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Abstract

State-of-the-art large multi-modal models
(LMMs) face challenges when processing high-
resolution images, as these inputs are converted
into enormous visual tokens, many of which
are irrelevant to the downstream task. In this
paper, we propose Multi-turn Grounding-
based Policy Optimization (MGPO), an end-
to-end reinforcement learning (RL) framework
that enables LMMs to iteratively focus on
key visual regions by automatically cropping
sub-images, based on model-predicted ground-
ing coordinates within a multi-turn conversa-
tion framework. Compared to supervised fine-
tuning (SFT), which requires costly additional
grounding annotations, our approach high-
lights that LMMs can emerge robust grounding
abilities during the RL training process, lever-
aging only a binary reward function derived
from the correctness of the final answer. Ad-
ditionally, we observe that LMMs struggle to
autonomously trigger visual grounding during
the rollout process. To address this cold start
problem, we design a multi-turn conversational
template and restrict policy loss computation
to model outputs generated across multiple di-
alogue rounds, thereby promoting stable opti-
mization. Extensive experiments demonstrate
that, when trained on standard visual-question-
short answering data without grounding an-
notations, MGPO effectively elicits stronger
grounding capabilities compared to GRPO,
leading to 5.4% improvement on in-distribution
MME-Realworld and 5.2% improvement on
the challenging out-of-distribution (OOD) V*
Bench. Notably, MGPO post-training on
Qwen2.5-VL-7B with 21K samples surpasses
OpenAT’s ol and GPT-40 models on the OOD
V* Bench. Codes are available at https:
//github.com/EvolvinglLMMs-Lab/MGPO.

1 Introduction

State-of-the-art large multimodal model (LMM) ar-
chitectures, such as Qwen2.5-VL (Bai et al., 2025),
are typically built upon a powerful large language
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model (LLM) backbone (e.g., Qwen2.5 (Yang et al.,
2024)) integrated with an external Native Reso-
lution Vision Transformer (NaViT) module (De-
hghani et al., 2023; Tschannen et al., 2025). This
module allows LMMs to process images at their
original resolutions, enabling the model to capture
fine-grained visual details and achieve high percep-
tual fidelity (Liu et al., 2024b; Li et al., 2024).
Nevertheless, this approach also presents chal-
lenges in high-resolution real-world scenarios. (/)
The number of visual tokens increases quadrati-
cally with image resolution, resulting in a large
proportion of tokens that may be irrelevant to the
downstream task, an issue analogous to the "needle-
in-a-haystack" problem in LLMs (Liu et al., 2023).
(2) Due to the inherent context length limitations of
LMMs, a maximum pixel constraint is imposed on
input images in practical applications, necessitating
to resize images that exceed this threshold.
Inspired by the human visual system, although
its theoretical resolution is estimated to be about
576 megapixels (Clark et al., 2014; Curcio et al.,
1990), sharp vision is limited to the foveal area of
the macula, which covers only around 125,000 pix-
els within the central 1° of the visual field (Clark
et al., 2014; Smith et al., 2018). Therefore, when
viewing high-resolution real-world scenes, the hu-
man visual system adopts task-driven visual search
strategies (Wu and Xie, 2024) to locate and ana-
lyze important regions. Following this biological
principle, we aim to give large multimodal models
(LMMs) a similar visual search ability by using
visual grounding to focus on key image areas.
However, enabling LMMs to perform grounding-
based visual reasoning remains challenging, mainly
because acquiring accurate grounding annotations
for standard visual question answering (VQA)
datasets is both scarce and costly. These anno-
tations are essential for constructing multi-turn
grounding conversations used in supervised fine-
tuning (SFT). In this paper, we demonstrate that
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accurate grounding behavior can emerge within a
reinforcement learning framework, even when the
training signal is limited to a binary reward derived
solely from the correctness of the final answer.

To this end, we introduce Multi-turn
Grounding-based Policy Optimization (MGPO),
a reinforcement learning (RL) framework built
upon the Group Relative Policy Optimization
(GRPO) (Shao et al., 2024b) algorithm with a
novel multi-turn grounding-based rollout strategy.
MGPO enables LMMs to iteratively focus on
key image regions by automatically cropping
sub-images based on model-predicted grounding
coordinates within a multi-turn conversation.
Given a high-resolution image and a question,
the model first predicts the coordinates of key
regions relevant to the query. An image cropping
function is then triggered to extract and return
the corresponding sub-image. In subsequent
turns, the model can integrate previous in-context
conversations (including both the original image
and cropped sub-image) to solve the question.

Empirically, we observe that LMMs struggle to
autonomously trigger visual grounding during the
rollout process. To mitigate the cold start problem
without constructing additional annotated data, we
design a fixed multi-turn conversation template:
the first turn prompts the model to output relevant
coordinates, while the second turn provides the
sub-image and prompts the model to answer the
question. To ensure stable optimization, policy
loss is computed only on model outputs generated
across multiple conversation rounds.

In summary, MGPO mainly offers the following
advantages:

¢ Top-down and Interpretable Visual Reason-
ing. MGPO endows LMMs with a top-down,
question-guided visual search mechanism tai-
lored for high-resolution scenarios, enabling
interpretable reasoning by indicating the im-
age regions that should be attended to through-
out the inference process.

* Overcomes Maximum Pixel Constraints.
MGPO overcomes the maximum pixel limita-
tion of LMMSs. Even when a high-resolution
image must be resized to fit within pixel con-
straints, resulting in a blurred input, the model
can still identify the relevant coordinates and
extract clear sub-images from the original im-
age for further analysis.

* Without Additional Grounding Annota-
tions. MGPO can be post-trained directly
on standard VQA datasets without any ex-
tra grounding annotations. In contrast to
closely related work such as DeepEyes (Zheng
et al., 2025), which still relies on ground-
truth bounding boxes for data filtering and
on intermediate grounding rewards during RL,
MGPO is trained with the final-answer reward
alone, yet still brings substantial improve-
ments in intermediate grounding performance
over GRPO (Shao et al., 2024b).

Ultimately, we use MGPO to post-train
Qwen2.5-VL-7B (Bai et al., 2025) on visual-
question-short answering data, and the resulting
model achieves strong intermediate grounding
performance without requiring grounding anno-
tations. Compared to GRPO, MGPO yields a
5.4% improvement on the in-distribution MME-
Realworld (Zhang et al., 2024b) benchmark
and a 5.2% gain on the challenging out-of-
distribution (OOD) V* Bench (Wu and Xie, 2024).
Notably, leveraging with only 21K post-training
samples, our model surpasses OpenAI’s ol and
GPT-40 models on the OOD V* Bench.

2 Related Work

2.1 Large Multimodal Models

Recent advancements in LMMs (Bai et al., 2025;
Lietal., 2024; Liu et al., 2024c, 2025; Deitke et al.,
2024; Hurst et al., 2024a; Team et al., 2025; Chen
et al., 2024a,b) have equipped the model with ro-
bust visual understanding capabilities, spanning
from simple tasks such as common image compre-
hension to more challenging ones like long video
analysis and mathematical reasoning. By leverag-
ing high-quality instruction tuning data (Li et al.,
2024, 2025; Deitke et al., 2024), enhanced model
architecture (Liu et al., 2024c; Wang et al., 2024),
and meticulously designed training pipelines (Liu
et al., 2025; Team et al., 2025), these models
achieve fine-grained multi-modal alignment across
various tasks. Despite these efforts, most LMMs
concentrate on general visual understanding with
common-resolution inputs, overlooking the inher-
ent human ability to perceive fine-grained details
in high-resolution images. Although some re-
search (Zhang et al., 2024a; Guo et al., 2024; Shi
et al., 2025) addresses high-resolution image anal-
ysis, it often falls short in generalization and com-
petitive performance due to high training costs and
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Figure 1: Comparison of different post-training paradigms for LMMs. Our MGPO automatically crops and returns
sub-image to the model based on its predicted grounding coordinates, enabling the model to iteratively focus on key

regions and effectively solve high-resolution visual tasks.

insufficient data. In this work, we aim to tackle
these challenges by developing LMMs capable of
high-resolution image understanding with reduced
training costs and minimal data requirements.

2.2 Visual-Centric Multi-modal Reasoning

Multi-modal reasoning is a fundamental capability
for large multimodal models (LMMs) when tack-
ling complex and challenging tasks. Prior research
has predominantly adopted the Chain-of-Thought
(CoT) paradigm to either decompose intricate vi-
sual information into interpretable steps (Liu et al.,
2024d; Shao et al., 2024a; Sun et al., 2024) or en-
hance reasoning performance through instruction
tuning (Xu et al., 2024; Dong et al., 2024; Liu
et al., 2024a). More recently, inspired by the suc-
cess of DeepSeek-R1 (Guo et al., 2025), a growing
body of work (Meng et al., 2025a; Huang et al.,
2025; Yang et al., 2025; Zhang et al., 2025; Peng
et al., 2025) has introduced reinforcement learning
(RL) to further strengthen the reasoning abilities of
LMMs. While these approaches substantially im-
prove general reasoning across diverse tasks, they
often underemphasize the ability to reason directly
over visual content. Consequently, models may

perform well on mathematical problem-solving,
yet still exhibit weaknesses in perception-oriented
tasks that require accurate visual grounding. A
closely related line of work, exemplified by Deep-
Eyes (Zheng et al., 2025), explores “thinking with
images” through RL, where the model iteratively
grounds and crops sub-images to support reasoning.
However, such methods still rely on ground-truth
bounding boxes for data selection and on interme-
diate grounding rewards during RL. In this work,
we address the same gap from a different angle:
we develop a reinforcement learning framework
that elicits accurate grounding behavior from the
final-answer reward alone, removing the need for
any grounding annotations.

3 Preliminaries

3.1 Advanced Baseline LMMs

We adopt Qwen2.5-VL (Bai et al., 2025) as our
baseline, which combines the Qwen2.5 (Yang et al.,
2024) language model with a Native Resolution Vi-
sion Transformer (NaViT) (Dehghani et al., 2023;
Tschannen et al., 2025) that processes images at
their native resolutions. NaViT divides an input
image I into non-overlapping patches and aggre-
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[User:

<|image_token|>

Assistant:
Json

[

]
User (Valid Coordinates is Provided):

{"bbox_2d": [xxx, xxx, xxX, Xxx], "label": xxx}

<|image_token|>

User (No / Invalid Coordinates is Provided):

<|image_token|>

Assistant:
To solve this problem,

\Based on the analysis, the answer is \boxed{xxx}.

Question: {question} Out the coordinates of the key image area relevant to the problem in JSON format.

Based on the provided coordinates, return the sub-image:
Question: {question} {choices} Carefully analyze both the original image and the enlarged sub-image to solve the

question step by step. If the sub-image does not provide sufficient information, refer to the original image to find the
solution. Present your reasoning clearly, and provide the final answer (A, B, C, D, or E) enclosed within \boxed{}.

Not providing correct coordinates or invalid coordinate values, return the original image:

Question: {question} {choices} Carefully analyze the original image to solve the question step by step. Present your
reasoning clearly, and provide the final answer (A, B, C, D, or E) enclosed within \boxed{}.

J

Figure 2: Fixed multi-turn grounding template employed during MGPO training. This template guides the model to
first identify the relevant regions and then perform reasoning to produce the final answer. When integrated with the
MGPO training pipeline, this approach enables the model to develop grounded reasoning capabilities without a
separate cold-start SFT stage. The bounding-box snippet in the upper-right corner is a raw output from the early
stage of training, where the model has not yet learned to emit coordinates only; the format becomes increasingly

clean as RL proceeds (see Figure 5).

gates groups of m x m patches via an MLP into
visual tokens X;, which are concatenated with
textual tokens X, and jointly encoded for multi-
modal reasoning. Qwen2.5-VL also supports vi-
sual grounding by predicting bounding box coor-
dinates [z1, y1, T2, y2], though grounding typically
requires explicit prompts and is not inherently trig-
gered during reasoning.

3.2 Single-Turn Multi-modal RL

Figure 1 compares post-training paradigms for
LMMs. In supervised fine-tuning (SFT), the model
directly imitates ground-truth responses, whereas
reinforcement learning (RL) encourages explo-
ration of reasoning trajectories that yield correct
answers, going beyond the limits of imitation learn-
ing. We adopt Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024b) as our RL base-
line. Given visual tokens X; and textual context X,
the model produces G candidate outputs { X }?:1.
A rule-based reward function R assigns a binary
score 9 € {0, 1} indicating whether each predic-
tion is correct. The policy gradient is:

VoJcrro(0) = Exs.p,

1
[(r9 —b) - Vglogpa(XJ | Xi, X1)], M

where b = é 25:1 rY is the average reward within
the group. Only output tokens X contribute to the
loss, while input tokens serve solely as condition-
ing context.

4 Multi-turn Grounding-Based RL

Motivation. While LMMs exhibit strong reason-
ing ability, they often fail to focus on the correct
visual regions, which leads to inaccurate or hal-
lucinated answers. When the model accurately
localizes the regions referred to by the question,
its reasoning becomes more coherent and the final
answer more reliable; otherwise, misaligned at-
tention frequently produces inconsistent reasoning
steps. This observation motivates our multi-turn
grounding-based RL strategy, which encourages
the model to first attend to question-relevant re-
gions before producing an answer, so as to better
couple visual perception with reasoning in high-
resolution scenarios.

4.1 Formulation

To address the challenges of high-resolution visual
reasoning, we propose Multi-turn Grounding-based
Policy Optimization (MGPO). MGPO is not a new
RL optimizer; rather, it is an instantiation of GRPO
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with a multi-turn grounding-based rollout, where
sub-image cropping is interleaved with the model’s
generation. Figure 1 shows the two-turn illustration
compared with previous methods, and Algorithm 1
gives the general formulation. In this paradigm,
the model operates over K sequential interactions,
dynamically grounding and reasoning by condition-
ing on the full history of visual and textual context
at each step.

At each turn k, the model generates an output
XC(Lk)’g based on the complete interaction history
H ). If the model’s output X é’“)’g contains ground-
ing coordinates, an image cropping function is trig-
gered to crop the relevant sub-image from the cur-
rent visual input X i(k), and this sub-image X l-(kH)
is provided as the new visual input for the next turn.
Both the new sub-image and the model’s output
are appended to the history. The process continues
until the model outputs a final answer, at which
point the rollout terminates.

For each question, a group of G rollouts is sam-
pled. The reward for each rollout is computed
based on the final answer, and a group baseline is
used to reduce variance. The policy is optimized
by maximizing the following objective:

Voducro(0) =E 6oy,

kg 4 ) 2
(1 = 1) -3 Vologpy (X0 | HD) ||
j=1

where k, denotes the number of steps in the g-th
rollout, 79 is the reward assigned to the final answer,
b is the average reward within the group, and %)
represents the complete interaction history up to
step 7. This formulation encourages the model to
optimize all intermediate grounding and reasoning
steps, which ultimately contribute to the correct
final answer.

4.2 Implementation Details

Multi-turn Template without Cold Start. In
practice, we observe that LLMs struggle to au-
tonomously generate grounding coordinates during
the rollout process, which hinders effective multi-
turn RL. To address this, we design a fixed two-turn
dialogue template, as shown in Figure 2, to explic-
itly activate the model’s grounding and reasoning
abilities during the training process.

In the first turn, the model is prompted to output
only the coordinates of the key image region rele-
vant to the question. In the second turn, the image

Algorithm 1: Multi-turn Grounding-based
Policy Optimization (MGPO)
Input: Policy model 7y; group size G
for each rolloutg=1,...,G do

Initialize X 2-(1), Xt(l) from image and
question;

k <+ 1;

HO = (X7 "))

while true do

Sample x{Fre mo(- | H*));

if Xék)’g contains final answer then
L break

if Xflk) Y contains grounding

coordinates then
X-(k+l) <_
Crop(Xi(k), Coord(Xigk)’g));
o (k+1) —

HO U (X7, X))
else
t H(kJrl) — H(k) U {X(gk)’g};
L k+k+1

Collect {X}E_;

Compute reward 9 = R(X,gk)’g ) for each
rollout g;

Compute group average reward
b= % Zngl 79

Update 7y using policy gradients calculated
by Eq. 2

cropping function first checks the validity of the
provided coordinates: if the coordinates are valid,
the cropped sub-image is returned to the model;
otherwise, the original image is returned. This
template-based approach eliminates the cold-start
stage, which would otherwise require construct-
ing multi-turn grounding data and performing SFT
before RL.

Grounding Key Visual Areas. Within the two-
turn MGPO framework, sub-images are extracted
directly from the original high-resolution image.
This design is particularly crucial when the original
image resolution exceeds the maximum pixel limit
of the LMM, as it enables the model to access
higher-fidelity sub-images for processing.

Since the grounding coordinates predicted by
Qwen2.5-VL are dependent on the resolution of the
input image, it is necessary to normalize the pre-
dicted coordinates by the input image dimensions
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and subsequently map them back to the coordinate
space of the original image:

(1, Y1, T2, Yo

: Soria 3
Sinput ( )

[':%17 :'317 j:'27 :'-72] =
where Sinpue and Sy represent the width and height
of the input and original images, respectively. A
detailed illustration of this process is provided in
the Appendix Figure 9.

5 Experiments

5.1 Datasets & Metrics

To evaluate the effectiveness of our approach,
experiments are conducted on two established
datasets: MME-Realworld (Zhang et al., 2024b)
and V* Bench (Wu and Xie, 2024). Both datasets
are specifically designed to evaluate the capabil-
ities of large multi-modal (LMMs) in analyzing
high-resolution images and capturing fine-grained
visual information.

MME-Realworld. (Zhang et al., 2024b) The
MME-Realworld dataset comprises a diverse ar-
ray of tasks, which are systematically categorized
into perception and reasoning domains. For in-
distribution evaluation, the lite subset of MME-
Realworld, consisting of 1,919 samples, is reserved
as the test set, while the remaining 21,690 samples
are utilized for training.

V* Bench. (Wu and Xie, 2024) V* Bench serves
as an out-of-distribution benchmark that focuses
on detailed visual grounding on high-resolution
images. This vision-centric benchmark requires
LMMs to accurately localize and interpret specific
visual information, which has also been adopted by
OpenAl to assess the visual reasoning capabilities
of their latest 03 and o4-mini models (OpenAl,
2024). This benchmark contains 191 test samples.

All datasets employ the multiple-choice ques-
tion format, and model performance is consistently
measured by accuracy on both the in-distribution
(MME-Realworld) and out-of-distribution (V*
Bench) test sets. Figure 3 illustrates the distribution
of image resolutions across different datasets.

5.2 Experimental Setup

We employ the verl (Sheng et al., 2024) framework
to enable distributed training across multiple ma-
chines and GPUs, and utilize vLLM (Kwon et al.,
2023) to accelerate inference during the rollout
phase. For reinforcement learning, we adopt the

naive GRPO (Shao et al., 2024b) algorithm as RL
baseline, where a post-prompt is added: “{ques-
tion}\nOutput the coordinates of the key image area
relevant to the problem in JSON format. And put
the answer letter (A, B, C, D, or E) within\boxed{}.”
Both GRPO and our proposed MGPO leverage a bi-
nary accuracy reward function, assigning a reward
of 1 if the final multiple-choice answer is correct
and 0 otherwise.

All experiments are conducted using the
Qwen2.5-VL-7B (Bai et al., 2025) model. To pre-
vent out-of-memory errors, the maximum num-
ber of input image pixels is limited to 1,003,520
(1280 x 28 x 28), corresponding to a maximum
of 1280 visual tokens per image. Images exceed-
ing this pixel threshold are resized to comply with
this constraint. More training details of MGPO are
provided in Appendix A.

5.3 Main Results

Table 1 presents the performance comparison of
different post-training paradigms on Qwen2.5-VL-
7B, including SFT, GRPO and our MGPO. All
three post-training methods substantially improve
the model’s performance on high-resolution visual
tasks, as measured by both OOD V* Bench and ID
MME-Realworld benchmarks.

Notably, we observe that GRPO does not yield
significant improvements over SFT, which con-
trasts with conclusions drawn from prior work
on multi-modal mathematical tasks (Meng et al.,
2025b). This abnormal result indicates that, for
high-resolution vision-centric tasks, the primary
challenge lies in enabling the model to perceive
fine-grained image details, rather than performing
complex, lengthy reasoning.

In contrast, our MGPO framework demonstrates
significant performance gains, consistently outper-
forming both SFT and GRPO across various bench-
marks. Specifically, MGPO achieves a 5.2% abso-
lute improvement over the GRPO baseline on the
V* Bench (OOD) benchmark and a 5.4% increase
in overall performance on the MME-Realworld
(ID) dataset. These improvements underscore the
effectiveness of the proposed multi-turn ground-
ing and iterative sub-image cropping strategies in
enhancing the model’s high-resolution visual un-
derstanding and reasoning abilities.

To further assess MGPO’s competitiveness, we
compare our results with OpenAlI’s ol (Jaech et al.,
2024) and GPT-40 (Hurst et al., 2024b) models.
For fairness, the comparison primarily focuses on
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Table 1: Performance comparison of different post-training paradigms for LMMs. V* Bench serves as an out-of-
distribution (OOD) evaluation, while MME-Realworld serves as an in-distribution (ID) evaluation. Abbreviations:
OCR—Optical Character Recognition in the wild; RS—Remote Sensing; DT—Diagram and Table; MO—Video

Monitoring; AD—Autonomous Driving.

‘ V* Bench ‘

MME-Realworld (ID)

Method . .

‘ (OOD) ‘ Overall ‘ Perception ‘ Reasoning

| | | OCR DT MO AD |OCR DT MO AD
Qwen2.5-VL-7B | 58.6 | 46.1 | 756 333 650 30.1 294 |61.0 56.0 30.7 340
+Post-Trianing (21K Samples):
SFT 71.7 58.7 85.6 553 780 43.6 437|700 60.0 50.7 41.0
GRPO 71.2 55.1 81.6 513 750 429 437|670 53.0 433 383
MGPO 76.4_ 5> 605,54 | 864 540 78.0 46.7 44.0 | 74.0 69.0 52.7 393
OpenAl’s Models:

OpenAl ol 69.7 - - - - - - - - -
OpenAl GPT-40 | 73.9 45.2 7777 289 46.7 339 224|614 448 365 264
MME-Realworld (Train) MME-Realworld (ID Eval) V* Bench (00D Eval)
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Figure 3: Distribution of image resolutions (width x height) across different datasets.

the V* Bench (OOD) results. Remarkably, despite
being built upon a relatively lightweight 7B model
and trained on a modest dataset containing only
21k samples, our MGPO-post-trained model sur-
passes both o1 and GPT-4o in fine-grained visual
perception. This highlights MGPO’s high data ef-
ficiency and strong generalization capacity under
limited training resources.

Figure 4 further illustrates the comparative train-
ing trajectories of MGPO and GRPO on the V*
Bench. Although MGPO exhibits lower accuracy
at the initial stage, which is mainly due to the im-
perfect formulation of grounding information dur-
ing early training, it quickly surpasses GRPO as
learning progresses. This improvement highlights
MGPO’s superior capability in addressing complex
high-resolution visual scenarios that remain chal-
lenging for GRPO.

Generalization across Model Sizes and Diverse
Benchmarks. To further examine how broadly

MGPO applies, we extend the evaluation in two
directions: (i) a smaller base model, Qwen2.5-
VL-3B, to check whether the gains carry over to
a different model scale; and (ii) two additional
benchmark families, HR-Bench (Wang et al., 2025)
(4K and 8K) for high-resolution understanding and
POPE (Li et al., 2023) for object hallucination. The
results are summarized in Table 2. MGPO consis-
tently outperforms the GRPO baseline on both 3B
and 7B base models across all five benchmarks.
The clear gains on HR-Bench suggest that multi-
turn grounding effectively exploits fine-grained de-
tails in high-resolution images, while the improve-
ments on POPE indicate that grounding answers in
relevant visual evidence also helps reduce object
hallucination.

Comparison with DeepEyes. DeepEyes (Zheng
et al., 2025) is a closely related work that also ex-
plores “thinking with images” via reinforcement
learning. Table 3 reports a head-to-head compari-
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Table 2: Performance comparison on out-of-domain
(V* Bench, HR-Bench), in-domain (MME-Realworld),
and hallucination (POPE) benchmarks across two base
model sizes.

Base Model Method V*Bench MME-RW HR-4K HR-8K POPE
GRPO 66.5 50.3 67.9 649 825

Qwen2.5-VL-3B - \iGpo 67.0 522 709 68.1 832
GRPO 712 55.1 69.8 663 845

Qwen2.5-VL-TB \i6po 76.4 60.5 742 712 861

Table 3: Comparison with DeepEyes on overlapping
benchmarks. V* Bench is OOD for MGPO (no V* data
used in training), whereas DeepEyes integrates V*-style
data and uses grounding rewards with bounding-box
supervision.

g g

Accuracy on V* Bench
o
()]
w

—e— MGPO
~® GRPO
0 10 20 30 40 50

Step

Figure 4: Performance comparison of V* Bench between
our method (MGPO) and GRPO.

o
©
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Base Model Method V*Bench HR-4K HR-8]
MGPO 76.4 74.2 71.2
Qwen2.5-VL-7B - hyoopByes 913 750 726

g
o

son on overlapping benchmarks. Two differences
in the training setup are worth noting when read-
ing the absolute numbers: (i) DeepEyes includes
V*-style data in training, whereas for MGPO V* is
held out as an out-of-distribution benchmark and
never seen during training; and (ii) DeepEyes uses
additional reward signals beyond final-answer cor-
rectness (e.g., format and grounding rewards that
rely on bounding-box supervision), while MGPO is
trained only with the final-answer accuracy reward
and uses no grounding annotations. Even under
this weaker supervision, MGPO remains competi-
tive on HR-Bench 4K/8K, which is consistent with
our main claim that strong grounding behavior can
emerge from final-answer rewards alone.

5.4 RL Brings Emergent Grounding Ability

In this section, we highlight the insight that it is fea-
sible to train powerful grounding-based RL models
even without grounding annotations. This insight
can broaden the applicability of grounding-based
RL paradigms, as obtaining high-quality grounding
annotations is often expensive and labor-intensive.

To assess whether models can develop accurate
grounding capabilities in the absence of grounding
supervision, we analyze the proportion of rollouts
that generate valid grounding coordinates during
RL training (e.g., ensuring coordinates within the
input image boundaries). Figure 5 illustrates the
comparison between GRPO and MGPO. Regard-
ing to GRPO, the ratio of valid grounding coordi-
nates remains low and exhibits minimal improve-
ment throughout training, indicating that the model

Ratio of Valid Grounding Coodinates
o
wn

-m
04 r"’.-*~'"'—1—"—"* o MGPO
N -=. GRPO

0 10 20 30 40 50 60 70 80
Step

Figure 5: The ratio of valid grounding coordinates gener-
ated by models during RL rollouts.

struggles to ground correct image regions. In con-
trast, MGPO demonstrates a clear upward trajec-
tory, with the proportion of valid grounding coordi-
nates steadily increasing as training progresses.
Additionally, we evaluate whether the grounded
sub-images from the test set can be directly used
to answer the question. As presented in Table 5,
a significantly higher proportion (65.2%) of the
sub-images generated by MGPO are sufficient for
correctly answering the question, compared with
47.1% for the original Qwen2.5-VL and 50.2% for
the GRPO baseline. This indicates that MGPO
effectively identifies highly informative regions,
even though no auxiliary reward is provided for
generating valid sub-image coordinates: the model
autonomously learns to localize key regions and
utilize sub-images to improve question answering.

Robustness to Imperfect Grounding. Although
MGPO consistently improves grounding quality,
its final-answer correctness does not critically de-
pend on perfect grounding at every step. The two-
turn template provides a built-in safety net: in the
answering turn the model still has access to the
original global image from the first turn, so when a
cropped sub-image is uninformative or inaccurate,
it can fall back on the global context to produce an
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Table 4: Performance comparison of various post-training paradigms for LMMs under different maximum input
image resolutions. GRPO struggles with high-resolution image inputs, performing even worse than SFT as the
resolution grows. This highlights the inherent difficulty of LMMs in handling fine-grained visual information. In
contrast, MGPO achieves notable improvements by effectively identifying and focusing on critical image regions.

Max Input Image Pixels

Method | 640 x 28 x 28 | 1280 x 28 x 28

‘ V* Bench (OOD) MME-Realworld (ID) ‘ V* Bench (OOD) MME-Realworld (ID)
Qwen2.5-VL | 50.3 40.9 \ 58.6 46.1
+Post-Training (21K Samples)
SFT 66.5 55.8 71.7 58.7
GRPO 64.4 54.0 71.2 55.1
MGPO 73.348.9 57.043.0 76.4 5.2 60.545.4

Table 5: Ratio of grounded sub-images that can directly
answer the question on V* Bench.

Method Ratio (%)

Qwen2.5-VL 47.1
+GRPO 50.2
+MGPO 65.2

answer. In the worst case, MGPO is therefore no
worse than the standard Qwen2.5-VL baseline that
uses only the full image, while it benefits from fo-
cused sub-images whenever grounding is reliable.

We further conduct experiments on the image
counting task in Appendix C, leveraging the fact
that the image count dataset provides both the
grounding annotations and the corresponding count
as the final answer. We compare two reward func-
tions for RL post-training: (1) the binary accuracy
reward based solely on the correctness of the final
count, and (2) incorporating an additional point
reward based on grounding annotations. Both qual-
itative and quantitative results indicate that intro-
ducing the additional point reward does not yield
significant performance improvements, supporting
our design choice of relying solely on the final-
answer reward.

Effect of Maximum Input Image Resolution. Ta-
ble 4 compares the impact of varying maximum
input image resolutions for LMMs. We observe
that MGPO yields greater performance improve-
ments on the V* Bench when the maximum input
pixel limit is lower. This is because, when high-
resolution images are aggressively resized, many
tasks become more challenging to solve directly.
However, MGPO can first identify key regions and
crop clearer sub-images from the original image,
which enables more effective task completion un-
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der constrained resolution settings.

Zero-Shot Generalization to More Interaction
Turns. Although MGPO is trained with a fixed
two-turn template for stability, the trained model is
not tied to that interaction length at inference. We
evaluate the trained 7B model on V* Bench by al-
lowing one additional grounding round at test time,
without any further training. As shown in Table 6,
extending the interaction from 2 to 3 turns yields
a further improvement (76.4 — 77.2), suggesting
that MGPO has learned a transferable grounding-
then-reasoning behavior rather than overfitting to
the two-turn template.

Table 6: Zero-shot generalization to a 3-turn interac-
tion at inference time on V* Bench (Qwen2.5-VL-7B +
MGPO).

Evaluation Setting V* Bench
2-turn (training setup) 76.4
3-turn (zero-shot at inference) 77.2

6 Conclusion

This paper introduces MGPO, a multi-turn
grounding-based reinforcement learning frame-
work built on GRPO with a grounding-aware roll-
out strategy, which elicits a thinking-with-images
behavior for high-resolution real-world scenarios.
Using only a binary reward derived from the cor-
rectness of the final answer, MGPO enables the
model to develop robust grounding abilities dur-
ing RL training, without requiring any grounding
annotations. We hope the insights from MGPO
can further advance research on grounding-based
visual reasoning and contribute to more generaliz-
able vision—language models.



Limitations

All experiments of MGPO are conducted using a
fixed two-turn template during training, rather than
allowing the model to autonomously decide when
to perform image cropping based on the input ques-
tion, as illustrated in lasted OpenAl models such
as 03 and o4-mini (OpenAl, 2024). This limitation
stems from our observation that Qwen2.5-VL (Bai
et al., 2025), when directly subjected to RL post-
training, struggles to generate grounding coordi-
nates without explicit prompt guidance. That said,
the trained model is not strictly tied to the two-
turn setting at inference: as reported in Table 6, it
can zero-shot generalize to a 3-turn interaction and
obtain a further improvement on V* Bench, sug-
gesting that the learned grounding-then-reasoning
behavior is not merely tied to the fixed template.

Nevertheless, we believe that our trained models
can be leveraged to generate high-quality chain-of-
thought (CoT) data for subsequent SFT. By adopt-
ing a multi-stage training strategy that combines
SFT and RL, as in DeepSeek-R1 (Guo et al., 2025),
may ultimately enable the model to autonomously
decide when and how to perform grounding. We
leave this direction for future work.

Ethical Considerations

This research adheres to the ethical standards and
guidelines for responsible Al research. The pro-
posed MGPO framework and all associated ex-
periments are conducted using publicly available
datasets that do not contain personally identifiable
information or sensitive content. All dataset li-
censes are respected, and appropriate citation and
use policies are followed.

The development of MGPO aims to advance
grounding-based visual reasoning rather than en-
able harmful or deceptive uses of Al technologies.
The authors recognize the potential social and eth-
ical implications of LMMs, including possible bi-
ases inherited from training data and unintended
misuse in sensitive domains. To mitigate these
risks, evaluation and analysis procedures are trans-
parently reported, and results are carefully inter-
preted within the intended research scope. The au-
thors encourage future work to continue improving
explanability and transparency in grounding-based
reinforcement learning systems.
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Supplementary

In the supplementary material, we first present ad-
ditional implementation and training details of the
proposed MGPO framework in Section A. After
that, we include an LLM usage section in Section B,
detailing how we use LLMs properly in this paper.
Then, in Section C, we provide further insights
into the optimization and behavioral characteristics
of grounding-based reinforcement learning models
through experiments on image counting tasks. Fi-
nally, Section D reports extended qualitative results
of the MGPO framework, offering a more compre-
hensive understanding of its performance across
various visual reasoning scenarios.

A Training Details

Model training is conducted on a computational
cluster comprising four nodes, each equipped with
eight H100 GPUs. Optimization is performed using
the AdamW (Loshchilov and Hutter, 2017) opti-
mizer with a fixed learning rate of 1 x 1076, The
global training batch size is set to 512, and a mini-
batch size of 128 is used for each iteration. During
rollout, eight responses are sampled per prompt.
The Proximal Policy Optimization (PPO) clip ra-
tio (Schulman et al., 2017), which constrains the
magnitude of policy updates and plays a role analo-
gous to the learning rate in reinforcement learning,
is set to the default value of 0.2. We strictly adhere
to the Apache-2.0 License of the training data from
MME-RealWorld (Zhang et al., 2024b). We use
LMMs-Eval (Bo Li* and Liu, 2024) to evaluate our
model.

B LLM Usage

In this paper, we clarify that Large Language Mod-
els (LLMs) are employed solely to support and
refine the writing process. Specifically, we use
LLMs to provide sentence-level suggestions and to
enhance the overall fluency of the text.

C Further Experiments on Image
Counting Tasks

To further substantiate the insight that training pow-
erful grounding-based RL models even without
grounding annotations, we conduct additional ex-
periments on the image counting task. Specifi-
cally, we randomly sample 3,000 instances from the
Pixmo-Points (Deitke et al., 2024) dataset for post-
training, which provides both the grounding annota-
tions (in point format) and the corresponding count

as the final answer. Pixmo-Count (Deitke et al.,
2024) is used as the in-distribution (ID) evaluation
benchmark, while FSC-147 (Ranjan et al., 2021)
serves as the out-of-distribution (OOD) benchmark.

Figure 6: Visualization of point predictions from the
GRPO model trained with only an accuracy reward.

Table 7: Performance comparison of the image count
task. Additional point rewards do not lead to significant
performance improvements.

FSC-147 Pixmo-Count
Method (OOD) (D)
Qwen2.5-VL-7B 59.9 13.0
+Post-Trianing (3K Samples)
SFT 72.7 24.1
GRPO (Acc Reward) 81.0 35.0
GRPO (Acc + Point Reward) 81.9 349

During GRPO post-training, the model is
prompted to first grounding (point) each object in
the image and subsequently provide the total count.
We compare two reward function: (1) the binary
accuracy reward based solely on the correctness
of the final count, and (2) incorporating an addi-
tional point reward. The point reward is computed
by matching the model’s predicted point list with
the ground-truth point list using the Hungarian al-
gorithm (Kuhn, 1955), such that a higher ratio of
match ratio results in a higher reward.

The results, summarized in Table 7, indicate that in-
troducing the additional point reward does not yield
significant performance improvements. We further
visualize the outputs of the GRPO model trained
solely with accuracy reward (see Figure 6), and ob-
serve that the model is capable of accurately local-
izing object points even without explicit grounding
supervision. These results support our conclusion
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that explicit grounding annotations are not neces-
sary for effective RL-based learning, as the model
inherently learns to perform precise grounding as a
prerequisite for solving counting tasks.

D Qualitative Results

We provide more qualitative results to demonstrate
the effectiveness of MGPO in Figure 7 and Figure 8.
We visualize both the grounding results and final
answer. MGPO enables the model to emerge with
accurate grounding capabilities with only a binary
reward, leading to the final correct answer.
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Figure 7: Examples of models trained with multi-turn grounding-based RL on high-resolution real-world tasks.
The model first identifies key regions, which are then automatically cropped and returned as sub-images. Notably,
despite only a binary reward function derived from the correctness of the final answer, the model gradually emerges
with robust grounding capability throughout the RL process. The conversation in the figure only shows key parts,
the full conversation is provided in Appendix Figure 8.
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lim_start|>system

You are a helpful assistant. Given an image and one question. First, identify the coordinates
of the key image area relevant to solving the problem. Append the coordinates in JSON
format at the end of your response and stop. This will trigger cropping of the corresponding
area in the original image and enlarge it for improved clarity. Once the enlarged image is
available, provide the final answer (A, B, C, D, or E) enclosed within \\boxed{}.<|im_end|>
<|im_start|>user

<|vision_start|><|image_pad|><|vision_end|>

Question: What's the plate number of the grey car on the right side of this picture? Out the
coordinates of the key image area relevant to the problem in JSON format.<|im_end|>
<|im_start|>assistant

“json

[
]

<|im_end|>

<|im_start|>user

Based on the provided coordinates, return the sub-image:
<|vision_start|><|image_pad|><|vision_end|>

Question: What's the plate number of the grey car on the right side of this picture? The
choices are listed below:

(A) LB MA 864

(B) S EV 4201

(C)SFC 311

(D) S PC 311

(E) This image doesn't feature the plate number.

Carefully analyze both the original image and the enlarged sub-image to solve the question
step by step. If the sub-image does not provide sufficient information, refer to the original
image to find the solution. Present your reasoning clearly, and provide the final answer (A, B,
C, D, or E) enclosed within \boxed{}.<|im_end|>

<|im_start|>assistant

To solve this problem, we need to identify the key image area relevant to the question, which
is the grey car on the right side of the image. The coordinates provided in the JSON format
point to the correct area.

~

{"bbox_2d": [635, 260, 812, 424], "label": "key image area"}

1. **Identify the key image area**: The coordinates provided in the JSON format indicate that
the key image area is the grey car on the right side of the image.

2. **Analyze the enlarged sub-image**: The enlarged sub-image shows the grey car on the
right side with a clear view of its license plate.

3. **Read the license plate number**: The license plate number on the grey car is clearly
visible as "S FC 311".

Based on the analysis, the plate number of the grey car on the right side of the picture is

Q)oxed{C}.<|im_end|> /

Figure 8: A full conversation example of the MGPO post-trained model on high-resolution image tasks.
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@ {Question}

Resize based on
model max pixels

Input Image (2k Resolution)

Coordinates of key area:
[x1,y1,x2,y2]

e

(Max Pixels: 2K)
Crop based on
coordinateds

Ori Image (4K Resolution) @

Sub-Image
(Auto-Reply) (Cropped from 4K Ori Image)

Policy Loss-masked Tokens

Based on clear sub-image, the
Policy Loss-Unmasked Tokens answer is \box{x}.

e

Figure 9: An illustration of cropping a sub-image based on grounding coordinates.
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