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Question: What is the person in the background 
holding in their hand?

Response of Ground-R1 w/ GRPO
<think> One prominent handheld object is visible in the scene, and I need to focus on the 
person holding this small white device in order to determine the answer .... </think>
<box> [0.32, 0.42, 0.40, 0.65] </box> 
<think> Within this grounded region, the visible object appears to be a handheld 
electronic device … </think> 
<answer> Remote control </answer>

Response of Ground-R1 w/ SRPO
<think> Behind the foreground figure, there is a seated person ... I should focus tightly on 
the background person's hands and the object they are holding. </think>
<box> [0.52, 0.30, 0.58, 0.43] </box> 
<think> Inside this region, the background person is clearly holding a transparent drinking 
glass in their hand ... </think> 
<answer> Drinking Glass </answer>

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.

Abstract001

Large Vision-Language Models (LVLMs) have002
become powerful general-purpose assistants,003
yet their predictions often lack reliability and004
interpretability due to insufficient grounding005
in visual evidence. The emerging thinking-006
with-images paradigm seeks to address this007
issue by explicitly anchoring reasoning to im-008
age regions. However, we empirically find that009
most existing methods suffer from a system-010
atic scale-driven bias in optimization, where011
training rewards are dominated by large vi-012
sual regions, suppressing learning from small013
but semantically critical evidence and leading014
to spurious grounding at inference time. To015
address this limitation, we propose Ground-016
R1, a de-biased thinking-with-images frame-017
work trained via a novel Scale Relative Policy018
Optimization (SRPO) objective that replaces019
standard GRPO. Specifically, our SRPO re-020
calibrates reward learning across evidence re-021
gions of different sizes through scale-aware022
binning and intra-/inter-bin comparisons, en-023
abling balanced credit assignment during train-024
ing. Experimental results on general LVLM,025
high-resolution, and visual grounding bench-026
marks validate the effectiveness of Ground-R1027
and show that SRPO yields consistent gains028
over standard GRPO in both response accuracy029
and evidence grounding.030

1 Introduction 031

Large Vision-Language Models (LVLMs) (Ope- 032

nAI, 2024; Anthropic, 2024; Bai et al., 2025) have 033

emerged as versatile general-purpose assistants, ca- 034

pable of interpreting and executing a wide range of 035

real-world tasks through the unified processing of 036

visual and linguistic signals. Despite their impres- 037

sive capabilities, LVLMs still suffer from limited 038

answer reliability and poor interpretability. These 039

issues often stem from the models’ tendency to rely 040

on spurious correlations in pre-training data distri- 041

butions, rather than grounding their predictions in 042

salient visual evidence from the input (Gupta et al., 043

2023; Xu et al., 2024b; Zhou et al., 2024). 044

To mitigate these limitations, recent studies ad- 045

vocates thinking with images (Shao et al., 2024a; Su 046

et al., 2025; Lai et al., 2025; Zheng et al., 2025), i.e., 047

a paradigm that requires models to explicitly an- 048

chor reasoning processes to semantically grounded 049

evidence regions. Despite this progress, most ex- 050

isting approaches build upon vanilla GRPO (Guo 051

et al., 2025), which relies on outcome-level rewards 052

without step-wise supervision, making accurate ev- 053

idence grounding difficult to ensure. Empirically, 054

we further identify a systematic scale-driven bias, 055

where the training rewards are dominated by large 056
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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, we057

conduct diagnostic experiments to analyze reward058

distributions across evidence regions of different059

scales during training. Specifically, we track re-060

ward trajectories for large-, medium-, and small-061

scale regions, defined by relative area thresholds of062

less than 10%, between 10% and 30%, and greater063

than 30%, respectively. As shown in Figure 2, the064

large evidence regions consistently receive higher065

rewards than medium and small ones, indicating066

that they dominate the training signal. This leads to067

consistently negative advantages for small regions068

with lower mean rewards, causing their gradients069

to be suppressed or even clipped during optimiza-070

tion. Consequently, at inference time, models tend071

to favor visually prominent objects over small yet072

semantically critical evidence (c.f . Figure 1).073

To address this issue, we propose Ground-074

R1, a de-biased thinking-with-images framework075

equipped with Scale Relative Policy Optimization076

(SRPO), a novel training paradigm that recalibrates077

reward signals across evidence regions of differ-078

ent scales. Specifically, SRPO first discretizes evi-079

dence regions into scale-aware bins based on their080

relative areas. It then decomposes reward learning081

into complementary intra-bin and inter-bin compo-082

nents, capturing scale-calibrated relative compar-083

isons within each scale while encouraging discrim-084

inative comparisons across scales. Furthermore,085

SRPO adopts a scale-aware advantage computation086

strategy, where intra-bin advantages are computed 087

using per-bin statistics and inter-bin advantages are 088

estimated globally. This scale-relative design effec- 089

tively mitigates the dominance of large regions in 090

training, leading to more balanced reward propaga- 091

tion and more faithful visual evidence grounding. 092

We evaluate Ground-R1 across a comprehen- 093

sive set of benchmarks covering general LVLM 094

tasks, high-resolution scenarios, and visual ground- 095

ing evaluations. Our method consistently deliv- 096

ers strong performance over supervised fine-tuning 097

(SFT) counterparts, grounded visual reasoning ap- 098

proaches (Liu et al., 2024b; Shao et al., 2024a; Qi 099

et al., 2024; Liu et al., 2024b), R1-series works 100

(Yang et al., 2025; Peng et al., 2025; Huang et al., 101

2025) and concurrent thinking-with-image meth- 102

ods (Zheng et al., 2025; Lai et al., 2025). For ex- 103

ample, built upon Qwen2.5-VL (Bai et al., 2025), 104

Ground-R1 achieves a 11.9% absoluate improve- 105

ment on V∗ (Wu and Xie, 2024). In addition, com- 106

pared to standard GRPO, our proposed SRPO con- 107

sistently delivers further performance gains while 108

enabling more precise and faithful grounding of 109

evidence regions. Specifically, Ground-R1 trained 110

via SRPO achieves an 1.8% absolute improvement 111

over the GRPO variant on the HR-8K benchmark. 112

Moreover, SRPO demonstrates improved evidence 113

region grounding over the course of training, re- 114

sulting in higher grounding IoU values than GRPO 115

(c.f . Figure 4). 116
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In summary, our contributions are in three-folds:117

• We introduce Ground-R1, a thinking-with-118

images paradigm that decomposes reasoning119

into grounding and answering stages to explic-120

itly anchor predictions in visual evidence.121

• We identify and systematically diagnose a122

scale-driven bias in GRPO-based grounded123

reasoning, and propose scale relative policy124

optimization to recalibrate rewards across evi-125

dence regions of varying sizes.126

• Extensive experiments across general LVLM,127

high-resolution, and visual grounding bench-128

marks demonstrate that Ground-R1 consis-129

tently outperforms prior methods, with SRPO130

yielding consistent gains over GRPO in both131

answering accuracy and evidence grounding.132

2 Related Work133

Visual Reasoning in LVLMs. Recent advances134

in LVLMs’ visual reasoning capabilities have135

driven sustained research efforts toward implement-136

ing cognitive processes through explicit problem-137

solving trajectories (Wang et al., 2025e; Huang and138

Chang, 2023; Xu et al., 2025a). The early attempts139

(Chen et al., 2023b; Yao et al., 2023; Besta et al.,140

2024; Wei et al., 2022) employ carefully designed141

prompts to guide the rationale generation. + An-142

other line of work enhances LVLM reasoning capa-143

bilities through supervised fine-tuning on rationale144

annotations (Zhang et al., 2023; Wang et al., 2024a;145

Dong et al., 2024; Xu et al., 2024a; Thawakar et al.,146

2025; Yao et al., 2024). LLaVA-CoT (Xu et al.,147

2024a) explicitly defines the structured reasoning148

stages to enhance the process interpretability. Mul-149

berry (Yao et al., 2024) augments Monte Carlo150

Tree Search by integrating collective knowledge151

from multiple LVLMs, where negative exploration152

paths are leveraged to synthesize self-reflective data153

for iterative self-correction. Recent breakthroughs154

from DeepSeek-R1 (Guo et al., 2025) have cat-155

alyzed a wave of R1-inspired methodologies in156

vision-language research (Yang et al., 2025; Peng157

et al., 2025; Tan et al., 2025; Liu et al., 2025; Meng158

et al., 2025; Yu et al., 2025; Huang et al., 2025).159

Vision-R1 (Huang et al., 2025) introduces a pro-160

gressive thinking suppression training strategy to161

address overthinking issues. LMM-R1 (Peng et al.,162

2025) focuses on unleashing general reasoning ca-163

pabilities in 3B-parameter models, demonstrating164

progress in visual geometry and agent domains.165

Visual-RFT (Liu et al., 2025) further extends this166

paradigm to broader vision tasks, including fine- 167

grained classification and object detection. Despite 168

recent progress, most LVLMs still adopt a text- 169

centric reasoning paradigm, whereas human cog- 170

nition relies on interleaved visual–text reasoning 171

grounded in visual evidence, motivating the need 172

for more grounded reasoning frameworks. 173

Thinking with Images. Recent advances in multi- 174

modal reasoning have moved beyond text-centric 175

paradigms toward thinking with images (Shao et al., 176

2024a; Su et al., 2025; Lai et al., 2025; Zheng 177

et al., 2025), where visual information is actively 178

involved as intermediate representations during rea- 179

soning rather than serving as static context. Exist- 180

ing methods can be broadly categorized into three 181

types according to how visual information is manip- 182

ulated: 1) Tool-driven reasoning (Wu et al., 2024; 183

Liu et al., 2023; Qi et al., 2024; Shao et al., 2024a; 184

Hong et al., 2025; Zheng et al., 2025; Lai et al., 185

2025), where models act as high-level planners 186

that orchestrate predefined visual tools, e.g., vi- 187

sual, numerical, and information retrieval tools, 188

to optimize grounded reasoning policies; 2) Pro- 189

grammatic reasoning (Gupta and Kembhavi, 2023; 190

Surís et al., 2023; Liu et al., 2025), which treats 191

visual reasoning as a code generation process, al- 192

lowing models to compose customized and veri- 193

fiable visual operations, particularly effective for 194

structured tasks such as geometry (Mallis et al., 195

2025) and mathematical reasoning (Wang et al., 196

2025b); 3) Intrinsic reasoning (Team, 2024; Sun 197

et al., 2024b; Chen et al., 2025; Xu et al., 2025b), 198

where models internally synthesize visual repre- 199

sentations within a closed reasoning loop, unifies 200

visual generation and reasoning by making visual 201

imagination a native component of the reasoning 202

process. Our Ground-R1 follows the tool-driven 203

reasoning paradigm, avoiding the computational 204

overhead of programmatic execution and the un- 205

certainty of intrinsic visual imagination (Hu et al., 206

2024). Moreover, we identify a systematic bias in 207

reward learning and propose SRPO as an alterna- 208

tive to GRPO that recalibrates reward signals in a 209

scale-aware manner. 210

3 Ground-R1 211

A schematic illustration of Ground-R1 is shown in 212

Figure 3. The overall pipeline is described in Sec- 213

tion 3.1, while the proposed scale-relative policy 214

optimization is detailed in Section 3.2. 215
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Evidence Grounding Response Generation

Forward Flow 
Reward

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

<think>Reasoning Trace</think>
<answer>Answer</answer>

Question: Which animal is mentioned 
on the card within the image?

Region 
Discretization

Rollouts

Figure 3: Schematic illustrations of Ground-R1. The grounding phase analyzes input instructions and generates
evidence region rollouts. bi ∈ R4 denotes the axis-aligned bounding box coordinates and ei 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. oi,j denote the j-th rollout answers based on the i-th evidence
region ei. j ∈ [1, G2]. Region discretization partitions rollouts into K equal-sized bins based on their relative
areas. Ai,j is the computed advantages (c.f . Eq. (5)) and the proposed SGPO is optimized via Eq. (6).

3.1 Overall Pipeline216

Grounding Rollout. Given the input question q217

and image v, the grounding rollout process syn-218

thesizes critical evidence regions through iterative219

reasoning. We formally structure cognitive pro-220

cesses through dedicated markup tags: analytical221

reasoning flows are encapsulated within <think>222

and </think> elements, while visual grounding223

outputs are delimited by <box> and </box> tags.224

Following GRPO (Shao et al., 2024b), a set of225

grounding rollouts is generated by an existing pol-226

icy πθold as follows.227

b = {bi}G1
i=1 ∼ πθold (· | q,v), (1)228

where bi ∈ R4 denotes the axis-aligned bounding229

box represented by its top-left and bottom-right230

corner coordinates. G1 is the number of sampled231

grounding rollouts.232

Answer Rollout. Leveraging the evidence region233

coordinates generated from the grounding rollout234

process, we extract corresponding image regions235

through spatial cropping. During the answer rollout236

phase, the policy model integrates multiple inputs237

including the original image, textual query, and238

evidence-aligned image regions to synthesize final239

responses. Consider a generated bounding box bi240

as an illustrative case, the corresponding evidence241

region ei is derived through zoom-in and cropping242

operations. The answer rollout process is formally243

expressed as follows:244

oi = {oi,j}G2

j=1 ∼ πθold (· | q,v, ei), (2)245

where oi,j denote the j-th rollout answers based 246

on the i-th evidence region ei. i ∈ [1, G1], j ∈ 247

[1, G2]. G2 denotes the number of answer rollouts 248

generated per evidence region, yielding a total of 249

G1 ·G2 reasoning trajectories. 250

3.2 Scale Relative Policy Optimization 251

Our Ground-R1 is trained via the proposed SRPO, 252

which extends the conventional GRPO (Shao et al., 253

2024b) by conditioning advantage normalization 254

on the region scale. 255

Evidence Region Discretization. We first perform 256

the area-based discretization on the evidence re- 257

gions ei generated in the grounding rollout process, 258

partitioning them into K equal-sized bins based on 259

their relative areas, as follows: 260

s(i) = min (⌊Kai⌋+ 1,K) ∈ {1, . . . ,K}. (3) 261

where s(i) denotes the bucket index of the i-th 262

evidence region and ai is the relative area of ei. 263

Reward Scoring. Since the rewards vary signifi- 264

cantly across different area bins, we apply binary re- 265

wards including both intra- and inter-bin rewards. 266

• Intra-bin reward: It is designed to capture the 267

relative magnitudes within each bin. Specifically, 268

it incorporates two complementary components 269

including a format reward which ensure that the 270

responses conform to the desired format and an 271

answer reward which evaluates the correctness 272

of the final prediction. Formally, the intra-bin re- 273

ward is denoted as rintra
i,j , i ∈ [1, G1], j ∈ [1, G2]. 274

For each bin Sk = {(i, j) | s(i) = k}, k ∈ 275

[1,K], we compute the mean and standard devi- 276
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ation of the intra-bin rewards, denoted as µk and277

σk, respectively.278

• Inter-bin reward: To encourage discriminative279

comparisons across different bins, we introduce280

an additional inter-bin reward that favors rollouts281

associated with the bin exhibiting the highest282

mean reward. Specifically, the inter-bin reward283

rinter
i,j is computed as follows.284

rinter
i,j =

1, if i = argmax
k∈{1,...,K}

µk

0, otherwise
(4)285

Scale-aware Advantage Estimation. For intra-bin286

rewards, advantages are estimated using per-bin287

statistics instead of global normalization to ensure288

scale-consistent within each bin. By contrast, inter-289

bin rewards capture cross-bin discrimination and290

thus use standard global advantage estimation.291

Ai,j =
rintra
i,j − µs(i)

σs(i)
+

rinter
i,j − mean(rinter

i,j )

std(rinter
i,j )

, (5)292

where µs(i) and σs(i) denote the mean and standard293

deviation of the intra-bin rewards for the bin to294

which the i-th evidence region belongs.295

Optimization Objective. Our proposed SRPO is296

optimized by maximizing the following objective:297

J(θ) = E
q,v,{oi,j}G1,G2

i=1,j=1
∼πθold

[
1

G1G2

G1∑
i=1

G2∑
j=1

min
(
ρi,j(θ)Ai,j , clip

(
ρi,j(θ), 1− ε, 1 + ε

)
Ai,j

)
−β DKL(πθ∥πref)

]
,

(6)298

where ε is clipping-related hyper-parameters for299

stabilizing training and the importance sampling300

ratio ρi,j(θ) is defined as follow:301

ρi,j(θ) =
πθ (oi,j | q,oi,<j)

πθold (oi,j | q,oi,<j)
. (7)302

4 Experiments303

4.1 Experimental Settings304

Training Dataset. We adopt the dataset introduced305

by DeepEyes (Zheng et al., 2025) including fine-306

grained visual search (Wu and Xie, 2024), arX-307

ivQA (Li et al., 2024b), ThinkLite-VL (Wang et al.,308

2025d) for RL training. Note that we do not employ309

curated SFT dataset for cold-start training, as the310

distribution of SFT data can substantially alter the311

grounding behavior of LVLMs (Lai et al., 2025),312

which would hinder our investigation of the base 313

model’s inherent behavior under the thinking-with- 314

images paradigm. 315

Implementation Details. We conducted experi- 316

ments using Qwen-2.5-VL-7B-Instruct (Bai et al., 317

2025). The training was performed for 1,000 steps 318

with a batch size of 8 and a learning rate of 1×e−6. 319

The rollout numbers for the grounding (G1) and 320

answering (G2) stages were set to 4 and 2, respec- 321

tively. The number of equal-sized bins K was set 322

to 3. We used a default sampling temperature of 323

1 and a maximum response length of 512 tokens. 324

All experiments were run on 8×H100 GPUs, with 325

a total training time of approximately 12 hours. 326

4.2 Evaluation on LVLM Benchmarks. 327

Results on General Benchmarks. Table 1 re- 328

ports the quantitative comparisons on six widely 329

used benchmarks, including MME (Fu et al., 2024), 330

MM-Vet (Yu et al., 2023), SEED-Bench (Li et al., 331

2023a), MME-RealWorld-Lite (Zhang et al., 2024), 332

RealworldQA (xAI, 2024), and POPE (Li et al., 333

2023b). These benchmarks jointly evaluate gen- 334

eral multi-modal reasoning and hallucination re- 335

sistance. We include strong proprietary models 336

(e.g., GPT-4V and GPT-4o), state-of-the-art open- 337

source LVLMs (e.g., InternVL2.5, Qwen2-VL), 338

and recent thinking-with-images (e.g., DeepEyes, 339

Mini-o3) and R1-style approaches (e.g., Vision-R1, 340

LMM-R1) for comprehensive comparison. 341

As shown in Table 1, Ground-R1 consistently 342

outperforms its base model Qwen2.5-VL-7B across 343

all evaluated benchmarks, e.g., achieving notable 344

absolute improvements of +83.4 on MME and 345

+17.1% on MME-RWL. These results indicate that 346

Ground-R1 substantially enhances both general 347

multimodal reasoning and grounding-sensitive ca- 348

pabilities without sacrificing robustness. 349

Results on High-Resolution Benchmarks. We 350

provide the comparison results on high-resolution 351

benchmarks, including V (Wu and Xie, 2024) and 352

HR-Bench (Wang et al., 2025c), which pose more 353

challenging evaluations due to high-resolution im- 354

ages (4K/8K) and the presence of small-scale ob- 355

jects. As shown, Ground-R1 consistently outper- 356

forms Qwen2.5-VL-7B as well as prior methods 357

across all high-resolution settings, achieving no- 358

table absolute improvements of +11.9% on V*, 359

+6.8% on HR-4K, and +8.4% on HR-8K. These 360

gains indicate that Ground-R1 is particularly effec- 361

tive over high-resolution scenarios where critical 362

evidence often occupies a small spatial extent. 363
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Table 1: Evaluation results on LVLM benchmarks including general and high-resolution scenarios. HR-4K/8K
denotes HR-Bench (Wang et al., 2025c) with the high resolution of 4K/8K. MME-RWL denotes the MME-RealWorld
lite version (Zhang et al., 2024). † 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 (OpenAI, 2023) 1926.6 67.5 53.8 – 61.4 – – – –
GPT-4o (OpenAI, 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 58.3 73.0 41.0 50.2 88.7 – – –

LMM-R1 (Peng et al., 2025) 2210.6 64.5 74.4 35.4 52.2 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) – – – – – – 75.4 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) 2410.4 69.8 77.8 50.9 68.8 89.8 87.4 75.0 71.1
∆ (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 Grounding364

To ensure the broad coverage of multi-modal365

competencies, we also evaluate the visual366

grounding capabilities of Ground-R1 on Ref-367

COCO (Kazemzadeh et al., 2014), RefCOCO+368

(Kazemzadeh et al., 2014) and RefCOCOg (Mao369

et al., 2016). We use the following prompts as370

follows, i.e., “Locate <ref> in this image and out-371

put the bbox coordinates in JSON format.", where372

<ref> refers to the specific expression.373

As shown in Table 2, Ground-R1 demonstrates374

superior visual grounding capabilities, achieving375

93.1% accuracy on RefCOCO val and surpassing376

most LVLMs, while narrowing the performance377

gap between generalist and specialist models (e.g.,378

Grounding DINO (Liu et al., 2024a)). Although379

Ground-R1 slightly underperforms CogCoM (Qi380

et al., 2024) on specific benchmarks (e.g., test-381

A of RefCOCO), this discrepancy is explainable:382

CogCoM leverages a specialized grounded VQA383

dataset (Wang et al., 2024c) for additional training384

to enhance visual grounding, whereas our Ground-385

R1 maintains dual competence in both visual rea-386

soning and grounding without requiring dedicated387

grounding-specific training.388

4.4 Ablation Studies389

To justify the design of our approach, we compare390

Ground-R1 against the following model variants:391

• Vanilla-SFT: This variant replaces the RL-based392

training in Ground-R1 with SFT.393

• Vanilla-R1: This variant omits the grounding394

phase of Ground-R1 and leverages RL training. 395

• Ground-R1-GRPO: This variant replaces the 396

proposed SRPO with the standard GRPO. 397

• Ground-R1-Intra/Inter: These two variants use 398

only the intra-bin or inter-bin rewards in SRPO, 399

respectively (c.f . Section 3.2). 400

The comparison results are demonstrated in Ta- 401

ble 3. Building upon these model variants, we seek 402

to address four critical inquiries: 403

Q1: Does RL-based methodology outperform SFT- 404

based approaches in visual reasoning? 405

By comparing Ground-R1 with Vanilla-SFT, we 406

observe that RL-based methods consistently outper- 407

form SFT-based counterparts across all the bench- 408

marks. For example, Ground-R1 achieves an abso- 409

lute improvement of 14.1% over Vanilla-SFT on 410

V∗ Bench. These results indicate that RL-based op- 411

timization more effectively aligns model behavior 412

with task objectives by providing direct feedback 413

on reasoning outcomes. 414

Q2: Does the “grounding-then-answering" 415

paradigm outperform direct answer generation? 416

To answer this question, we compare Ground- 417

R1 with Vanilla-R1, where the latter removes the 418

explicit grounding stage and directly generates an- 419

swers. As shown in Table 3, Ground-R1 consis- 420

tently outperforms Vanilla-R1 across all the evalu- 421

ated benchmarks. These results indicate that explic- 422

itly separating grounding from answering enables 423

the model to localize task-relevant visual evidence 424

more effectively, leading to more accurate reason- 425

ing than direct answer generation. 426
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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) 73.2 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 48.5 50.9 61.1 38.5 51.9 52.6

LMM-R1 (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 35.3 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
∆ (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 75.4 35.1 66.5 88.4 80.1 71.3 67.9

Ground-R1-GRPO 2395.1 68.8 77.6 49.4 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

Q3: To what extent does the proposed SRPO out-427

perform standard GRPO?428

To quantify the effectiveness of SRPO, we com-429

pare Ground-R1 with Ground-R1-GRPO, which430

shares the same architecture but replaces SRPO431

with standard GRPO. As shown in Table 3, Ground-432

R1 consistently outperforms Ground-R1-GRPO433

across all evaluated benchmarks. Notably, SRPO434

brings substantial gains on high-resolution bench-435

marks, achieving an improvement of +2.1% on V∗,436

+1.2% on HR-4K, and +1.8% on HR-8K. These437

results demonstrate that SRPO provides additional438

benefits over standard GRPO by more effectively439

recalibrating reward signals across evidence re-440

gions of different scales.441

Q4: How do the intra- and inter-bin reward com-442

ponents of SRPO contribute to the performance?443

To assess the contribution of each reward compo-444

nent in SRPO, we compare Ground-R1 with its two445

ablated variants, Ground-R1-Intra and Ground-R1-446

Inter, which retain only the intra-bin or inter-bin447

reward, respectively. As shown in Table 3, both448

variants underperform the full Ground-R1 model449

across all benchmarks, indicating that neither com-450

ponent alone is sufficient. In particular, Ground-R1-451

Intra exhibits notable degradation, suggesting that452

intra-bin normalization alone cannot adequately 453

distinguish evidence across different scales. 454

Q5: Compared to GRPO, does SRPO lead to more 455

accurate grounded evidence region? 456

To investigate this, we analyze the training dy- 457

namics of Ground-R1 trained with SRPO and stan- 458

dard GRPO. As shown in Figure 4, we report the 459

normalized average reward, grounding IoU, and 460

tool call count over the course of training. Follow- 461

ing (Zheng et al., 2025), grounding IoU is evaluated 462

on the fine-grained visual search split of the train- 463

ing dataset, which provides ground-truth bounding 464

boxes closely aligned with the target answers. 465

As shown in Figure 4, our SRPO consistently 466

achieves higher average rewards and substantially 467

improves grounding IoU compared to GRPO, indi- 468

cating more accurate and faithful evidence region 469

grounding. Notably, this performance gap becomes 470

particularly pronounced after approximately 600 471

training steps. We attribute this to the inherent op- 472

timization bias of GRPO, which primarily favors 473

large and visually salient bounding boxes (c.f . Fig- 474

ure 2). As training progresses, the policy increas- 475

ingly exploits previously high-reward large regions, 476

leading to an exploration collapse that prevents 477

revisiting small but potentially critical evidence. 478
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Figure 4: Training dynamics of Ground-R1 including normalized average reward, grounding IoU, and tool call
count under standard GRPO and our proposed SRPO.

<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, I 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>

<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>

Ground-R1 w/ GRPO:

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

Ground-R1 w/ SRPO:

Ground-Truth 
Grounded Region

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

4.5 Visualizations479

Figure 5 provides a qualitative comparison between480

Ground-R1 trained with standard GRPO and our481

proposed SRPO. Under GRPO, Ground-R1 fails to482

localize the relevant evidence and instead grounds483

its reasoning on a large, visually salient region con-484

taining multiple houses and background context.485

As a result, the model defaults to an uncertain or486

incorrect response. In contrast, Ground-R1 trained487

with SRPO exhibits more precise evidence ground-488

ing by focusing on a small, task-relevant region489

where the vehicles are visible. By accurately lo-490

calizing the silver vehicle and leveraging relative491

size cues, SRPO enables the model to correctly492

determine the relative distance to the camera.493

5 Conclusion 494

In this work, we investigate a fundamental limita- 495

tion of existing thinking-with-images approaches, 496

namely a systematic scale-driven bias that favors 497

large visual regions during optimization. To ad- 498

dress this issue, we propose Ground-R1, equipped 499

with scale relative policy optimization, which re- 500

calibrates reward signals across evidence regions 501

of different sizes. Extensive experiments demon- 502

strate that Ground-R1 not only improves response 503

accuracy but also yields more precise and faithful 504

evidence grounding, offering a more robust path- 505

way toward trustworthy and interpretable vision- 506

language reasoning. 507
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Ethical Considerations508

Our work contributes to enhancing the reliabil-509

ity and interpretability of LVLMs through a de-510

biased thinking-with-images pattern. By explic-511

itly mitigating the scale-driven bias, Ground-R1512

with SRPO reduces the model’s tendency to rely513

on visually prominent yet semantically irrelevant514

regions, thereby lowering the risk of generating515

predictions based on spurious correlations. This516

advancement in evidence-based reasoning is par-517

ticularly relevant for high-stakes applications, such518

as medical imaging analysis or autonomous sys-519

tems, where overlooking subtle but critical details520

could have serious consequences. All data used in521

our experiments are from publicly available bench-522

mark datasets intended for research purposes, and523

no personally identifiable information is involved.524

However, as with any foundation model enhance-525

ment, the improved capability could be deployed526

in dual-use scenarios. We advocate for responsible527

development and application of such technologies,528

including thorough testing in domain-specific con-529

texts before real-world deployment.530

Limitation531

While Ground-R1 significantly improves evidence532

grounding and response accuracy, our approach has533

the following two limitations that warrant further534

investigation. First, Ground-R1 remains dependent535

on the quality of region proposals, i.e., suboptimal536

proposals or missing candidate regions may still537

lead to incorrect grounding, particularly for highly538

occluded or visually ambiguous objects. Sec-539

ond, our evaluation focuses on established bench-540

marks while the performance and grounding fi-541

delity of Ground-R1 in more open-world, long-tail,542

or domain-shifted scenarios remain to be explored.543

Future work should aim to integrate more robust544

region generation strategies and extend evaluations545

to broader real-world settings with greater visual546

and semantic diversity.547
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sual planning: Let’s think only with images. arXiv860
preprint arXiv:2505.11409.861

Yi Yang, Xiaoxuan He, Hongkun Pan, Xiyan Jiang,862
Yan Deng, Xingtao Yang, Haoyu Lu, Dacheng Yin,863
Fengyun Rao, Minfeng Zhu, and 1 others. 2025. R1-864
onevision: Advancing generalized multimodal rea-865
soning through cross-modal formalization. arXiv866
preprint arXiv:2503.10615.867

Huanjin Yao, Jiaxing Huang, Wenhao Wu, Jingyi Zhang,868
Yibo Wang, Shunyu Liu, Yingjie Wang, Yuxin Song,869
Haocheng Feng, Li Shen, and 1 others. 2024. Mul-870
berry: Empowering mllm with o1-like reasoning871
and reflection via collective monte carlo tree search.872
arXiv preprint arXiv:2412.18319.873

Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran,874
Tom Griffiths, Yuan Cao, and Karthik Narasimhan.875
2023. Tree of thoughts: Deliberate problem solving876
with large language models. Advances in neural877
information processing systems, 36:11809–11822.878

En Yu, Kangheng Lin, Liang Zhao, Jisheng Yin, Yana879
Wei, Yuang Peng, Haoran Wei, Jianjian Sun, Chunrui880
Han, Zheng Ge, and 1 others. 2025. Perception-881
r1: Pioneering perception policy with reinforcement882
learning. arXiv preprint arXiv:2504.07954.883

Weihao Yu, Zhengyuan Yang, Linjie Li, Jianfeng Wang,884
Kevin Lin, Zicheng Liu, Xinchao Wang, and Lijuan885
Wang. 2023. Mm-vet: Evaluating large multimodal886

models for integrated capabilities. arXiv preprint 887
arXiv:2308.02490. 888

Yi-Fan Zhang, Huanyu Zhang, Haochen Tian, Chaoyou 889
Fu, Shuangqing Zhang, Junfei Wu, Feng Li, Kun 890
Wang, Qingsong Wen, Zhang Zhang, and 1 oth- 891
ers. 2024. Mme-realworld: Could your multimodal 892
llm challenge high-resolution real-world scenarios 893
that are difficult for humans? arXiv preprint 894
arXiv:2408.13257. 895

Zhuosheng Zhang, Aston Zhang, Mu Li, Hai Zhao, 896
George Karypis, and Alex Smola. 2023. Multi- 897
modal chain-of-thought reasoning in language mod- 898
els. arXiv preprint arXiv:2302.00923. 899

Ziwei Zheng, Michael Yang, Jack Hong, Chenxiao 900
Zhao, Guohai Xu, Le Yang, Chao Shen, and Xing 901
Yu. 2025. Deepeyes: Incentivizing" thinking with 902
images" via reinforcement learning. arXiv preprint 903
arXiv:2505.14362. 904

Hanzhang Zhou, Zijian Feng, Zixiao Zhu, Junlang Qian, 905
and Kezhi Mao. 2024. Unibias: Unveiling and mit- 906
igating llm bias through internal attention and ffn 907
manipulation. arXiv preprint arXiv:2405.20612. 908

12

https://x.ai/news/grok-1.5v


A Appendix909

This appendix provides additional experimental910

analyses and qualitative visualizations to comple-911

ment the main paper:912

• Hyper-parameter Analysis.913

• Prompts for Ground-R1.914

• Illustrations of the intra-bin reward design.915

• Visualizations of completion length.916

• Qualitative comparisons.917

Hyper-parameter analysis. Table 4 presents an918

ablation study on the key hyper-parameters of919

Ground-R1, including the number of grounding920

rollouts G1, answer rollouts G2, and the number921

of scale bins K. We observe that a balanced al-922

location between grounding and answering stages923

is crucial for optimal performance. In particular,924

the configuration G1=4 and G2=2 achieves the925

best overall results across all high-resolution bench-926

marks. Moreover, varying the number of scale bins927

shows that K=3 consistently outperforms smaller928

or larger values, suggesting that moderate scale dis-929

cretization provides a favorable balance between930

granularity and training stability.931

Prompts for Ground-R1. The prompts for932

Ground-R1 is illustrated in Table 5.933

Illustrations of the intra-bin reward design. The934

intra-bin reward in SRPO integrates two comple-935

mentary reward mechanisms:936

• The format reward ensures coherence by struc-937

turing reasoning traces within <think> and938

</think> tags, spatial coordinates within <box>939

and </box> tags, and final answers within940

<answer> and </answer> tags.941

• The answer reward is defined according to the942

question type: for multiple-choice questions, it is943

a binary score based on exact answer matching,944

while for free-form questions, it is computed as945

lexical alignment using the average of ROUGE-946

1, ROUGE-2, and ROUGE-L scores against the947

ground-truth answers.948

Visualizations of completion length. Figure 6 de-949

picts the training dynamics of completion length for950

Ground-R1 trained with SRPO and standard GRPO.951

As shown, both methods exhibit comparable com-952

pletion length trajectories throughout training, with953

similar magnitudes and fluctuations across steps.954

This observation indicates that the performance im-955

provements achieved by SRPO are not attributable956

to longer or more verbose generations. Instead,957

SRPO enhances reasoning quality and evidence958
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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.

G1 G2 K V∗ 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- 959

troducing additional inference overhead. 960

Qualitative comparisons. Figures 7–9 present 961

qualitative comparisons of reasoning trajectories 962

produced by Ground-R1 trained with standard 963

GRPO and our proposed SRPO. Figure 7 focuses 964

on a fine-grained recognition scenario that requires 965

identifying a small numerical marker on a bridge. 966

Under standard GRPO, the model grounds its rea- 967

soning on a large, visually salient region and in- 968

correctly associates an unrelated numeric sign with 969

the bridge. In contrast, SRPO enables more precise 970

localization of the relevant bridge region, allowing 971

the model to correctly identify the target number. 972

Figure 8 illustrates a foreground object identifica- 973

tion task involving multiple people in the scene. 974

While GRPO grounds on a prominent background 975

figure and produces an incorrect answer, SRPO 976

successfully focuses on the closest person to the 977

camera and correctly recognizes the object being 978

held. Figure 9 further examines a counting task 979

involving small-scale objects, where GRPO over- 980

generalizes from a large region and undercounts 981

the solar panels, whereas SRPO isolates the small 982

but relevant rooftop region and accurately counts 983
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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.984

Overall, these examples consistently demon-985

strate that SRPO mitigates the tendency of standard986

GRPO to favor large, visually salient regions and987

instead encourages grounding on small yet seman-988

tically critical evidence. As a result, Ground-R1989

trained with SRPO exhibits more faithful evidence990

localization and more reliable reasoning outcomes991

across diverse visual reasoning scenarios.992
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<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 I 
cannot confidently make out a specific digit 
sequence directly on the bridge here, I 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. 
This is the only clearly 
readable number available 
within the focused area. I lock 
onto “0.2” as the number.
</think>

<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 I need to isolate markings that are 
attached to the bridge itself. I should focus the 
bridge’s railing line and the side of the bridge 
structure where a number would most likely 
appear. I 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>

Question: 
What is the number on the bridge?

<answer> 
the number on 
the bridge is 
0.2
</answer>

Ground-Truth Region:

Ground-R1 w/ GRPO: Ground-R1 w/ SRPO:

Figure 7: Comparisons of reasoning trajectories of Ground-R1 under standard GRPO and our proposed SRPO.
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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, I 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>

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, I 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?

Figure 8: Comparisons of reasoning trajectories of Ground-R1 under standard GRPO and our proposed SRPO.
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Ground-R1 w/ GRPO:
<think> The question asks for the number of solar panels in the image. Since solar installations are often 
placed on rooftops or visible structures, I will focus on the lower portion of the image where rooftops and 
mounted objects are present. This area contains several man-made elements that could potentially be 
solar panels. </think> 
<box> [0.10, 0.65, 1.00, 1.00] </box> 
<think> Within this region, one rectangular panel is installed on a rooftop. And one round panel is visible 
on the lower rooftops. I conclude that there are two different solar panels present in the image </think> 
<answer> 2 </answer>

Ground-R1 w/ SRPO:
<think> To answer how many solar panels are present, I need to identify flat, rectangular modules with a 
grid-like appearance that are mounted 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 uniform shape. I 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, I can identify a total of eight individual solar panels. </think> 
<answer> 8 </answer>

Question: How many solar panels are there?

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