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Abstract

Large multimodal reasoning models have achieved rapid
progress, but their advancement is constrained by two major
limitations: the absence of open, large-scale, high-quality
long chain-of-thought (CoT) data, and the instability of rein-
forcement learning (RL) algorithms in post-training. Group
Relative Policy Optimization (GRPO), the standard frame-
work for RL fine-tuning, is prone to gradient vanishing when
reward variance is low, which weakens optimization signals
and impairs convergence. This work makes three contribu-
tions: (1) We propose Variance-Aware Sampling (VAS), a
data selection strategy guided by Variance Promotion Score
(VPS) that combines outcome variance and trajectory diver-
sity to promote reward variance and stabilize policy optimiza-
tion. (2) We release large-scale, carefully curated resources
containing ∼1.6M long CoT cold-start data and ∼15k RL
QA pairs, designed to ensure quality, difficulty, and diversity,
along with a fully reproducible end-to-end training codebase.
(3) We open-source a family of multimodal reasoning mod-
els in multiple scales, establishing standardized baselines
for the community. Experiments across mathematical and
logical reasoning benchmarks demonstrate the effectiveness
of both the curated data and the proposed VAS. Comprehen-
sive ablation studies and analyses provide further insight
into the contributions of each component. In addition, we
theoretically establish that reward variance lower-bounds
the expected policy gradient magnitude, with VAS serving as
a practical mechanism to realize this guarantee.

1. Introduction

Recent advances in large language and multimodal reasoning
models have markedly improved performance on complex
tasks such as mathematics and science domains. Reinforce-
ment learning (RL) plays a central role in these developments

†Correspondence ∗Equal Contributions

by optimizing models with process- or outcome-based re-
wards [32, 33, 72]. Group Relative Policy Optimization
(GRPO; Shao et al. [59]) has emerged as a widely adopted
RL framework due to its efficiency and scalability, and has
been successfully applied to both language models [12] and
multimodal models [46, 62, 68, 77]. However, GRPO is
inherently susceptible to gradient vanishing: when sampled
rewards have low variance, relative advantages collapse to-
ward zero, weakening optimization signals and destabilizing
training [55, 56]. This issue persists across both unimodal
and multimodal contexts, posing a fundamental challenge to
effective RL optimization.

In parallel, the progress of multimodal reasoning research
is influenced by the limited availability of open, large-scale,
high-quality long chain-of-thought (CoT) data. Compared
with text-only reasoning, where multiple datasets are pub-
licly accessible [11, 49], multimodal training often relies on
more restricted resources, which may constrain reproducibil-
ity and further development. Recent studies have made
progress by exploring heuristic data curation [5, 19, 46],
reward design modifications [60, 62], and training adjust-
ments [9, 84]. While these approaches improve downstream
performance, challenges related to stable GRPO optimiza-
tion and the broader availability of curated multimodal rea-
soning data remain underexplored.

In this work, we introduce Variance-Aware Sampling
(VAS), a dynamic data selection strategy to mitigate gradient
vanishing in GRPO-based training for multimodal reason-
ing models. Our approach is grounded in the theoretical
insight that reward variance provides a lower bound on the
expected policy gradient magnitude. Increasing reward vari-
ance, therefore, offers a principled means to stabilize training
and strengthen policy optimization. Specifically, VAS em-
ploys the Variance Promotion Score (VPS), which evaluates
each prompt’s potential to induce reward variance. VPS
consists of two complementary components: the Outcome
Variance Score (OVS), which favors prompts yielding a
balanced mix of correct and incorrect responses to maxi-
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Figure 1. Overview of the Variance-Aware Sampling (VAS) framework.

mize expected reward variance, and the Trajectory Diversity
Score (TDS), which encourages diversity among reasoning
trajectories, thereby raising the lower bound of variance and
sustaining informative gradient signals even under sparse or
noisy correctness feedback. Depicted in Figure 1, VAS con-
structs each training batch from two subsets: one sampled
with probabilities proportional to VPS, emphasizing prompts
with higher potential to induce reward variance, and another
drawn uniformly at random to maintain broad data coverage.
This design aims to balance targeted promotion of reward
variance with general exposure to the training distribution.
By introducing outcome- and trajectory-level variability into
GRPO’s group-based comparisons, VAS reduces the risk of
weak gradients and contributes to more stable optimization.
A theoretical analysis is presented in §4.

We validate VAS on a range of multimodal mathematical
and logical reasoning benchmarks. Experiments show that
VAS improves convergence, stability, and downstream per-
formance. Ablation studies further demonstrate that OVS
and TDS contribute complementary benefits: OVS enhances
expected reward variance by balancing outcomes, while TDS
increases trajectory diversity to support more consistent gra-
dient updates. Beyond methodology, we curate and release
large-scale datasets for both supervised fine-tuning and RL.
The supervised dataset (∼1.6M) emphasizes long chain-of-
thought reasoning paired with verified short answers, while
the RL dataset (∼15k) is constructed to capture diverse lev-
els of difficulty and domain coverage. Both datasets are
curated with explicit attention to quality, difficulty, and diver-
sity, ensuring their value for multimodal reasoning research.
Together with these resources, we provide a reproducible
codebase and open models at multiple scales, offering stan-
dardized baselines for future research.

2. Related Work

Building on the success of rule-based RL [12, 25], re-
cent work explores RL with verifiable rewards, following

a pipeline that conducts optional SFT activation then ap-
plies RL [1, 57], e.g., GRPO [59], with fine-grained training
recipes. In the multimodal domain, various approaches refine
this pipeline through specific reward design [60, 62], sample
diversification [46, 68], hyperparameter tuning [19, 62, 78],
and advanced RL strategies [9, 53, 84]. Nevertheless, they
often overlook the gradient vanishing problem inherent in
GRPO-based training, resulting in unstable optimization and
slow convergence [56]. Some studies attempt to alleviate
it by filtering samples with moderate pass rates [46, 68],
yet they remain largely heuristic and lack comprehensive
experimental validation or theoretical grounding.

Recent studies have examined gradient vanishing in a prin-
cipled manner, analyzing how training objectives degrade
under reward sparsity, variance reduction, and optimization
dynamics [16, 36, 65, 90]. A range of remedies has been
proposed, including reward rescaling [17, 31], entropy regu-
larization [35], and improved sample selection [30, 73, 85],
which primarily operate by adjusting RL algorithms or re-
ward mechanisms. In contrast, our work takes an orthogonal
perspective by mitigating gradient vanishing through data
sampling during training. Supported by both theoretical
grounding and extensive empirical validation, our approach
complements existing GRPO variants [16, 35, 66, 81] and
can be naturally combined with them to further improve
training stability and effectiveness in reasoning.

3. Variance-Aware Sampling Framework

This section details the Variance-Aware Sampling (VAS)
framework. §3.1 defines the Variance Promotion Score
(VPS), comprising Outcome Variance Score (OVS) and Tra-
jectory Diversity Score (TDS), which guides dynamic data
sampling. §3.2 then outlines the sampler implementation,
including VPS updates and sample selection during training.
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3.1. Variance Promotion Score
Let x be a prompt with ground-truth answer ȳ from the train
set. In GRPO framework, the model generates N responses
{yi}Ni=1 for each x. A task-specific verifier V(x, yi, ȳ) ∈
{0, 1} evaluates each response, returning 1 if yi matches ȳ
and 0 otherwise. The pass rate of x is defined as:

P(x) =
1

N

N∑
i=1

V(x, yi, ȳ).

Inspired by Foster and Foerster [10], we directly calculate
the Outcome Variance Score (OVS) as:

OVS(x) = P(x)(1− P(x)),

which corresponds to the Bernoulli variance of correctness
across responses. It is maximized at P(x) = 0.5, where
correct and incorrect outputs are balanced. We further define
the Trajectory Diversity Score (TDS) to characterize vari-
ability in reasoning processes. Let Diversity({yi}Ni=1) be a
diversity function over sequences (e.g., inverse self-BLEU
or distinct-n):

TDS(x) = Diversity({yi}Ni=1),

where a higher value reflects greater diversity among sam-
pled trajectories. The Variance Promotion Score (VPS) is
computed as a weighted combination of OVS and TDS:

VPS(x) = α · OVS(x) + β · TDS(x),

where α, β > 0 balance their contributions. OVS increases
the expected reward variance, while TDS provides a lower
bound by encouraging trajectory diversity. Together, they
are intended to strengthen the magnitude and consistency of
gradient signals in GRPO training.

3.2. Dynamic Sampler
The dynamic sampler prioritizes prompts with higher VPS,
which are expected to induce greater reward variance during
training. At each sampling step, the training batch is con-
structed from two subsets: one from a VPS-based weighted
sampler and another from a random sampler. A mix ratio
hyperparameter λ ∈ [0, 1] controls the proportion of samples
drawn from each source, with λ specifying the fraction of
the batch selected from the weighted sampler. VPS scores
are periodically updated to reflect changes in the policy. Af-
ter every Tupdate steps, N responses are resampled for each
prompt, and OVS and TDS are recomputed. The update in-
terval Tupdate trades off computational cost against adaptation
speed. Algorithm 1 summarizes the VAS procedure.

4. Theory
This section formalizes the intuition that prompts with higher
reward variance yield more informative policy-gradient up-
dates. We first establish a Variance–Progress Theorem for

Algorithm 1 Variance-Aware Sampling (VAS) for GRPO
Require: Dataset D; batch size B; rollouts per prompt N ; VPS update

interval Tupdate; mix ratio λ∈ [0, 1]
1: Initialize policy parameters θ
2: for each prompt x ∈ D do ▷ Initial VPS estimation
3: Sample N rollouts {yi}Ni=1 from πθ(· | x)
4: Compute pass rate P (x), OVS(x), TDS(x), and VPS(x)
5: end for
6: for training step t = 1, . . . , T do
7: if t mod Tupdate = 0 then ▷ Periodic VPS refresh
8: for each prompt x ∈ D do
9: Sample N rollouts {yi}Ni=1; update P (x), OVS(x),

TDS(x), VPS(x)
10: end for
11: end if
12: Bw←⌊λB⌋, Br←B −Bw

13: Sample Bw prompts from D with replacement proportional to
VPS(·)

14: Sample Br prompts from D uniformly at random
15: B← union of the two sets ▷ Construct training batch
16: for each x ∈ B do
17: Sample N rollouts {yi}Ni=1 from πθ(· | x)
18: Compute GRPO loss LGRPO(x, {yi})
19: end for
20: Update θ ← θ − η∇θ

∑
x∈B LGRPO(x, {yi})

21: end for

the vanilla REINFORCE algorithm [75], showing that ex-
pected improvement is linearly lower-bounded by the reward
variance of the prompt. We then present a two-level de-
composition of reward variance that directly motivates the
Outcome Variance Score and Trajectory Diversity Score in
our method. Finally, we extend the analysis to GRPO, with
complete proofs and derivations provided in Supp. A.

4.1. Preliminaries
Let x ∈ X be a prompt and y ∈ Y a response from the policy
πθ(y | x). A reward model R : X × Y → [−1, 1] assigns a
scalar reward. The optimization objective is defined as:

J(θ) = Ex∼D Ey∼πθ(·|x) [R(x, y)], (1)

where D is the prompt distribution. Here, we omit the KL
regularization, as it only rescales constants and does not
affect the variance argument.

Score-function identity. For a fixed prompt x, the gradient
can be expressed as:

∇θJx(θ) = Ey∼πθ

[
R(x, y) g(x, y)

]
,

g(x, y) = ∇θ log πθ(y | x),
(2)

where g(x, y) is the score function and Ey[g(x, y)] = 0.

Baselines and variance. Subtracting a prompt-dependent
baseline b(x) keeps the estimator unbiased:

G(x) = Ey[g(x, y)(R(x, y)− b(x))],

E[G(x)] = ∇θJx(θ).
(3)
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The variance is minimized when b⋆(x) = Ey[R(x, y)]. Un-
der this choice, the variance factorizes as (Lemma A.1):

Var[G(x)] = Vary[R(x, y)] Γθ(x), (4)

where Γθ(x) = Ey∥g(x, y)∥2 is a Fisher-information term
depending on the policy but not on the rewards. Propo-
sition A.2 shows Γθ(x) is bounded above and below by
model-dependent constants. Thus, the reward variance is
the only prompt-dependent factor controlling the dispersion
of stochastic gradients.

4.2. Variance Progress Theorem for REINFORCE
Consider a single gradient step θ+ = θ + ηG(x) on prompt
x, with learning rate η > 0.

Assumption 1 (Smoothness and gradient lower bound).
For each prompt x: (i) Jx(θ) is twice differentiable with
∥∇2

θJx(θ)∥ ≤ L for some L > 0; (ii) There exists cmin > 0
such that ∥∇θJx(θ)∥2 ≥ cmin Vary[R(x, y)].

The second condition links reward variance to the squared
gradient norm. It follows from the positive definiteness of the
Fisher information matrix under mild regularity conditions.

Theorem 1 (Variance–Progress). Let Assumption 1 hold
and use the optimal baseline b⋆(x). Then for any step size
0 < η ≤ cmin

4LΓθ(x)
, the expected one-step gain satisfies

E
[
Jx(θ

+)− Jx(θ)
]
≥ η cmin

4
Vary[R(x, y)]. (5)

Intuition

Prompts with higher reward variance yield stronger gradient sig-
nals. When all rollouts have similar rewards, gradients vanish;
diverse outcomes or reasoning paths sustain learning progress.

Sketch of proof. A second-order Taylor expansion yields
Jx(θ

+) = Jx(θ)+ ⟨∇Jx, G(x)⟩+ 1
2G

⊤HG. Taking expec-
tations and using unbiasedness gives a linear term η∥∇Jx∥2.
The quadratic remainder is bounded by 1

2η
2LE∥G∥2. Sub-

stituting the variance factorization and the gradient lower
bound, and restricting η as stated, ensures the remainder is at
most half the linear term, giving the result. The full details
of the proof are provided in Supp. A.2.

4.3. Variance Decomposition
For binary rewards, the variance admits a natural two-level
decomposition. Write each rollout y = (ycot, yans) as a
reasoning chain and its final answer, and let the verifier
assign R(x, y) = 1correct(yans). Define Z = φ(ycot) as a
representation of the reasoning chain and pZ(x) = Pr(R =
1 | Z). The law of total variance gives

Vary[R(x, y)] = EZ [pZ(x)(1− pZ(x))]︸ ︷︷ ︸
intra-trajectory

+VarZ [pZ(x)]︸ ︷︷ ︸
inter-trajectory

.

(6)

The first term corresponds to variability in correctness given
a fixed reasoning path, and is estimated by p̂(x)(1− p̂(x)).
This motivates the Outcome Variance Score (OVS). The sec-
ond term measures variation across reasoning paths, which
can be lower-bounded by diversity metrics such as normal-
ized edit distance or self-BLEU dispersion (detailed in Supp.
A). This motivates the Trajectory Diversity Score (TDS). To-
gether, OVS and TDS provide complementary mechanisms
to raise reward variance, directly connecting the theory to
our method in §3.

4.4. From REINFORCE to GRPO
GRPO extends REINFORCE by normalizing rewards within
each group of rollouts. For prompt x, the group mean reward
r̄(x) serves as a baseline, and the sample standard deviation
s(x) whitens centered rewards:

R̃(x, yi) =
R(x, yi)− r̄(x)

s(x) + δ
.

The gradient estimator then multiplies R̃ by the importance
ratio rθ(yi | x), optionally clipped to 1± ε to control KL di-
vergence. Without clipping, the estimator remains unbiased,
and Theorem 1 applies with a rescaled learning rate bound
reflecting the whitening factor. With clipping, the estima-
tor acquires a bias of order O(ε), which reduces but does
not eliminate the lower bound. Thus, under both settings,
prompts with higher reward variance continue to guarantee
larger provable minimum improvements per update. Details
and finite-sample corrections are provided in Supp. A.4.

5. Data Curation
Following prior work [46, 62, 68], our training pipeline
includes two stages: a supervised cold-start stage followed
by a reinforcement learning stage using GRPO, with each
stage supported by meticulously curated datasets.

5.1. Cold-start Data
This stage utilizes long CoT data for fine-tuning. Summa-
rized in Table 1, we collect QA pairs from diverse corpora,
which primarily feature short answers or short CoTs. To ad-
dress the limited coverage, particularly in science, in existing
multimodal data, we supplement with publicly available prac-
tice problems and exams from biology, chemistry, geography,
and physics. The final dataset spans five domain categories:
Math, General, Chart-Figure, Doc-Table, and Science. To
ensure balanced quality and difficulty, we apply filtering
based on response correctness. For each question, multiple
responses are generated via Qwen2.5-VL-72B [2] and veri-
fied by GPT-4o [50]. Samples are categorized by pass rate:
easy (≥ 0.8), hard (≤ 0.2), or medium (otherwise). Only
medium and hard cases are retained. Long CoT annotations
are then produced using Gemini 2.5 Pro/Flash [7], which
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Domain # Samples Datasets
Math 1.6M MM-MathInstruct [71], MathV360K [61], MultiMath [52], MATH [13], MathVision [69], CLEVR-Math [34], IconQA [38],

MAVIS-Instruct [87], RCoT [8], GeoQA+ [4], Geometry3K [37], GeomVerse [23], Self-collected data
Science 13K ScienceQA [39], AI2D [24], CLEVR [21], Self-collected data

Chart-Figure 8K ChartQA [43], SPIQA [54], DVQA [22], PlotQA [48]
Doc-Table 8K TableMWP [40], InfoVQA [45], DocVQA [44], WikiTableQuestions [51], VisualMRC [63]

General 8K Sherlock [14], A-OKVQA [58], PISC [29], GQA [20]

Table 1. Cold-start Data Statistics.

generates multi-step rationales followed by final answers.
Annotations are preserved only when final answer matches
ground truth as validated by GPT-4o.

5.2. RL Data
This stage employs prompts annotated with concise, verifi-
able short answers suitable for reward modeling. Specifi-
cally, we adopt GPT-4o to extract and rephrase open-form
short answers from the original CoT annotations. The RL
dataset integrates two complementary components. First, we
select 8k math problems from the cold-start stage, retaining
only hard-level items with low pass rates to ensure chal-
lenging supervision. These problems are further categorized
into fine-grained types with GPT-4o (detailed in Supp. B)
and uniformly sampled to ensure balanced coverage across
categories. Second, we add 7k logical reasoning problems
from Raven [82], MM-IQ [3], and EasyArc [64], curated to
incentivize general reasoning ability beyond math. Together,
these components form a 15k RL dataset emphasizing diffi-
culty, diversity, and balanced coverage across mathematical
and logical reasoning tasks.

6. Experiments

6.1. Experimental Setups
Implementations. In the cold-start stage, we fine-tune
Qwen2.5-VL-Instruct [2] with curated long CoT data (§5.1)
using the LLaMA-Factory framework [88]. Training runs for
5 epochs with AdamW, a cosine schedule, an initial learning
rate of 1× 10−5, and a 0.1 warm-up ratio. The checkpoint
with the best validation score is retained. This checkpoint
initializes the policy for RL training, implemented with the
EasyR1 codebase [89]. VAS (Algorithm 1) is set to N = 32,
λ = 0.5, α = 0.8, β = 0.2, and Tupdate = 351. Addi-
tional hyperparameters for both cold-start and RL training
are detailed in Supp. C.
Benchmarks. To evaluate MMR1, we adopt five widely
used and challenging benchmarks focusing on mathemati-
cal and logical reasoning: MathVerse [86], MathVista [41],
MathVision [70], LogicVista [76], and ChartQA [42]. These
benchmarks collectively assess diverse aspects of problem-

1Due to the resource constraint, experiments in ablation studies and
analysis adopt N = 8, λ = 0.5, α = 0.5, β = 0.5, and Tupdate = 28
unless otherwise specified.

solving, including complex multi-step mathematics, visual
reasoning, logical deduction, and chart-based understanding.
Baselines. In this work, we compare MMR1 against a broad
set of MLLMs, covering both general-purpose and reasoning-
oriented designs of comparable model size. General-purpose
MLLMs: Qwen2.5-VL-Instruct-7B [2], InternVL2.5-8B [6],
InternVL3-8B [91], and LLaVA-OneVision-7B (LLaVA-
OV; Li et al. [28]), representing the recent state-of-the-
art general-purpose MLLMs. Reasoning-oriented MLLMs:
VL-Cogito-7B [80], MM-Eureka-8B [47], R1-VL-7B [83],
R1-OneVision-7B [79], OpenVLThinker-7B [9], Vision-R1-
7B [18], VL-Rethinker [67], and ThinkLite-VL-7B [74].
Evaluation. We adopt a unified prompt across all evalua-
tions, requiring models to enclose final answers in “\box{}”
(full prompt in Supp. D). Inference is performed using
vLLM [26] for efficient generation. For benchmarks with
official protocols (e.g., MathVision, MMMU), we follow the
original procedures. For others, math questions are assessed
with Math-Verify [27] and MathRuler [15], while non-math
ones use exact matching. To ensure robustness, we further
1) select the most semantically similar option when multiple-
choice answers do not exactly match any candidate, and 2)
employ GPT-4o [50] as an auxiliary judge for open-ended
questions where exact matching or extraction fails.

6.2. Main Results
Reported in Table 2, our 7B model achieves state-of-the-art
performance among reasoning-oriented MLLMs, reaching
an average score of 58.4, the highest across all evaluated
models. It ranks first on most benchmarks, including Math-
Verse (55.4), MathVision (31.8), LogicVista (48.9), and
ChartQA (83.7), while delivering competitive results on
MathVista (72.0). Compared to general models with similar
scales, our approach consistently yields superior results.

In addition, the 3B variant of our model demonstrates
strong competitiveness with an average of 52.7. Despite its
smaller scale, it matches or surpasses several 7B models (e.g.,
R1-VL at 47.7 and R1-OneVision at 47.8), underscoring the
efficiency of our framework in resource-constrained settings.

These results highlight the complementary contributions
of our pipeline: carefully curated long CoT supervision for
cold-start initialization, RL to incentivize deeper reasoning,
and VAS to stabilize optimization. Together, they enable
consistent improvements in reasoning performance across
both small- and large-scale models.
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Model Size MathVerse MathVista MathVision LogicVista ChartQA Average

General-Purpose Models

Qwen2.5-VL 7B 50.4 (49.2) 69.3 (68.2) 28.7 (25.1) 44.0 82.4 55.0
InternVL2.5 8B 40.0 (39.5) 61.4 (64.4) 19.9 (19.7) 37.7 (36.0) 73.4 46.5
InternVL3 8B 49.4 (39.8) 68.5 (71.6) 30.0 (29.3) 41.3 (44.1) 81.3 54.1
LLaVA-OV 7B 33.6 (26.2) 56.4 (63.2) 15.9 30.6 65.0 40.3

Reasoning-Oriented Models

MM-Eureka 8B 52.3 (50.3) 73.4 (73.0) 29.4 (26.9) 47.1 82.7 57.0
R1-VL 7B 41.3 (40.0) 61.5 (63.5) 23.0 (24.7) 36.3 76.3 47.7
R1-OneVision 7B 44.0 (46.4) 60.3 (64.1) 22.0 (29.9) 40.0 72.5 47.8
OpenVLThinker 7B 48.1 (47.9) 70.6 (70.2) 22.0 (25.3) 41.0 81.0 52.5
VL-Rethinker 7B 54.6 (54.2) 73.7 (74.9) 30.1 (32.3) 45.7 83.5 57.5
Vision-R1 7B 51.9 (52.4) 72.1 (73.5) – 44.7 82.7 –
ThinkLite-VL 7B 51.3 (50.7) 72.5 (75.1) 27.5 44.3 83.1 55.7
VL-Cogito 7B 54.3 74.8 30.7 48.9 83.4 58.2

MMR1 3B 47.9 67.1 25.4 42.0 81.2 52.7
MMR1 7B 55.4 72.0 31.8 48.9 83.7 58.4

Table 2. Comparison of MMR1 with other MLLMs on math-related benchmarks. All models are reevaluated under identical conditions for
fairness; values in parentheses are from the original papers. The bold and underline highlight the best and second-best scores, respectively.

Model MVerse MVista MVision LVista CQA Avg

Qwen2.5-VL-3B 40.4 63.5 24.3 38.4 76.8 48.7
+Cold-start 42.1 58.0 25.2 39.5 78.5 48.7
+GRPO 46.2 65.6 24.7 42.4 79.9 51.8
+VAS (MMR1) 47.9 67.1 25.4 43.1 81.2 52.9

Table 3. The effect of Cold-start SFT and Variance-Aware Sampling.
MVerse, MVista, MVision, LVista, and CQA represent MathVerse,
MathVista, MathVision, LogicVista, and ChartQA, respectively.

6.3. Effect of Cold-Start and VAS

Table 3 reports the effect of cold-start supervision and the
proposed VAS strategy on Qwen2.5-VL-3B across several
mathematics-related benchmarks. Beginning with the base
model, cold-start fine-tuning on curated long-form CoT data
yields consistent improvements, particularly on MathVerse
and ChartQA. Building upon this, GRPO further enhances
performance, surpassing the cold-start baseline and demon-
strating that reinforcement learning effectively incentivizes
exploration and strengthens reasoning. The introduction
of VAS (MMR1) achieves the highest overall scores, de-
livering notable gains on MathVerse, MathVista, and Log-
icVista. Collectively, these results highlight the complemen-
tary roles of different components: (1) cold-start supervision
provides a strong initialization by imitating high-quality rea-
soning trajectories; (2) reinforcement learning emphasizes
exploratory behavior to further incentivize reasoning; and (3)
VAS ensures stable, variance-aware training, thereby leading
to more robust and effective learning outcomes.

6.4. Effect of VAS Hyper-parameters

We further investigate the sensitivity of VAS to its key hy-
perparameters, i.e., mixture ratio λ, VPS update frequency
Tupdate, number of rollouts N , and ratio between OVS and
TDS in VPS. Results are summarized in Table 4.
Mixture ratio. The mixture ratio λ controls the balance
between VPS-weighted sampling and uniform random sam-
pling in Algorithm 1 (Lines 12–14). Performance is gener-
ally robust across settings, with λ = 0.5 yielding competitive
and stable results. Extremely large ratios (e.g., λ = 1.0) re-
duce coverage of the overall dataset and lead to degraded
performance, confirming the necessity of maintaining a bal-
ance between variance promotion and coverage.
Update frequency. The update interval Tupdate specifies the
frequency at which VPS scores are refreshed. Short intervals
(e.g., 4-7 steps) enhance adaptability to model dynamics but
incur higher computational overhead. Moderate intervals
(i.e., 14–35 steps) strike a favorable balance, yielding robust
performance. In contrast, excessively long intervals (e.g., 56
steps) result in outdated VPS estimates, weakening gradient
signals and degrading overall performance.
Number of rollouts. The rollout number N affects the accu-
racy of variance estimation for OVS and TDS. Increasing N
from 8 to 16 provides marginal improvements by reducing
sampling noise. However, further increases (e.g., 32) offer
limited gains while introducing higher computational costs.
VPS weighting. The VPS ratio (α, β) balances outcome
variance and trajectory diversity. A balanced combination
(e.g., α = 0.8, β = 0.2) delivers strong results, whereas rely-
ing solely on one component leads to instability. Consistent
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Param. Value MVerse MVista MVision LVista CQA Avg

Mixture 0.2 46.3 67.9 23.2 40.2 79.9 51.5
ratio 0.5 46.1 66.4 24.8 41.7 79.4 51.7

0.8 46.9 64.8 24.3 43.8 79.9 52.0
1.0 44.6 65.3 24.9 43.8 79.9 51.7

Update 4 47.4 65.8 23.8 39.3 79.6 51.2
freq. 7 46.6 65.7 24.6 41.5 78.9 51.5

14 46.7 66.9 24.2 44.6 79.2 52.3
28 46.1 66.4 24.8 41.7 79.4 51.7
35 47.6 66.1 24.5 42.4 80.1 52.2
56 44.5 65.5 23.9 40.2 80.2 50.9

# rollout 8 46.1 66.4 24.8 41.7 79.4 51.7
16 45.9 65.0 24.5 41.1 79.8 51.3
32 46.7 65.1 25.0 42.2 78.9 51.6

VPS ratio (0.0, 1.0) 46.8 64.4 24.3 40.9 78.8 51.0
(OVS, TDS) (0.2, 0.8) 46.4 65.6 25.0 40.6 79.7 51.5

(0.5, 0.5) 46.1 66.4 24.8 41.7 79.4 51.7
(0.8, 0.2) 46.9 66.8 23.7 45.1 79.0 52.3
(1.0, 0.0) 46.5 65.6 24.5 39.7 79.6 51.2

Table 4. The effect of Variance-Aware Sampling hyper-parameters.
MVerse, MVista, MVision, LVista, and CQA represent MathVerse,
MathVista, MathVision, LogicVista, and ChartQA, respectively.

with the analysis in §4, it shows that outcome variance and
trajectory diversity play complementary roles: OVS captures
correctness variability, while TDS safeguards a lower bound
on variance when correctness signals are sparse.

Overall, the results demonstrate that VAS maintains sta-
bility across a wide range of hyperparameter settings, with
moderate mixture ratios, appropriate update frequencies, and
balanced VPS weighting yielding the most consistent perfor-
mance improvements.

6.5. Efficiency of VAS
Figure 2 presents a comparative analysis of the training
efficiency of VAS under different mixture ratios (orange line:
λ = 1.0, blue line: λ = 0.5) against the vanilla random-
shuffle baseline (purple line). The evaluation considers three
key indicators: actor gradient norm, policy-gradient clipping
fraction, and validation accuracy.
Gradient norm. The gradient norm reflects the overall
magnitude of parameter updates. Models trained with VAS
consistently exhibit higher gradient norms compared to the
shuffle baseline, indicating more substantial and informative
updates. This empirical finding is consistent with our theo-
retical analysis in §4, which demonstrates that prompts with
higher reward variance produce gradients characterized by
greater magnitude and more reliable signal strength.
Policy-gradient clip fraction. The clip fraction quanti-
fies the frequency with which the policy update magni-
tude reaches the clipping threshold in GRPO. Within stable
ranges, a higher clip fraction indicates more effective learn-

ing: the model performs substantial yet constrained updates,
exploits the trust region more fully, and extracts stronger
signals from each batch. Depicted in Figure 2, VAS configs
achieve higher and more stable clip fractions compared to
the baseline, highlighting their improved sample efficiency
and more effective exploration of the policy space.
Validation accuracy. On the held-out validation set, VAS
demonstrates consistent improvements in both convergence
speed and final accuracy compared to the baseline. Employ-
ing full VAS sampling (λ = 1.0) yields more rapid and stable
performance gain, while the mixed configuration (λ = 0.5)
also surpasses uniform sampling in convergence efficiency.
Although differences between λ = 1.0 and λ = 0.5 are
not pronounced on this math-focused set, it is worth noting
that incorporating partial random sampling can encourage
broader data coverage and reduce the risk of oversampling a
limited subset of prompts. This trade-off is expected to be
more beneficial in domains characterized by greater content
heterogeneity or less structured reward signals.

6.6. Dynamics of Variance Promotion Score
Figure 3 summarizes how VPS evolve across update intervals
(t→ t+14), where the histograms show the marginal VPS
distribution and transition matrices of VPS assignments
between step t (rows) and step t+14 (columns).2

Convergence of rankings. As training progresses, the mass
in the transition matrices progressively concentrates along
the diagonal, while the off–diagonal dispersion diminishes.
This behavior reflects the progressive stabilization of per-
prompt VPS rankings, converging toward a consistent order-
ing. Such convergence aligns with the intended steady state
of VAS, in which high-variance “frontier” prompts persist
only as a comparatively small yet stable subset.
Bidirectional movement (adaptation). Non-negligible
amount of off–diagonal mass persists in both directions
(low→high and high→low), reflecting the adaptive nature
of VPS under the evolving policy. Certain prompts gain
informativeness as their outcome become more balanced or
their trajectory patterns diversity increase, whereas others
gradually lose informativeness once they are either consis-
tently solved with ease or repeatedly lead to failure.
High→high persistence fades. In the early stages, a visible
block appears in the bottom-right region (high→high), but
this gradually weakens as training progresses. This pattern
indicates that many prompts are initially challenging, re-
maining near the maximum OVS/TDS levels across updates.
As the policy improves, however, these prompts either be-
come polarized in correctness—lowering OVS—or converge
toward more uniform trajectories—lowering TDS. Conse-
quently, they gradually exit the high-VPS subset.
Distributional shift toward mid-VPS. The marginal dis-
tribution of VPS progressively evolves from a relatively

2Tupdate is set to 14.
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Figure 2. Training efficiency of Variance-Aware Sampling (VAS). The plots compare three settings: full VAS sampling (λ = 1.0, orange),
mixed sampling with half VAS and half random (λ = 0.5, blue), and the vanilla baseline (purple). Left: Actor gradient norm, reflecting
the magnitude of gradient signals during training. Middle: Policy gradient clip fraction, indicating the proportion of updates reaching the
clipping boundary. Right: Validation accuracy, showing convergence speed and final performance.
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Figure 3. Dynamics of Variance Promotion Score during training. The top row illustrates the distribution of VPS values across data points at
different training steps. The bottom row shows transition matrices of VPS assignments between consecutive update intervals, where each
cell indicates the number of data points moving from a source bin (vertical axis) at the earlier step to a target bin (horizontal axis) at the later
step. The arrows indicate the direction from lower to higher VPS bins, facilitating interpretation of upward or downward transitions.

flat shape with a pronounced upper tail to a more com-
pact form centered around medium scores. Since VPS =
αOVS + β TDS with α(0.8) > β(0.2), this shift reflects
two key dynamics: 1) as training proceeds, fewer prompts
achieve near-maximum OVS (with pass rates ≈ 0.5), and 2)
TDS establishes a residual floor, anchoring many prompts at
moderate VPS even when correctness becomes less stable.
This emergent clustering around mid-VPS characterizes a
signature of convergence: VAS increasingly narrows its fo-
cus to a frontier of prompts where reward variance remains
informative and useful for further optimization.
Asymmetry of flows. In later intervals, transitions from
higher to mid VPS bins occur more frequently than move-
ments in the opposite direction, implying a gradual reduc-
tion in reward variance as competence improves. It aligns
with the Variance–Progress principle in §4: once learning
progress has been achieved on a given prompt, both its re-
ward variance and VPS tend to diminish, thereby encourag-
ing the sampler to redistribute probability mass toward other
frontier items that remain more uncertain or informative.

Moreover, we provide a detailed qualitative demonstra-
tion in Supp. E, illustrating MMR1’s reasoning process on

a MathVerse problem. It presents the input question, step-
by-step reasoning, and final answer, showcasing a coherent
process encompassing problem analysis, solution planning,
execution, verification, and exploration of alternatives that
lead to the correct conclusion.

7. Conclusion
In this work, we investigate the challenge of gradient vanish-
ing in reinforcement learning for multimodal reasoning. We
introduce Variance-Aware Sampling (VAS), a sampling strat-
egy that exploits outcome variance and trajectory diversity to
prioritize informative prompts while maintaining broad data
coverage. Grounded in theoretical analysis and supported
by extensive empirical evaluation, VAS enhances training
stability and improves the effectiveness of reinforcement
learning in multimodal reasoning tasks. We will also release
the large-scale, carefully curated cold-start datasets, codes,
and well-tuned models, which we hope will provide valuable
resources for benchmarking and advancing future research.
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