
Steps Steps Steps

Figure 4: Training dynamics of Ground-R1 including normalized average reward, grounding IoU, and tool call

count under standard GRPO and our proposed SRPO.

Ground-R1 w/ GRPO:

<think>
Let me think through this carefully. The image mainly depicts a
residential neighborhood with houses, greenery, and an open field in
the foreground. Residential areas often contain roads and parked cars,
so it is reasonable to assume that vehicles might be present somewhere
within the scene. However, without being able to clearly isolate or
confirm the exact locations of individual vehicles, it is difficult to
determine whether a black vehicle or a silver vehicle is visible.

</think>

<box>[0.25, 0.39, 1.00, 0.69] </box>

<think> Given this uncertainty and the inability to clearly identify
distinct vehicles in the image, | conclude that the vehicles cannot be
reliably seen, and therefore their relative distance to the camera
cannot be determined. </think>

<answer> The vehicles are not visible in the image, it cannot be
determined which one is closer. </answer>

Question:
Which one is closer to the camera, the black vehicle or the silver vehicle?

Ground-Truth
Grounded Region

Ground-R1 w/ SRPO:

<think>

Let me reason through this step by step. The image shows a grassy field
in the foreground and a residential area behind it. Between the houses,
there is a road where vehicles may be parked. Both a black vehicle and a
silver vehicle are not obvious. The most relevant evidence lies along the
road area in front of the houses where a silver vehicle might appear.
</think>

<box>[0.60, 0.35, 0.75, 0.50] </box>
<think>

Focusing on this cropped region, the
silver vehicle can be seen parked on the
road, with clear spatial cues such as its
relative size and vertical placement. The
silver vehicle appears slightly larger and
lower in scale and sits a bit lower in the
frame compared with the black vehicle
farther up the road, so It is nearer to the
camera than the black vehicle located
farther back.

</think>

<answer>

The silver vehicle is closer to the camera.
</answer>

Figure 5: Comparisons of reasoning trajectories of Ground-R1 under standard GRPO and our proposed SRPO.

4.5 Visualizations

Figure 5 provides a qualitative comparison between
Ground-R1 trained with standard GRPO and our
proposed SRPO. Under GRPO, Ground-R1 fails to
localize the relevant evidence and instead grounds
its reasoning on a large, visually salient region con-
taining multiple houses and background context.
As a result, the model defaults to an uncertain or
incorrect response. In contrast, Ground-R1 trained
with SRPO exhibits more precise evidence ground-
ing by focusing on a small, task-relevant region
where the vehicles are visible. By accurately lo-
calizing the silver vehicle and leveraging relative
size cues, SRPO enables the model to correctly
determine the relative distance to the camera.

5 Conclusion

In this work, we investigate a fundamental limita-
tion of existing thinking-with-images approaches,
namely a systematic scale-driven bias that favors
large visual regions during optimization. To ad-
dress this issue, we propose Ground-R1, equipped
with scale relative policy optimization, which re-
calibrates reward signals across evidence regions
of different sizes. Extensive experiments demon-
strate that Ground-R1 not only improves response
accuracy but also yields more precise and faithful
evidence grounding, offering a more robust path-
way toward trustworthy and interpretable vision-
language reasoning.



Ethical Considerations

Our work contributes to enhancing the reliabil-
ity and interpretability of LVLMs through a de-
biased thinking-with-images pattern. By explic-
itly mitigating the scale-driven bias, Ground-R1
with SRPO reduces the model’s tendency to rely
on visually prominent yet semantically irrelevant
regions, thereby lowering the risk of generating
predictions based on spurious correlations. This
advancement in evidence-based reasoning is par-
ticularly relevant for high-stakes applications, such
as medical imaging analysis or autonomous sys-
tems, where overlooking subtle but critical details
could have serious consequences. All data used in
our experiments are from publicly available bench-
mark datasets intended for research purposes, and
no personally identifiable information is involved.
However, as with any foundation model enhance-
ment, the improved capability could be deployed
in dual-use scenarios. We advocate for responsible
development and application of such technologies,
including thorough testing in domain-specific con-
texts before real-world deployment.

Limitation

While Ground-R1 significantly improves evidence
grounding and response accuracy, our approach has
the following two limitations that warrant further
investigation. First, Ground-R1 remains dependent
on the quality of region proposals, i.e., suboptimal
proposals or missing candidate regions may still
lead to incorrect grounding, particularly for highly
occluded or visually ambiguous objects. Sec-
ond, our evaluation focuses on established bench-
marks while the performance and grounding fi-
delity of Ground-R1 in more open-world, long-tail,
or domain-shifted scenarios remain to be explored.
Future work should aim to integrate more robust
region generation strategies and extend evaluations
to broader real-world settings with greater visual
and semantic diversity.
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A Appendix

This appendix provides additional experimental
analyses and qualitative visualizations to comple-
ment the main paper:

* Hyper-parameter Analysis.

e Prompts for Ground-R1.
¢ Illustrations of the intra-bin reward design.
* Visualizations of completion length.

* Qualitative comparisons.

Hyper-parameter analysis. Table 4 presents an
ablation study on the key hyper-parameters of
Ground-R1, including the number of grounding
rollouts GG1, answer rollouts GG, and the number
of scale bins K. We observe that a balanced al-
location between grounding and answering stages
is crucial for optimal performance. In particular,
the configuration G1=4 and G=2 achieves the
best overall results across all high-resolution bench-
marks. Moreover, varying the number of scale bins
shows that K'=3 consistently outperforms smaller
or larger values, suggesting that moderate scale dis-
cretization provides a favorable balance between
granularity and training stability.

Prompts for Ground-R1. The prompts for

Ground-R1 is illustrated in Table 5.

Illustrations of the intra-bin reward design. The

intra-bin reward in SRPO integrates two comple-

mentary reward mechanisms:

* The format reward ensures coherence by struc-
turing reasoning traces within <think> and
</think> tags, spatial coordinates within <box>
and </box> tags, and final answers within
<answer> and </answer> tags.

* The answer reward is defined according to the
question type: for multiple-choice questions, it is
a binary score based on exact answer matching,
while for free-form questions, it is computed as
lexical alignment using the average of ROUGE-
1, ROUGE-2, and ROUGE-L scores against the
ground-truth answers.
Visualizations of completion length. Figure 6 de-
picts the training dynamics of completion length for
Ground-R1 trained with SRPO and standard GRPO.
As shown, both methods exhibit comparable com-
pletion length trajectories throughout training, with
similar magnitudes and fluctuations across steps.
This observation indicates that the performance im-
provements achieved by SRPO are not attributable
to longer or more verbose generations. Instead,
SRPO enhances reasoning quality and evidence
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Figure 6: Training dynamics of completion length for
Ground-R1 under SRPO and standard GRPO.

Table 4: Ablations of hyper-parameters.

Gy Ga K \'%A HR-4K HR-8K
1 8 3 77.0 67.0 59.1
2 4 3 83.8 73.8 69.5
4 2 3 87.4 75.0 71.1
8 1 3 86.4 74.7 70.6
4 2 2 86.9 73.5 70.0
4 2 4 86.9 74.1 70.8

grounding without increasing output length or in-
troducing additional inference overhead.

Qualitative comparisons. Figures 7-9 present
qualitative comparisons of reasoning trajectories
produced by Ground-R1 trained with standard
GRPO and our proposed SRPO. Figure 7 focuses
on a fine-grained recognition scenario that requires
identifying a small numerical marker on a bridge.
Under standard GRPO, the model grounds its rea-
soning on a large, visually salient region and in-
correctly associates an unrelated numeric sign with
the bridge. In contrast, SRPO enables more precise
localization of the relevant bridge region, allowing
the model to correctly identify the target number.
Figure 8 illustrates a foreground object identifica-
tion task involving multiple people in the scene.
While GRPO grounds on a prominent background
figure and produces an incorrect answer, SRPO
successfully focuses on the closest person to the
camera and correctly recognizes the object being
held. Figure 9 further examines a counting task
involving small-scale objects, where GRPO over-
generalizes from a large region and undercounts
the solar panels, whereas SRPO isolates the small
but relevant rooftop region and accurately counts



Table 5: Prompts for Ground-R1. {input} will be replaced with the specific question and image during training
and inference.

Question: {input}

Please think about this question as if you were a human pondering deeply. Provide detailed
reasoning between the <think> and </think> tags. Reason whether there exists a region in the
image that could help you answer the question better. If such a region exists, provide one bounding
box coordinate in the format [x1,y1,x2,y2] inside the <box> and </box> tags.

Then, you will receive a cropped image based on the bounding box. Use all the images to continue
reasoning. You may conduct multiple rounds of grounding to refine your region as you want. The
bounding box you provide should always be selected based on the original image. If at any point
you determine no further visual information is needed, you may directly provide the final answer
inside the <answer> and </answer> tags.

Format Example:

<think> Reasoning Process </think> <box> [x1,y1,x2,y2] </box> or,

<think> Reasoning Process </think><answer> Final Answer </answer>

all instances.

Overall, these examples consistently demon-
strate that SRPO mitigates the tendency of standard
GRPO to favor large, visually salient regions and
instead encourages grounding on small yet seman-
tically critical evidence. As a result, Ground-R1
trained with SRPO exhibits more faithful evidence
localization and more reliable reasoning outcomes
across diverse visual reasoning scenarios.
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Ground-R1 w/ GRPO:

<think>
Let me think through this carefully. The question
asks for the number on the bridge. The bridge is
part of the canal infrastructure in the lower
portion of the image. At this stage, the exact
numeric marking is not readable, and any potential
number plate on the bridge could be too small or
low-contrast to identify from this view. Because |
cannot confidently make out a specific digit
sequence directly on the bridge here, | will
concentrate on the lower portion of the image
where an identifying number may appear.

</think>

<box> [0.05, 0.75, 1.0, 0.95] </box>

<think>
After zooming into this region,
the finer details become

clearer and a distinct numeric
value “0.2” can be seen on a

sign along the right-side
roadway next to the canal. <answer>
This is the only clearly the number on
readable number available the bridge is
within the focused area. | lock
.50 0.2
onto “0.2” as the number.
</answer>

</think>

Question:
What is the number on the bridge?

Ground-Truth Region:

Ground-R1 w/ SRPO:

<think>

Let me reason step by step. In this scene, the
bridge is the small crossing over the canal in the
lower part of the image toward the left side of the
canal. Numbers in this scene can appear on many
objects, so | need to isolate markings that are
attached to the bridge itself. | should focus the
bridge’s railing line and the side of the bridge
structure where a number would most likely
appear. | need to focus on this part of the bridge
area to carefully check whether a relevant number
is present.

</think>

<box>[0.16, 0.72, 0.30, 0.86] </box>

<think>

Looking at the cropped area, the sign mounted on
the bridge is clearly visible. The digits are legible
and read as “23”. The placement and attachment
indicate it belongs to the bridge.

</think>

<answer>

The number on the bridge is 23.

</answer>

)

Figure 7: Comparisons of reasoning trajectories of Ground-R1 under standard GRPO and our proposed SRPO.
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Ground-R1 w/ GRPO:

<think> The scene contains multiple people. One person is standing in the
background near the couch, holding an object in their hand. This person is
clearly holding something, | focus on this individual to determine what
object is being held. </think>

<box>[0.45, 0.12, 0.62, 0.48] </box>

<think> Within this area, the standing person is holding a bottle-shaped
object with a narrow neck, which resembles a beverage container.
</think>

<answer> A beer bottle. </answer>

Question:
What is the person closest to the camera
holding in their hand?

Ground-R1 w/ SRPO:

<think> The question asks about the person closest to the camera. In this
image, the closest person appears in the foreground, seated and leaning
forward. To answer correctly, | need to focus on the hands of this
foreground person, as proximity to the camera and interaction with the
object are the key cues. </think>

<box>[0.42, 0.56, 0.56, 0.79] </box>

<think> In this region, the object in the foreground person’s hand is
clearly visible. It has a rounded head and a handle, and it is being held
close to the mouth, which strongly indicates it is a microphone used for
singing or speaking. </think>

<answer> A microphone. </answer> )

Figure 8: Comparisons of reasoning trajectories of Ground-R1 under standard GRPO and our proposed SRPO.
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Question: How many solar panels are there?

~

Ground-R1 w/ GRPO: %
<think> The question asks for the numbetof solar panels in the image. Slnce solar installations are often
placed on rooftops or visible strucmres | will focus on the lower portlory of the image where rooftops and
mounted objects are present. 'l’hls area contains several man-made el’ements that could potentially be
solar panels. </think> : J/

’

<box>[0.10, 0.65, 1.00, 1. 00]'</box> /
<think> Within this region, one rectangular panel is installed on a r()oftop And one round panel is visible
on the lower rooftops. | conclude that there are two different sola'r panels present in the image </think>
<answer> 2 </answer> A

Ground-R1 w/ SRPO: P
<think> To answer how many solar pafiels are present, | need to identify flat, rectangular modules with a
grid-like appearance that are mouﬁted together. In the lower-right area there is a small cluster of
rectangular panels installed on a rooftop. These panels are visually distinct from walls and decorative
elements because of their unlform shape. | should focus on that specific rooftop area to count the panels
precisely. </think>

<box> [0.67, 0.68, 0.83, 0. 79] </box>

<think> Within this cropped region, the solar panels are clearly visible and arranged in a neat grid. By
counting each distinct rectangular panel, | can identify a total of eight individual solar panels. </think>
<answer> 8 </answer>

A

Figure 9: Comparisons of reasoning trajectories of Ground-R1 under standard GRPO and our proposed SRPO.
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