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Abstract

Reinforcement learning (RL) has shown promise in enhancing the general Chain-
of-Thought (CoT) reasoning capabilities of multimodal large language models
(MLLMs). However, when applied to improve general CoT reasoning, existing RL
frameworks often struggle to generalize beyond the training distribution. To address
this, we propose NoisyGRPO, a systematic multimodal RL framework that intro-
duces controllable noise into visual inputs for enhanced exploration and explicitly
models the advantage estimation process via a Bayesian framework. Specifically,
NoisyGRPO improves RL training by: (1) Noise-Injected Exploration Policy:
Perturbing visual inputs with Gaussian noise to encourage exploration across a
wider range of visual scenarios; and (2) Bayesian Advantage Estimation: For-
mulating advantage estimation as a principled Bayesian inference problem, where
the injected noise level serves as a prior and the observed trajectory reward as the
likelihood. This Bayesian modeling fuses both sources of information to compute
a robust posterior estimate of trajectory advantage, effectively guiding MLLMs
to prefer visually grounded trajectories over noisy ones. Experiments on standard
CoT quality, general capability, and hallucination benchmarks demonstrate that
NoisyGRPO substantially improves generalization and robustness, especially in
RL settings with small-scale MLLMs such as Qwen2.5-VL 3B. The project page is
available athttps://artanic30.github.io/project_pages/NoisyGRPO,

1 Introduction

The success of OpenAlI’s O1 [34] and DeepSeek-R1 [7] highlights that activating Chain-of-Thought
(CoT) reasoning abilities through Reinforcement Learning (RL) is a promising strategy for scaling
model intelligence at test time. In particular, value-free RL methods such as Group Relative Policy
Optimization [44]] (GRPO) have demonstrated substantial improvements in LLM performance while
avoiding the costly requirement of training a separate value model. As recent works show [38 13|
8l 1301 146]], this efficiency in both data and computation makes GRPO an appealing approach for
extension to complex visual language tasks such as visual math problem solving.

However, when applying GRPO to improve general chain-of-thought (CoT) reasoning in multimodal
large language models (MLLMs), we observe notable limitations in the model’s ability to generalize
beyond the training distribution, which hinders the broad applicability of MLLMs. As shown
in Figure[I] higher training rewards under the GRPO framework do not consistently yield better
evaluation performance. We identify two primary factors contributing to this issue: (1) Limited Policy
Exploration. RL in the generative model domain utilizes temperature sampling to generate multiple
rollouts for policy exploration; however, as noted in DAPO [58]], these rollouts often converge to
near-identical outputs during training, leading to insufficient exploration and early deterministic
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Figure 1: Performance and training statistics of three RL methods. GRPO with noise injection
refers to GRPO trained with noise-perturbed rollouts. The left plot shows evaluation performance on
the MMStar benchmark over training iterations. The middle plot presents the standard deviation of
rewards, reflecting the exploration degree of the policy. The right plot shows the accuracy reward,
indicating how well the model fits the training data. Shaded areas represent the variance of the
corresponding metrics.

policy. (2) Missing process supervision. Rule-based rewards judge only the final answer, leaving
the intermediate reasoning steps unsupervised; the policy, therefore, learns shortcuts and visual
hallucinations that do not transfer out of distribution.

To address these challenges, we propose NoisyGRPO, a unified framework that enhances multimodal
reinforcement learning, such as GRPO [44] by both promoting thorough exploration and ensuring
robust policy optimization. Our key innovation is to inject controllable noise into visual inputs
during rollouts, thereby encouraging diverse exploration and providing an unbiased, trajectory-level
measure of reasoning difficulty. However, while promoting exploration, noise injection induces
an off-policy scenario: the behavior policy that collects trajectories generated with noise-disturbed
images differs from the target policy that operates on clean visual input. This distribution shift causes
the value function to be queried on out-of-distribution states, which introduces bias into the advantage
estimates and corrupts the policy gradient, as illustrated in Figure[T} To tackle this issue, we introduce
a Bayesian advantage estimation framework that treats the injected noise as a prior and the trajectory
reward as the likelihood within a principled Bayesian formulation, which allows us to explicitly
calibrate the policy update according to trajectory-level noise and reward signals.

NoisyGRPO consists of two key components without additional computational overhead. First,
Noise Injection augments policy exploration by applying Gaussian noise of various magnitudes
(sampled from a uniform distribution) to input images in rollouts, maintaining trajectory diversity
(indicated by the consistently high Reward Std shown in Figure|l)) and reducing hallucinations via
implicitly favoring visually grounded reasoning. The second component is Bayesian Advantage
Estimation, which integrates the magnitude of the injected noise with observed trajectory rewards
to yield more accurate advantage estimates. Specifically, we treat the likelihood uncertainty as a
fixed constant while modeling the prior uncertainty as a function of the variance among rewards
within the same trajectory group. The intuition is that if trajectory rewards are similar despite varying
noise magnitudes, the prior uncertainty remains high; in contrast, larger reward variation across noise
levels corresponds to reduced prior uncertainty. By defining advantage estimation in this Bayesian
manner, we obtain a posterior that adaptively incorporates both noise magnitude and trajectory reward
statistics, leading to more accurate and robust advantage estimates.

To demonstrate NoisyGRPO’s effectiveness, we evaluate its impact on improving MLLMs’ general
capabilities, which is a more challenging setting than addressing domain-specific problems. Specif-
ically, we evaluate NoisyGRPO from three dimensions: CoT quality [[16], comprehensive MLLM
capability [5] 163]], and hallucination [50]. Results show that NoisyGRPO consistently outperforms
GRPO, particularly with small-scale MLLM—for instance, achieving a +4.4 improvement in CoT
quality on MME-COT and a +3.7 gain in average performance on MMStar with Qwen2.5-VL 3B.

Our main contributions are summarized as follows:
* We propose NoisyGRPO, a reinforcement learning framework designed to enhance the multimodal
Chain-of-Thought (CoT) reasoning capabilities of MLLMs on general tasks.

* NoisyGRPO employs a noise injection strategy to promote policy exploration, and introduces a
Bayesian advantage estimation method that mitigates the negative effects of noise by combining
prior estimates from noise magnitude with observed response correctness.
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Figure 2: Overall pipeline of NoisyGRPO. For each image-question pair, we sample noise and inject
it into the image. The policy model generates rollouts based on the perturbed inputs, and the reward
function evaluates them. We then compute the posterior advantage by combining the noise-based
prior with the reward-based observation.

* Experimental results show that NoisyGRPO consistently outperforms GRPO across CoT quality,
general capability, and hallucination benchmarks, with especially strong gains in RL with small-
scale MLLM:s.

2 Related Works

Multi-modal Large Language Model Vision-language models (VLMs) have rapidly advanced
in their ability to comprehend and reason over both visual and textual modalities and demonstrate
great improvements over downstream tasks [35] 164} 12} 9l 31} |40]. These models typically inte-
grate visual encoders with large language models (LLMs) to enable cross-modal understanding
and inference. Foundational works such as Flamingo [2] and BLIP-2 [20] established effective
strategies for aligning vision and language components. The LLaVA-series [25) 24} [18]] and SPHINX-
series [22, [10] further advanced the field by introducing visual instruction tuning, significantly
enhancing multimodal capabilities. Large-scale models like GPT-40 [[14]] and Gemini [42] have
demonstrated strong general-purpose visual understanding through large-scale multimodal pertaining.
To address scalability, mixture-of-experts approaches—such as DeepSeek-VL2 [S5]], Uni-MoE [21],
and MoVA [65]—improve computational efficiency by selectively activating expert modules based
on input characteristics. More recently, domain-specific methods such as Math-LLaVA [47] and
MAVIS [60] employed mathematical visual instruction tuning to improve VLMs’ ability to inter-
pret and solve complex multimodal math problems. At the same time, unified architectures like
SEED-X [[L1]], Chameleon [48]], Show-O [56], and the Janus series [54} 29, |6] integrate both visual
understanding and generation capabilities within a single framework. Despite these advances, most
existing VLMs still struggle with robust visual reasoning, particularly in tasks that demand deep
visual analysis and complex multi-step reasoning.

Reinforcement Learning in LLMs and VLMs Reinforcement Learning (RL) has emerged as a
key technique for enhancing the capabilities of Large Language Models (LLMs) and Multimodal
Large Language Models (MLLMs). Early advancements focused on Reinforcement Learning from
Human Feedback (RLHF) [37]], which aligns model outputs with human preferences [1]]. More recent
research has demonstrated that RL-based methods can significantly improve reasoning abilities. For
instance, DeepSeek-R1 [7] integrates rule-based rewards with Group Relative Policy Optimization
(GRPO) [43]], while Kimi-1.5 [49] employs a variant of online policy mirror descent—both achieving
notable gains in reasoning performance. In the multimodal domain, RL has also shown promise.
Direct Preference Optimization (DPO) [41], a simple yet effective RL method, has been applied
to reduce hallucination in MLLMs [39, 36/ 61]. GRPO has also been extended to vision-language
models for specialized tasks such as geometry reasoning and object counting [38} 13\ [8, 130, |46].
Though these works apply the GRPO framework to multimodal tasks, their focuses differ from ours.
For example, VLM-R1 [46] adapts it to detection tasks with task-specific rewards. In contrast, we
propose a principled framework that systematically improves multimodal RL algorithms like GRPO
in multimodal settings by enhancing both policy exploration and advantage estimation.

3 NoisyGRPO

In this section, we introduce NoisyGRPO, a reinforcement learning framework designed to enhance
the Chain-of-Thought reasoning capabilities of multimodal large language models (MLLMs). To



address the generalization limitations of vanilla GRPO when applied to MLLMs, NoisyGRPO
encourages policy exploration via perturbing visual inputs and mitigates the resulting adverse effects
through Bayesian advantage estimation. Specifically, in section 3.1 we present the training objective
of NoisyGRPO and highlight its improvements over the standard GRPO. In section [3.2] we introduce
the exploration policy with injection noise on the visual input strategy. In section[3.3] we describe the
Bayesian advantage estimation method, which incorporates both the level of noise and the trajectory
reward to yield more accurate policy gradients. We provide an overall pipeline in Figure 2]

3.1 Training Objective and Reward Function

Training Objective To highlight the key innovations of NoisyGRPO, we start by presenting its
training objective and comparing it with vanilla GRPO [44]]. NoisyGRPO differs in two main
aspects: (1) Exploration Policy. We introduce visual noise during sampling to encourage more diverse
trajectory exploration. (2) Advantage Estimation. By modeling advantage estimation as a Bayesian
inference problem, we combine the noise level and observed trajectory reward to compute a more
accurate advantage for each trajectory.

Specifically, given a sample (g, a, I) drawn from the dataset D—where ¢ is the input query, a is
the ground-truth answer, and [ is the corresponding image—we sample G rollouts {07 }$ | using a
noise-injected exploration policy 7"°*¢, where each o? is sampled under a different noise level applied
to the image. The corresponding group-wise advantage flf is estimated based on both trajectory
reward and noise level. The training objective of NoisyGRPO is defined as follows:

Toisy6rPO () = E(q.0.1)~D, {o7}& , mmii(la.1)
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where mp and 7y, are the current and previous policies respectively, € is the PPO clipping parameter,
B is the KL penalty coefficient, 7. is a reference policy, and Dy, denotes KL divergence. The
modifications from vanilla GRPO are marked in bold—specifically, the exploration policy 7w"*'*® and

the group-relative advantage fif We elaborate on these components in the following sections.

Reward Function For the reward function, we adopt two types of rule-based rewards inspired
by GRPO: Accuracy and Format rewards. The Correctness reward measures whether the model’s
final answer is accurate, regardless of the correctness of intermediate CoT steps. The Format reward
encourages the model to produce answers in the expected CoT style. It is worth noting that our
training data contains many open-ended VQA samples to improve general CoT ability in multimodal
settings. Unlike code or math tasks with short, matchable answers, these samples require a more
flexible reward. We use a text embedding model such as SBERT [43] to assess semantic similarity
for correctness. Although this may introduce embedding bias, our advantage estimation [3.3] helps
mitigate it. In conclusion, the reward is defined as follows:

* Accuracy rewards: We utilize the SBERT model to compute embeddings for both the predicted
and ground-truth answers, and define their similarity as the accuracy reward. To filter low-
confidence cases, we set the reward to O when the similarity is below 7. For yes/no and multiple-
choice questions, we apply exact match: a correct match receives a reward of 1, otherwise 0.

* Format rewards: To ensure CoT reasoning, we introduce a format reward that requires the
model’s reasoning process to appear between <think> and </think> tags.

3.2 Noise Injected Exploration Policy

To enhance the generalization of the multimodal RL framework, we introduce a noise-injected
exploration strategy to construct our exploration policy 7", as shown in Figure [2| Different from
injecting noise into the entire policy model as in [15]], we adopt a targeted and structured strategy by
applying multi-step Gaussian noise to the input image I based on a diffusion-style forward process.
For each rollout, we first sample a noise level n; ~ U(0, 1), representing a normalized noise step.
We then perturb I using the corresponding diffusion process at timestep |n; - T'|, where T is the
total number of diffusion steps. n; = 0 yields the original clean image, while n; = 1 corresponds



to the image at the final diffusion step, effectively resembling pure Gaussian noise. This produces
a noisy image I,,, which is then used to generate the rollout o7 under the exploration policy 7",
resulting in a diverse set of responses {o}'}Z; conditioned on different noise intensities. Notably,
noise injection is applied only during rollout collection to encourage exploration. Clean inputs are
used during policy updates to ensure stable learning and preserve the accuracy of the learned policy
To.

3.3 Bayesian Advantage Estimation

Bayesian Modeling of Trajectory Quality After collecting rollouts using the noise-injected
exploration policy, we formulate the trajectory quality as a latent variable r;, which represents the
underlying quality of a sampled rollout o; obtained under noise-injected exploration. To integrate
both prior knowledge from noise level and observation, such as the trajectory reward, we adopt a
Bayesian modeling approach, treating r; as a Gaussian random variable. Specifically, we assume:

ri ~ N (i, 02), 2)

where 1; denotes the mean of the trajectory quality r; and o2 quantifies the uncertainty. To update
this prior based on observed evidence, we consider a Bayesian inference framework. Let 7; be an
observed variable that serves as a noisy indicator of the true quality ;. We assume the observation
model is Gaussian:

Fi ~ N(ri,o2), 3)
where o2 captures the reliability of the observation process. Under this setup, the posterior distribution
of r; given 7; remains Gaussian, and the posterior mean can be derived analytically as:

2

N Og

R
This posterior mean balances the prior distribution and the observation, weighted inversely by their
respective variances. Intuitively, more confident observations (small o2) shift the posterior closer to
7;, while a more confident prior (small o) keeps the posterior closer to ;.

(i —74). “)

Advantage Estimation For a set of samples {(n;, 0;,75)}_,, where n; is the injected noise level,
o; 1s the generated trajectory, and 77 is the trajectory semantic reward, which combines both accuracy
and format reward. For the prior estimation of trajectory quality r;, we set the noisy reward as
r* = 1 — n; and treat it as the prior estimation. The observation is the semantic reward ;. We apply
normalization to make the prior and semantic rewards comparable across the group of G samples.
Given a set of scalar values {z; }]-Gzl, the normalization operation is defined as:
7 — mean({z;}5.,)
G )
std({z; }jzl)

We apply this normalization to both the prior and semantic rewards as follows:

. G . G

T'Ln = NOI‘Hl(TZn, {T;'l}j:l)v Tf = Norm(rf, {T;}j:1)7 (6)

For clarity, we assume both normalized signals are corrupted by a Gaussian, which serves as a core
assumption in our Bayesian estimation framework. An analysis of this assumption and its empirical
justification is provided in the Appendix. Accordingly, we model the latent reward r; as a random
variable drawn from a Gaussian prior centered at 7', while the observed semantic reward #; is treated
as a noisy observation of r;:

Norm(z;, {xj}le) =

&)

ri ~ NP 02), 7~ N(ry,02). 7

To this end, the key challenge is to determine the uncertainty of both signals, which is represented by
the 02 and o2. We fix o2 to a constant c, as the semantic reward is computed using a text embedding
model whose bias is relatively stable. To modulate the prior uncertainty, we define the prior variance
o2 to be inversely related to the variability of semantic rewards within the group. The underlying
intuition is that 77 and 7" are positively correlated, as both reflect the underlying trajectory quality,
and n; is sampled from a uniform distribution. Therefore, when the group-wise variance of 7; is
small, the certainty of the prior distribution is low. Specifically:
2 v
R i ) ®




Table 1: Results on CoT quality benchmark MME-CoT. We report results across three evaluation
dimensions of CoT quality to comprehensively characterize the performance of NoisyGRPO.

CoT quality CoT Robustness CoT Efficiency
F1 Precision Recall | Avg. Stability Efficacy | Avg. Rel. Rate Ref. Quality

LLaVA-OV-7B 30.9 50.9 222 | -34 -3.8 -3.0 91.5 83.0 100.0
LLaVA-OV-72B 36.3 57.3 26.6 | -0.2 0.3 -0.6 95.4 90.8 100.0
MiniCPM-V-2.6 39.8 57.3 30.5 | -3.5 -4.8 2.2 92.8 85.7 100.0
InternVL2.5-8B-MPO 43.0 60.4 334 | 0.6 0.3 0.9 94.7 89.3 100.0
Qwen2-VL-72B 56.2 77.3 442 | 2.1 -6.5 24 96.5 92.9 100.0
GPT-40 64.0 85.4 512 | 2.1 -1.0 5.1 96.0 92.0 100.0
Kimi k1.5 64.2 92.0 493 | 14 29 0.0 82.2 92.2 72.2

Reasoning Models with Qwen2.5-VL 3B
GRPO 36.2 53.0 274 | -7.0 -1.5 -6.5 51.1 76.3 26.0
NoisyGRPO 40.6 57.3 315 | -24 -2.4 -2.4 554 71.9 38.8

Reasoning Models with Qwen2.5-VL 7B
GRPO 46.8 64.2 369 | 1.6 38 -0.6 66.4 87.2 45.7
NoisyGRPO 47.7 64.8 377 | 3.9 7.8 -0.1 59.7 81.8 37.5

where ~y is a scale hyperparameter that modulates the influence of semantic reward variability on
prior uncertainty. This formulation implies that when the semantic reward varies widely (i.e., larger
standard deviation), the prior distribution is considered more reliable and thus assigned a smaller
variance. Given the prior and observation, we apply a Bayesian update to obtain the posterior mean

reward:

o2

Fi= 7 i (R = ). ©)
n S

Finally, to compute the trajectory-wise relative advantage within each group, we normalize the
posterior reward:

AF = Norm (7, {7;}5.,). (10)

4 Experiments

4.1 Training Data

To enhance the general Chain-of-Thought (CoT) reasoning ability of MLLMs through reinforcement
learning, we adopt the visual question answering (VQA) portion of the MM-RLHF [62] training set
as our training data. This dataset spans diverse domains, including conversations, safety, multiple-
choice questions, captions, and commonsense reasoning. MM-RLHF applies clustering and filtering
techniques to curate a high-quality visual instruction-following dataset. In total, it contains 13k VQA
samples: 1.2k yes/no questions, 1.3k multiple-choice questions, and 10k open-ended VQA questions.
Notably, most of the training data lack structured answers; therefore, we use a text embedding model
to compute the accuracy reward. While this may introduce some model bias, our Bayesian advantage
estimation helps mitigate its impact.

4.2 Implementation Details

We implement the NoisyGRPO based on the VLM-R1 [46] reinforcement learning training framework.
For the policy model, we choose the state-of-the-art MLLMs Qwen2.5-VL [4] 3B and 7B. For
hyperparameters, we follow the default settings provided by VLM-R1 except for the following
changes. The number of sampled rollouts G is set to 4 due to computational resource considerations.
In noise injection, the upper bound o for the /(0, o) is set to 1. The « and ~ are set to 0.1 and 0.01.
The threshold 7 for the accuracy reward is set to 0.6. As there is no validation set, we choose all the
hyperparameters based on the results on MMStar [3]]. The training takes 6 hours for the 3B variant
and 7 hours for the 7B on a single node with 8A100 GPUs.

4.3 Evaluation Benchmarks

To comprehensively evaluate the CoT reasoning capabilities of NoisyGRPO, we select benchmarks
from three perspectives: (1) CoT Quality Evaluation. We use the MME-CoT [16] benchmark,
which assesses the quality, robustness, and efficiency of multi-modal CoT reasoning. The benchmark



Table 2: Performance Comparison on General, Hallucination, and Real-World Benchmarks.
The CP, FP, IR, LR, ST, MA, and AVG denote Coarse Perception, Fine-grained Perception, Instance
Reasoning, Logical Reasoning, Science & Technology, Math, and the average performance, respec-
tively. The symbols 1 and | indicate that higher or lower values are preferred. AMB. Gen. and AMB.
Dis. represent the generative and discriminative components of the AMBER benchmark.

MMStar AMB.“ AMB.”[MMERW

CP. FP. IR. LR. ST. MA. Avg.|C; | Cov. T Hal. | Cog. | FIT Acc
LLaVA-1.57B 58.8 24.0 38.8 24.0 13.6 22.8 30.3| 7.8 51.0 364 4.2 74.7 -
Qwen-VL-Chat 59.6 32.0 50.8 29.2 22.0 31.6 37.5| 5.5 494 236 19 - -
CogVLM-Chat 66.8 36.8 49.2 31.223.6 11.6 36.5| 5.6 572 236 13 - -
InternLM-XComposer2 70.8 48.8 65.2 56.4 42.0 49.2 55.4| - - - - - -
LLaVA-Next 34B 66.4 52.0 62.4 46.0 32.4 53.6 52.1| - - - - - -
GPT4V 76.6 51.4 66.6 55.8 42.6 49.8 57.1| 4.6 67.1 30.7 2.6 - -

Main Results

Qwen2.5-VL 3B 70.3 49.1 59.6 55.1 38.5 59.7 55.4| 7.6 69.9 557 58 89.6 421
+ SFT 70.3 49.6 59.0 55.4 39.2 60.4 55.7| 6.9 704 488 39 88.8 44.0
+ GRPO 68.0 43.3 60.4 57.0 40.0 58.0 54.5| 6.7 68.5 44.6 4.2 89.2 40.8
+ NoisyGRPO 69.5 53.2 66.6 60.7 37.1 62.3 58.2| 6.6 67.7 443 34 90.3 44.0
Qwen2.5-VL 7B 73.3 60.1 72.2 62.0 44.6 67.3 63.2| 48 63.6 275 1.6 87.4 43.6
+ SFT 71.8 58.870.2 60.8 45.2 67.4 62.4| 54 649 324 2.1 87.5 435
+ GRPO 73.7 57.2 70.5 64.2 44.1 65.7 62.6| 49 643 289 1.7 88.0 423
+ NoisyGRPO 72.8 63.7 71.7 66.9 48.3 71.4 65.8| 4.2 632 239 1.2 88.2 44.6

covers six categories of questions—including math, OCR, logic, science, space-time, and general
scene—providing a holistic view of CoT performance. (2) General Capability Evaluation. We
adopt the MMStar [5]] benchmark, which is constructed by carefully selecting high-quality samples
from existing datasets such as AI2D [17]], SEED-Bench [19]], ScienceQA [28], MMBench [26]],
MathVista [27], and MMMU [59]. By removing low-quality samples, MMStar provides a cleaner
and more comprehensive testbed across six reasoning domains. (3) Hallucination Evaluation. We
employ the AMBER [50] benchmark to evaluate both the generative and discriminative hallucination
behaviors of the model, offering a thorough analysis of output reliability. Additionally, we include
MME-RealWorld-Lite [63] to assess VQA performance in real-world scenarios.

4.4 Baselines

To fairly demonstrate the effectiveness of NoisyGRPO, we compare it against strong baselines
across all evaluation settings. For the CoT quality benchmark, we compare NoisyGRPO with the
GRPO [44] algorithm under different scales of Qwen2.5-VL [4]], and also report results from a wide
range of MLLMs [I18, 157,16, 151} 1331149} 23| 31152, 153} 24} 132 4], from 7B to 72B models, as well as
proprietary models like GPT-40 [33] and Kimi K1.5 [49], for reference. For the general reasoning and
hallucination benchmarks, in addition to comparisons between NoisyGRPO and GRPO, we include
SFT (Supervised Fine-Tuning) baselines to assess the quality and impact of training data. We also
report the performance of state-of-the-art MLLMs for broader comparison.

4.5 Performance Analysis

Benchmark Results For the CoT quality evaluation, we report the results of NoisyGRPO and
baselines on the MME-CoT [16] benchmark in Table[T} We observe that NoisyGRPO consistently
outperforms GRPO on most CoT quality metrics, with particularly significant improvements for
the 3B model. Notably, NoisyGRPO also enhances CoT robustness—for example, NoisyGRPO-7B
achieves higher robustness scores than proprietary models like GPT-40 [33]] and Kimi K1.5 [49].
However, we observe that vanilla GRPO surpasses NoisyGRPO in CoT efficiency when using
Qwen2.5-VL 7B. We attribute this to NoisyGRPO’s design, which prioritizes grounded reasoning
over reasoning efficiency.

For the general reasoning and hallucination benchmarks, Table [2] presents a comparison between
NoisyGRPO and baseline methods. The results demonstrate that NoisyGRPO effectively enhances
MLLM performance across multiple domains by strengthening CoT reasoning, achieving notable
gains such as +2.8 and +2.6 in average MMStar [S] scores over the base model. However, we observe
a performance drop in the Coarse Perception category for both model variants. We attribute this to the
injected noise being insufficient to meaningfully perturb the visual cues necessary for coarse-grained



perception tasks, leading to suboptimal performance for this specific task. Furthermore, we observe
that NoisyGRPO performs worse on the Cov. metric of the AMBER [50] benchmark, suggesting that
the generated captions do not fully cover all elements of the image. We attribute this to NoisyGRPO’s
emphasis on grounded responses, which tends to produce more concise answers and, consequently,
reduces overall coverage.

We also find that supervised fine-tuning (SFT) on the current 13k dataset fails to bring consistent
performance gains, highlighting that the improvements stem from reinforcement learning rather than
high-quality data alone. Furthermore, the performance improvements on MME-RealWorld-Lite [63]]
further demonstrate the potential of NoisyGRPO for real-world applications.

Performance Over Training Iterations In addition to reporting the best model performance
across various benchmarks, we further analyze the training dynamics of NoisyGRPO to provide
a more comprehensive understanding of its behavior. Specifically, we examine the relationship
between training iterations and performance on the MMStar benchmark, which evaluates MLLMs
across six distinct reasoning dimensions. As shown in Figure 3] we compare NoisyGRPO with the
baseline GRPO in terms of performance evolution, as well as the progression of the importance
= -Eaf in Eq. El—throughout training. We also report the average completion
length produced by each method. From the results, we draw the following insights: (1) The importance
weight decreases steadily throughout training, indicating that NoisyGRPO initially relies more on
prior estimation driven by noise level, but gradually shifts to relying on correctness-based reward
signals as training progresses. (2) NoisyGRPO consistently produces shorter completions than
GRPO while achieving better performance, suggesting that its supervision mechanism over the CoT
process encourages more concise and accurate reasoning steps. (3) Compared to GRPO, NoisyGRPO
yields greater improvements on tasks requiring fine-grained visual understanding, such as Fine-
grained Perception and Instance Reasoning, but performs slightly worse on knowledge-intensive
tasks like Scene & Technology. This indicates that NoisyGRPO primarily enhances vision-language
alignment in CoT reasoning, rather than boosting knowledge retrieval or external fact-based reasoning
capabilities.

o

weight—defined as

4.6 Ablation Study

Method Design To investigate the contribution of each component in our proposed NoisyGRPO
framework, we conduct an ablation study on the comprehensive MMStar [5] benchmark. As illustrated
in Figure[d] we compare the performance trajectories of four variants throughout training. The baseline
GRPO [44] corresponds to the original policy optimization algorithm introduced in DeepSeek-R1 [7].
The variant GRPO with Noise Injection incorporates our proposed noise-injected exploration policy
on top of GRPO. Naive NoisyGRPO refers to a simplified version of NoisyGRPO, where the dynamic
weighting mechanism between the observation and prior is removed—specifically, in Eq. [9] we
set 02 = o2, thereby eliminating the adaptive fusion. From the results, we observe that naively
injecting noise to perturb the visual inputs degrades policy learning performance, indicating that a well-
designed mechanism is required to mitigate the adverse effects of noise. Furthermore, the NoisyGRPO
with dynamic prior-observation fusion consistently outperforms other variants, demonstrating the
effectiveness of this design in enhancing the reasoning capability of MLLMs during bootstrapping.

Hyperparameter Sensitivity To assess the sensitivity of NoisyGRPO to its hyperparameters,
we conduct experiments analyzing the impact of two key parameters in the Bayesian Advantage
Estimation module. As defined in Eq.[8] « controls the confidence assigned to the observation, while
7, defined in Eq.[0] serves as a scale hyperparameter that modulates how strongly the variability
of semantic rewards influences the prior uncertainty. As shown in Figure ] NoisyGRPO exhibits
relatively low sensitivity to o compared to +, indicating that the bias introduced by the embedding-
based reward function is smaller than that resulting from inaccurate prior estimation due to noise
injection. We further extend the analysis to the reward-temperature parameter 7. As shown in Table 3]
NoisyGRPO maintains stable performance across a broad range of values for both hyperparameters
on MMStar, AMBER, and MMERealworld benchmarks, consistently outperforming the vanilla
GRPO baseline. These results confirm the robustness of NoisyGRPO and demonstrate that reasonable
hyperparameter choices can be made without extensive tuning.
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Figure 3: Performance over iteration and training statistics. We report the evaluation results
of NoisyGRPO-3B on the MMStar benchmark to demonstrate the comprehensive capabilities of
the MLLM. For both Importance Weight and Completion Length, the shaded regions represent the
variance across samples.
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Noise Distribution in Noise Injection To investigate the effect of different noise distributions on
policy learning in NoisyGRPO, we experiment with three types of injected noise during training.
Specifically, we compare: (1) Uniform noise, which is the default choice in our final method; (2)
Gaussian noise sampled from a normal distribution with mean 0 and variance 0.1; and (3) Fixed
noise with a constant value of 0.5. As shown in Figure ] we observe that noise sampled from a
uniform distribution consistently leads to more stable and improved MLLM performance. In contrast,
both Gaussian and fixed noise result in unstable training dynamics. We attribute this to the fact that
uniform noise provides a broader and more balanced exploration space, while our proposed Bayesian



Table 3: Sensitivity analysis of hyperparameters 7. Results under varying hyperparameter settings
are reported on MMStar, AMBER, and MMERealworld benchmarks. The best performance for each
metric is highlighted in bold. The configuration highlighted in blue corresponds to the setting used in
the main results.

MMStar AMBER MMERW

CP. FP. IR. LR. ST. MA. Avg. Cs| Cov. 1T Hal. | Cog.] F17 Acc
Vanilla GRPO 68.0 43.3 60.4 57.0 40.0 58.0 545 6.7 68.5 446 42 89.2 40.8
NoisyGRPO with different 7

7=0.5 66.1 50.9 62.5 56.2 37.5 659 565 6.7 643 375 25 895 43.0
7=0.6 69.5 53.2 66.6 60.7 37.1 623 582 6.6 67.7 443 34 903 440
T=0.7 69.1 52.3 63.4 58.2 39.3 562 564 74 658 424 30 90.0 447

Table 4: Comparison of computational efficiency between GRPO and NoisyGRPO. The reported
numbers for both methods are tested on a single node with 8 A100 GPUs.

Method Wall-Clock Time GPU-Hours Peak GPU Memory
Qwen2.5-VL-3B

GRPO 6h12min 49.6 57 GB

NoisyGRPO 6h40min 53.3 53 GB
Qwen2.5-VL-7B

GRPO 7h58min 63.7 75 GB

NoisyGRPO 7h52min 62.9 77 GB

Advantage Estimation effectively mitigates the adverse impact of high-variance noise during policy
optimization.

Training Efficiency Comparison To evaluate the practical scalability and efficiency of Noisy-
GRPO, we measure its training cost and resource usage in comparison with GRPO [44]. Specifically,
we report the wall-clock time, GPU-hours, and peak memory consumption for both methods under
identical experimental settings. Here, NoisyGRPO and GRPO sample the same number of rollouts.
As summarized in Table[d] the results show that NoisyGRPO maintains comparable efficiency to
GRPO despite its additional sampling step, demonstrating its suitability for real-world deployment.

5 Limitation

While our proposed NoisyGRPO effectively enhances the Chain-of-Thought (CoT) reasoning ability
of MLLMs, it also comes with certain limitations. Specifically, our method relies on the assumption
that injecting Gaussian noise into the visual input perturbs the model’s generation and that the degree
of noise correlates with the correctness of the generated answer. This assumption may not hold in
tasks such as coarse-grained perception, where detailed visual information is less critical. In such
cases, the injected noise may fail to meaningfully affect the model’s outputs, and the noise magnitude,
used as a prior in Bayesian advantage estimation, can introduce significant bias. This can, in turn,
negatively impact the learning of the policy in NoisyGRPO.

6 Conclusion

In this work, we present NoisyGRPO, a multimodal reinforcement learning framework designed
to enhance the Chain-of-Thought reasoning capabilities of MLLMs. Without incurring additional
computational cost, we introduce a noise injection strategy to improve policy exploration and address
the limited diversity of generations in vanilla GRPO. To counteract the potential negative impact of
injected noise, we propose a principled Bayesian Advantage Estimation method, where the injected
noise level serves as a prior and the trajectory reward serves as the likelihood. This Bayesian modeling
fuses both sources of information to compute a robust posterior estimate of trajectory advantage,
enabling more accurate and robust policy optimization under visual uncertainty. Experimental
results demonstrate the effectiveness of NoisyGRPO across diverse benchmarks, particularly under
challenging RL settings with small-scale MLLMs.
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1. Claims

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

Justification: The the main claims made in the abstract and introduction accurately reflect
the paper’s contributions and scope.

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: The limitations are disscussed
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:[Yes]
Justification: THe prrof is provided
Guidelines:

* The answer NA means that the paper does not include theoretical results.
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* 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: The information is provided for reproduction.
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?

Answer: [Yes]
Justification: The code and data will be released.

Guidelines:
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» 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 details are provided.
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: [Yes]
Justification: It’s reported.
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).

* 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.
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* 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).

o 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: These are reported.
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: No ethics issue.
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: The impacts are discussed.
Guidelines:

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

* 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.

* 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.
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* 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: [Yes]
Justification: The safeguards are described.
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: The data source paper are cited.
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.

* 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: [NA]

Justification: No new assets are provided.
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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: No crowdsourcing in this paper.
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

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: The LLM is used only for writing.

Guidelines:
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* 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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A Preliminary

This section formalizes the reinforcement learning (RL) framework for post-training optimization
of multimodal large language models (MLLMs). We introduce the mathematical foundation of
Group Relative Policy Optimization (GRPO) [44], a state-of-the-art RL approach for language
model alignment. Furthermore, we provide an overveiw of Bayesian Estimation and offer detailed
derivations of the key equations introduced in the paper, starting from their original definitions.

A.1 Group Relative Policy Optimization (GRPO)

GRPO [44] is a reinforcement learning (RL) algorithm specifically designed to enhance the reasoning
capabilities of Large Language Models (LLMs). Unlike traditional approaches, GRPO eliminates
the need for a value function and instead estimates advantages in a group-relative manner. Given a
question-answer pair (q, a), the exploration policy 7y,,, samples a group of G individual responses
{0;}%_,. The advantage of the i-th response is computed by normalizing the group-level rewards

{Ti}z'G:l:

r; — mean({r; }?:1)

std({r;}§2,)
where we define GN as the function for group normalization. GRPO adopts a clipped surrogate
objective similar to PPO, with an additional KL divergence penalty to regularize the policy update:

Ai = GN(’I“Z‘, {Tj}]c‘il) =

(11)

Jarpo(0) = E(g,0)~D (0,35, ~ro,, (1)

G
1 o) ; . (12)
LS i (20 MOy 4) - 5DKL(7TMref>]
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T 6010 (Oi ‘ Q) TG o1a (Oi | q)

Here, mg and 7y, are the current and previous policies respectively, € is the PPO clipping parameter,
5 is the KL penalty coefficient, 7. is a reference policy, and Dg; denotes KL divergence.

It is also worth noting that GRPO incorporates temperature-based sampling to promote exploration.
The presence of both high- and low-quality responses within a group enables the group-relative
advantage estimator to serve as a meaningful training signal. However, as noted in DAPO [58], GRPO
suffers from a gradient vanishing issue when prompts yield identical reward values (e.g., all correct
or all incorrect responses). In the main paper, we introduce NoisyGRPO, a set of enhancements
designed to address this limitation and improve the robustness of GRPO.

A.2 Bayesian Estimation

Bayesian estimation is a fundamental mechanism for probabilistic inference that refines a prior belief
in light of new evidence. Given a prior distribution p(f) over a latent variable 6, and a likelihood
function p(y | #) representing the observed data y, the posterior distribution p(# | y) is computed
using Bayes’ rule:

_ ply | 0)p(8)

p(@y) o)

13)

Here, p(y) is the marginal likelihood (or evidence), ensuring that the posterior is properly normalized.

Under the assumption that both the prior and the likelihood are Gaussian, and the latent variable 6 is
scalar:

p(0) = N'(0; 10,05), ply|0) =N(y;0,07), (14)

the posterior p(6 | y) is also Gaussian. Its variance asosl and mean fipo are given by:

-1
1 1 Po Y
2 2
Opost = (03 + O_g) ) Hpost = (0_8 + 075 " Tpost (15)
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Figure 5: Correlation of correctness and noise level.
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Figure 6: Correlation of group normalized correctness and noise level.

Alternatively, the posterior mean can be rewritten in the following equivalent form to highlight its
interpolation behavior:

2

Hpost = Y + o—gTyog(“O ) (16)

This form illustrates how the uncertainty and information from both the prior and the observation

are combined with weighted contributions. The variances o3 and O’Z play a key role in determining

the influence of the prior and the observed data, representing the uncertainty in the prior estimate

and the observation, respectively. While this interpolated form is convenient for interpretation, the

expression in Eq. (4) is more commonly used in Bayesian analysis, as it explicitly shows the posterior
as a precision-weighted average of the prior and observed values.

These insights into Bayesian updating inform our design of Bayesian advantage estimation in policy
optimization, allowing us to better incorporate uncertainty from both the noise prior and the trajectory
reward, as described in the main paper.

B Distribution Analysis of the Noise-level and Trajectory Reward

B.1 Correlation between Prior and Observation

To demonstrate the rationality of our method design, we begin by analyzing the correlation between
the noise level prior and the correctness reward(observation) during training. In Figure[5] we visualize
the raw values of the noisy reward r* € [0, 1] and the corresponding correctness scores € [0, 1].
Specifically, we present both the distributions of their means and the overall numerical distributions.
From these visualizations, we observe that when the noisy reward is below 0.7 (corresponding to
cases where more than 30% of the steps in the image trajectory are corrupted with noise), the expected
positive correlation between higher noisy reward and higher correctness score does not hold based on
the raw values alone.

However, as NoisyGRPO applies group normalization from GRPO during advantage computation,
we further provide the score distributions after group normalization. As illustrated in Figure [6]
the distribution of the mean value of the correctness score after normalization exhibits a clear and
consistent trend: the higher the noisy reward, the higher the correctness score. This shift indicates
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Figure 7: Histogram and Q-Q plot of residual of observation and prior. The Gaussian in red is
the Gaussian distribution with identical mean and variance to the residual.
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Figure 8: Histogram and Q-Q plot of residual of posterior and observation. The Gaussian in red
is the Gaussian distribution with identical mean and variance to the residual.

that the inherent differences in sample characteristics and difficulty levels cause the effect of noise
injection to vary significantly across samples. Consequently, group normalization is essential to our
approach for stabilizing training.

B.2 Verification of Gaussian Assumption

Our method is built upon a fundamental assumption regarding the underlying distribution of reward
signals. Specifically, we assume that the prior estimation of quality follows a Gaussian distribution,
ie,ri ~ N (r;”, o2), where r;” is the estimated mean quality and o2 is the prior variance. Meanwhile,
the observed 2s)emantic reward is modeled as a Gaussian observation of the true latent reward:
ri ~ N(r;,02).

However, since the true latent reward r; is not accessible, we cannot directly validate this assumption.
To address this, we employ indirect analysis and statistical testing to evaluate the plausibility of the
Gaussian assumption underlying our method design. To this end, we construct two residual terms
based on available quantities:

AN

651) =7; — 7' (Observation vs. Prior)

62(»2) =7; —7; (Posterior vs. Observation)

Here, 651) captures the deviation between the semantic observation and the prior estimation before
fusion, while 61(»2) reflects the adjustment made by the posterior with respect to the observation. If
both observation and prior are Gaussian as assumed, and the posterior is computed using standard
Bayesian fusion, then both residuals should approximately follow zero-mean Gaussian distributions
with variances that are analytically tractable. In the following, we empirically examine the distribution

of these residuals to test the validity of our assumption.
Residual of Observation and Prior We first analyze the residual between the observation and

prior, defined as the delta between the correctness score and the noisy reward. This quantity reflects
how much the observed semantic signal deviates from the prior belief before any posterior fusion.
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Noise Level: 0% Noise Level: 60%

Correctness: 1.0 Correctness: 1.0

Response: Response:

<think> <think> The image provides timestamps showing what Jackson did around

The clocks show 3:00 PM and 5:00 PM respectively. Since Jackson played 3:23 PM, with a black-and-white drawing labeled "Jackson drew a picture.”
‘Uu ‘U soccer later in the afternoon than drew a picture, the later time indicates the | | The soccer game labeled "played soccer" is shown at 3:24 PM. Given these
eee e second activity. timestamps, Jackson did the soccer game second. </think>
</think> <answer>
o)) played soccer o)) drew a picture <answer> B
B </answer>
Question: </answer>
The clocks show two things Jackson did
Thursday afternoon. Which did Jackson do Noise Level: 30% Noise Level: 90%

second? Correctness: 1.0 Correctness: 1.0

Choices: Response: Response:

A e <think> The clock on the left indicates the time of 1:45, while the clock on <think>Since it's Thursday, Jackson could have played soccer on Wednesday
the right displays 2:30. Jackson did two things on Thursday afternoon; the and then drew a picture after soccer. Based on their daily routine, he likely

(b L) s T question asks which of these two activities Jackson did second based on the played soccer first. </think>
Answer with the option's letter from the TS <answer>

given choices directly. e B
Ground Truth: B </answer>
8 </answer>

Figure 9: Illustration of ''Answer Correctness is a Partial Observation'

To assess the distributional characteristics of this residual, we visualize it in Figure [7]using both a
histogram and a Quantile-Quantile (Q-Q) plot against a standard Gaussian distribution. Additionally,
we conduct formal normality tests to statistically evaluate the Gaussianity of the residual. The results
are as follows:

* Shapiro-Wilk Test: W = 0.983, p-value = 7.416 x 10~2*. The Shapiro-Wilk test evaluates
whether a sample comes from a normally distributed population. A W value close to 1
indicates that the data is close to normal; the low p-value here, due to the large sample
size, suggests statistical significance but does not necessarily imply a practically meaningful
deviation from normality.

+ Kolmogorov-Smirnov Test: D = 0.110, p-value = 2.432 x 10~°2. The Kolmogorov-
Smirnov (K-S) test compares the empirical distribution of the sample to a reference Gaussian
distribution. The statistic D measures the maximum distance between the two cumulative
distribution functions. Again, while the small p-value indicates statistical rejection of
normality, the K-S test is known to be sensitive in large samples, and the shape shown in the
Q-Q plot remains approximately Gaussian.

As can be observed from both the visualizations and the statistical test results, the residual approxi-
mately follows a Gaussian distribution. Although the extremely low p-values may suggest deviations
from strict normality due to the large sample size, the overall shape and symmetry of the distribution,
as shown in the Q-Q plot support the plausibility of the Gaussian assumption for this residual term.

Residual of Posterior and Observation In this section, we analyze the distribution of the residual
between the posterior and the observation, which corresponds to the difference between the posterior
advantage and the correctness score. Similar to the previous analysis, we present both a histogram
and a Quantile-Quantile (Q-Q) plot in Figure to visualize the shape of the residual distribution.

+ Shapiro-Wilk Test: W = 0.932, p-value = 1.694 x 10~42
The Shapiro-Wilk test assesses the null hypothesis that the sample is drawn from a normal
distribution. Although the p-value is very small (due to the large sample size), the W
value remains reasonably high, suggesting the distribution retains approximate Gaussian
characteristics.

+ Kolmogorov-Smirnov Test: D = 0.190, p-value = 3.529 x 107155
The Kolmogorov-Smirnov test measures the maximal deviation D between the empirical
distribution and a reference Gaussian. Despite the low p-value (again, expected in large-scale
settings), the moderate D value supports the plausibility of a Gaussian assumption.

Taken together with the results from the prior-observation residual analysis, these findings provide
empirical support for the validity of our Gaussian assumption in modeling both the prior and the
observation noise.

C Visualization

Answer Correctness is a Partial Observation One of our key motivations stems from the fact
that the correctness of the final answer cannot fully reflect the overall rollout quality, especially in
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Question:

What object can be found at the
top left corner of the image?
Ground Truth:

The top left corner of the image
shows snow.

“Noise Level: 0%

Correctness: 0.0

Noisy Weight: 1.0

Posterior Advantage: 0.1219

Response:

<think> What object can be seen in the top left corner of the image that's
partly covered by snow? </think>

<answer>

skis covered in snow

</answer>

" Noise Level: 60%

Correctness: 0.0
Noisy Weight: 1.0

Posterior Advantage: -0.041

Response:

<think>

What object is marked at the top left corner in the image with multiple colors?
</think>

<answer>

Marked object Car

</answer>

Noise Level: 30%

Correctness: 0.0

Noisy Weight: 1.0

Posterior Advantage: 0.041

Response:

<think>At the top left corner of the image, there appears to be water
droplets visible on the lens. The glass bottle is positioned within this water
droplet. The glass object most likely mentioned is that.</think>
<answer>

glass object

</answer>

“Noise Level: 90%

Correctness: 0.0

Noisy Weight: 1.0

Posterior Advantage: -0.1219

Response:

<think>Given the instruction is to use the correct car make name instead of

Toyota Camry and to include relevant vehicles, what is at the top left corner

of this image about sports cars

In conclusion, the car at the top left corner is BMW M4. Based on BMW M4

branding of sports name. BMW brand with engine BMW motorsport 8 series
<answer>BMW Md</answer>

Figure 10: Illustration of Training rollouts and trajectory reward.

Question:
List two types of objects related to trees in the image.
Ground Trut!

Based on the image, two types of objects related to trees
that can be seen are:

1. Logs: There appear to be some large fallen logs or pieces
of wood scattered on the ground.

2. Tree stump: In the foreground of the image, there's what
looks like a gnarled tree stump o a section of dead tree with
exposed roots or branches.

These natural wood elements seem to be part of an
enclosure or habitat, possibly in a 200 or wildlife park setting,
given the sandy ground and rocky features

“Noise Level: 0%

Correctness: 0.0

Noise Weight: 0.0767

Posterior Advantage: 0.8309

Response:

<think> What natural structures surround the bird near the rocks? </think>
<answer>

Logs and branches surrounding the bird observe it closely, emphasizing the
surrounding environment's presence.

</answer>

Noise Level: 60%

Correctness: 0.7246

Noise Weight: 0.0767

Posterior Advantage: -0.0012

Response:

<think> What objects related to trees are visually represented in the image?
</think>

<answer>

Tree trunks and tree leaves. The image seems to depict tree trunks growing
directly from the roots and branches without leaves in the background.
</answer>

Noise Level: 30%

Correctness: 0.0

Noise Weight: 0.0767

Posterior Advantage: 0.2769

Response:

<think>What types of objects related to trees can be seen in this blurry
picture? Are there leaves or branches visible?

The parked cars and street scene suggest urban trees. </think>
<answer>

Leaves, car parked on the street edge

</answer>

Noise Level: 90%

Correctness: 0.8317

Noise Weight: 0.0767

Posterior Advantage: -0.5144

Response:

<think>Given the context focusing on objects related to trees in the image,
relevant objects include tree branches and leaves depicted visually based on
pixelation effects.</think>

<answer>

Based on the pixelated scene, two types of objects related to trees might
include tree branches and tree leaves. </answer>

Figure 11: Illustration of Training rollouts and trajectory reward.

complex multi-step reasoning settings like Chain-of-Thought (CoT). To qualitatively illustrate this
phenomenon, we provide a concrete example in Figure[9] In this example, NoisyGRPO samples
multiple rollouts under different noise levels. Interestingly, all sampled answers are correct with
respect to the final answer, yet the quality of the intermediate CoT reasoning varies noticeably. This
demonstrates that relying solely on answer correctness as a training or evaluation signal may overlook
significant variations in reasoning quality. Hence, a more nuanced reward structure, as introduced in
our method, is necessary to capture the semantics of the full reasoning trajectory.

Weight in Bayesian Estimation In this section, we qualitatively illustrate how the training process
dynamically balances the weights between the prior and observation in our Bayesian estimation
framework. Specifically, the weight assigned to the observation is defined as

2
s

2 27
oy + 03

g

where 02 and o2 denote the variances of the noise prior and semantic observation, respectively.

We first demonstrate an extreme case where all the answers in the sampled trajectories are incorrect. In
this situation, vanilla GRPO fails to provide meaningful training signals, as the semantic correctness
reward becomes uniformly zero. However, as shown in Figure[I0] NoisyGRPO adaptively reduces
the weight of the observation (correctness score) to zero, allowing the noisy prior alone to contribute
to the training signal. This enables the policy model to continue learning from the noise level’s
implication on CoT quality, even in the absence of correct final answers.

In contrast, when the correctness scores exhibit high variance—meaning some answers are correct
and others are not, as illustrated in Figure [TT}—NoisyGRPO assigns a balanced weight between the
prior and the observation. This allows the model to leverage both the semantic correctness and the
injected noise level to assess the overall trajectory quality more accurately.

These examples highlight the importance of dynamic weighting in our Bayesian estimation, enabling
stable and informative policy updates across varying rollout qualities.

Rollouts Sampling Comparison with Vanilla GRPO In this section, we compare the policy
exploration characteristics of vanilla GRPO and our proposed NoisyGRPO during rollout sampling.
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Question:

Convey the highlights of the
image focusing on the
person, their outfit, and their
activity in the picture.
Ground Truth:

Aman in a black wetsuit is
surfing on a white surfboard
with a yellow logo, riding a
wave in the ocean.

NoisyGRPO

<think>Who is surfing on
the wave and wearing a
black wetsuit? </think>
<answer>A man is
surfing on the wave and
wearing a black wetsuit
while balancing on a
white surfboard.
</answer>

<think> What is the person
doing in the middle of the water?
<Ithink>

<answer>The person appears
to be surfing, captured mid-air
as they are riding a wave on
their surfboard. The water looks
choppy, and the individual's
position suggests they are
performing a jump or maneuver.
They are wearing a wet suit

and helmet.</answer>

<think>
What event may be
associated with a rider
standing on ther dit bike on
rough terrain?</think>
<answer>

An individual rides a dirt bike
through rugged terrain,
characterized by wearing full
iding gear and standing on
the bike's back pedal for
balance, suggesting an off-
road bike. </answer>

<think=Who is the person in
the picture and what is the
context?</think>

<answer>A person is depicted
in what appears to be an
outdoor setting with visible
grass patches and trees. The
individual is wearing green
pants and a striped shirt,
indicating an activity possibly
related to gardening or park
maintenance.</answer>

Noise Level: 0%

Noise Level: 30%

Noise Level: 60%

Noise Level: 90%

GRPO

<think>The image shows a person
surfing on a wave. The person is.
wearing a wetsuit and appears (o be
in the midst of riding the surfboard.
The wetsuit s dark-colored, possibly.
black or navy blue, and the surfboard
has a visible number or logo on it. The
individual seems focused and is likely
using proper surfing techniques to
maintain balance and navigate the
wave.</think><answer>

The image captures a person surfing
on awave. They are wearing a dark-
colored watsuit and are riding a
surfooard with a number or logo,
visible. The surfer appears to be in
moion, actively engaging with the.
wave, showcasing the dynamics of
the surfing sport

<Janswer>

<think>The image shows a person in
the water, likely engaging in surfing.
The individual is wearing a dark wetsuit
and appears to be riding a wave on a
surfooard that has some yellow and
black markings. The setting appears to
be alarge body of water, possibly the
ocean.</think><answer>

The image features a person surfing on
awave. The surfer is wearing a dark
wetsuit and is performing a maneuver
on a surfboard that has yellow and
black markings. The person is in the
water, likely in an ocean setting, riding
a small wave. The surfor appears to bo
in motion, possibly turing or stabilizing
the board, showcasing the dynamic
nature of the sport.

<ianswer>

<thinkThe image shows a person n the
wate rding 2 wave on a surfboard. The
individual is wearing a biack wetsuit with a

of a maneuver, likely rying to calch more.

waves o fde the wave for a longer

duraton.

<ithink><answar>Tha image feaiuras a
cean. The indvidual

and white design on the back. They are

<think>The image captures a person
surfing, riding a wave on a white
surfboard. The surfer is wearing a
black wetsuit with some blue designs.
‘The water appears to be calm with
small waves, and the overall scene
suggests a typical suring environment,
</ihink><answer>In the image, there
is a person surfing on the ocean. The
surfer is wearing & black wetsuit with
some blue designs, riding a white
surfboard, The surfer is positioned
crouched down on the board,

visblo logo and number. The person
appears to be actively engaged in the
aciiiy, calching 2 wave amidst sighly
fough water, as indicated by the white foam
on the surface.

igh gentle waves. The
scono is set in a caim ocean
environment, suitable for beginners or
casual surfing activities. The surfer's
stance and action suggest they are
enjoying a leisurely ride on a small
wave</answer>

Figure 12: Comparison of rollouts generation between vanilla GRPO and NoisyGRPO.

Question:
What is the focus of the
image?

Options:

A: Atraffic sign,

B: Ano entry sign,

C: Agroup of trees,
D:Alake

Ground Truth:

A

" Noisy6RPO

<think>

What is the main object in the
foreground of the image?
</think>

<answer>

A

</answer>

" 6RPO

<think>

The image shows a traffic sign with a red
circle and a white diagonal line through it,
which is a no entry sign. The background
features a lake and trees, but the sign is

Question:

What is the most frequent
color shown in the image?
Options:

A: White,

B: Brown,

C:Blue,

D: Green

Ground Truth:

D

Noisy6RPO
<think>

The most frequent color in the image is green,
as there are numerous trees, bushes, and
plants with green leaves.

</thinko>

<answer>

</answer>

[ erPO

<think>

The image shows a garden with various plants and
trees. The most frequent color in the image is
green, as it is the dominant color of the plants and
Trees. The white buildings and blue sky also
contribute to the overall color scheme, but green

the main focus of the image.</think> is the most prevalent.

<answer> </think>
<answer>

| </answer> D

/) \</answer>

Figure 13: CoT Inference comparison between GRPO and Noisy.

Specifically, we examine the differences between two exploration strategies: one that solely relies on
temperature sampling to generate multiple rollouts, and another that introduces noise injection to the
inputs to diversify the rollouts.

As illustrated in Figure[T2] we observe that rollouts sampled by vanilla GRPO tend to exhibit high
similarity to each other. This limited diversity constrains the scope of policy exploration and may
lead to suboptimal learning. In contrast, NoisyGRPO, by injecting structured noise during rollout
generation, encourages exploration of more diverse reasoning paths and CoT structures. This diversity
allows the model to better capture the relationship between reasoning quality and task performance,
ultimately leading to more robust policy improvement.

Inference Comparison with Vanilla GRPO In this section, we present a qualitative visualization
comparing the CoT inference behavior of vanilla GRPO and our proposed NoisyGRPO. As shown
in Figure [T3] we observe that rollouts generated by NoisyGRPO tend to have shorter chains of
thought while maintaining comparable answer accuracy. This suggests that NoisyGRPO achieves
more efficient CoT reasoning by avoiding unnecessary elaboration.

Moreover, we find that in some cases, NoisyGRPO generates an intermediate question within the
CoT, which serves as a refinement or decomposition of the original input question. This strategy
allows the model to clarify its internal reasoning path and arrive at a more accurate final answer.
In contrast, vanilla GRPO often produces longer, redundant reasoning steps that do not necessarily
contribute to better accuracy.

These observations indicate that incorporating noisy priors during training encourages the policy
model to develop more concise and targeted reasoning strategies during inference.
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Comparison with Rule-Based Reward To validate our choice of using the text embedding model
SBERT as the reward model, we compare it with a popular rule-based reward approach. Specifically,
we adopt the average F1 score of ROUGE-1, ROUGE-2, and ROUGE-L as the reward. The results
are summarized in Table[5] As shown, SBERT consistently outperforms the rule-based reward in
our experimental setting, likely due to its ability to capture semantic similarity beyond exact token
overlap, which is especially important for evaluating open-ended answers where lexical variance is
common.

Table 5: Comparison of SBERT-based reward vs. rule-based ROUGE reward on MMStar, AMBER,
and MMERealworld metrics.
Method MMStar AMBER MMERW

CP. FP. IR. LR. ST. MA. Avg. Cs|] Cov. 1T Hal. | Cog. ] F171 Acc
Rouge reward 64.9 49.5 64.8 51.3 38.0 52.6 53.5 8.0 664 46.5 34 893 43.6
SBERT reward 69.5 53.2 66.6 60.7 37.1 62.3 582 6.6 67.7 443 34 903 44.0

D Scalability Analysis

To evaluate the scalability of NoisyGRPO with respect to training data size, we conduct experiments
using subsampled datasets containing 3k and 6k examples, compared to the original 13k dataset.
Specifically, we randomly sample 3k and 6k subsets from the full training corpus and train both
GRPO and NoisyGRPO under identical training steps to ensure a fair comparison.

As shown in Table [6] NoisyGRPO maintains consistent gains over the GRPO baseline across all
dataset sizes, demonstrating its robustness and scalability when exposed to larger data volumes.
Furthermore, performance improvements are observed as the amount of training data increases,
confirming that NoisyGRPO effectively leverages additional data to enhance policy learning. These
results highlight that NoisyGRPO is a scalable and data-efficient optimization framework, capable of
leveraging additional training samples to further enhance multimodal reasoning performance without
loss of stability.
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Table 6: Scalability analysis of NoisyGRPO. Performance comparison between GRPO and Noisy-
GRPO trained with subsampled datasets (3k and 6k samples). NoisyGRPO consistently outperforms
the baseline under all data scales, and its performance improves with larger datasets. Best results in
each column are highlighted.

Method / Size MMStar AMBER MMERW
CP. FP. IR. LR. ST. MA. Avg. Cs| Cov. T Hal. | Cog. | F11T Acc
GRPO 3k 66.4 44.6 59.7 53.8 35.1 56.7 52.7 7.1 66.1 469 38 889 389
NoisyGRPO 3k 66.7 51.8 61.2 56.4 35.3 62.3 55.6 6.7 635 36.8 22 899 44.5
GRPO 6k 67.2 45.6 587 53.2 40.2 54.1 532 7.0 673 488 47 883 381

NoisyGRPO 6k 69.1 52.2 64.3 54.7 39.7 59.5 56.6 6.4 654 402 3.1 90.1 44.1
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