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ABSTRACT

The standard training pipeline for Large Language Models (LLMs) proceeds sequentially
through pretraining, supervised fine-tuning (SFT), and reinforcement learning (RL). Mo-
tivated by the success of RL in improving reasoning, we investigate the potential for in-
troducing the RL objective at earlier stages of pretraining. Specifically, we study the effect
of applying RL directly to intermediate pretraining checkpoints against SFT-only training
and the conventional SFT → RL pipeline. Our results show that RL alone can substantially
improve reasoning performance even when applied after only 25% of pretraining. More-
over, the direct RL approach can achieve performance comparable to the standard SFT →
RL pipeline. We then analyze how early-RL affects output distribution (as measured by
pass@k) and show two opposing cases of RL sharpening versus expanding the model’s
distribution. Finally, we explore the role of roll out budgets in optimizing performance
at early stages of training. Overall, our findings offer novel insights into the effects and
potential benefits of introducing RL earlier in the pipeline than the current standard practice.

1 INTRODUCTION

In modern Large Language Model (LLM) training, the standard recipe involves distinct pretraining and
post-training stages. The current gold standard for post-training consists of Supervised Fine-Tuning (SFT)
followed by Reinforcement Learning (RL). These stages contrast in their objectives: pretraining and SFT
employ a Next-Token Prediction (NTP) objective via cross-entropy loss, whereas RL employs a policy
optimization objective. When training with NTP, the LLM approximates a static, external dataset—effectively
an off-policy regime. In contrast, when switched to the standard regime of RL training, the model learns from
its own on-policy generations instead.

The use of two distinct training objectives raises a basic but underexplored question: at what point during
training does an LLM become capable of learning from its own generations? Recently, there has been
growing interest in expanding the use of RL for pretraining (Hatamizadeh et al., 2025; Li et al., 2025; Xing
et al., 2025). As a pre-cursor, in this work we investigate the transition between off-policy and on-policy
training objectives, asking a fundamental question:

How and when should an RL objective be used in LLM training?

To answer these questions, we present a rigorous case study of on-policy learning with a focus on LLM
reasoning capabilities. Math provides a controlled setting with unambiguous rewards, making it a natural
testbed for studying early RL viability. We pretrain a 1B parameter model from scratch on a high-quality,
reasoning-heavy corpus, saving checkpoints Mt throughout the process. At each checkpoint Mt, we train
with RL on that checkpoint: RL Only (MRL

t ). To quantify how effective the RL objective the reasoning
capability of Mt, we establish two baselines: (1) SFT Only (MSFT

t ), and (2) Standard Pipeline (MSFT→RL
t ).

We use MSFT
t as a NTP objective baseline; it is trained on the same questions used for RL but with

human-written ground-truth solutions (i.e.,“off-policy” data). To obtain MSFT→RL
t , we run RL on top of

MSFT
t . This baseline represents the current gold standard. We perform evaluations on standard benchmarks:

GSM8K (Cobbe et al., 2021) and MATH (Hendrycks et al., 2021).

Our experiments offer three main insights into answering the above questions. First, as shown in Figure 1,
RL is effective surprisingly early in pretraining. Training with RL significantly improves performance across
datasets and metrics prior to pretraining on a large number of tokens. Second, contrary to recent findings
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Models can learn from their 
own generations very early 
in pre-training

RL on the base model 
improves Pass@1 and 
Pass@K (“expansion”)

2
SFT RL improves Pass@1 but 
hurts Pass@K (“sharpening”)

→

Figure 1: Overview. We analyze the effect of RL across intermediate pretraining checkpoints Mt and
across two settings: RL directly on the base model (RL Only; MRL

t ), and RL after SFT (Standard Pipeline;
MSFT→RL

t ). We observe: 1 On-policy learning is effective starting very early during standard pretraining.
MRL

t models show significant improvement in both pass@1 and pass@k metrics as soon as 2K steps (∼4B
tokens) of pretraining. 2 In line with prior work, MSFT→RL

t improves pass@1 performance over MSFT
t , but

harms pass@32 suggesting sharpening. 3 In contrast, MRL
t consistently leads to an increase in pass@32

performance suggesting that RL can actually expand the model distribution to learn new capabilities.

that RL only sharpens the output distribution, we find that early stage RL considerably improves pass@k
performance, indicating that RL can lead to distribution “expansion.” In contrast, we also reproduce the
sharpening effect in our standard pipeline settings. The two opposing results suggest that the effect of RL
depends on training pipelines. Third, early pre-training checkpoints might yield sparse or noisy reward.
Hence, we additionally study the effect of number of rollouts (n) to counter these sparse rewards. We observe
that a larger n provides diminishing returns with compute and fewer rollouts could in fact be significantly
more FLOP-efficient. Together, these findings suggest that early-stage RL objectives may be effective in
improving downstream performance.

Our work serves as a proof-of-concept for early-stage RL. We restrict our attention to training and evaluating
on math tasks in order to carefully control the environment. The results demonstrate the feasibility of
applying RL objectives to what would typically be considered “under-trained” models, opening questions
for future investigation regarding reward formulation, scaling behavior, and curriculum design.

Our main contributions are as follows:

• RL improves performance early in pretraining (§3). We observe that performing RL on early pre-training
checkpoints lead to improved pass@1 and pass@k performance across GSM8K and MATH benchmarks.
Notably, these improvements are often comparable to the standard pipeline of pretrain→SFT→RL.

• RL on the base model improves pass@k (§3.2). Contrary to recent findings that RL only sharpens the
LLM output distribution, we show that RL improves pass@k performance, hence indicating distribution
expansion. Under two contrasting settings, we show the opposing effect of RL: directly training RL on
pretraining checkpoints expands the distribution while the standard training pipeline leads to sharpening.

• Effect of number of rollouts for RL (§4). We provide empirical insights into how the rollout budget for
GRPO affects learning across different stages of pre-training. Our results give practical insights into the
appropriate number of rollouts across FLOP and sample budgets.

2 METHODOLOGY AND EXPERIMENTAL DESIGN

To answer how and when an RL objective should be used in LLM training, and whether we can use RL before
the completion of standard pretraining, we establish a controlled experimental environment. Our setup
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centers on a custom-trained 1B model, allowing for precise control over data exposure. In the following
subsections, we outline our model configurations and define three training pipelines. While we explore
reinforcement learning as a general objective, we focus our implementation on Reinforcement Learning from
Verifiable Rewards (RLVR) using the Group Relative Policy Optimization (GRPO) algorithm (Shao et al.,
2024) and the VeRL codebase (Sheng et al., 2024).

2.1 PRETRAINING CHECKPOINTS

Choice of base model. While there are open-source models with pretraining checkpoints available (OLMo
et al., 2024; Biderman et al., 2023), these models use internet-scale training sets on the order of trillions
of tokens. Thus, it is difficult to precisely measure how much math and reasoning data is incorporated
in the pretraining corpus (further discussion in §6). Instead of using these publicly available checkpoints,
we pretrain a 1B parameter model from scratch using high-quality pretraining data curated by OLMo2
(OLMo et al., 2024). Specifically, we use the high-quality portion of their pretraining mix, DOLMino (OLMo
et al., 2024)1, which is used for stage 2 of OLMo’s pretraining pipeline. The DOLMino mix contains 50B
tokens, including general domains such as Wikipedia (7%), high-quality web data (60% from DCLM (Li
et al., 2024) and FLAN (Wei et al.)), high-quality math data (20%), and other reasoning or code data such as
StackExchange (2%) and STEM papers (5%).

Model and training. We use the OLMo2 (OLMo et al., 2024) architecture and training infrastructure to
perform our pre-training. Specifically, we pre-train a 1B parameter decoder-only model on 50B tokens
(∼ 2.5× Chinchilla optimal). We use AdamW (Loshchilov & Hutter, 2019) with a cosine learning rate decay
and a peak learning rate of 4 × 10−4. We train the model with a sequence length of 4096 and batch size 512.

2.2 METHODS AND BASELINES

Data and metrics. We use OpenMathInstruct (Toshniwal et al., 2024) as the training data for SFT and RL.
OpenMathInstruct consists of math questions and multiple ground truth solutions per question. In SFT,
we train on solutions from the dataset, while in RL, the model generates its own solutions and is scored
according to the final answer.

OpenMathInstruct contains two main categories of questions: the majority are inspired by the MATH dataset
(Hendrycks et al., 2021), which consists of challenging competition-level math problems, while a minority
are inspired by the GSM8K dataset (Cobbe et al., 2021), which consists of grade-school level math problems.

We consider two experimental settings to probe different aspects of RL training: training with the full
OpenMathInstruct (MATH-heavy) and training with the GSM8K-inspired subset of OpenMathInstruct.
On the GSM8K subset, the base pretraining checkpoints have already achieved non-trivial performance on
many problems. In contrast, the full MATH-heavy training set contains problems that remain challenging
even for later pre-training checkpoints, allowing us to examine how far different pipelines can push the
model’s reasoning capabilities. We evaluate the GSM8K training and MATH-heavy training experiments on
GSM8K (Cobbe et al., 2021) and MATH (Hendrycks et al., 2021) respectively, and report the metric pass@k
(Chen et al., 2021) for k = 1, 8, 32 at temperature T = 0.6. pass@k estimates the probability of obtaining at
least one correct response when k responses are generated.

Procedure. Let Mt denote the pretraining model checkpoint at step t, and MT denote the final, fully-
pretrained model. We describe the three methods we compare below.

• RL only (MRL
t ) We start with Mt and train with the RL objective until convergence.

• SFT only (MSFT
t ): We start with Mt and perform SFT with ground-truth solutions until convergence.

• Gold standard pipeline (MSFT→RL
t ): After obtaining MSFT

t , we train with GRPO on the same set of
questions.

1allenai/dolmino-mix-1124
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Figure 2: GSM8K performance. We report accuracy on pass@k performance for Mt,MSFT
t ,MSFT→RL

t and
MRL

t evaluated on GSM8K, after training on the GSM8K-like subset of OpenMathInstruct. The base model is
evaluated using 8-shot prompts, while all other models are evaluated with 0-shot prompts. For each method
on top of Mt, we report accuracy of the final converged checkpoint.

By comparing MRL
t against MSFT

t , we isolate the training objective (RL vs. SFT) to determine if RL provides
a superior training signal at early stages of model training pipeline. By comparing MRL

t against MSFT→RL
t ,

we determine if RL alone can provide a superior training signal than the current gold standard.

In this work, we are interested in understanding, given sufficient compute, how well each method performs.
Therefore, we train all our RL and SFT runs until convergence, and we confirm the convergence of training
in Appendix A.1 and Appendix A.3.

3 MAIN RESULTS

In Figure 2 and Figure 3 we report the performance of Mt, MRL
t , MSFT

t , and MSFT→RL
t at various pretraining

steps t (measured in pretraining tokens) on GSM8K and MATH respectively. Since the pretraining checkpoint
Mt has only seen the pretraining corpus, it cannot consistently follow question-answering instructions.
Therefore, we use 8-shot in-context examples so that the pretraining checkpoints can follow the correct
answer format. In Appendix A.4, we provide an ablation on the number of in-context examples and show
that 8-shots yields the best performance for Mt. For the remaining models, we use a formatting reward
during RL and format OpenMathInstruct in the question-answering format for SFT baselines; hence, all
other models (MRL

t , MSFT
t , and MSFT→RL

t ) are able to follow the format without any in-context examples,
and thus we default to using 0-shot evaluation.

3.1 RL IS EFFECTIVE EARLY IN PRETRAINING

We now compare MRL
t with the baselines. In Figure 2, we observe that, as early as t = 4B pretraining

tokens, training with RL significantly improves the model’s performance on GSM8K: for example, the
pass@1 accuracy increases from ∼ 2% to ∼ 18%. Notably, the fact that this occurs at t = 4B tokens indicates
improvement with RL prior to reaching the Chinchilla optimal number of tokens (Hoffmann et al., 2022). In addition,
we observe a significant increase in pass@k for k = 8, 32, which we discuss in detail in §3.2.

RLVR competes with the gold standard pipeline on GSM8K. In Figure 2, after t = 10B tokens, MRL
t

outperforms MSFT
t on pass@1 and performs on-par with MSFT→RL

t . For pass@8,32, MRL
t performs on-

par with both MSFT
t and MSFT→RL

t . This result is significant because MRL
t never observes ground-truth

reasoning traces; unlike the SFT baselines, it develops reasoning capabilities entirely from self-generated
on-policy traces and feedback, demonstrating that RL can match supervised learning without training on
ground-truth reasoning traces.
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Figure 3: MATH performance. We report pass@k accuracy for Mt, MSFT
t , MSFT→RL

t , and MRL
t evaluated

on MATH after training on full OpenMathInstruct. Unlike GSM8K (Figure 2), on this harder benchmark,
MRL

t brings substantial gains over Mt but fails to fully match the two baselines MSFT
t and MSFT→RL

t ,
indicating a limitation of using RL early in pretraining.

Limitations on MATH. On MATH, the use of RL does not appear to have the same benefits. While RL also
improves over the base model’s performance prior to Chinchilla optimal number of tokens, RL does not
eventually perform similarly to the use of SFT → RL. Specifically, we observe that, while MRL

t consistently
improves pass@1,8,32 by 5% to 10% over the base checkpoint Mt, it never catches up to SFT and SFT
→ RL. In other words, training on the RLVR objective (or, on-policy data) from pretraining checkpoints has
limitations, potentially related to the difficulty of the task at hand.

3.2 SHARPENING VS. EXPANSION WITH RL

We refer to sharpening (Wu et al., 2025; Yue et al., 2025) as the phenomenon in which training might
improve pass@1 accuracy but have little to no effect on pass@k accuracy for larger k. In contrast, we define
expansion as the setting in which RL would increase pass@k performance across many values of k.

Early stage RL promotes expansion. Many recent works have claimed that RLVR mostly sharpens the
distribution without bringing the model any “new” reasoning capabilities (Yue et al., 2025; Cheng et al., 2026).
These works point to evidence that during RL, pass@k does not improve for sufficiently large k. Interestingly,
in our experiments we observe two opposing effects depending on the training pipeline. First, when we apply
the standard pretrain-SFT-RL pipeline on our pretraining checkpoints (i.e., Mt → MSFT

t → MSFT→RL
t ), we

observe the sharpening effect. In Figure 4 (left), we show one such example. We see that pass@1 continues
to improve from Mt to MSFT

t , and then during RL training. On the other hand, the SFT stage yields a
significant gain in pass@32, but the subsequent RL training slightly decreases the performance.

We hypothesize that sharpening occurs because, during SFT, the model has already seen ground-truth
solutions on the same set of questions, so RL primarily refines this existing capabilities rather than discovering
new reasoning paths. In contrast, by directly training on the RL objective from the same pretraining
checkpoint (Figure 4, middle), RL training improves both pass@1 and pass@32 performance, effectively
expanding the base model’s distribution. Without prior exposure to ground-truth solutions, the model
explores and discovers new reasoning paths through on-policy learning.

Brittleness of RL on early checkpoints. Despite the promising results above, direct RL training exhibits
significant instability on early pretraining checkpoints. While generating Figure 2, we observed that between
t = 4B and t = 10B pretraining tokens, the performance of MRL

t is highly non-deterministic across training
seeds; for some seeds, MRL

t yields significant performance improvements on GSM8K, while for others, it fails
to improve over Mt at all. Consequently, for earlier checkpoints, we performed RL training across 4 seeds
and report the best-performing seed in Figure 2. In Appendix A.2, we show that, across different RL runs
(differing only by random seed), the models achieve comparable training rewards but diverge significantly
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Figure 4: RL training dynamics with and without SFT. GSM8K accuracy (pass@1 and pass@32) across
training stages. Left: Standard SFT→RL pipeline shows sharpening (pass@1 improves, pass@32 decreases
during RL). Right: Direct RL training expands distribution (both metrics improve).

in validation and test performance. This suggests that RL training on early checkpoints can sometimes lead
to superficial pattern learning and memorization rather than the development of reasoning capabilities.

4 RL ROLLOUTS

When training with RL on early pretraining checkpoints, the model is likely to have low pass@k accuracy
on the training questions. Compared to the standard pipeline or a later pretraining checkpoint, applying RL
at early pretraining exacerbates the reward sparsity problem. On these very early pretraining checkpoints,
without sufficient positive samples (i.e., correct rollouts), the learning signal might become sparse or noisy,
making it difficult for the model to improve.

A natural strategy to consider in order to obtain higher training signal is to sample a larger number of
rollouts at each step in training. In this section, we comprehensively analyze this strategy and study the
influence of number of rollouts for RL training. Specifically, we investigate the effect of varying the number
of rollouts per prompt (n) in GRPO. We seek to determine if increasing the number of rollouts benefits
models that are initially weak on the training distribution. To this end, we partition our training set into
two sets: a hard set and an easy set, simulating early and later stages of pretraining respectively. We perform
RL using GRPO on both these splits using settings with few (n = 5) and many (n = 64) rollouts and report
pass@k accuracy on the standard GSM8K test set.

4.1 EXPERIMENTAL SETUP

Data and Metrics. In order to simulate different stages of pretraining, we partition our training dataset
based on proportion of positive samples per example. The OpenMathInstruct dataset (Toshniwal et al., 2024)
is composed of questions inspired by either MATH or GSM8K training sets (for details see, §2.2). We focus
on only the GSM8K-like subset of OpenMathInstruct (80K examples). To define the training splits based on
“difficulty” level, we evaluate our base model on the original dataset in a zero-shot setting. For each question,
we generate 64 responses at temperature 1 and record the number of correct solutions. We classify questions
with 16 to 64 correct responses as GSM8K-Easy, and those with at most 8 correct responses as GSM8K-Hard.
From these subsets, we randomly sample 10K questions for each split. We train with GRPO (as described in
§2.2) and report pass@k (k ∈ {1, 8}) metrics on the standard GSM8K test set.

Model and Method. We conduct all experiments using the OLMo2 1B model (OLMo et al., 2024). We
perform GRPO training for both GSM8K-Easy and GSM8K-Hard using n = 5 and n = 64 rollouts per
prompt, while keeping all other hyperparameters constant. Consequently, n = 64 consumes significantly
more FLOPs per RL step. To account for this trade-off, we analyze accuracy as a function of both total FLOPs
consumed and the number of examples during RL training. For all settings, we train the models until the
validation pass@1 metric converges.
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Figure 5: Effect of number of rollouts on RL performance. We report pass@k performance on the GSM8K
test set. We sub-sample GSM8K-Easy and GSM8K-Hard training sets based on the proportions of positive
rollouts from the base model on each example of GSM8K. The GSM8K-Hard set simulates an early pretraining
setting, where the likelhihood of sampling a positive rollout is very low. We observe that both n= 5 and
n= 64 typically asymptote to a similar performance across training sets and pass@k metrics.

4.2 MAIN RESULTS

We observe a distinct trade-off between sample efficiency and compute efficiency. As a function of samples
seen, increasing the number of rollouts to n = 64 greatly improves pass@1 convergence compared to n = 5.
However, when viewed as a function of FLOPs, the lower rollout setting (n = 5) is more compute-efficient
in the early stages of training. As training progresses toward 106 FLOPs, this efficiency gap narrows, with
n = 64 eventually matching or surpassing the performance of n = 5. We observe that the difference between
n = 5 and n = 64 rollouts further diminishes when observing pass@1. However, when we match FLOPs,
we see that n = 5 appears to significantly improve upon n = 64, especially when training with GSM8K-Hard.

Our analysis in Figure 5 yields three primary insights regarding the scaling of RL rollouts. First, we find that
asymptotic performance is largely independent of the number of rollouts; both n = 5 and n = 64 converge
to similar pass@k peaks across difficulty levels. Second, there is a clear trade-off between sample efficiency
and compute efficiency. Increasing the rollout count (n = 64) maximizes the utility of each training example,
leading to faster convergence in terms of training steps. Conversely, reducing the rollout count (n = 5) is
significantly more FLOP-efficient, achieving comparable performance with a fraction of the compute budget.
Finally, this compute advantage is particularly pronounced on the GSM8K-Hard split for the pass@8 metric,
suggesting that when rewards are sparse (as with early checkpoints), massive rollout scaling may yield
diminishing returns per FLOP compared to processing more batches with fewer rollouts.

5 PRIOR WORK

Reinforcement Learning for Reasoning While the common regime of using next token prediction has been
the default for some time, the works of Ouyang et al. (2022); Dai et al. (2023) are among the first to show the
benefits of reinforcement learning in language model training. In particular, these works show the benefits
of continuing to train with an RL objective after a model has been trained with the NTP objective. Since then,
various methods such as DPO (Rafailov et al., 2023), PPO (Zheng et al., 2023), and GRPO (Shao et al., 2024)
have been shown to be extremely effective in improving the downstream performance of LLMs. Typically,
the data used to train with RL involves verifiable rewards such as math or coding tasks. One common view
is that RL simply sharpens the distribution of the language model (Cheng et al., 2026; Yue et al., 2025; Wu
et al., 2025).
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Prerequisites for Post-Training A critical open question in the field is identifying the “readiness” of a
pretrained model for post-training. Recent studies investigate the interplay between pretraining and post-
training efficacy, arguing that models require a sufficient level of capability before they can benefit from RL
(Chen et al., 2025; Foster et al., 2025). Zhang et al. (2025) suggests it may be necessary for the base model to
exhibit basic skills to incentivize contextual generalization. Furthermore, they analyze the difficulty of RL
data in relation to the success of RL. Our analysis questions this rigidity, investigating whether RL might be
effective earlier than previously thought. Other works that study this question include Guo et al. (2025);
Zhou et al. (2023).

Integrating RL into pretraining There is a growing need for data that can be used with RL training. Various
works attempt to overcome this challenge by using pretraining data, which is more general and abundant,
with RL. Li et al. (2025) uses a next-sentence reasoning objective and scores for semantic consistency between
the generated sentence and the reference sentence from the training corpora. Hatamizadeh et al. (2025);
Dong et al. (2025); Xing et al. (2025) use RL with pretraining data by allowing the model to generate a chain
of thought prior to predicting the next token. These methods rely on having a pretrained model which
has been trained only via standard next-token prediction. In contrast, our work examines the fundamental
questions regarding when and how we expect an RL training objective to improve downstream performance.
In contrast, our work is generally focused on understanding the relationship between the current stage of
training and the training objective.

6 DISCUSSION & FUTURE DIRECTIONS

In this paper, we examine the utility of using an RL training objective in the early stages of LLM training. To
that end, we perform experiments starting from pretraining checkpoints where compare the effects of RL,
SFT, and SFT followed by RL. Relatively early in training, we see that RL is an effective training objective in
improving accuracy on reasoning benchmarks across pass@k evaluations. Interestingly, we find that later
checkpoints combined with RL are even able to match or exceed the performance of SFT + RL. In regimes in
which the base model may be unable to solve difficult problems from the RL dataset, we explore the knob of
increasing the number of generations specifically for the sake of GRPO. Our findings suggest that increasing
the number of generations per prompts is an effective strategy when training with RL on a difficult dataset.
We see many future directions for this work.

Incorporating RL into pretraining Our analysis suggests that RL can be an effective training objective in the
early stages of LLM training. This brings into question whether incorporating RL training objectives during
pretraining may also be effective. While many recent works have been exploring RL-pretraining (Sec. 5),
there are many open questions regarding what can be the best pretraining objective. In particular, one
potential future direction is to explore the potential of a pretraining stage which leverages the benefits of RL.

Pretraining data Our work shows that, when we pretrain models with a training set containing a lot of math,
then RL on math tasks quickly becomes effective. However, this brings up questions regarding which data we
should use in pretraining. For example, if we combine the NTP objective with the RL objective in pretraining,
perhaps a different data mixture is optimal than those commonly used. While the common paradigm is to
pretrain with general data, perhaps this might change if we also change the pretraining objective.
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A APPENDIX

A.1 RL TRAINING DYNAMICS

In Fig. 6, we show that for all MRL
t (across all pretraining checkpoints Mt), the RL training reward, validation

reward (computed on a manually split subset of OpenMathInstruct), and GSM8K reward have converged.
For earlier checkpoints that exhibit seed brittleness (Sec. A.2), we report the favorable seed here. See App. A.2
for examples of favorable and unfavorable seeds.
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Figure 6: RL training convergence across pretraining checkpoints. We show training reward, validation
reward, and GSM8K reward curves during RL training for MRL

t across different pretraining checkpoints
t. All three reward metrics converge by the end of training. For checkpoints that exhibit seed brittleness
(t < 10B), we report the favorable seed; see App. A.2 for seed comparisons.

A.2 SEED DEPENDENCY

In Fig. 7 (right), we show an example of a favorable seed (pink) and a unfavorable seed (blue). The favorable
seed shows improvement in both pass@1 and pass@32, while the unfavorable seed has no effect on
pass@1, in fact decreasing pass@32 performance compared to the pretraining checkpoint. From the
training reward curves (Fig. 7), we observe that the training reward for both seeds are identical, revealing
a disconnect between training and actual reasoning capability. This demonstrates the brittleness of early
RL training: on-policy RL learns from its own generations, which may be low-quality reasoning traces that
lead the model to learn superficial patterns instead of true reasoning. In contrast, the SFT baselines train
on curated, ground-truth reasoning traces and do not exhibit this instability. This brittleness resolves after
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Figure 7: RL seed brittleness for early pretraining checkpoints. We compare a favorable seed (blue) and
an unfavorable seed (red) for MRL

t at t = 4B tokens. Left: Training reward curves are nearly identical for
both seeds, showing no indication of the divergent outcomes. Middle: Validation reward begins to diverge,
with the unfavorable seed showing worse performance. Right: GSM8K evaluation shows the favorable seed
improves both pass@1 and pass@32, while the unfavorable seed shows minimal improvement in pass@1
and decreased pass@32 performance.

t = 10B tokens, when the model has developed sufficient reasoning foundation to generate higher-quality
on-policy data.

A.3 SFT DYNAMICS

In Fig. 8, we experiment with different numbers of SFT epochs to train MSFT
t and confirm that 5 epochs

leads to convergence in the model’s performance.
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Figure 8: SFT training convergence. We evaluate MSFT
t on GSM8K after training for different numbers of

epochs on OpenMathInstruct. Performance converges after 5 epochs, which we use as the standard training
protocol for all MSFT

t baselines.

A.4 EVALUATING PRETRAINING CHECKPOINTS

In Fig. 9, we experiment with different numbers of in-context examples (n-shot) to evaluate the reasoning
capabilities of pretraining checkpoints Mt. We confirm that by using 8-shot prompting, the base model
achieves the best performance on both MATH and GSM8K.
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Figure 9: Impact of n-shot prompting on pretraining checkpoint evaluation. We evaluate pretraining check-
points Mt with varying numbers of in-context examples on GSM8K (top) and MATH (bottom). Performance
peaks at 8-shot prompting for both benchmarks.
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