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Abstract
Reinforcement learning with verifiable rewards (RLVR) im-
plemented with Group Relative Policy Optimization (GRPO)
has driven substantial progress in training reasoning language
models. However, verifiable outcome rewards provide an im-
perfect measure of reasoning quality: a correct final answer
may not be supported by the reasoning trace, whereas an
incorrect rollout may contain a nearly correct reasoning tra-
jectory. We present empirical evidence for this mismatch and
hypothesize that the resulting reward noise contributes to in-
stability in reinforcement learning for both reasoning accu-
racy and token efficiency. To address this credit assignment
challenge, this paper proposes double-rollout reinforcement
learning. For each sampled rollout, we truncate its reason-
ing trace, sample multiple continuations from the truncated
prefix, and replace the original reward with the mean contin-
uation reward, yielding a more robust estimate of reasoning
quality. This double-rollout algorithm incurs only a moder-
ate increase in compute cost and yet reaches substantially
higher accuracies across math and coding tasks and across
Qwen and Nemotron models than baseline algorithms with
fewer RL steps. For example, using only DAPO data it trains
Nemotron-3-Nano-30B-A3B to reach 95.4% on AIME 2026,
versus 91.5% by GRPO and substantially above state of the art
for this model size, within 30 RL steps. When combined with
length-based rewards, the same algorithm further improves
the accuracy-efficiency Pareto frontier over existing efficiency
optimizations. These findings suggest that the double-rollout
reward estimation is an effective and cost-efficient way to im-
prove both the accuracy and token efficiency of reasoning RL.
Training code is available at:
https://github.com/NVIDIA-NeMo/RL/tree/haifengqian/double-rollout-paper

1 Introduction
Reasoning large language models (LLM) trained by rein-
forcement learning with verifiable rewards (RLVR) have
been the foundation of the past few years’ tremendous
progress in artificial intelligence (Jaech et al. 2024; Guo
et al. 2025; Kimi Team 2026; Zeng et al. 2026; Qwen Team
2026; Blakeman et al. 2026). A crucial ingredient of success-
ful RLVR is building reliable verifiers, – carefully designed
rule-based or model-based judges to assign proper reward
values and to close loopholes of reward hacking, – because
unreliable rewards lead to unstable and suboptimal RL.

∗These authors contributed equally.

However, one aspect of RL reward reliability remains a
great challenge: even perfect verifiers would assign dubious
reward values to RL rollouts when an LLM takes a guess
based on an inconclusive chain of thought. We will present
an empirical study in Section 2 to measure the prevalence
of this problem on math RL rollouts where the verifiers are
nearly perfect. These incorrect reward values can happen in
both directions: the model might guess a correct final answer
when the chain of thought does not support it, in which case
RL training would force the model to learn this questionable
sequence with positive advantage; the model might also gen-
erate a wrong final answer when its inconclusive chain of
thought is on a correct path, in which case RL training would
force the model to push down the probability of this chain of
thought. Both scenarios contribute to unstable and subopti-
mal RL and they are special cases of the credit assignment
challenge in RL.

This is particularly damaging when the RL training in-
cludes length-based reward or penalty, attempting to achieve
better token efficiency. As we will show in the empirical
study, the chance of these incorrect reward values is in-
versely correlated with rollout sequence lengths. In other
words, when we assign extra high reward values to a short
and correct rollout, this rollout is often correct only by chance
and we would be forcing the model to learn from a subpar
sequence where most of the tokens in the thinking trace are
of low quality. This explains why existing RL methods for
token efficiency often lead to undesirable trade-offs, some of
which are included as baselines in Section 3.

One possibility to mitigate this problem of unreliable re-
wards is to include some form of process reward model
(PRM) during RL (Zhang et al. 2025), such as Proximal
Policy Optimization (PPO)’s value network (Schulman et al.
2017). However, the field has long recognized the challenges
of training and using PRMs and, thanks to its simplicity and
robustness, Group Relative Policy Optimization (GRPO) and
its variants have become the main-stream approach for train-
ing reasoning LLMs (Shao et al. 2024), instead of PPO or
other algorithms that involve PRMs. For one thing, a PRM
would provide more surface for reward hacking and introduce
new sources of unreliable rewards.

In this paper, we address the unreliable-reward problem
by extending the simplicity and robustness of GRPO, by
leveraging the fact that we can estimate the value of a par-
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tial sequence by sampling multiple continuations to finish
and calculating the average verifiable reward of the con-
tinuations. To control the extra cost of sampling, we pick
a practical middle ground: for each rollout, we truncate it
at one place and perform the sampling-based reward es-
timation. For example, by truncating at the 90% of each
rollout’s thinking trace and performing 8 continuations, we
approximately double the compute needed for rollouts. With
a simple scheme of replacing the original reward with the
sampled estimation, more details in Section 2, we observe
remarkable improvements in RL. For example, using only
DAPO data1 (Yu et al. 2025) we are able to train Nemotron-
3-Nano-30B-A3B2 (Blakeman et al. 2025) to reach 95.4%
accuracy on AIME 2026, comparable to models with ten
times its size. We significantly outperform baseline GRPO
algorithms across Qwen and Nemotron model families and
across math and coding reasoning tasks. When used in com-
bination with length-based rewards, the proposed method
reaches accuracy-efficiency trade-off points across a wide
spectrum that are superior to those reachable by GRPO with
length-based rewards. We also observe a reduction in the
number of RL steps needed to achieve best accuracy, which
offsets some of the per-step compute cost increase.

The proposed method is also applicable to reinforcement
learning from human feedback (RLHF) on reasoning LLMs.
We’ll leave that to future work.

2 Double-Rollout RL
This section starts with a study on the unreliable-reward
problem followed by details of the proposed RL algorithms.

An Empirical Study on the Reliability of Rewards
As discussed in Section 1, even perfect verifiers would assign
dubious reward values to RL rollouts when an LLM takes a
guess based on an inconclusive chain of thought. We conduct
an experiment to quantify this effect and present the results
in Figures 1 and 2.

We collect rollouts by Nemotron-3-Nano-30B-A3B and
Qwen3-30B-A3B-Thinking-2507 on DAPO prompts. We
truncate each rollout and keep the first 90% of its thinking
trace. We generate continuations starting from each truncated
rollout and measure the average correctness of the continua-
tions. We use the math verifier in NeMo-RL3 (Contributors
2025) which is nearly perfect on DAPO problems. We group
the results by the correctness of the original rollout, showing
correct and incorrect ones in Figures 1 and 2 respectively.
Within each figure, we further divide the DAPO problems
into three difficulty-level subsets based on pass-rates by the
two models, showing as three subplots. Within each subplot,
we further group the data points by binning the lengths of
the original rollouts.

It’s not surprising that the continuations based on 90%
of a correct rollout are sometimes wrong or those based on

1http://huggingface.co/datasets/BytedTsinghua-SIA/DAPO-
Math-17k

2https://huggingface.co/nvidia/NVIDIA-Nemotron-3-Nano-
30B-A3B-BF16

3https://github.com/NVIDIA-NeMo/RL

Figure 1: Average correctness of a re-generation continuing
from 90% of a correct rollout’s thinking trace. X-axis is the
length of the original correct rollout. The prompts are DAPO
prompts divided into three subsets by difficulty.

an incorrect rollout are sometimes correct. What’s surprising
the the magnitude of the change. As shown by the top subplot
of Figure 1, for a short and correct rollout on a hard DAPO
problem, the pass rate of the continuations is on average as
low as 74%. In other words, when we assign high reward
values to these short and correct rollouts during RL, we
would force the model to learn low quality sequences, or at
least 90% of these positive-advantage training tokens are of
low quality.

The problem also exists in the opposite direction. Fig-
ure 2 suggests that a substantial fraction of incorrect rollouts
contain thinking traces that are on the right paths to cor-
rect solutions. Consequently, the probabilities of some good
quality reasoning tokens are unfairly pushed down during
RL.

A consistent observation across all six plots is the corre-
lation between correctness of continuations and the length
of the original rollout. To be precise, the shorter an original
rollout is, the larger the discrepancy is between the origi-
nal correctness and the average continuation correctness. We
hypothesize that this phenomenon is behind the undesirable
trade-offs by existing RL methods to optimize token effi-
ciency (Liu et al. 2025a; Kimi Team 2026): because shorter
rollouts’ quality are less certain, when we encourage the
model to learn from them we have inadvertently encouraged
uncertainty.

Double-Rollout Algorithm for Max Accuracy
As discussed in Section 1, we would like to address the
unreliable-reward problem without introducing the complex-
ity and instability of PRMs. Instead, we propose a minimalist



Figure 2: Average correctness of a re-generation continuing
from 90% of an incorrect rollout’s thinking trace. X-axis is
the length of the original incorrect rollout. The prompts are
DAPO prompts divided into three subsets by difficulty.

method by extending the spirit of GRPO: during RL, we ap-
ply the continuation sampling scheme as detailed in the em-
pirical study and simply replace each original reward value
with the average reward of the continuations. Despite its sim-
plicity, this algorithm change leads to significant benefit over
vanilla GRPO, to be presented in Section 3. The following
are additional engineering details.

After our reward revisions, there exist correctness-vs-
reward mismatched rollouts: a rollout with a correct final
answer could receive low reward, while a rollout with an
incorrect final answer could receive high reward. The former
case is because, during the original rollout, the model makes
a correct guess based on an inconclusive or even incorrect
thinking trace. The latter case is because the model makes an
incorrect final guess although the thinking trace is towards
the right direction. We observe empirically that fixing the
latter case, – by simply replacing the original rollout with
one of the correct continuations, – helps RL training results,
while fixing the former case is unnecessary. This makes in-
tuitive sense: the former case should be punished despite the
correct final answer because we want to discourage prema-
ture guessing. Therefore, the proposed RL algorithm includes
one-sided rollout replacements: for each original rollout that
receives positive GRPO advantage after our reward revisions
and yet contains an incorrect final answer, we replace it with
one of its correct continuations.

A major consideration of the proposed RL algorithm is
finding a sweet spot between the cost and benefit of the extra
sampling incurred during the second rollout stage. As the
example mentioned in Section 1, by truncating at the 90% of
each rollout’s thinking trace and performing 8 continuations,

we approximately double the overall compute for rollouts. To
avoid costly long tails, we set an upper limit for the number
of generated tokens in the second rollout as4:

10% · (original thinking trace length) + buffer

where buffer is task dependent and we have found empiri-
cally 1K to be sufficient for math prompts while 4K to be suf-
ficient for coding. Intuitively, the second rollout stage gives
the model sufficient token budget to recover the original
thinking trace plus a task dependent budget for generating
responses. It’s worth noting that, because the second roll-
out stage involves many parallel short generations, it’s more
friendly for maximizing GPU utilization than the first rollout
stage.

Double-Rollout Algorithm for Token Efficiency
As suggested by the empirical study, the proposed sampling-
based reward estimation should be able to mitigate the train-
ing instability of existing RL methods for token efficiency
and achieve better accuracy-efficiency trade-off for reason-
ing LLMs. In theory, the proposed method can be used in
conjunction with any existing proposals for length-based RL
penalty/reward. In this paper we will focus on modifying
(Arora and Zanette 2025) to develop a specific algorithm
and leave other variants to future work.

The key idea of (Arora and Zanette 2025) is to use the
same group-relative method of GRPO to calculate length-
based penalty and thereby avoid introducing absolute-token-
count hyper-parameters. Specifically, it calculates the mean
and standard deviation of the lengths of rollouts and a length-
based penalty is defined as a function of the z-score of the
length of a rollout; the penalty is only applied on correct roll-
outs. We adapt this method to work jointly with our double-
rollout reward calculation, with the following engineering
details:
• Instead the subset of correct rollouts, we work on the

subset of rollouts with positive GRPO advantage after
our reward revisions. Our calculation of the mean and
standard deviation of the lengths is also based on this
subset.

• We apply reward instead of penalty. In others words, we
revise the rewards for short-and-reliably-correct rollouts
upward, proportionally to its z-score, but we do not apply
any length-based downward revision. This is a heuristic
choice that allows the freedom to arbitrarily amplify the
magnitude of length-based reward without any risk of
confusing the model between incorrect rollouts versus
correct-but-long rollouts.

3 Experiments
Table 1 compares the proposed double-rollout algorithm
for max accuracy against baselines. We conduct experi-
ments in four settings: two choices of starting models times
two choices of RL training data. The two starting mod-
els are Nemotron-3-Nano-30B-A3B (Blakeman et al. 2025)

4The limit is only used during RL and is not used during the
empirical study in the previous subsection.



Start model Algorithm RL with DAPO prompts RL with OCR prompts
AIME 2024 AIME 2025 AIME 2026 LCB v5 LCB v6

Start 90.0% 88.3% 89.6% 72.4% 67.6%
Nemotron-3-Nano GRPO 91.7% 89.2% 91.5% 72.5% 70.9%
-30B-A3B GRPO w/ large rollout 90.8% 89.0% 91.9% 70.7% 70.6%

Double-rollout (ours) 92.1% 93.8% 95.4% 74.6% 70.7%
Start 92.5% 83.8% 87.1% 68.3% 66.3%

Qwen3-30B-A3B GRPO 93.3% 88.5% 89.0% 74.4% 70.8%
-Thinking-2507 GRPO w/ large rollout 90.4% 87.1% 87.5% 72.2% 74.1%

Double-rollout (ours) 93.3% 90.8% 90.0% 76.8% 72.1%

Table 1: Comparing the double-rollout RL algorithm for max accuracy against RLVR baselines on best achievable accuracies.

and Qwen3-30B-A3B-Thinking-25075 (Qwen Team 2025),
across two different model families. The two RL training
datasets are DAPO (Yu et al. 2025) for math and Open-
CodeReasoning (OCR)6 (Ahmad et al. 2025) for coding,
across two different types of reasoning tasks. Both datasets
are publicly available and predate the two starting models.
Based on the entropy of the two starting models’ generations,
it is highly likely that Qwen3-30B-A3B-Thinking-2507 has
been heavily trained on the DAPO data and that Nemotron-
3-Nano-30B-A3B has been heavily trained on the OCR data.
Therefore, it is not surprising that training on these prompts
again using vanilla GRPO achieves limited improvements on
these two models.

For each of the four settings, we compare the proposed
algorithm against two baseline algorithms: vanilla GRPO
and GRPO with large rollout. For vanilla GRPO and the
double-rollout method, we use 128 prompts per batch and
16 rollouts per prompt. For the double-rollout method, we
truncate at 90% of thinking traces and use 8 continuations
per rollout. For GRPO with large rollout, we also use 128
prompts per batch but with 128 rollouts per prompt; in other
words, the number of rollouts per prompt matches the number
of continuations per prompt in the double-rollout runs. Note
that these GRPO-with-large-rollout RL runs are extremely
expensive and the per-step cost is 8 times that of the vanilla
GRPO. As discussed in previous sections, the double-rollout
scheme approximately double the overall compute for roll-
outs and hence much cheaper than GRPO with large rollout.
All experiments are performed with NeMo-RL (Contributors
2025) and data profiling is done for all experiments to remove
prompts with zero or 100% pass rates. For each RL run with
DAPO data, we pick the checkpoint with the highest sum of
AIME 2024, 2025 and 2026 accuracies and report in Table 1.
For each RL run with OCR data, we pick the checkpoint with
the highest sum of LCB v5 and v6 accuracies and report in
Table 1.

Across all four settings, the proposed double-rollout RL
method reaches the best accuracies. It is remarkable that it

5https://huggingface.co/Qwen/Qwen3-30B-A3B-Thinking-
2507

6https://huggingface.co/datasets/nvidia/OpenCodeReasoning-
2; https://huggingface.co/datasets/nvidia/Nemotron-RL-coding-
competitive_coding

Param RL with DAPO prompts
AIME 2024 AIME 2025 AIME 2026

0-25% degradation from start model
50% 93.5% 91.7% 94.8%
75% 92.5% 91.5% 93.8%
90% 92.1% 93.8% 95.4%
99% 93.5% 90.0% 90.6%

Table 2: Ablation on truncation hyperparameter: percentage
of thinking trace to keep. Double-rollout RL experiments
using DAPO data on Nemotron-3-Nano-30B-A3B.

Param RL with DAPO prompts
AIME 2024 AIME 2025 AIME 2026

1 91.7% 89.2% 91.5%
2 92.7% 91.5% 94.6%
4 92.7% 91.7% 94.0%
8 92.1% 93.8% 95.4%
16 91.5% 92.9% 95.2%

Table 3: Ablation on the number of continuations per original
rollout. Double-rollout RL experiments using DAPO data on
Nemotron-3-Nano-30B-A3B.

is able to train a 30B MoE model to reach 95.4% accuracy
on AIME 2026 using only outdated training data. This is an
accuracy level that is comparable to models of 10 times its
size trained on more and newer data.

For each of the four settings, the number of RL steps
for GRPO to reach peak accuracy is 30, 45, 44 and 45 re-
spectively. In comparison, the number of RL steps for the
double-rollout method to reach peak accuracy is 30, 18, 16
and 30. We hypothesize that, because each double-rollout RL
step presents the model with higher quality training data, the
RL run becomes more data efficient and requires less steps.
This helps offset some of the extra per-step compute incurred
by our proposal.

Table 2 and Table 3 are ablation studies on the two hyper-
parameters introduced by the double-rollout method. Table 2
presents RL experiments where we vary the percentage of
thinking traces to keep before the second rollout stage. When



Figure 3: Comparing the accuracy-efficiency Pareto frontier
by the double-rollout algorithm against baselines on RL re-
sults with DAPO data on Nemotron-3-Nano-30B-A3B.

the percentage is below 50%, our sampling-based reward es-
timation becomes noisy, – it degenerates to difficulty assess-
ment of the prompt in the extreme case of zero percent, – and
RL degrades the model. When the percentage is too high at
99%, the sampled correctness becomes nearly deterministic
because the kept 99% tokens often already include the final
answer. The results at 50% and 75% are not far worse than
90%, which suggest that the proposed algorithm is robust
and not overly sensitive to this hyper-parameter. There is a
clear advantage in choosing higher percentage to save com-
pute cost of the second rollout stage and therefore 90% is the
best choice in this table.

Table 3 presents RL experiments where we vary the num-
ber of continuations to sample in the second rollout stage.
This hyper-parameter is a trade-off knob between compute
cost per RL step and the precision of reward estimation. At
the extreme of 1, the algorithm falls back to vanilla GRPO.
Table 3 suggests an overall upward trend and that 8 is a rea-
sonable middle ground. It’s remarkable that even two contin-
uations would bring substantial accuracy benefit at low extra
compute cost.

Figure 3 presents RL experiments that trade off between
token efficiency and accuracy. We use the upper-left setting
in Table 1 that starts from Nemotron-3-Nano-30B-A3B and
performs RL with DAPO data. We compare the two algo-
rithms of GRPO and double-rollout, skipping GRPO with
large rollout for its prohibitive compute cost. The x axis of
Figure 3 is the average token usage per AIME problem and
the y axis is the average of AIME 2024, AIME 2025 and
AIME 2026 accuracies. The starting model Nemotron-3-
Nano-30B-A3B’s trade-off point is marked with a star. The
right-most red square and right-most green circle are the
same checkpoints reported in Table 1 for GRPO and double-
rollout respectively. We additionally conduct two GRPO RL
runs using the length penalty of (Arora and Zanette 2025)
and the two runs differ by the magnitude of length penalty.
And we conduct two more double-rollout RL runs using the
adapted version of (Arora and Zanette 2025) described at the
end of Section 2, with two different magnitudes for length-
based reward. We pick Pareto-frontier checkpoints from these

runs by the following criteria. The middle green circle is the
double-rollout checkpoint that generates less than 30K to-
kens per AIME task on average and that has the highest
average accuracy across the three AIMEs. The left green cir-
cle is the double-rollout checkpoint that generates less than
25K tokens per task and that has the highest average accu-
racy across the three AIMEs. The second red square from the
right is the GRPO checkpoint that generates less than 25K
tokens per task and that has the highest average accuracy
across the three AIMEs. The third red square from the right
is the GRPO checkpoint that generates less than 20K tokens
per task and that has the highest average accuracy across the
three AIMEs. The left-most red square is the GRPO check-
point that generates less than 15K tokens per task and that
has the highest average accuracy across the three AIMEs.

Figure 3 shows that the proposed double-rollout RL algo-
rithm dominates the accuracy-efficiency Pareto frontier for
the range that it covers. It is remarkable that not a single
double-rollout checkpoint uses less than 20K tokens on av-
erage per AIME task. This holds true even when we increase
the magnitude of length-based reward up to 3 per z-score: if
a reliably correct rollout is shorter than average by one stan-
dard deviation, we increase its reward by 3. The reason is that,
in the proposed algorithm, a rollout must be reliably correct
before it qualifies to receive the extra length-based reward
(please see Section 2 for details), and this prevents the model
from sacrificing accuracy excessively as low-quality rollouts
are never trained with positive advantage, however short and
correct they may be. This leads to a fundamentally different
dynamic during RL from existing efficiency training meth-
ods. With existing length-based penalty/reward designs, an
RL run typically moves towards a succinct-but-low-accuracy
state, and we either have to pick a fleeting checkpoint after a
small number of steps or have to for example apply the toggle
trick proposed in (Kimi Team 2026). With the double-rollout
algorithm, an RL run goes to a steady state and then can
slowly improve its accuracy-efficiency trade-off and sustain
many RL steps.

If to explore the trade-off space further to the left in Fig-
ure 3, we can certainly modify the reward shaping described
at the end of Section 2 and achieve the effect, for exam-
ple by explicitly penalizing long rollouts. However, we hy-
pothesize that the best approach would be to conduct long
double-rollout RL experiments with length-based reward and
thereby encourage the model to explore efficient-yet-reliable
reasoning patterns. Unfortunately all our experiments have
been capped at 80 steps due to resource constraints. We’ll
leave that to future work.

4 Related Work
Reinforcement learning with verifiable rewards (RLVR) with
Group Relative Policy Optimization (GRPO) (Shao et al.
2024) is currently the most popular approach to train reason-
ing LLMs. There have been several variants of GRPO that
propose improvements on different aspects of the algorithm
(Liu et al. 2025b; Yu et al. 2025; Zheng et al. 2025), some
of which are already included in the baseline GRPO im-
plementation used in Section 3 by NeMo-RL (Contributors
2025).



Credit assignment in reasoning RL is a widely recognized
challenge and has motivated many existing methods in liter-
ature that are closely related to our work. The following are
some notable examples. VinePPO (Kazemnejad et al. 2024)
proposes to replace the value network in PPO with Monte
Carlo sampling: for each reasoning step, sequences are sam-
pled to finish and the average reward is used to estimate the
value for tokens in the step. This works on short reason-
ing tasks like MATH (Hendrycks et al. 2021) and GSM8K
(Cobbe et al. 2021), however the compute cost would be pro-
hibitive for training on modern long reasoning tasks. SPO
(Guo et al. 2026) proposes a similar scheme with an addi-
tional proposal of a tree data structure to reuse some of the
sampled sequences in value estimation. However, even with
all the bells and whistles, the method can only train on short
reasoning tasks like MATH and GSM8K with a sequence
length limit of 4K, and it is still prohibitive for training on
modern long reasoning tasks. PURE (Cheng et al. 2026) pro-
poses to use a PRM for credit assignment and, to mitigate
reward hacking due to the PRM, use the minimum of future
rewards as the value function; the empirical results on math
reasoning tasks, however, are fairly low accuracies. There are
numerous other works on the credit assignment problem for
reasoning RL (Pignatelli et al. 2023; Luo et al. 2024; Wang
et al. 2025; Cao et al. 2025). In contrast to these existing
works, our approach strikes a practical middle ground that
addresses some major failure modes of the coarse-graned
GRPO and at the same time maintains practical compute
cost when training on long reasoning tasks. This is validated
by our empirical results: ours is the only work on this sub-
ject that exceeds state-of-the-art math reasoning accuracy for
its model size, and it outperforms across math and coding
reasoning tasks and across model families.

Token efficiency is an crucial goal of RL for reasoning
LLMs and many techniques have been proposed (Arora and
Zanette 2025; Hou et al. 2025; Zhang and Zuo 2025; He
et al. 2025; Liu et al. 2025a; Kimi Team 2026). Most of them
involve length-based reward or penalty; some enforce token
budgets, which are a form of binary length-based penalty.
Some of them have reported undesirable accuracy-efficiency
trade-offs. For example, (Kimi Team 2026) reports a length-
overfitting phenomenon where, when trained under token
budgets, model fails to scale inference-time compute to solve
hard problems; in other words, enforcing token budgets leads
the model to a poor accuracy-efficiency trade-off state. As a
heuristic remedy, the authors propose to toggle the length-
based penalty on/off periodically during RL. For another ex-
ample, (Liu et al. 2025a) resorts to model merging in order
to mitigate accuracy loss caused by RL with length penalty.
As discussed in our empirical study in Section 2, we hypoth-
esize that the correlation between sequence lengths and the
reliability of rewards is the root cause of these undesirable
trade-offs. The proposed double-rollout RL method is able
to address the issue and achieve better accuracy-efficiency
trade-off points demonstrated in Figure 3.

5 Conclusion
This paper proposes the double-rollout reinforcement learn-
ing algorithm. It strikes a practical middle ground between

addressing the most detrimental symptoms of the credit as-
signment challenge in reasoning RL of LLMs and maintain-
ing an affordable computational complexity when training
on long reasoning tasks. Empirical results are presented on
training across math and coding reasoning tasks and across
model families, demonstrating superior accuracies as well as
superior accuracy-efficiency trade-offs.
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