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Abstract

Recent advances in reinforcement learning (RL) have strengthened the reasoning
capabilities of vision-language models (VLMs). However, enhancing policy explo-
ration to better scale test-time compute remains largely underexplored. In addition,
VLMs continue to struggle with imperfect visual perception, which in turn affects
the subsequent reasoning process. We introduce NoisyRollout, a simple yet ef-
fective data augmentation method that addresses these issues by mixing training
trajectories from both clean and moderately distorted images. This approach injects
perceptual diversity, encouraging better policy exploration and leading to more
robust reasoning. A noise annealing schedule gradually reduces distortion strength,
aiding exploration early in training while ensuring later stability. Crucially, our
method is easy-to-adopt—requiring no additional training cost and no modifi-
cations to the RL objective. Extensive experiments on 2 distinct training datasets
demonstrate that NoisyRollout achieves state-of-the-art performance among open-
source RL-tuned models across 5 out-of-domain reasoning and perception bench-
marks. Furthermore, we validate the effectiveness of NoisyRollout across model
sizes (7B and 32B), data scales (from 1K to 6K) and image augmentation types
(Gaussion noise and rotation), highlighting its generalizability and scalability.

Policy Update

Figure 1: An Illustration of the NoisyRollout workflow. Solid lines depict the generation and use of
clean rollouts from the clean (original) input (I, q), while dashed lines depict the generation and

use of noisy rollouts from the corresponding noisy input (f ,d). The distorted image I is obtained

by applying a distortion function I= T, (I) with distortion strength «;. The distortion level oy

is controlled by a noise annealing schedule, which gradually decreases distortion during training.
Rollouts from both sources are mixed to form the final trajectories {o; }71 ", rewards {r; };2 1",
and advantages {A;}71 "2, Crucially, policy optimization conditions only on clean inputs (1, q);

the corresponding noisy inputs (1, q) are used solely to collect diverse rollouts for exploration.
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Figure 2: Accuracy improvement over Qwen2.5-VL-7B-Instrucbaiut-of-domain benchmarks,
covering both visual reasoning tasks (from MathVerse to WeMath) and a visual perception task
(HallusionBench). Both Qwen2.5-VL-GRPO-7B and NoisyRollout-7B are ne-tuned by ourselves
(denoted with?) using vanilla GRPO with onl2:1K training samples from Geometry3K. The exact
accuracy of NoisyRollout-7B is annotated above each corresponding bar in parentheses.

1 Introduction

Scaling test-time compute—often referred ta@asoning—through reinforcement learning (RL)
has emerged as a promising axis for advancing model intellig&icé& I]. While this idea has been
primarily explored in the context of large language models (LLN29) PQ], the vision-language
model (VLM) community is also actively investigating this directi@®[56, 53]. Recent endeavours
suggests that VLMs can also bene t from RL-driven scaling of test-time compatelfi, 72, 49, 86.

However, scaling test-time compute via RL requires more than sheerly generating longer gliputs [
and VLMs face unique challenges in this process. A key challenge is effective policy exploration,
enabling policies to discover behaviors that generalize well beyond training8¥a&?[—an area
largely underexplored in VLM research. Traditional practices, such as increasing rollout temperature
to promote decoding diversity9], often introduce super cial variability without meaningfully
directing policies toward more robust or informative behaviors.

Moreover, VLMs inherently struggle with imperfect visual perceptidg, [78], which negatively
impacts subsequent reasoning procesdgdY/, 27]. Despite this, recent effortglf, 53, 13] tend

to adapt RL methods directly from the LLM domain. Such approaches often fail to take these
perceptual challenges into consideration, thereby hindering the ef cient development of visual
reasoning capabilities through RL training.

Tackling the challenges of policy exploration and perceptual limitations in VLMs during RL train-
ing, we proposé&oisyRollout, a simple yet powerful data augmentation technique for VLMs that
introducesmeaningful rollout diversitySpeci cally, for each training sample consisting of an input
imagel and a corresponding text quegythe old policy ( _, ) produces two sets of rollouts based
on the original clean image and a moderately distorted version of the same image, respectively.

While the current policy () is updated solely by conditioning on the clean image and text query
pair (I; q), the two sets of rollouts form a group, collectively contributing to computing the reward
baseline and normalized advantage in Group Relative Policy Optimization (GRRBIOY his hybrid
rollout strategyenables the policy to achieve more targeted and ef cient exploration, ultimately
leading tomore robust visual reasoninga RL through two key mechanisms:

9 Successful reasoning trajectories from noisy inputs with distorted images reveal alternative,
potentially more robust reasoning strategiagroving reasoning generalization to harder or
out-of-domain visual conditions
When the same query yields different outcomes for clean and distorted inputs, the resulting reward
differences exposperceptual discrepancidbat affect reasoning. These discrepancies act as
implicit contrastive signaldjelping re ne the model's visual perception during reasoningby
constraining the negative perceptual exploration space.



While incorporating noisy rollouts can facilitate more effective and ef cient exploration, it may also
introduce instability in policy gradient estimation. To further enhance scalability and training stability,
we employ anoise annealing schedulkat gradually reduces the strength of image distortions over
training. Such a strategy mitigates distributional mismatch between the evolving policy and the noisy
trajectories generated from it when conditioned on clean inputs—an issue that often arises in later
training stages—while retaining the bene ts of noisy signals during the early phases of training.

We conduct extensive experiments to validate the effectivendssisyRollout Trained with only
2:1K samples from the Geometry3K ] dataset using Qwen2.5-7B-VL-Instrue]] Figure 2 shows
thatNoisyRolloutachieves superior performance acrbsait-of-domain visual reasoning and per-
ception benchmark#B, 19, 93, 74, 57] (MathVerse53:2%, MathVision28:5%, and HallusionBench
72:1%). It outperforms both open-source RL-tuned modB& J7] and those utilizing large-scale
supervised ne-tuning (SFT) before RB3, 92, 13]. Furthermore, it consistently surpasses its direct
baseline (vanilla GRPO) on both in-domain and out-of-domain tasks, all within a xed total rollout
budget. Crucially, these out-of-domain improvements generalize across different model sizéB (e.qg.,
to 32B) as well as training corpora and data scales (e.g., MMKBRWith 1K to 6K samples). These
empirical results, combined with its simplicity and lightweight characteristics, estaidistyRollout

as a potentiallscalableapproach.

2 NoisyRollout: A Free-Lunch with Noisy Reinforcement Learning

We introduceNoisyRollout a data augmentation method that enhances visual reasoning in VLMs
during RL training, particularly by improving the rollout diversity for better policy exploration.
NoisyRolloutachieves this by incorporating a hybrid rollout strategy that leverages reasoning trajec-
tories from both clean and distorted images, and a noise annealing schedule that progressively reduces
distortion strength. These designs require no additional training cost and integrate seamlessly with
standard GRPO implementations. A simpli ed overview is provided in Figure 1 and Algorithm 1.

GRPO. Group Relative Policy Optimization (GRPQG§4] was originally developed to improve
mathematical reasoning in LLMs but can also be effectively adapted to enhance visual reasoning
in VLMs. For a given input paifl; q) consisting of an image and text query from the training
setpp, a rule-based outcome reward functidi; q; o) is adopted to avoid reward hacking. This
function assigns(l; q; 0) = 1 if the generated responsecorrectly addresses the query (as veri ed
by a parser) with the required format, arn(d; q;0) = 0 otherwise. For each input, the old policy

. generates response rollouts. The baseline reward is then calculateteas(), wherer =
frigh, = fr(l; g;0i)gY, represents the rewards for all rollouts. The normalized advantage for the

i-th rollout is de ned as; = % Derived from PPO [62], the GRPO objective function is:
Jerro ()= E(iq) poio o (ili)
e (jha) o
n i=1 old (0ijl;a)
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where is the current policy, > 0 sets the clipping range. We omit the KL divergence constraint
D[ | . ]following recent practices in Meng et al. [53] and Liu et al. [45].

Hybrid rollout strategy. Building upon GRPONoisyRolloutintroduces a hybrid rollout strategy

to enhance the rollout diversity. For each input g&irq), we generate an augmented version of
the image™through a noise transformation functidn parameterized by a distortion strength
i.e.,’= T (I). Asillustrated in Figure 1, the old policy ,, produces two sets of rolloutsr;
responses conditioned on the clean influty), andn, responses conditioned on the corresponding
noisy input(I7 q). All rollouts from both clean and distorted images are then combined into a single
group for reward calculation, yielding= frig'%" "2 = fr(l; q;0;)g'2; [ r(l; 9;06)ge2 "%, -
Crucially, the policy update step remains conditioned solely on the clean imaigg queryq for

better policy exploration. We defer the discussion of optimizing noisy and clean trajectories on their



Algorithm 1 NoisyRollout: Noisy Reinforcement Fine-Tuning

1: Input: Current policy , old policy , , datasepp, training step$max clean rollout number
ni, noisy rollout numben,, clip parameter, initial noise strength , noise scheduler( ),
noise transformation functiof( )

2: fort =1 totnado

: Sample batclil; q) po

Set noise strengthy =  ( o;t; tmax) . Annealing schedule

Generate distorted imagés= T (1)

Samplef o gj“:ll from _,(ojl;Qq) . Clean rollouts

Samplef ok gy} 2, from (0 7 q) . Noisy rollouts

Compute advantage§ = % wherer = frigly "2

10: Update pglicy using: . _ i
11: J()=E L Marhemin QLD Lglip LD g g4 A

© oN g W

1t N2 i=1 Dm(oijl;q) O‘d(Oith)’
12: r J() . Update conditioned on clean images only
13: old . Update old policy parameters
14: end for

corresponding inputs to Appendix B. The NoisyRollout objective function is de ned as:

ni+ny
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Noise annealing schedule. Applying xed-strength distortions throughout training often leads
to training instability, primarily due to a distributional mismatch between noisy rollouts and the
evolving policy. To mitigate this, we introduce a noise annealing schedulethat gradually
reduces the distortion strength over time. Speci cally, at training stépe noise level is de ned

as = ( o;titma, Where ¢ is the initial noise strength artd,,x denotes the total number of

training steps. As shown in Figure 1, the distorted image is then generaited as, ().

Consequently, this schedule keeps diverse and informative supervision signals early in training,
when the policy is constrained by its perceptual capacity. As training progresses, the noise level
is gradually reduced, narrowing the gap between noisy rollcﬁmiisqz;}'l‘il ) and the trajectories
that _, (jl; q) would typically produce. This decay helps mitigate abrupt distribution shifts after
policy updates, which can arise from unstable or high-variance policy gradients. Over time, rollouts
generated fronil7 q) become progressively more “on-policyi'r.t the clean-input-conditioned policy

. (il 9), fostering a smoother transition from exploration to exploitation in later training stages.

Summary. NoisyRolloutaims to improve the visual reasoning abilities of VLMs by enhancing
rollout diversity to enable more effective policy exploration during RL training. Built on top of
GRPO, itintroduces hybrid rollout strategyand anoise annealing schedul@hese additions require

no extra training cost and preserve the original RL objective. This design offers several bene ts:

 Robust reasoning:Positive trajectorie'sfrom distorted inputs offer alternative, and potentially more
robust reasoning paths, improving generalization to challenging or out-of-domain visual conditions.

« Contrastive perceptual signals:When clean and distorted inputs yield divergent outcomes for
the same text query, the resulting reward differences shape a better perceptual exploration space,
serving as implicit contrastive signals that re ne the model's perceptual behaviors during reasoning.

« Stable training dynamics for better exploitation: The noise annealing schedule enables a smooth
transition from early-stage noisy signals to fully on-policy learning, mitigating distributional
mismatch and ensuring stable convergence as the model gradually improves its perception and
reasoning. This provides a solid foundation for further exploitation in the later stages of RL training.

We regard a trajectory as positive if it receives a rewartl. of



Table 1: Performance comparison of VLMs with moderate parameter sizes on a suite of out-of-domain
benchmarks. Accuracy scores (%) are reported for all benchmarks for clarity. Models marked with
“?” are evaluated using our evaluation suite. For R1-related models, the correspreatinging
templates are used by default, whil¥ indicates results obtained using tdeect-answer

template. Data sizes used for SFT and RL are annotated in blue and red, respectively. The best value

in each column is shown inold, and the second-best is underlined
Data Size MathVerse MathVision MathVista WeMath HallusionBench

Model
Open-source
InternVL-2.5-8B-Instruct [9] - 39.5 19.7 64.4 - 67.3
LLaVA-OneVision-7B [35] - 26.2 - 63.2 - 484
Kimi-VL-16B [29] - 44.9 21.4 68.7 - 662
URSA-8B [50] - 45.7 26.2 59.8 - -
Mulberry-7B [84] - - - 63.1 - -
R1-related (reinforcement learning with veri able reward)
R1-VL-7B [92] 260K+10K 40.0 24.7 63.5 - -
Vision-R1-7B [23] 200K+10K 524 - _73.5 - -
R1-OneVision-78B [83] 155K+10K 46.1 225 63.9 62.1 65.6
OpenVLThinker-7B [13] 35K+15K 48.0 25.0 715 67.8 70.8
MM-Eureka-Qwen-78 [53] 15K 50.5 28.3 715 65.5 68.3
ADORA-7B? [20] 2.1K 50.1 27.6 71.1 67.1 53.1
ThinkLite-7B-VL” [77] 11K 50.2 27.6 72.7 69.2 71.0
VLAA-Thinker-7B? [5] 25K 49.9 26.9 68.8 67.9 68.6
Qwen2.5-VL-7B-Instruct [4] - 462 25.0 67.5 63.1 64.6 (7T¥R
+ Vanilla GRPG (n = 12) 2.1K (Geometry3K) 50.8 27.3 70.5 67.4 69.8
+ NoisyRollouf (n; =6,n, =6) 2.1K (Geometry3K,  53.2 28.5 72.6 69.6 72.1
+ Vanilla GRPG (n = 12) 6.4K (MMK12) 51.8 29.4 73.2 70.2 70.3
+ NoisyRollouf (n, =6,n, = 6) 6.4K (MMK12) 53.0 30.6 74.5 70.3 72.2

Table 2: Performance comparison of VLMs with large parameter sizes on a suite of out-of-domain
benchmarks. The notation and evaluation protocols are consistent with those described in Table 1.
#Data MathVerse MathVision MathVista WeMath HallusionBench

Model
Close-source
GPT-40 [24] - 50.8 30.4 63.8 69.0 714
Claude-3.5-Sonnet [3] - 26.5 38.0 67.7 - 7.6
Kimil.5 [28] - - 38.6 74.9 - -
Open-source
InternVL-2.5-78B-Instruct [9] - 51.7 32.2 72.3 - 72.9
QVQ-72B-Preview [58] - - 35.9 714 - -
Qwen2.5-VL-72B-Instruct [4] - - 38.1 74.8 - 7¥.9
R1-related (RL-tuned with veri able reward)
MM-Eureka-Zero-38B [53] 9.4K 48.9 26.6 64.2 - -
MM-Eureka-Qwen-328 [53] 17K 56.5 39.8 76.7 76.7 71.4
Qwen2.5-VL-32B-Instruét[4] - 58.5 37.6 76.5 74.0 66.6
+ Vanilla GRPG (n = 8) 2.1K (Geometry3K)  _58.9 39.2 77.0 76.1 72.3
+ NoisyRollouf (n; =4,n, =4) 2.1K (Geometry3K,  58.9 39.9 77.8 77.2 735
+ Vanilla GRPG (n = 8) 6.4K (MMK12) 58.9 40.0 76.7 76.9 72.1
+ NoisyRollouf (n; =4,n, = 4) 6.4K (MMK12) 59.3 41.6 77.4 77.6 73.2

3 Experiments

Dataset.We use EasyR196] as our reinforcement learning training framework, which is built on verl
[65] and speci cally designed for VLMs. Our experiments utilize two datasets: Geometd3K [
focused on geometric problem solving, and MMK®B3], covering diverse K-12 math topics. These
datasets comprisz1K and6:4K training samples respectively. We processed them by converting all
guestions from multiple-choice to free-form format to prevent reward hacking and model guessing.

Evaluation. We mainly evaluate model performance along two dimensions. First, we assess out-
of-domain generalization across ve benchmarks: four visual reasoning benchmarks, including
MathVerse 93], MathVision [74], MathVista [48], and WeMath $7], as well as one visual perception



benchmark, HallusionBench 9]. Second, we evaluate the in-domain performancdaibyRollout
by comparing it with the vanilla GRPO baseline on the Geometry3K test set.

Moreover, we develop an evaluation suite for consistent assessment of our trained checkpoints and
most open-source R1-related checkpoints using vLBN for accelerated inference (marked with

? in Tables 1 and 2), while adopting reported results for othaie employgreedy decodingor

model inference and use Gemini-2.0-Flash-0D7 gs the judge model to parse generated responses.

Implementation details. Following prior work B3, 77], we initialize our policy models with
Qwen2.5-VL-7/32B-Instruct, which exhibit strong foundational capabilities well-suited for
subsequent RL training. All experiments are conducted WBiag00 GPUs (40G foi7B model, 80G

for 32B model). We keep the vision encoder frozen for training stability and parameter ef ciency.
For other general RL-related hyperparameters, we adopt the default settings from EasyR1: a global
batch size ofl28 a rollout batch size 0512, a rollout temperature df:0, and a learning rate of

le 6. To preventtoken-length bias, we compute the policy loss usingpiten-mean aggregation
strategy? For NoisyRolloutspeci ¢ con gurations, we adopBaussian noiseas the default image
distortion strategy, and applysigmoid-shapednnealing schedule:

1

t= (obtma)= o 1 1re (€ )t ; 3)
where determines the midpoint of the annealing curve ancbntrols its steepness. Figure 7
illustrates the visual effects of applying different levels of Gaussian noise to a clean image. We defer
the discussion of unsuccessful image distortion strategies (e.g., cropping), noise annealing strategies
(e.g., power, exponential), and proportions of noisy rollouts in total rollouts to Appendix A. The
reasoning anddirect-answer templates used in our experiments are shown in Appendix
H. Additional implementation details regarding the number of training steps/epochs and the
hyperparameters for image distortion and noise annealing are presented in Appendix J.

3.1 Main Results

Result 1: Out-of-domain generalization.When trained on the Geometry3K dataset using Qwen2.5-
VL-7B-Instruct,NoisyRolloutnot only improves in-domain performance (Figure 3, lower left sub-
plot), but more importantly, demonstrates strong out-of-domain generalization. As shown in Table 1,
NoisyRolloutachieves superior performance across ve visual reasoning and perception benchmarks,
consistently outperforming the vanilla GRPO baseline in every case. This advantage is further
illustrated in Figure 3, which presents detailed comparisons across benchmarks as training progresses.
Speci cally, NoisyRolloutachieves3:2% on MathVerse28:5% on MathVision, and59:6% on

WeMath, surpassing existing R1-related baselines and even outperforming GPT-40.

Moreover, while Qwen2.5-7B-VL-Instruct's perception accuracy on HallusionBench drops from
71:2% to 64:6% when switching frondirect-answer toreasoning templates, NoisyRollout
achievesr21% with thereasoning prompt (compared to vanilla GRPOG9:8%). The nal
subplot in Figure 3 further con rms théoisyRolloutenhances perception quality during reasoning,
achieving a higher Bradley—Terry win rate over vanilla GRPO (See Appendix C for details). These
results indicate that our hybrid rollout strategy enhances visual perception by promoting better policy
exploration through vision-oriented inductive biases.

Result 2: Sample ef ciency.NoisyRolloutdemonstrates exceptional data ef ciency by generalizing
with only 2.1K training samples from Geometry3K, whereas comparable models require signi -
cantly more data or even additional SFT as warm-up training. For example, Table 1 indicates that
OpenVLThinker-7B need35K SFT samples antl5K RL samples but reaches or{:0% on Math-

Verse and71:5% on MathVista. This ef ciency stems froMdoisyRollouts use of noisy training sig-

nals that foster targeted exploration during RL, enabling effective generalization from limited samples.

Result 3: Robustness across training datasets and model sizé¢oisyRolloutconsistently im-
proves upon vanilla GRPO, demonstrating strong robustness across model sizes and training datasets.
As shown in Tables 1 and 2, thi® model trained on MMK12 achieves gains1®%, 1:3%, and

2While we closely follow system (or format) prompts from relevant codebases or papers, minor result
discrepancies may occur due to differences in judge models or inference engines, which we consider acceptable.

3The code implementation can be found at verl.

“This degradation caused by tlemsoning template has also been observed in previous studies [6, 27].



Figure 3: Comparison dfloisyRolloutand vanilla GRPO on Qwen2.5-VL-7B-Instruct across in-
domain and out-of-domain scenarios with the same total rollout nunmi@gr The X-axis in all
subplots represenL training stepsFirst column: Reward comparison on the in-domain dataset
during training.Second and third columns:Comparison on four out-of-domain visual reasoning
benchmarksLast column: Evaluation of visual perception capabilities, where the upper subplot
directly compares their perception performance on HallusionBench and the lower subplot presents
the model-ranked Bradley—Terry win rates.t. the perception qualities of their reasoning traces.

1:9% over GRPO on MathVerse, MathVista, and HallusionBench, respectively. Similarly, the 32B
model trained on MMK12 surpasses GRPOU¥%, 0:7%, and1:1% on the same benchmarks.

Notably, in certain benchmarks like MathVerse and MathVista, the performance galongsyRollout
over vanilla GRPO are smaller for ti32B model than for th&B model. This is likely because the
32B model's initial policy was already ne-tuned via RLwhereas the 7B model's was not.

3.2 Ablation Study: More Effective Rollout Diversity with Noisy Trajectories

Setup. Unless otherwise speci ed, all ablation studies in this and the following subsection use
Geometry3K as the training dataset on Qwen2.5-VL-7B-Instruct. In this part, we aim to examine the
effectiveness of ouNoisyRolloutfrom the perspective abllout diversity, a key factor for effective

policy exploration in RL training. Here, we de ne rollout diversity as the average pairwise cosine
distance between trajectory embeddings, where higher values indicate greater diversity. We randomly
sample 256 instances from the Geometry3K training set. For each sample, we generate=itizer
trajectories in vanilla GRPO or a combinationraf = 6 andn, = 6 trajectories inNoisyRollout

then encode them with an embedding mdde track both diversity and accuracy across training
steps (Figure 4) and evaluate nal performance on in-domain and out-of-domain benchmarks (Table
3). We use vanilla GRPO with a rollout temperatureldf asthe control group

Result. As shown in Figure 4NoisyRolloutenhances rollout diversity in early training stages
compared to the control group, similar to increasing rollout temperature in vanilla GRPQ fodm

1:2. This initial diversity boost, though accompanied by lower starting accuracy, ultimately leads to
higher nal training accuracy. Moreover, boloisyRolloutand higher-temperature vanilla GRPO
show diversity decreasing below the control group in later training stages.

Table 3 reveals thaloisyRolloutwith temperaturd.:0 consistently outperforms vanilla GRPO across

all temperature setting®:8 to 1:4), as well as mixed-temperature variants. Moreover, when applying
temperaturd.:2 to both approaches|oisyRolloutstill demonstrates signi cant improvement over
vanilla GRPO. These results indicate thtisyRolloutintroduces more targeted and effective diver-

sity than simply adjusting temperature parameters, which increases diversity in a less focused manner.

Shttps://qwenim.github.io/blog/qwen?2.5-vI-32b/
Shttps://huggingface.co/sentence-transformers/all-MiniLM-L6-v2



Table 3: Performance comparison under different rollout temperature settings, with the total

number of rollouts xed atl2. In vanilla GRPO, “n(6) : 1:0, n(6) : 1:2” indicates6 rollouts

with temperaturd.:0 and anothe6 with temperaturd.:2. In NoisyRollout, “n1(6) : 1:0” denotes

6 rollouts per sample generated from clean inpjuty) with temperaturd.:0, while “n,(6) : 1:0"

denotess rollouts per sample from noisy inp(l; q) with temperaturd:0. “Geo3K” represents

the test set of Geometry3K dataset. “Avg.” represents average accuracy (%) across six benchmarks.
Method | Rollout Temperature | Geo3K MathVerse MathVision MathVista WeMath HallusionBench Avg.

n(12): 08 501 505 26.7 69.9 65.8 701 55.5
n(12) : 1:0 514 508 27.3 70.5 67.4 69.8 56.2
. n(12) 11 504 502 27.7 70.4 68.1 69.4 56.0
Vanilla GRP n(12): 12 532 512 271 69.3 68.3 70.9 56.7
n(12): 14 514 506 25.8 70.1 69.0 69.6 56.1
n@):10,n(6):12 | 508  50.7 26.8 701 67.4 68.2 55.7
) n1(6): 1.0,n,(6) : 1.0 549 532 285 726 69.6 72.1 58.5
NoisyRollout | "6y 15 no(6): 1:2| 534  52.6 28.3 72.9 70.9 70.9 58.2

Figure 4: Comparison of accuracy and diversity metrics (%) across RL training 8tep4@). The
left two sub gures contrasioisyRolloutversus vanilla GRPO (both with temperatdr8), while the
right two demonstrate the effects of different temperature setthgs1(0, 1:2) on vanilla GRPO.

3.3 Ablation Study: Impact of Hyperparameters and Module Design

Noise annealing. As shown in  Table 4: Ablation study on the noise annealing strategy.
Figure 5, removing noise annealing

causes the in-domain performance oiMethOd Geometry3k OOD Avg.

our method to drop sharply around ?ve”_ﬁ-5g$gg'|“5tmd 5319-21 5 ?353
i ; ; anilla B1. .

training stepdS. This drop is due to + NoisyRollout w.0. Noise Annealing 43.9 __58.0

di\_/ergence cau_sed by_a distribu_tional+ NoisyRollout 54.9 592
mismatch—an issue discussed in See
tion 2 and further illustrated by the training dynamics in the same gure. Additionally, Table 4 shows
that disabling noise annealing leads to lower performance in both in-domain and out-of-domain
settings 43:9% and58:0%, respectively), compared to our standard setting with noise annealing
(54:9% and59:2%). These results further highlight the effectiveness of noise annealing.

Table 5: Empirical validation with additional augmentation types.
Method Augmentation MathVerse MathVision MathVista WeMath HallusionBench Average
GRPO None 50.8 27.3 70.5 67.4 69.8 57.2

NoisyRollout Gaussian nois®3.2(+2.4) 28.5(+1.2) 72.6(+2.1) 69.6(+2.2) 72.1(+2.3) 59.2(+2.0)
NoisyRollout ~ Rotation ~ 52.5(+1.7) 28.1(+0.8) 71.9(+1.4) 68.1(+0.7) 70.2(+0.4) 58.2(+1.0)

Image augmentation type. To validate that the bene ts dlloisyRolloutare not limited to a

single type of distortion, we evaluate its performance using rotation as a representative geometric
transformation, in addition to our default Gaussian noise. The results, presented in Table 5, show
that both augmentation strategies outperform the vanilla GRPO baseline. Speci cally, using rotation
boosts the average score fr@m2% to 58:2%. While Gaussian noise yields superior results with an
average score &9:2%, the meaningful gains from rotation demonstrate the generalizability of our
approach. This suggests that the core mechanigioisfyRollout—enhancing policy exploration
through diverse visual inputs—is robust and effective across different augmentation techniques.



Figure 5: Comparison dfloisyRolloutw. andw.o. noise annealing, and vanilla GRPO in terms of
training dynamics (policy clip fraction and training reward) and accuracy on the in-domain test set.

Table 6: Ablation study on the impact
of initial noise steps (p). “O0D Avg.”
represents average accuracy (%) across
ve out-of-domain benchmarks.

Noise Step Geometry3K OOD Avg.

0 51.4 57.2

100 52.7 57.4

300 53.4 57.7

400 54.6 58.1

500 54.9 59.2

Figure 6: Performance comparison on MMK12 550 39.6 577
when scaling up the training data size. 600 Diverged

Data scale.Although Geometry3K is a high-quality training dataset, its limited s2z&l samples)
prevents a thorough investigation of the scaling behavidt@syRolloutcompared to vanilla GRPO.

To enable such analysis, we additionally consider MMK12, which contai& samples after pre-
processing. Figure 6 shownisyRolloutconsistently outperforms vanilla GRPO across various data
scales, ranging fror: 1K to 6:4K. Notably, the performance gains do not diminish as the dataset size
increases, suggesting that NoisyRollout has strong potential for use in large-scale training regimes.

Initial noise step. We evaluate the impact of noise
strength by varying the initial Gaussian noise step,
as shown in Table 6. Gradually increasing the initial
noise step o from 0 to 500 consistentlyimproves
performance across all evaluation categories, suggest-
ing that moderate noise promotes exploration and
enriches the training signal. However, exceeding this
threshold leads to performance degradation, as overly
distorted images (see Figure 7) yield noisy rollouts
with average near-zero rewards. These excessively
noisy samples introduce harmful distribution shifts
during policy updates, ultimately destabilizing the

learning process. Additional ablation results on trﬁgure 7: lllustration of visual degradation
MMK12 dataset are deferred to Appendix’A. under increasing Gaussian noise steps.

GRPO variant. Recently, several variants have been proposed to enhance the original GRPO im-
plementation. Speci cally, Liu et a[45] identi ed a question-level dif culty bias and proposed
removing the standard deviation normalizatistd(r)) to address this issue. In addition, Yu et al.
[87] increased the upper clipping thresholgdg, ) to mitigate entropy collapse. As shown in Table

7, applyingNoisyRolloutconsistently improves performance not only on the original GRPO imple-
mentation but also across these variants. This highlight§\tbistyRolloutprovides complementary

bene ts alongside optimization-focused modi cations, underscoring its broad applicability.

"We also include additional ablations (e.gumber of rollouts anddata seed variation$ in Appendix A.
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