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Abstract

Reinforcement learning with verifiable rewards (RLVR) has emerged as a
highly effective framework for improving LLM reasoning, with methods
such as GRPO among its most successful instantiations. However, GRPO re-
lies on repeated generation of long chain-of-thought rollouts. Training time
scales with the number of rollouts, a large fraction of which are uninforma-
tive. Thus, GRPO is computationally expensive and unstable. To mitigate
this, existing approaches either generate a larger pool of rollouts and filter
the most informative prompts, or leverage historical signals for filtering at
later stages of training. These strategies offer modest performance gains,
but slow down the overall process. To address this, we propose Varlance
Guided Online Rollout allocation (VIGOR) which instead of allocating a
fixed rollout budget per example, begins with a small number of rollouts
for all examples in a batch and iteratively allocates additional rollouts to
those with the highest group reward variance until a fixed total rollout
budget is reached. Theoretically, we show that under the binary-reward
setting of GRPO, within-group reward variance directly controls the gra-
dient magnitude and speeds up training. Experiments on mathematical
reasoning and coding tasks show that VIGOR reaches target accuracy with
up to 2.3 x fewer rollouts on math, reaches GRPO'’s final coding full pass
rate with 1.49 x fewer rollouts, and improves the coding average test pass
rate by 3.4 points.
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Figure 1: Left: VIGOR Coding results substantially outperform GRPO baseline on Live
CodeBench v6 with Qwen3-8B, achieving faster full pass rate improvement across rollout
budgets, requiring 1.49 x fewer rollouts to reach GRPO’s final full pass rate. Shaded regions
show the standard deviation across 3 seeds. Right: VIGOR Math results comparing against
GRPO, GRESO, and RL-ZVP baselines when training Qwen2.5-3B on MATH. y-axis shows
the average score on six reasoning benchmarks, including Math500, AIME24, AMC, Minerva
Math, Gaokao, and Olympiad Bench. VIGOR consistently achieves faster improvement
under the same rollout budget, requiring 2.3 x fewer rollouts to reach target accuracy over
all the other baselines.
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1 Introduction

Recent large language models (OpenAl, 2024; DeepSeek-Al et al., 2025a; Yang et al., 2024a;b)
have shown that strong reasoning abilities can be effectively elicited through reinforcement
learning with verifiable rewards (RLVR), which enables learning from automatically veri-
fiable signals over chain-of-thought reasoning trajectories rather than relying on curated
supervision. Among these approaches, Group Relative Policy Optimization (GRPO) (Shao
etal., 2024) has emerged as a particularly efficient variant, improving the policy by sampling
multiple rollouts per prompt and updating it based on their relative rewards within each
group. However, GRPO relies on generating a large number of rollouts, many of which are
uninformative due to having little or no reward variance across samples. This not only slows
down training (Lambert et al., 2024)—e.g. 7B-scale runs can take multiple days—but can
also lead to instability in optimization. Consequently, a central challenge is to identify and
prioritize the most informative examples for GRPO (Li et al., 2025; Zheng et al., 2025b; Mao
et al., 2026), with the goal of improving both training efficiency and overall performance.

Conventional data selection methods, such as gradient- or loss-based methods designed
for supervised learning (Nguyen et al., 2024; Zhou et al., 2025; Chen et al., 2024) are not
applicable to RLVR due to its very different learning objective. To enhance GRPO, recent
works have mainly explored two directions. The first direction, initiated by DAPO (Yu et al.,
2025) and extended by later works (Zheng et al., 2025b; Mao et al., 2026), either generate a
larger number of rollouts for every prompt and dynamically sample difficult prompts with
non-zero group reward variance, or use rollout statistics in the early training stage to sample
difficult prompts afterwards. However, the first approach incurs a large computational
overhead and the latter yields marginal improvement. The second direction improves rollout
utilization efficiency through auxiliary signals or stale rollouts (Le et al., 2026; Xu et al.,
2025; Zheng et al., 2025a). While these methods can increase data efficiency, they modify
the training objective and have limited efficiency gains relative to their added complexity.

In this work, we propose an effective method to enhance the efficiency of GRPO. First, we
make two key observations: (1) rollout generation is a primary driver of training cost when
training reasoning models, and (2) the early stages of training contribute disproportionately
to the final performance gains. These observations highlight the need for a data selection
strategy that allocates rollout budget adaptively—focusing computation only on the most
informative prompts without requiring expensive generation and subsequent filtering of
large numbers of rollouts. Such adaptivity is especially critical in the early stages of training,
where efficient use of compute has the greatest impact on overall performance.

Motivated by the above insights, we propose VIGOR, an iterative data selection framework
for GRPO that focuses compute on the most informative examples (Figure 3). We begin by
showing that, under a binary reward setting, the magnitude of the GRPO gradient is directly
governed by the within-group reward variance, revealing a natural signal for identifying
informative prompts. Building on this observation, VIGOR departs from the standard
practice of allocating a large rollout budget uniformly across all training instances. Instead,
it starts with a small number of rollouts per prompt and iteratively identifies examples with
the highest group-level reward variance, selectively increasing their rollouts until a fixed
budget is reached. Unlike prior approaches that rely on static or historical heuristics to filter
low-value samples, VIGOR adaptively exploits signals that emerge during training, without
modifying the underlying GRPO paradigm. This design avoids the additional rollout
overhead incurred by methods that generate extra samples solely for filtering purposes, and
substantially enhances training efficiency and performance.

We evaluate VIGOR on six mathematical reasoning benchmarks across Qwen2.5-1.5B,
Qwen2.5-3B, Qwen2.5-7B (Yang et al., 2024a), and Phi-4-Mini-Instruct (Microsoft, 2025),
as well as on LiveCodeBench v6 with Qwen3-8B (Yang et al., 2025). On math, VIGOR
consistently reaches the same accuracy with substantially fewer rollouts, with up to a 2.3 x
rollout-efficiency improvement on Qwen2.5-3B, and achieves the best average score under
the fair rollout-matched comparison across all four model settings. On coding, VIGOR
reaches GRPO'’s final full pass rate with 1.49x fewer rollouts and improves the average test
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pass rate by 3.4 points. These results show that VIGOR is a simple and effective rollout
allocation strategy for improving RLVR efficiency across both math and coding tasks.

2 Related Work

Reinforcement learning for LLM reasoning. Reinforcement learning has long become a
powerful tool for enabling LLMs to generate more contextually appropriate and ethically-
grounded responses by incorporating fine-grained preference signals into the optimization
objective, aligning their responses with human-centric quality metrics (Christiano et al.,,
2017; Stiennon et al., 2020; Ouyang et al., 2022). Build upon this foundation, Reinforcement
Learning from Verifiable Rewards (RLVR) has been proposed to replace potentially biased
human feedback with objective, deterministic reward signals. By leveraging verifiable
outcomes, RLVR significantly enhances reasoning capabilities in high-precision tasks such
as mathematics and code generation (Lightman et al., 2023; Shao et al., 2024; DeepSeek-Al
et al., 2025a). This reasoning advancement relies on the evolution of policy optimization
methods from Proximal Policy Optimization (PPO) (Schulman et al., 2017) to Group Relative
Policy Optimization (GRPO) (Shao et al., 2024). By replacing the value function with
group-relative rewards, GRPO achieves superior training efficiency and establishes a new
paradigm for scalable alignment. Since then, GRPO has emerged as a standard paradigm for
industrial-scale post-training of reasoning LLMs and a cornerstone of academic research on
RLVR (DeepSeek-Al et al., 2025a; Yu et al., 2025; Liu et al., 2025; DeepSeek-Al et al., 2025b).

Data selection and efficiency for RLVR  Data-centric strategies have emerged as an im-
portant direction for improving the stability and efficiency of RLVR training. For example,
LIMR (Li et al., 2025) finds examples that their learning progress correlates best with the
model’s overall improvement during training on full data, enabling a 7B model to substan-
tially outperform SFI-oriented baselines such as s1 (Muennighoff et al., 2025) and LIMO (Ye
et al., 2025). The importance of data quality is further highlighted in GRPO-based training.
For instance, DAPO (Yu et al., 2025) generates a larger number of rollouts for every example
and samples difficult examples with non-zero relative advantage. However, generating a
larger number of rollouts to find the difficult examples is expensive and slows down trainig.
To improve training throughput, GRESO (Zheng et al., 2025b) and DPS (Mao et al., 2026)
leverage statistics of the group rewards in early stage of training to sample difficult examples
in later training stages. While being more efficient than DAPO, these approaches yield
marginal performance improvement as they cannot focus training on difficult examples
during the initial phase of training which contributes the most to performance. In parallel,
complementary approaches such as RL-ZVP (Le et al., 2026) repurposes zero-advantage
samples with entropy-based signals. PODS (Xu et al., 2025) generate a larger number of roll-
outs and selects a subset that provide the most diverse reward signals. However, this incurs
very high computational costs for reasoning with long chain of thoughts. M2PO (Zheng
et al., 2025a) leverages stale rollouts to reduce the rollout generation costs.

Recent adaptive-rollout methods further address the limitations of prior filtering-based
methods by dynamically allocating rollout budgets during RLVR. VIP (Nguyen et al., 2026)
estimates prompt difficulty from embedding-based success prediction, which enables early
allocation but can be unstable when the estimate is noisy. AR3PO (Zhang et al., 2025) and
XRPO (Bamba et al., 2025) use iterative rollout allocation within each step, but still focus on
improving exploration for difficult prompts.

Compared with prior data-selection and adaptive-rollout methods, VIGOR uses direct online
reward variance without extra guidance or additional computation, provides a convergence-
acceleration guarantee, and naturally shifts computation toward harder prompts over
training. In our experiments, we compare our method, VIGOR, with GRESO which performs
difficulty-aware sampling and RL-ZVP which improves rollout utilization efficiency.
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3 Group Relative Policy Optimization (GRPO)

In this section, we first review Group Relative Policy Optimization (GRPO) (Shao et al., 2024),
which has become a dominant paradigm for RLVR. Then, we present two key observations
that motivate our method: (1) rollout generation is a major contributor to training cost
across scales, and (2) early stages of training contribute disproportionately to the model’s
accuracy gains.

3.1 Preliminaries

GRPO is a policy optimization algorithm for RLVR that replaces value-function estimation
with group-relative rewards. For each prompt x ~ D, the current policy 77y samples a group
of G responses {y1, ..., Y}, each receiving a reward r; = R(x, y;). The relative advantage is
computed within the group as

A = F= — . 1
ey G L ()

where 7 and o are the group-wise mean and standard deviation of rewards, and ¢ is a small
numerical stabilizer. The policy is then updated with a PPO-style clipped objective:

18 . :
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% is the importance ratio, ¢ is the clipping threshold, and 7, is a
old 7!

reference policy.

where p;(0) =

3.2 Empirical Observations

Next, we make two important observations about GRPO.

(1) Rollout Generation is a Major Factor in Scaling Training Cost

As shown in Figure 2 (left), we examine the runtime composition of baseline GRPO training
for Qwen2.5-1.5B under RLVR and observe that rollout generation occupies at least 50% of
total training time for various batch sizes, a substantial fraction of the end-to-end training
cost, making it a bottleneck that cannot be ignored. This is especially pronounced in long-
CoT settings. Moreover, we find that the time required for rollout generation is roughly
proportional to the number of rollouts produced. This linear scaling, observed once the
batch size exceeds a certain threshold, suggests that the rollout budget can be reallocated
and generated more finely in an iterative manner without requiring extra resources.

(2) Early-Stage Training Contributes Disproportionately to Performance Gains

As shown in Figure 2 (right), we observe that the early stage of RLVR training contributes
a disproportionate share of the final performance improvement. When training on the
MATH Dataset (Hendrycks et al., 2021) with 1.5B and 3B models, the first epoch alone can
already account for around 80% of the final validation-score gain. Even for the 7B model
trained on the larger mixed DAPO (Yu et al., 2025) and MATH (Hendrycks et al., 2021)
data, the improvement obtained in the first epoch is comparable to the total gain from
the following six epochs. These results suggest that training efficiency at the beginning of
RLVR is especially important: if informative training data is not utilized early in training, a
large portion of achievable optimization progress may be lost. In fact, many existing data
selection methods (Zheng et al., 2025b; Mao et al., 2026) rely on difficulty perception from
training history and thus cannot filter informative examples until at least the second epoch.
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Figure 2: Empirical observations motivating VIGOR. Left: rollout generation time as a
function of batch size for baseline GRPO with Qwen2.5-1.5B training on 4 x A40 GPUs. Once
the batch size exceeds a certain threshold, rollout generation time scales linearly with batch
size and takes up at least 50% of total training time, showing that rollout cost is a major
and scaling component of RLVR training. Right: empirically, the early stage of training
contributes a disproportionate share of the final validation-score improvement, indicating
that improving efficiency early in training is vitally important.
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Figure 3: Overview of VIGOR. The method performs iterative rollout generation and
variance-based prompt selection, progressively reallocating rollout budget toward more
informative prompts while keeping the underlying GRPO update pipeline unchanged.

4 Method

Next, we propose an iterative rollout generation and maximum-variance selection frame-
work for RLVR. First, in Section 4.1, we prove that the rollout-reward variance of each
prompt controls its gradient magnitude and thus identifies informative prompts for GRPO
training. Motivated by this, in Section 4.2 we introduce VIGOR. Finally, in Section 4.3, we
show that this variance-guided allocation also yields a convergence-timescale reduction
under a heavy-tailed prompt-variance model. Unlike standard GRPO, which generates a
fixed number of rollouts per prompt in a single pass, VIGOR begins with a small rollout
budget for each prompt in a batch. At each iteration, it retains a progressively smaller
subset of prompts with the highest reward variance, allocates additional rollouts to these
selected prompts, and merges the new samples into the existing rollout pool before com-
puting advantages over the aggregated set. Aside from rollout generation, the rest of the
GRPO training pipeline remains unchanged. By redistributing the original rollout budget
across iterations, VIGOR improves training efficiency without increasing the total number
of rollouts, while enabling effective identification of the most informative prompts from the
earliest stages of training, aligned with our observations in Section 3.
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4.1 Prompts with Maximum Rollout Variance are Most Informative

Here, we show that examples with maximum rollout-reward variance are the most infor-
mative for GRPO training. In particular, under the binary-reward setting of GRPO, the
magnitude of the gradient signal is directly controlled by the reward variance.

Theorem 1. For recent GRPO variants that remove the KL term (Yu et al., 2025), for a
sampled prompt x with a rollout group of size G, assume the raw rewards are binary,
ri € {+1,—1}, and the gradients of the importance ratios are uniformly bounded as
IVopi(0)|| < M (Razin et al., 2025). Then the GRPO objective gradient for this sample
satisfies

IVoLcrroll < Mo. 3)

Proof sketch. The proof proceeds in two steps. We first derive a general upper bound on
the GRPO gradient norm by separating the reward-driven term from the KL term and using
the uniform bound [|Vgp;(8)|| < M. In the KL-free setting, this reduces the problem to
bounding the total absolute advantage signal, ZiG:1 |A;j|. We then analyze the binary-reward
case by explicitly writing out the normalized advantages of positive and negative samples

and summing their absolute values, which shows that ZZG: 1 |Ail = Go. Substituting this
identity into the first bound gives the theorem. The full proof is in Appendix D.1. n

Theorem 1 shows that the maximum achievable reward-driven gradient signal grows
linearly with the within-group reward standard deviation, and is maximized when the

binary rewards are perfectly balanced, i.e., 0> = 1.

4.2 Varlance Guided Online Rollout allocation (VIGOR)

Motivated by the above observation, we now introduce our method VIGOR. Given a
sampled batch B, we initialize the active subset as .\A; = B. For each prompt x € B, we

initialize an empty rollout set y,ﬁm = @ and an initial rollout budget m§}> = my. Instead of

allocating a large number of rollouts to every prompt upfront, our method performs rollout
generation and prompt selection jointly over multiple refinement iterations.

At refinement iteration f, let A; denote the current active subset of prompts. For each x € A4;,

we first generate m J(Ct) rollouts from the current policy 7ry(- | x), denote the newly generated

rollout set by 37,5”, and merge it into the existing rollout set:

W= udl.

We then compute the utility score of each prompt in A; as the variance of the rewards of its
rollouts:

u =Var({Roy) [y e Y}, xe 4,

and, when t < T, construct the next active subset by retaining the top-« fraction of prompts
ranked by uj(f):
Ai = Topa(.At;u(t)).

For each retained prompt x € A;;1, we increase its rollout budget multiplicatively for the
next iteration:
t+1 t
) = ),

where y > 1 is the expansion ratio. Prompts that are filtered out from .4; receive no further
rollout generation in subsequent iterations of the current training step. By progressively
enlarging rollout budgets only for retained prompts, the method concentrates computation
on potentially informative examples while avoiding excessive rollout generation on low-
value ones. The full procedure is summarized in Algorithm 1.
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Algorithm 1: Varlance Guided Online Rollout allocation (VIGOR)

Input: training dataset D, reward function R, total training steps S, batch
size B, initial rollout budget m, refinement iterations T, expansion
ratio v, selection ratio «

1 fors=1to S do

2 | Sample a batch B from D with |B| = B;

3 foreach x € B do

4 L Initialize rollout set Vy < @ and rollout budget m, < my;

5

6

Initialize active subset A + B;
fort =1to T do

7 foreach x € A; do
8 Generate m, rollouts from 75 (- | x) and add them to );
9 Compute utility score uy <— Var({R(x,y) |y € Vx});

10 if t < T then

11 Select a subset A; 41 C A; containing the top-a fraction of

prompts ranked by uy;
12 foreach x € A;;1 do
13 L Update rollout budget m, < ymy;

14 | Use all retained rollouts in {Vx }xep to perform GRPO updates on 7ty;
15 Return updated policy p;

4.3 Convergence-Time Analysis

Theorem 2. Let u denote the prompt-level reward variance, and assume that the upper tail
of u follows a Pareto distribution with threshold #mi, > 0 and shape parameter k > 1, i.e,,
flu) = kufnin JuFt for u > 1. Consider VIGOR with T refinement rounds, selection ratio

a € (0,1), expansion ratio ¢ > 1, and initial rollout budget . In the budget-conserving
case oy = 1, the GRPO-to-VIGOR characteristic timescale ratio is

1/3
Greo _ (@ V9T -1
- —1/k - 4)
TVIGOR T(a=1/k—1)
In the compute-skew case ay > 1, the leading-order scaling becomes
TGRPO _ ((a—l/k)T/?)) ) )
TVIGOR

up to a multiplicative constant depending only on «, v, and k. Thus, under this distributional
assumption, VIGOR’s timescale advantage grows with the number of refinement rounds
and becomes larger for heavier-tailed prompt-variance distributions. The full derivation is
given in Appendix D.2.

5 Experiments

5.1 Setup

In this section, we present the detailed experimental setup and analyze the experimental
results of VIGOR.

¢ In Section 5.2, we show that VIGOR substantially improves training efficiency on both
math and coding tasks. On math, VIGOR requires up to 2.3 x fewer rollouts to reach the
target accuracy. On coding, VIGOR reaches the same full pass rate with 1.49x fewer
rollouts and improves average test pass rate by 3.4 points. We further show that these
efficiency gains come with stronger final performance in both settings.

¢ In Section 5.3, we further analyze why VIGOR is effective and validate the effectiveness
of variance-based selection through ablation.
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Table 1: Detailed evaluation results on six math reasoning benchmarks. The best and second
best performance across all settings are bold and underscored. Even with the highly unfair
GRESO-g comparison, VIGOR achieves the best average score in nearly all settings.

Method  Math500 AIME24 AMC Gaokao Miner. Olymp. Avg.

Quwen2.5-1.5B
GRPO 55.2 33 289 49.6 20.2 19.4 29.5
GRESO-r 53.0 6.7 241 46.0 19.1 21.8 28.4
GRESO-g 57.8 33 289 51.4 18.8 24.2 30.7
RL-ZVP 55.6 3.3 33.7 45.7 18.8 215 29.8
VIGOR 55.8 6.7 27.7 50.4 17.6 22.3 30.1
Quwen2.5-3B
GRPO 66.2 42 37.0 55.3 26.6 30.3 36.6
GRESO-r 66.6 5.0 33.7 57.1 27.5 30.1 36.7
GRESO-g 66.4 8.3 37.0 56.2 274 30.7 37.7
RL-ZVP 65.8 9.2 33.7 57.7 27.1 304 37.3
VIGOR 65.4 8.3 39.2 56.4 27.5 30.6 37.9
Qwen2.5-7B
GRPO 79.6 23.3 55.4 64.7 33.8 41.8 49.8
GRESO-r 78.2 16.7 54.2 65.7 36.8 424 49.0
GRESO-g 794 20.0 57.8 68.1 36.0 40.7 50.3
RL-ZVP 77 4 16.7 54.2 66.8 36.4 42.6 49.0
VIGOR 80.4 23.3 55.4 69.1 35.3 42.3 51.0

Phi-4-Mini-Instruct

GRPO 73.6 11.7 40.1 62.3 33.5 36.4 429
GRESO-r 72.0 9.2 404 59.7 33.6 359 41.8
GRESO-g 734 14.2 39.5 61.5 33.1 37.2 43.1
RL-ZVP 72.3 10.8 40.7 60.6 33.3 36.8 424
VIGOR 73.0 14.2 41.6 61.5 33.7 36.4 43.4

Models and training configuration. We evaluate VIGOR on both mathematical reasoning
and coding. For math, we train Qwen2.5-1.5B/3B/7B (Yang et al., 2024a) and Phi-4-Mini-
Instruct (Microsoft, 2025) on MATH (Hendrycks et al., 2021) (mixed with DAPO data (Yu
et al., 2025) for the larger models) and report the average accuracy over six reasoning bench-
marks. For coding, we follow the rich-feedback LiveCodeBench setting of SDPO (Hiibotter
et al., 2026) and train Qwen3-8B (Yang et al., 2025) on LiveCodeBench v6 (LCBv6) (Jain
et al., 2025), reporting full pass rate averaged over three random seeds. For fair comparison,
all methods share the same effective batch size, rollout budget per step, and optimizer
configuration: VIGOR uses T = 4, my = 2, v = 2, and & = 0.5, while baselines use 8 rollouts
per prompt. Full configurations are provided in Appendix C.

Baselines. We compare VIGOR with the standard GRPO baseline and two recent state-
of-the-art methods that represent the two major directions for improving RLVR efficiency:
GRESO (Zheng et al., 2025b), a dynamic-sampling difficulty-aware method (Yu et al., 2025)
that uses early-training reward dynamics to sample difficult prompts but requires more
rollouts per update, and RL-ZVP (Le et al., 2026), which extracts more learning signal from
a fixed rollout budget by replacing the zero-advantage signal of zero-variance prompts with
entropy-guided token-level rewards. Since GRESO spends extra rollouts, we report two
variants in Table 1: GRESO-r restricts GRESO to the same total rollout budget as the other
methods, while GRESO-g matches their number of gradient-update steps and thus spends
about twice as many rollouts. For coding, due to the substantially higher time and compute
cost of training on LiveCodeBench v6, we restrict the comparison to GRPO and VIGOR.
As a supplementary experiment, we further compare VIGOR with standard GRPO and
PODS (Xu et al., 2025) under a larger rollout budget of n = 32 (Section 5.3).
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5.2 Main Results

Main math results. We first evaluate VIGOR on mathematical reasoning. The right panel
of Figure 1 shows that VIGOR consistently reduces the rollout budget needed to reach the
target accuracy. The largest improvement appears on Qwen2.5-3B, where VIGOR reaches
the target with 2.3x fewer rollouts than GRPO, GRESO, and RL-ZVP. We defer the per-
model rollout-efficiency curves for the remaining scales to Figure 6 in Appendix A, which
show the same advantage on Qwen2.5-1.5B, Qwen2.5-7B, and Phi-4-Mini-Instruct.

Table 1 reports the detailed benchmark scores after training, using two epochs for the Qwen
models and one epoch for Phi-4-Mini-Instruct, and selecting each method’s best average-
score checkpoint. Under the fair rollout-matched comparison against GRPO, GRESO-r, and
RL-ZVP, VIGOR achieves the best average score on all four model scales. It also improves
the strongest competing method on key benchmarks, with gains of up to 2.5 points on
the best benchmark. Even compared with GRESO-g, which uses about twice the rollout
computation, VIGOR still achieves a higher average score on all but the 1.5B model. These
results show that VIGOR improves rollout efficiency while preserving, and often improving,
final model quality.

Coding results on LiveCodeBench v6. The left panel of Figure 1 further shows that VIGOR
improves RLVR training on LCBv6 with Qwen3-8B. In this figure, full pass rate counts a
problem as correct only if all of its validation tests pass. VIGOR reaches the full-pass-rate
level achieved by GRPO at the end of training using 32.9% fewer rollouts, corresponding to
a 1.49x rollout-efficiency speedup. At the end of training, VIGOR also improves the three-
seed average full pass rate from 44.0% to 45.7%, a gain of 1.7 percentage points over GRPO.
In Appendix E.1, we further report the finer-grained average test pass rate, which averages
the pass rate over individual test cases rather than requiring a full solve: VIGOR improves
this metric from 63.4% to 66.8% at the end of training, a gain of 3.4 percentage points. These
coding results show that VIGOR remains effective beyond math reasoning and continues to
improve rollout efficiency and final performance on more complex program-synthesis tasks.
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Figure 4: Generation and verification time under different scaling factors, measured on
8xGH200 GPUs. VIGOR achieves substantial training speedups over GRPO without
incurring additional time, and requires far less time than GRESO. Left: Time versus batch
size on Qwen2.5-7B. Right: Time versus average response length at fixed batch size 640
on Phi-4-mini-instruct and Phi-4-mini-reasoning.

No extra time overhead at the same rollout budget. All methods use the same number
of prompts, gradient updates, and rollout budget per step, except GRESO, which requires
more rollouts. We measure wall-clock generation-and-verification time under varying batch
sizes and response lengths, as shown in Figure 4. VIGOR stays close to the baseline and RL-
ZVP, and becomes substantially faster than GRESO once the batch size is sufficiently large.
Since this time grows superlinearly with response length, GRESO’s overhead is especially
pronounced on today’s long-chain-of-thought workloads, whereas VIGOR preserves near-
baseline efficiency despite its iterative rollout process.

This also justifies using rollout count as a direct efficiency proxy in the main curves of
Figure 1: the gradient-update phase is nearly identical across methods, while generation
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time scales almost linearly with rollout count once the batch is large enough to saturate the
rollout engine. Combined with convergence speed, this yields an end-to-end wall-clock
advantage: on Qwen2.5-3B, VIGOR reaches the 37.8% target accuracy in 50 steps versus
GRESO'’s 105, a 2.65 x wall-clock speedup.

5.3 Analysis and Ablation Study

9 .
R Random —— <27 : GRPO (1=32) ——
26 Difficulty 26 : PODS (1=32, m=8)
24 Variance (Ours) 24 - VIGOR (Qurs, n=32) ——
T T T T T T T = T T T
0 80,000 160,000 240,000 320,000 400,000 0 300,000 600,000 900,000 1,200,000
# Rollout # Rollout

Figure 5: Ablation and large-group analysis. Left: Ablation on prompt selection strategies.
We compare our variance-based selection (VIGOR) with difficulty-based and random
selection on Qwen2.5-3B under the same training setting. VIGOR consistently achieves the
best performance, supporting our theoretical motivation. Right: Large-group comparison
under n = 32, where VIGOR remains more rollout-efficient than GRPO and PODS.

Variance-based selection achieves faster convergence with fewer rollouts. The core
design choice of VIGOR is to allocate additional rollout budget according to within-group
reward variance. To validate this choice, we compare our variance-based selection (VIGOR)
against difficulty-based and random selection in the ablation study. As shown in the left
panel of Figure 5, VIGOR consistently achieves the best performance, confirming that its
gains come from prioritizing more informative prompts rather than from generic computa-
tion reallocation alone. This suggests that selecting samples with larger gradient magnitude
matters more than merely reducing ineffective samples with zero reward variance.

VIGOR remains effective at large rollout budgets. We further compare VIGOR with
standard GRPO and PODS (Xu et al., 2025) under a larger candidate group size of n = 32.
As shown in the right panel of Figure 5, VIGOR still achieves a 2.77x rollout-efficiency
speedup over GRPO, showing that the benefit is not limited to small group sizes with noisy
variance estimates. Compared with PODS, which generates a large candidate pool and
then down-samples rollouts before the policy update, VIGOR performs allocation during
generation and avoids spending rollout budget on candidates that will later be discarded.
Under the matched-budget setting, PODS requires 5.34 x more rollouts and 3.97 x more
wall-clock time than VIGOR to reach the same target performance.

In Appendix B and Appendix F, we further provide a hyperparameter ablation study and
additional analyses on VIGOR'’s effective sample ratio and emergent training curriculum.

6 Conclusion

In this paper, we proposed VIGOR, an iterative data selection framework for RLVR, in
particular GRPO. By progressively allocating more rollout budget only to examples with
larger within-group reward variance, VIGOR improves computational efficiency while
preserving the original GRPO training paradigm. Experiments on mathematical reasoning
and coding tasks show that VIGOR substantially reduces the rollout budget needed to
reach the same performance, achieving up to 2.3x fewer rollouts on math and 1.49x fewer
rollouts on coding full pass rate, while also improving final performance. These results
suggest that variance-guided iterative rollout generation is a promising direction for more
compute-efficient RLVR.

10



Published as a conference paper at COLM 2026

Acknowledgments

This research was supported by the NSF-Simons Al Institute for Cosmic Origins (CosmicAl),
NSF CAREER Award 2146492, and NSF Al Institute for Foundations of Machine Learning
(IFML).

References

Art of Problem Solving. AIME problems and solutions for 2024. Online, 2024a. URL https:
//artofproblemsolving.com/wiki/index.php/AIME_Problems_and_Solutions. Accessed:
2026-03-27.

Art of Problem Solving. AMC problems and solutions for 2024. Online, 2024b. URL
https://artofproblemsolving.com/wiki/index.php/AMC_Problems_and_Solutions. Ac-
cessed: 2026-03-27.

Udbhav Bamba, Minghao Fang, Yifan Yu, Haizhong Zheng, and Fan Lai. Xrpo: Pushing the
limits of grpo with targeted exploration and exploitation. arXiv preprint arXiv:2510.06672,
2025.

Lichang Chen, Shiyang Li, Jun Yan, Hai Wang, Kalpa Gunaratna, Vikas Yadav, Zheng Tang,
Vijay Srinivasan, Tianyi Zhou, et al. Alpagasus: Training a better alpaca with fewer data.
In The Twelfth International Conference on Learning Representations (ICLR), 2024.

Paul E. Christiano, Jan Leike, Tom B. Brown, Miljan Martic, Shane Legg, and Dario Amodei.
Deep reinforcement learning from human preferences. In Advances in Neural Information
Processing Systems, volume 30, pp. 4299-4307. Curran Associates, Inc., 2017.

DeepSeek-Al, Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Peiyi Wang, Qihao
Zhu, Runxin Xu, Ruoyu Zhang, et al. Deepseek-r1: Incentivizing reasoning capability in
llms via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025a.

DeepSeek-Al, Aixin Liu, Aoxue Mei, Bangcai Lin, Bing Xue, Bingxuan Wang, Bingzheng
Xu, Bochao Wu, Bowei Zhang, et al. Deepseek-v3.2: Pushing the frontier of open large
language models. arXiv preprint arXiv:2512.02556, 2025b.

Chaoqun He, Renjie Luo, Yuzhuo Bai, Shengding Hu, Zhen Leng Thai, Junhao Shen, Jinyi
Hu, Xu Han, Yujie Huang, Yuxiang Zhang, Jie Liu, Lei Qi, Zhiyuan Liu, and Maosong
Sun. Olympiadbench: A challenging benchmark for promoting agi with olympiad-level
bilingual multimodal scientific problems. arXiv preprint arXiv:2402.14008, 2024.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang,
Dawn Song, and Jacob Steinhardt. Measuring mathematical problem solving with the
MATH dataset. In Advances in Neural Information Processing Systems, volume 34, 2021.

Jonas Hiibotter, Frederike Liibeck, Lejs Behric, Anton Baumann, Marco Bagatella, Daniel
Marta, Ido Hakimi, Idan Shenfeld, Thomas Kleine Buening, Carlos Guestrin, and Andreas
Krause. Reinforcement learning via self-distillation. arXiv preprint arXiv:2601.20802, 2026.

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia Yan, Tianjun Zhang, Sida Wang,
Armando Solar-Lezama, Koushik Sen, and Ion Stoica. Livecodebench: Holistic and
contamination free evaluation of large language models for code. In The Thirteenth
International Conference on Learning Representations (ICLR), 2025.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying Sheng, Lianmin Zheng, Cody Hao Yu,
Joseph E. Gonzalez, Hao Zhang, and Ion Stoica. Efficient memory management for large
language model serving with pagedattention. arXiv preprint arXiv:2309.06180, 2023.

Hynek Kydlicek. Math-verify: Math verification library. Software, 2024. URL https:
//github.com/huggingface/Math-Verify. Version 0.6.1.

11


https://artofproblemsolving.com/wiki/index.php/AIME_Problems_and_Solutions
https://artofproblemsolving.com/wiki/index.php/AIME_Problems_and_Solutions
https://artofproblemsolving.com/wiki/index.php/AMC_Problems_and_Solutions
https://github.com/huggingface/Math-Verify
https://github.com/huggingface/Math-Verify

Published as a conference paper at COLM 2026

Nathan Lambert, Jacob Morrison, Valentina Pyatkin, Shengyi Huang, Hamish Ivison, Faeze
Brahman, Lester James V. Miranda, Alisa Liu, Nouha Dziri, et al. Tulu 3: Pushing frontiers
in open language model post-training. arXiv preprint arXiv:2411.15124, 2024.

Thanh-Long V. Le, Myeongho Jeon, Kim Vu, Viet Lai, and Eunho Yang. No prompt left be-
hind: Exploiting zero-variance prompts in llm reinforcement learning via entropy-guided
advantage shaping. In The Fourteenth International Conference on Learning Representations
(ICLR), 2026.

Aitor Lewkowycz, Anders Andreassen, David Dohan, Ethan Dyer, Henryk Michalewski,
Vinay Ramasesh, Ambrose Slone, Cem Anil, Imanol Schlag, Theo Gutman-Solo, Yuhuai
Wu, Behnam Neyshabur, Guy Gur-Ari, and Vedant Misra. Solving quantitative reasoning
problems with language models. arXiv preprint arXiv:2206.14858, 2022.

Xuefeng Li, Haoyang Zou, and Pengfei Liu. Limr: Less is more for rl scaling. arXiv preprint
arXiv:2502.11886, 2025.

Hunter Lightman, Vineet Kosaraju, Yura Burda, Harri Edwards, Bowen Baker, Teddy Lee,
Jan Leike, John Schulman, Ilya Sutskever, and Karl Cobbe. Let’s verify step by step. arXiv
preprint arXiv:2305.20050, 2023.

Zichen Liu, Changyu Chen, Wenjun Li, Penghui Qi, Tianyu Pang, Chao Du, Wee Sun Lee,
and Min Lin. Understanding rl1-zero-like training: A critical perspective. arXiv preprint
arXiv:2503.20783, 2025.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101, 2019.

Yixiu Mao, Yun Qu, Qi Wang, Heming Zou, and Xiangyang Ji. Dynamics-predictive
sampling for active 1l finetuning of large reasoning models. In The Fourteenth International
Conference on Learning Representations (ICLR), 2026.

Microsoft. Phi-4-mini technical report: Compact yet powerful multimodal language models
via mixture-of-loras. arXiv preprint arXiv:2503.01743, 2025.

Niklas Muennighoff, Zitong Yang, Weijia Shi, Xiang Lisa Li, Li Fei-Fei, Hannaneh Hajishirzi,
Luke Zettlemoyer, Percy Liang, Emmanuel Candés, and Tatsunori Hashimoto. s1: Simple
test-time scaling. arXiv preprint arXiv:2501.19393, 2025.

Dang Nguyen, Wenhan Yang, Rathul Anand, Yu Yang, and Baharan Mirzasoleiman. Mini-
batch coresets for memory-efficient language model training on data mixtures. arXiv
preprint arXiv:2407.19580, 2024.

Hieu Trung Nguyen, Bao Nguyen, Wenao Ma, Yuzhi Zhao, Ruifeng She, and Viet Anh
Nguyen. Adaptive rollout allocation for online reinforcement learning with verifiable
rewards. In The Fourteenth International Conference on Learning Representations (ICLR), 2026.

OpenAl Openai ol system card. Technical report, 2024. URL https://cdn.openai.com/
ol-system-card-20241205.pdf. Accessed: 2026-03-22.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin,
Chong Zhang, Sandhini Agarwal, Katarina Slama, et al. Training language models to
follow instructions with human feedback. arXiv preprint arXiv:2203.02155, 2022.

Noam Razin, Zixuan Wang, Hubert Strauss, Stanley Wei, Jason D. Lee, and Sanjeev Arora.
What makes a reward model a good teacher? an optimization perspective. arXiv preprint
arXiv:2503.15477, 2025.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal
policy optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, Y. K. Li, Y. Wu, and Daya Guo. Deepseekmath: Pushing the limits of
mathematical reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.

12


https://cdn.openai.com/o1-system-card-20241205.pdf
https://cdn.openai.com/o1-system-card-20241205.pdf

Published as a conference paper at COLM 2026

Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin Wu, Wang Zhang, Ru Zhang, Yanghua
Peng, Haibin Lin, and Chuan Wu. Hybridflow: A flexible and efficient rlhf framework.
arXiv preprint arXiv:2409.19256, 2024.

Nisan Stiennon, Long Ouyang, Jeffrey Wu, Daniel M. Ziegler, Ryan Lowe, Chelsea Voss,
Alec Radford, Dario Amodei, and Paul F. Christiano. Learning to summarize with human
feedback. arXiv preprint arXiv:2009.01325, 2020.

Yixuan Even Xu, Yash Savani, Fei Fang, and J. Zico Kolter. Not all rollouts are useful:
Down-sampling rollouts in llm reinforcement learning. arXiv preprint arXiv:2504.13818,
2025.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan Li,
Dayiheng Liu, Fei Huang, et al. Qwen2.5 technical report. arXiv preprint arXiv:2412.15115,
2024a.

An Yang, Beichen Zhang, Binyuan Hui, Bofei Gao, Bowen Yu, Chengpeng Li, Dayiheng Liu,
Jianhong Tu, Jingren Zhou, et al. Qwen2.5-math technical report: Toward mathematical
expert model via self-improvement. arXiv preprint arXiv:2409.12122, 2024b.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen
Yu, Chang Gao, Chengen Huang, et al. Qwen3 technical report. arXiv preprint
arXiv:2505.09388, 2025.

Yixin Ye, Zhen Huang, Yang Xiao, Ethan Chern, Shijie Xia, and Pengfei Liu. Limo: Less is
more for reasoning. arXiv preprint arXiv:2502.03387, 2025. COLM 2025.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xiaochen Zuo, Yu Yue, Weinan Dai,
Tiantian Fan, Gaohong Liu, et al. Dapo: An open-source llm reinforcement learning
system at scale. arXiv preprint arXiv:2503.14476, 2025.

Xiaotian Zhang, Chunyang Li, Yi Zong, Zhengyu Ying, Liang He, and Xipeng Qiu. Evalu-
ating the performance of large language models on gaokao benchmark. arXiv preprint
arXiv:2305.12474, 2023.

Yuheng Zhang, Wenlin Yao, Changlong Yu, Yao Liu, Qingyu Yin, Bing Yin, Hyokun Yun, and
Lihong Li. Improving sampling efficiency in rlvr through adaptive rollout and response
reuse. arXiv preprint arXiv:2509.25808, 2025.

Haizhong Zheng, Jiawei Zhao, and Beidi Chen. Prosperity before collapse: How far can
off-policy rl reach with stale data on llms? arXiv preprint arXiv:2510.01161, 2025a.

Haizhong Zheng, Yang Zhou, Brian R. Bartoldson, Bhavya Kailkhura, Fan Lai, Jiawei Zhao,
and Beidi Chen. Act only when it pays: Efficient reinforcement learning for llm reasoning
via selective rollouts. In The Thirty-Ninth Conference on Neural Information Processing
Systems (NeurIPS), 2025b.

Haotian Zhou, Tingkai Liu, Qianli Ma, Yufeng Zhang, Jianbo Yuan, Pengfei Liu, Yang You,
and Hongxia Yang. Davir: Data selection via implicit reward for large language models.
In Proceedings of the 63rd Annual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers), pp. 9220-9237. Association for Computational Linguistics, 2025.

13



Published as a conference paper at COLM 2026

A Detailed Benchmark Results

We provide the validation-accuracy curves against rollout compute over the course of
training for all the remaining model settings in Figure 6. Unlike the main-paper summary
views, these curves expose the entire training process and make it possible to compare
both the learning speed and the final performance of different data selection strategies
throughout optimization.

Across models, our method achieves more efficient data selection over the course of training,
which translates into faster accuracy improvements under the same rollout budget. In
particular, the gains are already visible in the early and middle stages of training, and the
advantage is maintained as training proceeds, indicating that the selected data remains
informative beyond only the initial warm-up phase.

Qwen2.5-1.5B Qwen2.5-7B Phi-4-Mini-Instruct

30 22.8% fewer rollouts vs RL-ZVP 50 22.7% fewer rollouts vs GRPO
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Figure 6: Rollout efficiency on the remaining math model settings. VIGOR is compared
with GRPO, GRESO, and RL-ZVP on Qwen2.5-1.5B, Qwen2.5-7B, and Phi-4-Mini-Instruct.

B More Ablations

As shown in the left panel of Figure 9, even with VIGOR, roughly 20% of the samples at
each gradient update step are still invalid rollouts. This observation motivates a natural
follow-up question: should we further rebalance the rollout budget by using more rollouts
per iteration but fewer iterative refinement rounds, or by relaxing the selection ratio after
the first generation stage so that more prompts remain active for later rollout allocation?

To study this trade-off, we compare VIGOR

with three alternative designs. The first vari- *7]

ant, T=2, my=4, a=25%, y=4, increases the 36

number of rollouts generated in each iter- 34+

ation while reducing the number of itera- O\; 3

tive refinement rounds. The second variant, g 4

Adjusted 1st step, a=25%, y=4, keeps more 2 Adjusted st step, x=25%, y=4 ——

prompts after the first generation stage by < 7] T=2, mo=4, a=25%, y=4 ——

lowering the pruning ratio, and then com- 26 Dynamic switch by invalid-rollout ratio

pensates with more rollout allocation in sub- 2 VIGOR (Ours)

sequent refinement. The third variant, Dy- T T T T
0 15,000 30,000 45,000 60,000

namic switch by invalid-rollout ratio, adap-
tively changes the rollout schedule accord-
ing to the observed invalid-rollout ratio dur- _ ) )
ing training. In all cases, we keep the to- Figure 7. Ablation on alternative rollout-
tal rollout budget per gradient update step allocation schedules measured by validation
identical, so the comparison isolates the ef- accuracy against the number of rollouts con-

fect of allocation strategy rather than total sumed. Every method uses the same total
computation. number of rollouts per gradient update step

for a fair comparison.

# Rollout

Figure 7 shows that, overall, the default

VIGOR configuration achieves the best performance. The Adjusted 1st step, a=25%, y=4
variant shows a weak advantage during the first refinement iteration, but this early gain is
overtaken as training progresses, and VIGOR ultimately reaches the highest final accuracy;
we further find that this early-stage improvement is closely tied to the specific dataset and
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does not generalize across settings. This suggests that simply reducing the invalid-rollout
ratio is not sufficient: the key is to preserve iterative selection pressure on high-variance
prompts, which allows VIGOR to allocate computation to samples with stronger learning
value throughout training.

All schedules in this ablation are constrained to the same total rollout budget per gradient
update step. The default configuration, T = 4, mg = 2, v = 2, and a« = 0.5, therefore
reflects an allocation trade-off rather than a larger compute budget: it retains enough
rounds to repeatedly focus on high-variance prompts while keeping the first-stage estimate
inexpensive.

C Detailed Experimental Setup

We present the full experimental setup details here. VIGOR and all baselines, includ-
ing GRPO, GRESO, and RL-ZVP, are implemented within the same verl-based training
pipeline (Sheng et al., 2024) with vLLM (Kwon et al., 2023) for rollout generation, ensuring
that every comparison is conducted under a unified infrastructure. For fair comparison, all
methods use the same effective training batch size and optimizer configuration. VIGOR
uses T = 4, my = 2, v = 2, and a« = 0.5, while all baselines use 8 rollouts per prompt so
that the total rollout budget per step is matched under the same batch size. We conduct
math experiments on Qwen2.5-1.5B, Qwen2.5-3B, Qwen2.5-7B (Yang et al., 2024a), and
Phi-4-Mini-Instruct (Microsoft, 2025). For the 1.5B and 3B models, training uses only the
MATH dataset, while for the 7B and Phi models we follow prior work (Zheng et al., 2025b)
and train on a mixture of MATH and DAPO data to increase data diversity at the larger
scale. For Qwen2.5-1.5B/3B/7B, we use a maximum context length of 4096 tokens, split
into a maximum prompt length of 1536 and a maximum response length of 2560. For
Phi-4-Mini-Instruct, we instead use a maximum prompt length of 2048 and a maximum
response length of 6144. For reward computation, we use Math-Verify (Kydlicek, 2024).
The main training runs are conducted on 8 xGH200 GPUs, while several statistics-related
experiments are conducted on 4xA40 GPUs. The training batch size is 160 for the 1.5B
and 3B models and 640 for the 7B and Phi-4-Mini-Instruct models, with gradient-update
mini-batch sizes of 32 and 64, respectively; each training step contains 20 gradient-update
steps. We optimize the actor model with AdamW (Loshchilov & Hutter, 2019) using a

constant learning rate of 1 x 107°. Unless otherwise stated, the rollout engine memory
utilization is capped at 0.5, the reference model log-probability micro-batch size is 32 per
GPU with parameter offloading enabled, and critic warmup is set to 0. For the baseline
methods, we follow the open-source GRESO implementation exactly, while for RL-ZVP we
follow the paper setting and use a scaling factor of « = 0.1.

For evaluation, we run validation every 5 training steps, corresponding to every 100 gradient-
update steps, to measure training efficiency throughout optimization. During validation,
we generate one sampled response per prompt with top-p = 0.7 and temperature 1.0. We
report results on six mathematical reasoning benchmarks: Math500 (Lightman et al., 2023),
AIME24 (Art of Problem Solving, 2024a), AMC (Art of Problem Solving, 2024b), Minerva
Math (Lewkowycz et al., 2022), Gaokao (Zhang et al., 2023), and Olympiad Bench (He et al.,
2024). Following the main experimental protocol, the results in Table 1 are taken from the
best checkpoint of each method after training for three epochs on MATH for the 1.5B and 3B
models, and for two epochs on the MATH+DAPO mixture for the 7B model.

Coding setup. For coding, we follow the rich-feedback LiveCodeBench setting of
SDPO (Hiibotter et al., 2026) and train Qwen3-8B (Yang et al., 2025) on LiveCodeBench v6
(LCBv6) (Jain et al., 2025). LCBv6 contains recent contest-style programming problems and
naturally exposes informative environment feedback, such as public unit-test outcomes,
failed test cases, and runtime errors. We evaluate under a public/private unit-test protocol:
public tests provide online training feedback, while hidden/private tests are reserved for
validation. During training, each generated solution is executed against the public tests,
yielding a verifiable pass/fail reward together with rich execution feedback. VIGOR keeps
the GRPO optimization objective unchanged and uses the emerging group reward variance
to decide which coding prompts receive additional rollouts. We use a maximum prompt
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length of 2048 and a maximum response length of 8192. The training batch size is 64, with
a PPO mini-batch size of 8 and a micro-batch size of 1 per GPU; we disable the KL loss,
following the KL-free GRPO setup used throughout this work, and use an asymmetric
clipping ratio with an upper bound of 0.28. Training is conducted on 16 GPUs, with the
rollout engine memory utilization capped at 0.55. As in the math setting, VIGOR starts
from an initial rollout budget of my = 2 per prompt. We validate every 5 training steps,
sampling 4 responses per prompt with top-p = 0.95 and temperature 0.6, and train for 31
epochs in total. Due to the substantially longer training time and stochasticity of coding
RL, we compare VIGOR with the standard GRPO baseline under the same Qwen3-8B and
LCBv6 setup, and run each method with three random seeds. We report full pass rate on
the validation tests, averaged across the three seeds.

D Proofs

In this section, we provide the deferred proofs for the theoretical results in Section 5.

D.1 Proof of Theorem 1

Lemma1. For asampled prompt x with a rollout group of size G, assume the importance
sampling gradients are bounded, ||Vgp;(8)| < M (Razin et al., 2025). Define the total

advantage signal as S = Ziczl |A;|. Then the gradient of the GRPO objective for this sample
is bounded by

M
VeLcrrol| < coth | VoDxr (7o || ref) |- (6)

Proof. LetI; € {0,1} be the indicator for the unclipped surrogate objective. The objective
gradient is

1 G
VoLcrro = c Y 1iAi Vpi(0) — B VeDxr (7t || Tref)- )
i=1
Applying the triangle inequality and |I;| < 1 to the reward-driven term yields

1 & 1 &
e Y LiA; Vepi(0)|| < e Yo 1Ll - Al - [ Vepi(0)]]
i=1 i=1 (8)
M
< —=S.
=S
Adding the KL penalty term gives
M
IVeLareoll < =5 + B[ VoD (76 || 7tret) I ©)

Recent RLVR systems often remove the KL term to improve training efficiency (Yu et al.,
2025; Zheng et al., 2025b). In this setting, the bound reduces to

M
VeLcrrol| < 5 (10)
[ |

Lemma 2. For a group of G generated samples with binary raw rewards r; € {+1, -1},

define the total gradient signal in GRPO as S = 21'6:1 |A;|. Then S is proportional to the
within-group reward standard deviation with proportionality constant G, i.e., S = Go.

Proof. Let p be the proportion of samples receiving a positive reward +1. The mean and
variance of the binary rewards are y = 2p — 1 and ¢ = 4p(1 — p), respectively. The z-score
normalized advantages, defined as A; = ", for the positive and negative samples are

A+:M A_:;Zp. (11)

7

(o g
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The total gradient signal S = Zle |A;| is the sum of absolute advantages over the Gp
positive and G(1 — p) negative samples:

S=Glplasl +(1-p)laf) =G (2UZ2 2021 _oROZP) )

Since 0? = 4p(1 — p), this simplifies directly to S = G%z = Go. [ |

Proof of Theorem 1. Following the KL-free training setup considered in Theorem 1 (Yu
et al., 2025), Lemma 1 gives

M
VeLcrrol| < Yehs (13)

By Lemma 2, in the binary-reward setting we have S = Go. Substituting this identity into
the bound above yields

|VeLgrroll < Mo (14)

Therefore, in the binary-reward setting of GRPO, the gradient signal magnitude is directly
controlled by the within-group reward dispersion: larger sample variance yields larger o,
and thus stronger update signal. In particular, the maximum S = G is attained when the

rewards are perfectly balanced, i.e., 2 = 1. This proves the theorem. [ |

D.2 Variance Amplification and Training Timescale

We provide the distributional calculation behind Equation 4. We first recall the optimization-
timescale result of Razin et al. (2025). For a desired reward improvement y > 0, they define
the hitting time

ty = inf {t PEy g ) PO Y] = By o [P ()] + 7} : (15)

They show that this time is lower bounded by

O ((IEX/NS [Varywrg(o)('\x’) [rRM(x’,y)]Dl/3> ’ (16)

where the hidden constants depend on optimization-specific factors such as the target
improvement, KL coefficient, and sequence length. Thus, optimization time scales with the
inverse cubic root of expected reward variance, and increasing the effective reward variance
reduces the characteristic optimization timescale.

We now analyze how VIGOR increases the effective variance. This analysis is intended to
characterize the regime where prompt informativeness is strongly heterogeneous, which
is common in RLVR: most prompts are already easy or still too hard and therefore have
near-zero reward variance, while a small frontier subset has high variance and contributes
stronger policy-gradient signal.

Let u denote the prompt-level reward variance. We model the upper tail of u# with a Pareto
distribution with threshold i, > 0 and shape parameter k > 1:

ku’rcnin
f(u) = uk+1’ U > Umin. (17)

Smaller k corresponds to a heavier tail, where informative prompts are rarer but have much
larger variance.

Uniform GRPO allocation. Under uniform prompt sampling, the effective prompt vari-
ance is

Vargrpo = E[u] = /u Cuf(u)du = ’;{uini;. (18)
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VIGOR allocation. At refinement round i, VIGOR retains the top &’ fraction of prompts
and allocates ' rollouts to each retained prompt. The survival threshold u} satisfies

P(u > uf) = o, uy = Umina K. (19)

The variance contribution of round i is therefore
E\(/ia)r = r)/imO /* uf(u) du
u; (20)

= moy'Vargrpon'1 7170,

The expected rollout count in the same round is
; -
Etount = moy'a’ @1
Thus the exact effective-variance amplification over T rounds is
T-1 —1/kyi
Varyigor Lo (yal 1K)

= = . 22
UeXaCt VarGRPO 2;1":701 ([x’)/)l ( )

Since ya! /% = (ay)a~1/% and a~1/¥ > 1, the numerator grows faster than the denomina-
tor. This gap becomes larger as the variance distribution becomes more heavy-tailed.

Timescale reduction. Following the result above, we write the characteristic training time
as

T=C-Var /3, (23)
where C > 0 absorbs optimization-dependent constants. Therefore

T

e = gl (24)

TVIGOR

For the compute-skew case a7y > 1, the leading-order scaling is
TGRPO (@ VR T/BC(a, 7y, k)13, (25)
TVIGOR

where C(a, v, k) is independent of T. For the budget-conserving case ay = 1, Equation 22
simplifies to
i G O o L

770(’7:1 = T - T(a_l/k _ 1) 7 (26)
which gives
—1/K\T 1/3
TGreO _ [ (a7F)T —1 27)
TVIGOR T(a~1/k—1) '

This expression shows that VIGOR's relative advantage increases as k — 17, i.e., as the
prompt-variance distribution becomes more heavy-tailed.

E Additional Robustness Analyses

E.1 Multi-Seed Robustness

To assess stability across random seeds, we run multi-seed evaluations in both domains,
training each method across three distinct seeds on MATH with Qwen2.5-1.5B and on LCBv6
with Qwen3-8B. As shown in the left and middle panels of Figure 8, VIGOR remains stable
across seeds in both settings, achieving an average training-efficiency speedup of 42.1%
over GRPO on math while preserving its rollout-efficiency and final-accuracy advantage on
coding. These consistent gains across domains and seeds demonstrate the strong robustness
of our method.
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E.2 Initial Variance Estimates Have a Low False-Negative Rate

Since VIGOR starts with only my = 2 rollouts per prompt, we measure whether informative
prompts are often missed by the initial variance estimate. In a Qwen2.5-3B training run
on MATH, we additionally generated 8 rollouts per prompt for measurement only, while
keeping VIGOR'’s allocation unchanged. Among prompts assigned to the low-budget track
after the initial two rollouts, prompts that would have fallen in the high-variance frontier
region under all 8 measurement rollouts account for only 7.9%. As shown in the right panel
of Figure 8, this indicates that the initial estimate filters out mostly low-information prompts,
and any missed frontier prompts can still reappear in later epochs as the policy changes.

Coding: Qwen3-8B

Probability

@
B

GRPO —— : : RL-ZVP
525 VIGOR —— : VIGOR ——

T T T T T T T T T T T T T T T T
0 5000 10000 15000 20000 25000 30000 0 20K 40K 60K 80K 100K 120K 140K 160K 5
# Rollout # Rollout Grpo correct count

Figure 8: Additional robustness results. Left: average test pass rate on LCBv6 with Qwen3-
8B. Middle: multi-seed training curves on MATH with Qwen2.5-1.5B, where each method
is run across three random seeds (shaded regions denote variation across seeds) and VIGOR
achieves an average training-efficiency speedup of 42.1% over GRPO. Right: distribution
of the number of correct rollouts (out of 8 measurement rollouts) for prompts that VIGOR
assigned to the low-budget track after the initial my = 2 rollouts; only 7.9% of these prompts
fall in the high-variance frontier region, indicating a low false-negative rate for the initial
variance estimate.

F Effective Sample Ratio and Emergent Curriculum

VIGOR naturally improves effective sample ratio and rollout efficiency. Beyond
strengthening the optimization signal through variance, VIGOR's iterative rollout gen-
eration naturally filters out ineffective rollouts (groups of rollouts with zero variance),
which yield zero advantage and no gradient signal. Unlike dynamic-sampling methods that
rely on oversampling, or RL-ZVP, which directly injects additional reward signal, VIGOR
uses iterative exploration to progressively allocate more rollouts to prompts that are less
likely to produce ineffective rollouts. As shown in the left panel of Figure 9, VIGOR in-
creases the proportion of effective samples that contribute non-trivial learning signal, while
reducing rollout waste on already easy or low-information prompts.

VIGOR induces an emergent curriculum. Using the Level 1-5 annotations in MATH, we
track the rollout-weighted average difficulty,
Y Level; - RolloutCount;
Y RolloutCount;
As shown in the right panel of Figure 9, the weighted difficulty increases over training,
showing that VIGOR naturally reallocates budget toward harder prompts as easier frontier

prompts become solved. This curriculum effect does not require explicit difficulty labels or
hand-designed scheduling; it emerges from online reward-variance allocation.

(28)

G Analysis of Selected Prompts

We conduct a case study on training prompts from the MATH dataset using a training run
with the Qwen2.5-1.5B model. During training, we track the number of rollouts generated
per prompt across multiple passes over the dataset. The aggregate rollout count serves
as a proxy for response variance, reflecting how consistently the model produces diverse
outcomes for a given prompt.
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Figure 9: Effective sample ratio and emergent curriculum. Left: Ineffective rollout ratio
versus training step. VIGOR substantially reduces the proportion of ineffective samples
that contribute zero gradient signal. Right: Rollout-weighted average MATH difficulty over

training, showing an emergent curriculum.

Prompts with high selection frequency correspond
to the model’s learning frontier. These prompts
tend to lie at an intermediate difficulty level: they
are not trivially solved across all rollouts, yet re-
main sufficiently interpretable for the model to
produce responses that engage with the under-
lying mathematical structure. In contrast, low-
selection prompts are typically either too simple,
yielding near-deterministic outputs, or too difficult,
resulting in consistently misguided or incorrect re-
sponses.

As shown in Figure 10, the rollout-count distribu-
tion is strongly right-skewed and its cumulative
distribution rises steeply at low rollout counts, in-

Cumulative Probability (%)

100

2

_____

5 10 15 20 25 30 3 40 45 50

S 6 65 W 75 R0 8 0
Cumulative Rollouts Per Prompt

Figure 10: Cumulative distribution of
rollout counts per prompt.

dicating that most prompts are not repeatedly selected for additional rollouts across epochs.
This suggests that a large fraction of prompts quickly become low-variance, consistent with
improved model confidence and reduced need for further exploration.

High-Selection Prompts

Answer: 2

27

Answer: 178

Answer: 24

{x,2x,3,2,5} if x can be any integer?
Answer: 5

Answer: 198

These prompts were consistently selected for more rollouts, indicating high variance.

1. Question: Triangle ABC has vertices A(0,8), B(2,0), C(8,0). A vertical line
intersects AC at R and BC at S, forming triangle RSC. If the area of ARSC is
12.5, determine the positive difference of the x and y coordinates of point R.

2. Question: 4 12-sided dice are rolled. What is the probability that the number
of dice showing a two digit number is equal to the number of dice showing
a one digit number? Express your answer as a common fraction.

3. Question: Let a,b,c,d,¢, f, g, h be real numbers such that abcd = 4 and
efgh = 9. Find the minimum value of (ae)? + (bf)? + (cg)? + (dh)?.

4. Question: What is the largest possible median for the five number set

5. Question: On the first day, Barry Sotter used his magic wand to increase an

object’s length by %, then by %, then %, and so on. On the nth day, the length
becomes 100 times the original. What is n?
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Low-Selection Prompts

These prompts were rarely selected for more rollouts, indicating low variance or
low learning signal, either because the model had already mastered the math opera-
tion(basic combinatrics, basic calculations), or because the model consistently did
not use the correct mathematical principles across all rollouts.

1. Question (easy): Compute (3).
Answer: 9

2. Question (easy): How many positive integers n satisfy (n +8)(n — 3)(n —
12) < 0?
Answer: 8

3. Question (easy): In the six-digit integer 346,792, what is the largest digit A
so that the number is divisible by 3?
Answer: 9

4. Question (hard): The rectangle ABCD below has dimensions AB = 123
and BC = 13+/3. Diagonals AC and BD intersect at P. If triangle ABP is
cut out and removed, edges AP and BP are joined, and the figure is then

creased along segments CP and DP, we obtain a triangular pyramid, all four
of whose faces are isosceles triangles. Find the volume of this pyramid.
Answer: 594

5. Question (hard): An equilateral triangle PQR is inscribed in the ellipse
;‘—; + Z—; =1, where Q = (0,b) and PR is parallel to the x-axis. The foci lie
on QR and PQ. Find FPT%

Answer: %
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