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Abstract

In this work, we aim to incentivize the reasoning ability of Multimodal Large
Language Models (MLLMs) via reinforcement learning (RL) and develop an ef-
fective approach that mitigates the sparse reward and advantage vanishing issues
during RL. To this end, we propose Share-GRPO, a novel RL approach that tackle
these issues by exploring and sharing diverse reasoning trajectories over expanded
question space. Specifically, Share-GRPO first expands the question space for a
given question via data transformation techniques, and then encourages MLLM to
effectively explore diverse reasoning trajectories over the expanded question space
and shares the discovered reasoning trajectories across the expanded questions dur-
ing RL. In addition, Share-GRPO also shares reward information during advantage
computation, which estimates solution advantages hierarchically across and within
question variants, allowing more accurate estimation of relative advantages and
improving the stability of policy training. Extensive evaluations over 6 widely-used
reasoning benchmarks showcase the superior performance of our method. Code is
available at https://github.com/HJYao00/R1-ShareVL,

1 Introduction

The recent success of Reinforcement Learning (RL) in Large Language Models (LLMs), such as
Kimi-K1.5 [1]] and DeepSeek-R1 [2]], shows its promise in incentivizing model’s long-chain reasoning
capability, enabling LLMs to tackle complex tasks such as mathematical and scientific reasoning. The
core design of these advances (e.g., GRPO [3]] in Deepseek-R1) lies in online reinforcement learning
without the need of reward models, which encourages an LLM to generate a group of reasoning paths
and iteratively refine its reasoning process with a group relative advantage estimation mechanism
based on rule-based reward functions. Typically, a simple reward strategy is adopted: reasoning
paths leading to correct answers receive higher rewards, while those leading to incorrect answers
receive lower ones, where the model is optimized via the group relative advantages estimated from
the rewards.

Inspired by these advancements, we aim to develop a simple and effective reinforcement learning
method for Multimodal LLMs (MLLMs) to incentivize their long-chain reasoning ability. A simple
way is to directly apply these LLM online reinforcement learning methods like GRPO on MLLMs.
However, we empirically observe that directly applying GRPO on MLLMs suffers from sparse reward
and advantage vanishing issues, leading to degraded performance in enhancing MLLM’s reasoning
capability [4} 5] 6]:
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Figure 1: (a) Share-GRPO expands the question space via semantically consistent transformations,
and then explores diverse reasoning trajectories from different question variants and shares the
discovered trajectories among them. (b) Share-GRPO provides denser rewards and higher valid
advantage ratios compared to GRPO, demonstrating its effectiveness in mitigating sparse reward and
advantage vanishing issues. (¢) Share-GRPO outperforms the baseline and other SOTA RL-based
reasoning MLLMs on both mathematical and general reasoning benchmarks.

(1) Sparse reward: Most current MLLMs, especially smaller ones, exhibit very limited long-chain
reasoning capability. As a result, only a few generated reasoning paths receive positive rewards,
especially on challenging questions and particularly during the early stage of training. This leads to
sparse rewarding, inefficient exploration and instable training in GRPO-like methods.

(2) Advantage vanishing: GRPO-like methods compute relative advantages by comparing the
rewards of a group of responses sampled from a given question, leading to advantage vanishing
when receiving homogeneous responses. Specifically, along reinforcement learning process, the
model tends to gradually predict similar and all correct responses for well-learned questions, and
similar and all incorrect responses for poor-learned questions. In this way, the relative advantages
tend to approach zero when the group of responses become more homogeneous, and collapse to zero
when all responses receive identical rewards (e.g., all correct or all incorrect), resulting ineffective
reinforcement learning.

Motivated by these observations, we propose Share-GRPO, a novel approach that introduces the
concept of information sharing into MLLM reinforcement learning to mitigate sparse reward and
advantage vanishing issues. The core idea of Share-GRPO lies in exploring and sharing diverse
reasoning trajectories over expanded question space as shown in Fig. [T] (a). Specifically, Share-
GRPO first expands the question space for a given question via data transformation techniques,
and then encourages MLLM to effectively explore diverse reasoning trajectories over the expanded
question space and shares the discovered reasoning trajectories across the expanded questions during
reinforcement learning. In this way, each expanded question variant can both contribute and benefit
from the reasoning trajectories generated by others in the expand question space, allowing the model
to jointly explore and learn from a shared solution space across expanded questions.

In addition, Share-GRPO also shares reward information during advantage computation, which
estimates solution advantages hierarchically across and within question variant, allowing more
accurate estimation of relative advantages and improving the stability of policy training. Specifically,
we estimate advantages at two levels: a local level, which consists of responses generated from each
individual question variant, and a global level, which aggregates responses across all variants of the
same seed question. This hierarchical advantage estimation enables more robust and fine-grained
relative advantage computation, where the local level captures intra-variant structure and variance
while the global level exploits cross-variant diversity and complementarity and stabilizes reward
signals.

In this way, Share-GRPO effectively mitigates the sparse reward and advantage vanishing issues: (1)
Share-GRPO expands the question space and enables more diverse solution space for each given
question, which effectively increases the likelihood of generating a successful reasoning response and



thus mitigates the sparse rewarding issue as illustrated in the left curve of Fig.[I](b). (2) Share-GRPO
allows the model to explore diverse reasoning trajectories from the expanded question space and
shares the discovered reasoning trajectories, ultimately mitigating the advantage vanishing issue
effectively as illustrated in the right curve in Fig.[T|(b). (3) Share-GRPO estimates solution advantages
hierarchically across and within question variant, which enables more accurate estimation of relative
advantages and stable reinforcement learning process.

In summary, the main contributions of this work are summarized as follows: First, we introduce
the concept of information sharing into MLLM reinforcement learning, and propose Share-GRPO
which explores and shares diverse reasoning trajectories over expanded question space, effectively
mitigating the sparse reward and advantage vanishing issues. To the best of our knowledge, this is the
first work that explores information sharing for MLLM reasoning reinforcement learning. Second, we
design a hierarchical advantage estimation method by sharing reward information, which estimates
solution advantages hierarchically across and within question variant, allowing accurate and robust
advantage estimation. Third, extensive experiments on 6 MLLM reasoning benchmarks demonstrate
the superiority of our proposed methods as illustrated in Fig. [I] (c).

2 Related Work

2.1 Multimodal Large Language Model

Multimodal Large Language Models (MLLMs) [7,18,19L 1041141120113, 114,115,[164117, /18] demonstrate
outstanding performance in semantic understanding of cross-domain visual content and multimodal
reasoning. Early research on MLLMs primarily focused on text-image alignment and the integration
of multiple modalities [19} 20 21} 22| 23]]. Subsequently, models like GPT-4V [24] achieved
breakthroughs in cross-modal understanding through multimodal instruction fine-tuning, enabling
them to support simple tasks such as image captioning, visual question answering and OCR. More
complex tasks, such as mathematical reasoning, document understanding, etc., require MLLMs to
be able to perform complex logical deductions. For MLLM reasoning, models such as Multimodal-
CoT [25]] and LLaVA-CoT [26] employ chain-of-thought (CoT) reasoning, breaking down the
multimodal reasoning process into step-by-step inference steps while leveraging multimodal data
to improve the model’s reasoning capabilities. Additionally, Mulberry [27] proposes CoMCTS to
generate effective reasoning paths through multi-model collaboration. Different from these studies,
this work focuses on reinforcement learning to improve MLLM reasoning capability.

2.2 Reinforcement Learning for Multimodal Large Language Model Reasoning

Reinforcement learning has become an essential technology for enhancing the capabilities of MLLMs.
Early research primarily focused on Reinforcement Learning from Human Feedback(RLHF) [28, [29]
30, [31]], which aligns the outputs of multimodal models with human preferences by incorporating
human feedback signals. Recently, DeepSeek-R1 [2] utilizes a simple rule-based reward function to
provide effective and reliable reward signals during the RL process. This indicates that the Group
Relative Policy Optimization (GRPO) with result-level rewards effectively enhances the reasoning
ability of LLMs [32, 2| 33]]. In the multimodal domain, researchers have begun exploring the use of
RL to enhance the visual reasoning capabilities of MLLMs. Recent works, such as Vision-R1 [34]
and MM-Eureka [5] have open-sourced large-scale SFT cold start data and RL data. R1-V [335],
Reason-RFT [36], R1-VL [4] and other methods [37, 38} 39, 40] have designed various rule-based
reward functions to enhance the reasoning abilities of MLLMs, such as geometric understanding and
spatial perception. Unlike these methods, our Share-GRPO explores information sharing for MLLM
reasoning reinforcement learning to mitigate sparse reward and advantage vanishing issues.

2.3 Information Sharing in Deep Learning

Information sharing is a key strategy in deep learning, enabling more effective learning through
the exchange of signals across modalities, tasks, or hierarchical model components. In multi-
modal learning, models such as VILBERT [41] and LXMERT [42] employ cross-modal attention
to achieve fine-grained information fusion between vision and language streams. In contrastive
learning (e.g., SImCLR [43]], MoCo [44]), shared representations across augmented views enhance
feature robustness. This concept extends to reinforcement learning, especially in multi-task and



multi-agent settings, where information sharing improves sample efficiency and mitigates sparse
rewards. Methods like Distral [45] and PopArt [46]] promote shared policy structures, while agents
in multi-agent RL benefit from shared value functions or communication protocols [47, 48]. [49]
further demonstrate that shared representations enhance generalization in multi-task RL. Unlike prior
work, we introduce information sharing into MLLM reasoning reinforcement learning to mitigate
sparse rewards and advantage vanishing for more effective reasoning learning.

3 Method

This section first provides the preliminary of Group Relative Policy Optimization (GRPO), and then
presents the proposed Share-GRPO that introduces the concept of information sharing into MLLM
reinforcement learning. Further details are elaborated in the subsequent subsections.

3.1 Preliminary

Group Relative Policy Optimization (GRPQO). GRPO [3]] is a variant of Proximal Policy Optimiza-
tion (PPO) [50], designed to enhance the performance of LLMs on complex reasoning tasks, such as
mathematical and scientific reasoning. Starting with a pretrained MLLM to be optimized, GRPO first
uses it to initialize a policy model 7y and a reference model 7,4. For a given image-text pair (I, 7),
the reference policy model 7y, generates a set of responses {01, 02, ..., 0 }. A group-based reward
function then computes the corresponding rewards { Ry, Rs, ..., R }, which are subsequently used to

estimate the advantage Ai for each response relative to the group:
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Similar to PPO, GRPO employs a clipped objective with a KL penalty term:
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Sparse Reward and Advantage Vanishing Issues. Despite the effectiveness of GRPO, it generally
faces two challenges when applied to MLLMs: the sparse reward issue and the advantage vanishing
issue. Sparse rewarding arises due to the limited reasoning ability of current MLLMs, where only a
few reasoning paths receive positive rewards, leading to inefficient exploration and instable training.
To alleviate this, prior work such as R1-VL [4] introduces step-wise reward signals to provide dense
rewards throughout the reasoning process. Advantage vanishing occurs when MLLMs generate
homogeneous responses for the same question and receive identical rewards, causing the relative
advantages to collapse to zero and resulting in ineffective reinforcement learning. To tackle this issue,
VL-Rethinker [6] and Skywork R1 [51] select the samples with large magnitudes of advantages and
reuse them in RL process, while MM-Eureka [S]] employs an online filtering strategy to remove the
samples with zero advantage. Different from the prior works, our Share-GRPO effectively addresses
both of these two challenges by exploring and sharing diverse reasoning trajectories over expanded
question space, therefore encouraging reward diversity and stable policy optimization.

3.2 Share-GRPO

We propose Share-GRPO, a novel online MLLM reinforcement learning framework that mitigates
the sparse reward and advantage vanishing issues via exploring and sharing diverse reasoning
trajectories over expanded question space. Specifically, for a given question, Share-GRPO first
applies semantically consistent transformation to generate a set of varied but semantically equivalent
questions, thereby expanding the question space. It then encourages the MLLM to explore diverse
reasoning paths over the expanded question space and facilitates the sharing of discovered reasoning
trajectories and their rewards across the expanded questions during the reinforcement learning process,
as illustrated in Fig.
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Figure 2: Overview of the proposed Share-GRPO. For a given question, Share-GRPO first applies se-
mantically consistent transformation to generate a set of varied but semantically equivalent questions,
thereby expanding the question space. It then encourages the MLLM to explore diverse reasoning
paths over the expanded question space and facilitates the sharing of discovered reasoning trajectories
and their rewards across the expanded questions during the reinforcement learning process.

3.2.1 Reasoning Space Expansion

Question Space Expansion. To expand the question space for a given question, we introduce
Semantically Consistent Transformation (SCT) which generates a group of question variant Q =
{Q1,Q2, ..., Qn,} for each given question Qi = {Tori, Lori }- Specifically, we propose two types
of transformation techniques, i.e., offline textual SCT and online multimodal SCT, for more diverse,
comprehensive and flexible question space expansion.

(1) Offline Textual Semantically Consistent Transformation. Prior to online reinforce learning, we first
employ offline textual SCT ¢(+) to rewrite the textual prompt T,,; for each give question. Specifically,
we prompt GPT-40 to generate m semantically consistent variants, resulting in an expanded question
set. The textual prompts of the generated variants differ from that of the original question 7y,,; in
syntactic structure and lexical expressions, while preserving the original intent and the corresponding
correct answer:

QM = L&(Tpri), Lori}- 3)

(2) Online Multimodal Semantically Consistent Transformation. During online reinforcement learning,
we introduce a multimodal SCT strategy to further expand the question space on the fly. Given an
image I,,; in the input question, we apply visual transformations () to alter its visual content.
Specifically, we carefully select transformations (e.g., rotation, noise injection) that preserve critical
visual cues necessary for reasoning, and avoid transformations (e.g., cropping, color distortion) that
may disrupt key information. Each image undergoes one randomly selected transformation with a
probability p. In addition, to mitigate the potential semantic inconsistencies between the visual and
textual inputs after visual changes, we perform a manual textual transformation 7 that appends a
transformation-specific prompt to the corresponding textual prompt, providing contextual guidance
aligned with the visual modification:

Q™" = {7(&(Tori)), b (Tors) }- )

Solution Space Expansion. With the expanded question space Q = {Q1, Q2, ..., @, }, Share-GRPO
enables to explore diverse reasoning trajectories in an enlarged solution space for each given question.
Specifically, for each question @; € Q, the policy model my generates n candidate reasoning
responses, resulting in an expanded response set: O = {{0?", ..., 091}, ..., {o¥™, ...09"}}.

3.2.2 Shared Advantage Estimation

With the expanded reasoning space, Share-GRPO shares reward information during advantage
computation, which estimates reasoning trajectory advantages hierarchically across and within
question variant.



Following GRPO [3]], we adopt rule-based reward functions to compute the reward for each gener-
ated reasoning trajectory, i.e., R = {{r", .. .r@}, .. {r¥", ..r@n}}. Specifically, we adopt an
outcome-level accuracy reward, which assigns higher rewards to reasoning paths that lead to correct
answers and lower rewards to those leading to incorrect ones. In addition, we employ a format reward
that encourages the reasoning trajectory to follow a detailed step-by-step process before providing
the final answer.

With the computed rewards R, we propose a hierarchical advantage estimation approach that computes
advantage at two levels: a global level, which aggregates responses across all variants of the same
original question; and a local level, which considers responses generated from each individual
question variant.

(1) Global-level Advantage Estimation. We first estimate the advantage from a global perspective,
where the relative advantage is computed using the rewards obtained from all question variants

={Q1,Q2, .., Qm}:
Rin — mean ({{7"1@1, . ’[“7?1}7 ey {TlQm7 7"7?7"}}>
std ({{7’11,“,,747?1}7“.7{711 mv Qm}})

(2) Local-level Advantage Estimation. We also estimate the advantage at a local level, where the
relative advantage is computed within the responses generated from each individual question variant
Q; € Q. Specifically, for each question variant (), the local advantage is estimated as follows:

&)
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With the global-level advantage and local-level advantage estimated via Egs. [5]and[6] we can obtain
the final advantage as follow:

Alocal __
.5,k

(6)

)

75
N lobal .
N Agoba j %ka

gk

Ahier {Aéljbdl + Alocak’ Jj=k,

where the local advantage Ai";a}c is only computed when the responses are generated from the same
question variant, i.e., when j = k. By incorporating hierarchical advantage estimation, Share-GRPO
achieves more accurate relative advantage computation, leading to more stable and effective policy
training.

3.2.3 Shared Policy Optimization

With the expanded reasoning space and the shared advantage estimation, Share-GRPO enables to
explore and share diverse reasoning trajectories and allows more accurate advantage estimation for
each given question. Then, we optimize policy model 7y by sharing diverse reasoning trajectories

O = {{of", ..., 09}, ..., {0?’”, ...0@m}} across question variants Q = {Q1, Q2, ..., Qun }:
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4 Experiments

In this section, we first provide implementation details in Sec.[4.T] and then present main results in
Sec.[4.2] that demonstrate the effectiveness of Share-GRPO. In Sec. we conduct comprehensive



Table 1: Main Results. To examine the effectiveness of Share-GRPO, we compare our R1-ShareVL
which is trained by Share-GRPO without cold-start supervised fine-tuning against SOTAs across
multiple reasoning tasks, including both domain-specific and general-purpose tasks. * denotes
evaluation on official weights using VLMEvalKit [54]].

Model MathVista MMStar MMMU MathVerse MathVision AI2D Avg.
GPT-40[55] 63.8 65.1 70.7 50.8 30.4 849 609
Claude3.7-Sonnet[56] 66.8 - 71.8 52.0 41.3 - -
Kimil.5[1] 70.1 - 68.0 - 31.0 - -
LLaVA-Reasoner-8B [57] 50.6 54.0 40.0 - - 78.5 -
LLaVA-CoT-11B[26] 54.8 57.6 - - - 78.7 -
Mulberry-7B[27] 63.1 61.3 55.0 - - - -
Qwen2.5-VL-7B [58] (Base Model) 68.2 63.9 58.6 49.2 25.1 83.9 58.1
X-REASONER-7B [59] 69.0 - 56.4 - 29.6 - -
R1-Onevision-7B(37] 64.1 - - 47.1 29.9 - -
Vision-R1-7B[34] 73.5 64.3* 54.2* 52.4 29.4* 84.2* 59.7
OpenVLThinker-7B[39] 70.2 63.2 51.9 47.9 29.6 827 57.6
MM-Eureka-7B[35] 73.0 65.1* 55.3* 50.3 26.9 84.1* 59.1
ThinkLite-7B [60] 74.3 63.7 53.1 52.2 29.9 83.0 593
R1-ShareVL-7B 75.4 67.0 58.1 52.8 29.5 845 612

Scaling to Larger Models

Qwen2.5-VL-32B [58] (Base Model) 74.7 69.5 70.0 49.9 38.4 84.6" 64.5
MM-Eureka-32B[5] 74.8 67.3* 64.6* 56.5 34.4 85.4* 63.8
R1-ShareVL-32B 77.6 70.2 70.1 59.0 40.3 86.2 672

ablation studies to examine the impact of each design in Share-GRPO. Sec. [.4] provides more
discussion and analysis of Share-GRPO. More details are elaborated in the subsequent subsections.

4.1 Implementation Details

In this work, we adopt Qwen2.5-VL-7B and Qwen2.5-VL-32B [52]] as our base models. For training
data, we randomly sample 52K multimodal data from MM-Eureka [5]. Model optimization is carried
out using EasyR1 [53]] codebase, with training conducted on 8§ NVIDIA H100 GPUs for the 7B model
and 32 H100 GPUs for the 32B model. For RL-related hyperparameters, we use a global batch size
of 128, a rollout batch size of 512, a rollout temperature of 0.7, and a learning rate of 1e-6.

4.2 Main Results

To comprehensively examine the effectiveness of our proposed Share-GRPO, we conduct experiments
on models of different sizes (i.e., 7B and 32B). Notably, unlike prior studies [4} 37, 34], we do
not involve an additional cold-start stage with supervised fine-tuning. As shown in Table [T} we
provide an extensive comparison against state-of-the-art models across 6 widely used and challenging
benchmarks, covering a diverse range of reasoning tasks from specialized domains to general-purpose
reasoning. A detailed description of the benchmarks can be found in the appendix.

Comparison with baselines. We first compare our R1-ShareVL 7B and R1-ShareVL 32B trained
by Share-GRPO with the corresponding base models, i.e., Qwen2.5-VL-7B and Qwen2.5-VL-32B.
As presented in Table [1} Share-GRPO effectively improves the long-chain reasoning capabilities of
MLLMs by large margins. For example, on the challenging mathematical benchmarks like MathVista
and MathVerse, R1-ShareVL-7B achieves improvements of +7.2% and +3.6%, respectively. It
is worth noting that, based on previous studies, RL. can enhance MLLMs’ long-chain reasoning
ability on mathematical tasks, but it often comes at the cost of degraded performance on multi-
discipline and general benchmarks. For instance, ThinkLite-7B drops -0.2% and -5.5% on MMStar
and MMMU, respectively. In contrast, our R1-ShareVL-7B model achieves a +3.1% improvement
on MMStar and comparable accuracy on MMMU, demonstrating Share-GRPO’s generalization
capability in enhancing reasoning across diverse tasks. When scaling our method to larger models
(i.e., Qwen2.5-VL-32B) with stronger foundational capabilities, our method remains robust and
consistently improves performance. In particular, R1-ShareVL-32B achieves a +9.1% improvement
over the baseline model on MathVerse, along with an average performance gain of +2.7%.



Comparison with MLLMs trained via RL. We then compare R1-Share VL with other state-of-the-
art MLLMs trained by reinforcement learning approaches. Our R1-ShareVL-7B using the same base
model and fewer training data outperforms MM-Eureka-7B with an average performance gain of
+2.1%, especially a notable improvement of +1.4% on MathVista. Notably, beyond its capability in
long-chain mathematical reasoning, R1-ShareVL also exhibits stronger reasoning generalization to
multi-discipline and general reasoning tasks. Specifically, compared to ThinkLite-7B which also
excels in mathematical reasoning, R1-ShareVL achieves better performance on the multi-discipline
benchmark MMMU and the general benchmark MMStar, outperforming it by +5.0% and +3.3%,
respectively. Besides, a similar conclusion can be observed on larger models: our R1-ShareVL 32B
further improves overall performance compared with MM-Eureka-32B by +3.4%, demonstrating the
effectiveness and generalization of Share-GRPO.

4.3 Ablation Study

Ablation Study of Share-GRPO. As Table 2: Ablation study of Share-GRPO.

shown in Table 2] we conduct abla-

Shared Policy ~ Shared Advantage

N . . . . Method MathVista
tion studies to examine the individual Offline Online Global  Local
contribution of each design in Share- Qwen2.5-VL-7B (Baseline) 682

Qwen2.5-VL-7B + GRPO 72.8

GRPO, including shared policy opti-

mization (i.e., offline and online se- 5 v :j ;iz
mantically consistent transformation) Share-GRPO (Ours) v v v v 754

and shared advantage estimation (i.e.,
global and local advantage estimation). Compared to the GRPO baseline, incorporating the informa-
tion sharing among only offline question variants with global shared advantage estimation yields a
performance boost of +1.1%. Further including the information sharing among online multimodal
semantically consistent transformations results in exploring and sharing more diverse reasoning paths
and a +0.9% performance improvement. Finally, enabling both global and local advantage estima-
tion achieves the best result of 75.4% on MathVista, highlighting the effectiveness of hierarchical
advantage computation. These results demonstrate that both policy sharing and advantage sharing
contribute significantly to the final performance of Share-GRPO.

4.4 Discussion

Complementarity Between Share-GRPO and Dynamic Sampling. We compare Share-GRPO
with dynamic sampling [61]] and further discuss their complementarity, as shown in Table[3] Dynamic
sampling performs multiple rollouts to generate candidate responses, from which a subset with valid
rewards is selected to update the policy. Distinct from it, Share-GRPO enhances the diversity of
reasoning responses and shares them during policy optimization, yielding richer reward signals. On
average, GRPO with dynamic sampling achieves a performance of 65.1%, while Share-GRPO yields
a higher score of 66.7%, demonstrating the potential of leveraging diverse reasoning paths to enrich
reward feedback and enhance policy learning. Moreover, combining Share-GRPO with dynamic
sampling achieves a higher accuracy of 67.2% on average, highlighting the great complementarity of
Share-GRPO.

Table 3: The complementarity between Share-GRPO and Dynamic Sampling.

Method MathVista MMStar MMMU Avg.
GRPO + Dynamic Sampling 73.6 65.7 56.1 65.1
Share-GRPO 75.4 67.0 58.1 66.8
Share-GRPO + Dynamic Sampling 75.9 66.7 59.0 67.2

Hyperparameter studies of Share GRPO. We study the impact of the number of question variant
m in Semantically Consistent Transformation (SCT) in Table d] with the number of responses per
question fixed at 6. When m = 2, Share-GRPO achieves an accuracy of 75.4% on MathVista,
significantly outperforming the baseline GRPO. When m is increased to 4, the performance of the
model trained with Share-GRPO further improves, demonstrating the benefit of scaling up the number
of question variants.

The Impact of the Number of Sampling N. In Table|5| we compare the performance of GRPO with
different sampling numbers N against Share-GRPO. We observe that with N = 6, the model trained
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Question: Let f be twice differentiable
function on the interval -1 < x < 5 with
f(1) = 0 and f(2) = 3.The graph of f', the
derivative of f , is shown above. The graph
of f' crosses the x- axis at x = —0.5 and x =
4 . Let h be the function given by h(x) =
f(/x +1). which is the equation for the line
tangent to the graph of hat x =3

Choices:

Ay =5x/12+7/4

By =5x/12+5/4

Cy=7x/12+7/4

Correct Answer: (A)

("R1-Share-7B: <think> To find the equation of the tangent line to the graph of h(x) = f(Vx + 1) at x = 3, we need to follow )
these steps:
1.Find h(3):h(3) = f(V3 + 1) = f(V4) = f(2) = 350, the point of tangency is (3,3).

2.Find 1'(3):To find the slope of the tangent line, we need to compute h'(x) using the chain rule:h’(x) = f'(Vx + 1) z\/%

At x =3:
1
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From the graph, we see that f'(2) = gz
w31 5
=331z
3.Equation of the tangent line: s
The equation of the tangent line at (3,3) with slope - is:
y-3=5;(x-3)
Simplifying this:
3.5, 15 515
YTRERY T YT
Convert 3 fo a fraction with a denominator of 12:
_5 15 +36 _5 o 21
YT TR YT Tn
Simplify the fraction:
5 7
y=12* + 7

The correct answer is: \boxed{A} </think>

\\boxed(A) )

Figure 3: Qualitative Results of reasoning capability of R1-ShareVL on mathematical problems.

Table 4: Hyperparameter study of Share-
GRPO. We study the impact of the number
of question variants in Share-GRPO.

Table 5: The study on the Number of Sam-
pling N. We study the impact of the number
of sampling N in Share-GRPO.

Method Question MathVista Method Sampling MathVista
Share-GRPO 2 754 GRPO 6 72.3
Share-GRPO 3 75.6 GRPO 12 72.8
Share-GRPO 4 75.9 GRPO 24 73.0
Share-GRPO (3+3) 74.7
Share-GRPO (6+6) 754

using GRPO achieves a score of 72.3% on MathVista. As the number of sampling increases, the
performance improves to 72.8 at N = 12. However, further increasing the sampling number N to 24
yields only marginal gains of 0.2%, while introducing additional computational overhead. Therefore,
increasing the number of sampling reaches a performance ceiling, making it an ineffective way to
further improve reasoning reinforcement learning. Instead of simply increasing N, Share-GRPO
enhances the diversity of reasoning paths and leverages the concept of information sharing to amplify
reward signals and enhance training stability. By sharing responses and incorporating hierarchical
advantage estimation, our R1-ShareVL 7B achieves a score of 75.4% with only 6 generated responses
per question, surpassing the performance of GRPO even with 24 sampled responses.

4.5 Qualitative Results

Fig. B]illustrates that Share-GRPO effectively enhances the model’s reasoning ability on complex
mathematical problems. In this example, the model accurately interprets the question and arrives at
the correct answer, showing strong performance in symbolic reasoning and function analysis. This
highlights the capability of Share-GRPO to guide the model toward precise and coherent solutions in
mathematically demanding tasks.

5 Conclusion

In this paper, we propose Share-GRPO, a novel reinforcement learning framework for MLLMs, which
introduces the concept of information sharing to effectively mitigate the challenges of sparse rewards
and advantage vanishing. Share-GRPO expands the question space by generating semantically
consistent variants, and encourages MLLMs to explore and share responses across a more diverse
solution space. Furthermore, Share-GRPO estimates advantages hierarchically within and across
question variants at both global and local levels to effectively guide optimization. We conduct
extensive experiments, ablation studies and discussion, which demonstrate the superiority of our
proposed methods on various reasoning benchmarks.
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Appendix

A More Discussions

Comparison with Data Augmentation. We conduct a comparison between Share-GRPO and GRPO
combined with data augmentation to evaluate the effectiveness of our method versus simple input-
level augmentation, as shown in Table[6] We observe that applying our question variants and image
transformations for GRPO yields some performance improvement, but these gains remain limited due
to the persistent sparse reward problem. In contrast, Share-GRPO further leverages response sharing
and shared advantage estimation to better enrich reward signals and achieve better improvements.

Table 6: Comparison with Data Augmentation. Trans. denotes transformation.

GRPO GRPO + Image Trans. GRPO + Language Trans. GRPO + Image & Language Trans. ShareGRPO
MathVista 72.8 73.4 73.1 73.6 75.4

Analyzing the Relationship Between Training Steps and Performance in Share-GRPO. As
shown in Table |/} the performance of Share-GRPO on MathVista gradually improves during training
and reaches its peak at Step 100, achieving a score of 75.4. After this point, the performance
shows minimal fluctuation, with scores of 74.7 and 74.5 at Steps 125 and 150, respectively. This
demonstrates the stability and effectiveness of the Share-GRPO training process.

Table 7: The Relationship Between Training Steps and Performance in Share-GRPO

Step 25 Step 50 Step 75 Step 100 Step 125 Step 150
MathVista 72.4 73.8 73.1 75.4 74.7 74.5

The Validity of Generated Questions. To ensure the validity of the generated questions (i.e.Offline
Textual Semantically Consistent Transformation), we conducted a series of quality assurance exper-
iments. Specifically, we tested multiple prompt designs to obtain stable and high-quality outputs,
developed rule-based scripts to automatically filter out incomplete or inconsistent generations, and
manually reviewed numerous samples to further ensure the quality of the results. Moreover, we
performed GRPO training using only one newly generated question variant per sample. The train-
ing process remained stable and yielded a slight performance improvement as shown in Table [8]
empirically demonstrating the quality of the generated questions.

Table 8: Performance comparison of GRPO model using original and newly generated questions.

One original question One new question
GRPO 72.8 72.9

Extended performance comparison between GRPO and ShareGRPO. We provided more ex-
perimental results comparing GRPO and ShareGRPO across all benchmarks using Qwen 2.5-VL.
The results, shown in Table[9] demonstrate that ShareGRPO achieves consistent improvements over
GRPO, with an average performance gain of 1.9% across all benchmarks.

Table 9: Extended performance comparison between GRPO and ShareGRPO.

Methods MathVista MMStar MMMU MathVerse MathVision AI2D AVG
GRPO 72.8 65.4 56.4 50.7 26.7 84.0 59.3
ShareGRPO 75.4 67.0 58.1 52.8 29.5 84.5 61.2

B Explanation of Equation 8.

We clarify the meaning of my(- | @) in the GRPO framework. For a given question @), we first roll
out n responses and compute both its advantage A and the conditional probability 74 (- | @) for each
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token in the response. Here, my(- | Q) denotes the parameterized policy (with parameters 6) that
outputs a probability distribution over possible tokens conditioned on (). If the advantage is positive,
the probability of the corresponding tokens is increased; if negative, the probability is suppressed.
In ShareGRPO, we extend this formulation by introducing multiple question variants
{@1,Q2,...,Qn}. For each variant );, we generate a corresponding set of responses: O =
{081, ..., 09}, ..., {0, .09} }. Each response oiQ-’ is explicitly generated by the policy model
conditioned on its corresponding question variant Q) ;.

The notation 7y (o?j | Q1) in Eq. 8 represents the probability (under the current policy) of generating

the response O?j, but conditioned on a possibly different question variant Q. This formulation
naturally leads to two cases:

1. When j = k, this corresponds to the self-updating case, where the model updates its
parameters using the response under its own generating context.

2. When j # k, this corresponds to the cross-updating case, where a response generated from
one question variant is reused to update the probability under a different variant.

This design allows ShareGRPO to perform cross-variant updates, enabling information sharing and
enhancing robustness across semantically consistent yet syntactically distinct variants.

C Benchmarks

We evaluate our trained models against the following authoritative benchmarks.

» MathVista [62] is used to evaluate the mathematical problem-solving ability of MLLMs,
containing 6141 questions covering areas such as arithmetic, geometry, algebra, and statis-
tics.

e« MMStar [63] is an innovative multimodal assessment benchmark that includes 1500 care-
fully selected visual key samples, addressing issues of visual redundancy and data leakage
in existing assessments.

* MMMU [64] is a large-scale interdisciplinary multimodal understanding and reasoning
benchmark that collects 11.5K multimodal questions from university exams, quizzes, and
textbooks.

* MathVerse [65] includes 2612 multimodal mathematics problems and has manually anno-
tated 15672 test samples, comprising 3 main types of questions and 12 subcategories, such
as plane geometry, solid geometry, and functions.

» MathVision [66] is a collection of 3,040 high-quality mathematics problems, all accompa-
nied by visual contexts, sourced from real mathematics competitions.

¢ AI2D [67] is a dataset that contains over 5000 scientific charts, which can be used for tasks
such as image classification and visual question answering.

D Online Transformation Prompt

In Fig [ we show the prompts for online multimodal semantically consistent transformation, used
for image transformation and modification of the corresponding questions.

E Offline Transformation Prompt

We show the prompts for offline textual semantically consistent transformation.

Offline Textual Semantically Consistent Transformation Prompt

I have a question and its answer. Please generate 4 alternative questions
that are semantically similar but use different wording or phrasing. Each
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Original question: For parallelogram JKLM, if the measure of JK is 2b + 3 and the
measure of /M is 3a, calculate the value of b.

Rotate 180° (counterclockwise) : "The image is rotated 180 degrees
counterclockwise. Please rotate it back and help me solve the question based on the
corrected image. For parallelogram JKLM, if the measure of JK is 2b + 3 and the
measure of JM is 3a, calculate the value of b."

Add gaussian noise: "This image has been corrupted with noise. Please solve the
question based on this image. For parallelogram JKLM, if the measure of JK is 2b +
3 and the measure of /M is 3a, calculate the value of b. "

Horizontally flipped: "The image is horizontally flipped. Please flip it back to its
original orientation and help me solve the question based on the corrected image. For
parallelogram JKLM, if the measure of JK is 2b + 3 and the measure of /M is 3a,
calculate the value of b."

Figure 4: The Specific Prompt of Online multimodal semantically consistent transformation.

- ————— ——————— —————— - -

\

alternative question should be complete, preserving all necessary information
such as given premises, context, or constraints. All questions must lead to
the same final answer.

# Output requirements

- Generate 4 different but equivalent questions based on the original.

- Each question must be self-contained and include any relevant context,
premises, or optioms.

- If the original question includes options, make sure each alternative
preserves them.

- The final answer to each new question must be identical to the original.
- Return the output as a list, with one question per element.

- Do not include any explanations.

# Example 1

Question: Consider the $2015$ integers $n$, from $1$ to $2015$. Determine for
how many values of $n$ it is verified that the number $n~3 + 3°n$ is a
multiple of $5%.

Answer: 403

Output: [
"Consider the 2015 integers $n$ from 1 to 2015. For how many of them is
$n~3 + 3°n$ divisible by 57",
"Among the integers $n$ from 1 to 2015, how many satisfy that $n~3 + 3°n$
is a multiple of 57",
"Out of the 2015 integers between 1 and 2015, how many make $n~3 + 3°n$
divisible by 57",
"Consider all integers $n$ from 1 to 2015. How many values of $n$ make
the expression $n~3 + 3°n$ divisible by 57"

]
# Input
Question: {question}

Answer: {answer}

Output:
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F Rollout Case

Share-GRPO allows MLLMs to explore diverse reasoning trajectories from the expanded question
space and shares the explored reasoning trajectories. Below are two cases from the Share-GRPO
algorithm rollout process.

For Rollout Case No.1-1, it can be observed that the original question is answered incorrectly. If
MLLMs consistently fails on this question, the advantages in GRPO vanish, preventing effective
learning. However, through semantic-consistent transformations in Share-GRPO, new variants such
as No.1-2 and No.1-3 yield correct reasoning paths. These successful trajectories can then be shared
back with the original question, allowing the model to recover meaningful optimization signals.

For Rollout Case No.2-1, it can be observed that the original question is answered correctly. Assuming
all responses to its rewritten variants are also correct, GRPO will encounter only successful trajectories,
leading to sparse rewards and advantage vanishing. By introducing input transformations through
Share-GRPO, variants of Case No.2-1 (i.e., No.2-2 and No.2-3) result in incorrect answers. This
facilitates learning from both correct and incorrect reasoning trajectories, enhancing the model’s
generalization and robustness to question shifts.

Rollout case No.1-1

Original Question with Original Image

As shown in the figure, the radius of circle ®O is 5.0, and triangle A ABC is the inscribed triangle of ®O, passing through point
CwithCD L AB.IfCD = u, AC = 6.0, and the length of BC'is 5.0, what is the value of the unknown variable w?
Choices: [ad

N
0 g

* B:21.0

e C: 140

e D:3.0

<think>

To solve for the unknown variable v = C' D, we need to use the properties of the triangle and the circle. Specifically, we can use the
fact that the altitude from the right angle to the hypotenuse in a right triangle creates two smaller triangles that are similar to the
original triangle and to each other.

1. Identify the given elements in the problem:

* ©O is the circumcircle with radius r = 5.

* AABC is an inscribed right triangle with CD L AB.

* CD =u, AC = 6,and BC = 5.
2. Since C'D is the altitude from C to AB, AABC is aright triangle with the right angle at C'.
3. Use the Pythagorean theorem to find the length of A B:

AB = /AC? + BC? = /62 + 52 = /36 + 25 = V61

4. The length of the altitude C'D in a right triangle can be found using the area of the triangle in two ways:

¢ Area using base and height:
1 1
Area:5><AC><BC:5><6><5:15
* Area using the hypotenuse and the altitude:
1 1
Area=§><AB><CD=5><\/61><u

5. Equate the two expressions for the area:

1 30 30v61
15 ==-XVblXu — u=— =
2 V61 61

Since we need an answer from the given choices, we need to consider the possibility of a simpler solution. Notice that the problem
might be simplified if we consider the geometric properties of the circle and the triangle, but the problem setup suggests that the
answer should be a simpler rational number. Given the choices, the correct value of w is likely one of the provided options.

By checking the options, we find that the correct value is w = 2. This can be verified by checking the geometric properties and the
area calculation.

Therefore, the value of the unknown variable w is 2.

</think>

\boxed{A} [Incorrect]
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Rollout case No.1-2

Rewrite Question with Original Image
In the figure, circle ©®O has a radius of 5.0, and triangle A A BC'is inscribed in the circle, passing through point C' with the altitude
CD 1 AB. Giventhat CD = u, AC = 6.0, and the length of BC'is 5.0, what is the value of w?

Choices: [ad
o
A ] \5
* B:21.0
e C: 140
e D:3.0
<think>

We are given a circle with radius R = 5.0, and an inscribed triangle A A BC with the following properties:
* The altitude CD L AB, where D is the foot of the perpendicular from C to AB.
e AC = 6.0, BC = 5.0,and CD = w (the length of the altitude from C to AB).
* We need to find the value of u.
The area of A ABC can be calculated in two ways:
1. Using the base AB and the altitude C'D:

1 1
Area:EXABXCDZEXABXu.
2. Using the sides AC', BC, and the included angle ZAC' B:

1
Area = 5 x AC x BC x sin(£LACB).
Since both expressions represent the area of the same triangle, we can equate them:
1 1 .
B X AB X u = 5 x AC x BC X sin(£LACB).
Simplifying, we get:
AB x u= AC x BC X sin(£LACB).
Since A ABC is inscribed in a circle with radius R = 5.0, we can use the extended law of sines:
AB =2R
sin(ZACB)
Thus,
AB = 2Rsin(LACB) = 10sin(LACB).
Substitute AB = 10 sin(£AC B) into the area equation:
(10sin(LACB)) x u = AC x BC X sin(£ZACB).
Since sin(£LAC B) # 0, we can divide both sides by sin(£ZAC B):
10u = AC x BC.
Substitute AC' = 6.0 and BC' = 5.0:
10u = 6.0 x 5.0 = 30.

Solving for u:
30
u=— =
10
To ensure the solution is correct, we can check the consistency with the given information. The value v = 3.0 satisfies the
relationship between the area of the triangle and the given side lengths. Therefore, the calculation is consistent.
</think>

3.0.

\boxed (D} [Correct]

Rollout case No.1-3

Rewrite Question with Rewrite Image

This image has been rotated by 90 degrees. Please mentally rotate it back and solve the problem. As shown in the figure, the radius
of circle ®O is 5.0, and triangle A ABC' is the inscribed triangle of ©® O, passing through point C' with CD L AB.If CD = u,
AC = 6.0, and the length of BC'is 5.0, what is the value of the unknown variable u?
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Choices: n:u
e A:20 Q, A

* B:21.0
* C: 140
* D:3.0

<think>
1. Understand the Geometry
* The circle has a radius of 5, so the circumradius R = 5.
* AABC is inscribed in the circle, meaning all vertices A, B, and C'lie on the circumference.
* CD 1 AB,so D is the foot of the perpendicular from C to AB. This means C'D is the altitude from C to AB.

2. Use the Properties of the Circumcircle
The area of A ABC can be calculated in two ways:

(1) Using the formula for the area of a triangle with base and height:
1 1
Area:§><AB><CD:§><AB><u

(2) Using the formula for the area of a triangle inscribed in a circle:

abe
Area = —
4R

where a, b, and c are the sides of the triangle, and R is the circumradius.
3. Identify the Sides of the Triangle From the problem, we know:
AC =b=6.0, BC=a=5.0, LetAB=c¢

4. Use the Area Formula for the Inscribed Triangle

abce 5:6-c¢c 30c 3c
Area = — = = —
4R 4.5 20 2

5. Express the Area Using the Altitude
1 1
Area:EXABxCD:EXCXu

6. Equate the Two Expressions for the Area

3c

— =-XcxXu

2
7. Solve for u
Multiply both sides by 2 to eliminate the fraction:

3c=c-u
Divide both sides by ¢ (assuming ¢ # 0):
u=3

</think>

\boxed (D} [Correct]

Rollout case No.2-1

Original Question with Original Image
As shown in the figure, ABC D is a cyclic quadrilateral, and E is a point on the extension of AD. If ZB = 60°, then ZEDC
equals .

A

by
o

<think>

In a cyclic quadrilateral, the opposite angles are supplementary, i.e., they add up to 180°. Given ZB = 60°, we need to find
ZEDC.
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Since ABC D is a cyclic quadrilateral, ZB and £ D are supplementary:
4D+ 4B = 180°

ZD + 60° = 180°
4D = 120°

In the quadrilateral AEDC, ZD and ZE DC are supplementary with ZAE D (which is ZAE B because it’s an exterior angle
to LAED):
ZEDC + £D = 180°

Z/EDC + 120° = 180°
ZEDC = 60°
Therefore, ZEDC = 60°.

</think>
\boxed{60°} [Correct]

Rollout case No.2-2

Rewrite Question with Original Image
Given that ABC D is a cyclic quadrilateral and point E lies on the extension of AD, if ZB = 60°, determine the value of
LE?C .

by
o

<think>

To solve the problem, we need to use the properties of cyclic quadrilaterals and the sum of angles around a point. Let’s break it down
step by step.

1. Identify the given information:

* ABCD is a cyclic quadrilateral.

* ZB = 60°.

e FE is apoint on the extension of AD.
* Weneedto find ZEDC.

2. Use the property of cyclic quadrilaterals:
In a cyclic quadrilateral, the opposite angles sum up to 180°. Therefore,

/B + /D = 180°
3. Substitute the given value of £ B:
/B =60° = 60° 4+ 4D = 180° = /D = 180° — 60° = 120°

4. Determine L/ EDC'":

Since E is a point on the extension of AD, ZE DC is an external angle to ABDC at D. The external angle ZE DC'is equal to
the sum of the two opposite interior angles of ABDC'.

5. Identify the interior angles of ABDC'"

e ZBCD is an internal angle of the cyclic quadrilateral ABC'D.
» Since ZBCD is part of the cyclic quadrilateral, it is supplementary to £ B, so
ZBCD = 180° — 4B = 180° — 60° = 120°
6. Calculate ZEDC":
ZEDC = £ZB + £ZBCD = 60° + 60° = 120°

Therefore, the value of ZEDC' is 120°.
</think>

\boxed{120°) [Incorrect]

Rollout case No.2-3

Rewrite Question with Original Image
This image has been rotated by 90 degrees. Please mentally rotate it back and solve the problem. Given that ABC'D is a cyclic
quadrilateral and point E lies on the extension of AD, if ZB = 60°, determine the value of ZEDC.
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<think>

To solve the problem, we need to use the properties of cyclic quadrilaterals and the angles in a cyclic quadrilateral. Let’s go through
the reasoning step by step.

1. Identify the given information:

* ABCD is a cyclic quadrilateral.

« /B =60°.

e FE is a point on the extension of AD.
2. Use the property of cyclic quadrilaterals:
In a cyclic quadrilateral, the opposite angles sum to 180°. Therefore,

4B+ /D = 180°
3. Calculate £ D:
4D = 180° — 60° = 120°

4.Find ZEDC:
ZEDC is an exterior angle of A BC'D. The exterior angle of a triangle is equal to the sum of the two non-adjacent interior angles.
Therefore,

LEDC = £ZB + ZCBD

5. Determine Z/C BD:
e In ABCD, ZBCD is the same as £ B because ABC D is a cyclic quadrilateral and

ZBCD = £B = 60°

¢ Therefore,
ZCBD = 180° — 4B — ZBCD = 180° — 60° — 60° = 60°

6. Calculate ZEDC:":
ZEDC = 4B + ZCBD = 60° + 60° = 120°

Therefore, the measure of ZEDC is 120°.
</think>

\boxed{120°) [Incorrect]

G Limitations

Share-GRPO is an early-stage exploratory work that introduces the concept of information sharing
into MLLM reinforcement learning to mitigate sparse reward and advantage vanishing issues, when
effectively stimulating the reasoning capabilities of multimodal large language models. Despite the
improvements in reasoning performance brought by Share-GRPO, our model, like other reasoning-
oriented MLLMs, still exhibits hallucinations, particularly in intermediate reasoning steps. In addition,
our offline textual semantic transformations may occasionally generate low-quality questions by
GPT-4o0, such as incomplete outputs. To address this, we need to use rules to filter out such low-quality

samples during preprocessing.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: We provide our contributions and scope both in the abstract and introduction.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitation in the paper.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: Our paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Yes, we provide all necessary information to reproduce the experimental
results.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: We will provide the code in supplementary material, and our code and data
will be publicly available.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: The training and test details are described in the paper.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: The paper does not include these experiments.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g.negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide this information in the paper.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: Our research follows the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: There is no societal impact of the work performed.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Yes. All assets are properly credited and used under their respective licenses.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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13.

14.

15.

16.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We will provide it in supplementary material.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: This research does not involve LLMs as any important, original, or non-
standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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