Reinforcement Learning on Pre-Training Data

Siheng Li'3*" Kejiao Li'" Zenan Xu!" Guanhua Huang' Kun Li'® Haoyuan Wu

1,3

Jiajia Wu' Zihao Zheng' Chenchen Zhang' Kun Shi! Xue Gong' Qi Yi!
Ruibin Xiong' Tingqgiang Xu' Yuhao Jiang! Jianfeng Yan' Yuyuan Zeng'
Guanghui Xu! Jinbao Xue® Zhijiang Xu? Zheng Fang®? Shuai Li’ Qibin Liu?
Xiaoxue Li> Zhuoyu Li?> Yangyu Tao? Fei Gao’ Cheng Jiang> Bo Chao Wang?
Kai Liu? Jianchen Zhu®> Wai Lam® Bo Zhou'* Di Wang!

'LLM Department, Tencent *HunYuan Infra 3The Chinese University of Hong Kong
chayszhou@tencent. com

Abstract

Recent progress in large language models
(LLMs) is largely driven by scaling training
compute through either pre-training with next-
token prediction (NTP) or post-training with
reinforcement learning (RL). The former con-
tributes to learning broad knowledge and skills
from general data, while struggling with data in-
efficiency and catastrophic forgetting in contin-
ual learning settings. The latter incentivizes rea-
soning capabilities with strong generalization,
but is constrained by limited data availability
due to its reliance on human annotation. To al-
leviate these issues, we propose Reinforcement
Learning on Pre-Training data (RLPT), which
combines the advantages of learning from gen-
eral data and RL. In particular, RLPT derives
reward signals directly from general text data
through a next-segment reasoning objective, re-
warding the policy for correctly predicting next
text segments conditioned on the prefix text.
Experiments across multiple benchmarks and
models demonstrate the effectiveness of RLPT.
For example, RLPT yields substantial improve-
ments in continual pre-training (4+4.6%) and
provides a strong foundation for post-training
(+3.4%) on Qwen3-8B-Base.

1 Introduction

Large language models (LLMs) have achieved re-
markable success across a wide range of domains,
including human-aligned conversational assistants
(Bai et al., 2022; Ouyang et al., 2022) and au-
tonomous Al agents (Yao et al., 2022; Team et al.,
2025; Liu et al., 2025). A central driver of this
progress has been the scaling of training compute,
achieved either by scaling pre-training with next-
token prediction (NTP) (Brown et al., 2020; Tou-
vron et al., 2023; Grattafiori et al., 2024; Yang et al.,
2025) or by scaling reinforcement learning (RL)
during post-training (Guo et al., 2025; xAl, 2025).
“Work completed during an internship at Tencent.
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Pre-training via NTP

Figure 1: Relationship among pre-training via NTP,
post-training via RL, and RLPT. Pre-training via NTP
and RLPT learn from general text data, while post-
training via RL and RLPT enable self-exploration of
reasoning trajectories and optimization through RL.

Pre-training with NTP enables models to acquire
extensive knowledge and skills from general data,
but it suffers from data inefficiency' (Ruan et al.,
2025; Ni et al., 2025) and exhibits catastrophic for-
getting in continual learning settings (Luo et al.,
2025). In contrast, scaling RL has emerged as
a promising direction, enabling models to self-
develop desirable behaviors while suppressing un-
desirable ones via pre-defined rewards. Recent
studies suggest that RL favors generalization over
memorization (Chu et al., 2025; Lai et al., 2025;
Shenfeld et al., 2025) and incentivizes complex rea-
soning by allowing the model to think before pre-
diction (Guo et al., 2025). However, most existing
RL approaches are primarily confined to the post-
training stage and rely on human supervision, such
as reinforcement learning from human feedback
(RLHF) (Ouyang et al., 2022) and reinforcement
learning with verifiable rewards (RLVR) (Guo et al.,
2025). This reliance limits the applicability of RL
to general data, which may be critical for achieving
general intelligence (Han et al., 2025).

This work proposes Reinforcement Learning on
Pre-Training data (RLPT), with the key insight of

'To reach intelligence comparable to that of humans,
LLMs typically require an order of magnitude more data.
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deriving reward signals directly from general text
data. In particular, RLPT prompts the model to
reason about and predict the next segment condi-
tioned on the preceding context, for example, pre-
dicting the next sentence given a paragraph. The
reward is then determined based on the consistency
between the prediction and the ground-truth con-
tinuation. Intuitively, we treat a model trajectory
as desirable if it leads to a continuation that is se-
mantically equivalent to the ground-truth, and un-
desirable otherwise. As illustrated in Fig. 1, RLPT
combines the advantages of learning from general
data and RL, while addressing the limitations of
previous approaches. In contrast to pre-training
via NTP, which enforces next-token prediction via
supervised learning, RLPT enables the model to
self-develop reasonable behaviors and forget less
in continual learning settings via RL (Shenfeld
et al., 2025). Differing from post-training via RL,
RLPT eliminates reliance on human supervision
and scales to large-scale general data.

We compare RLPT with NTP under both contin-
ual pre-training and post-training settings, where
post-training models are initialized from the contin-
ual pre-training checkpoints. Experimental results
across eight benchmarks demonstrate the effective-
ness of RLPT. For example, on Qwen3-8B-Base,
RLPT achieves average gains of 4.6% in contin-
ual pre-training (Tab. 1) and 3.4% in post-training
performance (Tab. 2), indicating its potential for
building strong foundation models. We also com-
pare RLPT with concurrent work that applies RL
to pre-training data, including RPT (Dong et al.,
2025) and RLP (Hatamizadeh et al., 2025). While
these approaches apply RL to pre-training data
with token-level reward signals, RLPT adopts a
segment-level reward and achieves superior per-
formance (Tab. 3). Additional analyses show that
RLPT incentivizes reasoning behavior (Tab. 5) and
exhibits a mild form of test-time scaling, reflected
by increased response length (Fig. 3). The main
contributions are as follows:

* We propose RLPT, which applies RL directly
to pre-training data to leverage the strengths of
learning from general data and RL.

» Experiments across a diverse set of bench-
marks and models demonstrate the effective-
ness of RLPT in both continual pre-training
and post-training settings.

* Further analysis provides insights into the train-

ing dynamics, model behavior, and method-
ological design of RLPT.

2 Preliminary

2.1 Pre-training via Next-token Prediction

Next-token prediction (NTP) forms the foundation
of modern LLMs. Formally,

||

1
Inte(0) = Epp, — Tl > logm (i | w<i),
i=1

where z denotes a token sequence of length |z|.
Pre-training with NTP enables LLMs to acquire
broad knowledge and skills (Brown et al., 2020).
However, it is data-inefficient (Ruan et al., 2025;
Ni et al., 2025), as evidenced by the substantial
amount of training data required to improve intelli-
gence. Moreover, it suffers from catastrophic for-
getting in continual learning settings across various
model scales and domains (Luo et al., 2025). Re-
cent studies further indicate that supervised learn-
ing with NTP tends to favor surface-level memo-
rization, which limits generalization, whereas RL
encourages generalization and mitigates forgetting
(Chu et al., 2025; Shenfeld et al., 2025).

2.2 Post-training via Reinforcement Learning

RL has become an essential component for improv-
ing LLMs in the post-training stage. Formally,

TRL(O) = Eqp, 0nmo(-|a)7(0),

where 7(0) denotes the reward assigned to output o.
In RLHF, rewards are provided by a neural reward
model trained on human preferences to align model
behavior with human values. In contrast, RLVR
relies on rule-based reward functions to compare
model outputs against reference answers. Recent
studies indicate that applying RLVR to competitive
problems incentivizes complex reasoning behav-
iors, often reflected as test-time scaling (Guo et al.,
2025). Despite their effectiveness, both RLHF and
RLVR are typically applied in the post-training
stage and are constrained by limited data availabil-
ity due to their reliance on human supervision.

3 Reinforcement Learning on
Pre-Training Data

To unify the strengths of learning from large-
scale pre-training data with the generalization and
reasoning capabilities enabled by RL, we pro-
pose Reinforcement Learning on Pre-Training Data
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Data Preparation RLPT
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Figure 2: Overview of RLPT. A raw text is first segmented. RLPT then prompts the model to reason about and
predict the next segment conditioned on the preceding context, and assigns rewards based on consistency between
the prediction and the ground-truth continuation, as evaluated by a reward model.

(RLPT). The core idea is to derive reward signals
directly from general text data through a novel
next-segment reasoning objective. An overview
of RLPT is shown in Fig. 2.

3.1 Data Preparation

We construct the training corpus for RLPT from
a large-scale collection of publicly available web
text, including Wikipedia, scientific writing, and
general-domain discourse. To ensure data quality
and regulatory compliance, we apply a multi-stage
preprocessing pipeline that includes: (i) MinHash-
based near-duplicate removal, (ii) detection and
masking of personally identifiable information
(PID), (iii) filtering of harmful and unsafe content,
and (iv) contamination removal with respect to all
development and evaluation benchmarks. After
curation, we sample a subset of one billion (1B)
tokens for all experiments in this work.

3.2 Next-Segment Reasoning

Given raw text ¢t from the pre-training data, we
divide it into a sequence of contiguous segments
t = [s1,S2,...,5n], where each s; represents a
semantically coherent unit, such as a phrase, a com-
plete sentence, or a reasoning step. We then con-
struct a dataset

DS:(5<ia5i73>i)|i:2,...,n—1,

where s<; = [s1, S2, . .., Si—1] denotes the context,
s; 1s the target segment, and s-; is its subsequent
segments. Based on this formulation, we propose
Next-Segment Reasoning (NSR), which trains the
policy to predict the target segment s; conditioned
on the preceding context s<;. This objective aligns
naturally with the autoregressive generation pro-
cess of modern LLMs while operating at a higher

semantic granularity. During training, NSR is im-
plemented by designing appropriate prompts and
extracting the predicted segment between special
tags in the model output. The prompt used for the
NSR task is illustrated below.

Complete the text provided under #i## Context by
predicting the next most probable sentence.

You should first provide your step-by-step reasoning.

Then, provide only the predicted next sentence enclosed
within <answer> and </answer> tags.

### Context
{prompt}

### Your Output Format
Step-by-step reasoning about what the next sentence
should be.

<answer>
The predicted next sentence.
</answer>

The reward is defined as the consistency between
the predicted segment and the ground-truth contin-
uation, as evaluated by a generative reward model
(GRM). Specifically, the GRM is prompted to as-
sess whether the prediction conveys equivalent se-
mantic content to the ground-truth while allowing
for linguistic variation. In practice, we observe
that directly comparing the predicted segment 3;
with the ground-truth next segment s; can be overly
strict, since the prediction might span multiple sub-
sequent segments. To address this issue, we provide
the GRM with multiple subsequent segments s>;
as the reference and instruct it to verify whether
the predicted segment constitutes a valid prefix of
the reference content, following Dong et al. (2025).
The prompt used for the GRM is shown below.
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Annotation Guidelines for Comparing Prefix Semantic
Equivalence

## Task

Given a Predicted text and a Reference text, determine

whether the Predicted text is a prefix (initial segment)
of the Reference, and whether it expresses exactly the
same semantic content as that corresponding prefix.

The Predicted text should serve as a paraphrased version
of the beginning of the Reference, preserving all
specific semantics rather than simplifying or
summarizing the content. The expression may vary, but
the meaning must remain fully consistent.

<<<Reference>>>
{reference}
<<<End Reference>>>

<<<Predicted>>>
{predicted}
<<<End Predicted>>>

## Scoring Rules
If the Predicted text semantically equals the
corresponding prefix of the Reference, assign a score 1.

If the Predicted text does not semantically equal the
corresponding prefix of the Reference, assign a score 0.

Focus primarily on semantic equivalence, not on exact
wording.

## Output
Only output the score on a single line. Do not provide
any explanatory text or additional content.

Output format:
Score: @ or Score: 1

Given the predicted segment 5; extracted from
the model output o, the reward is specified as

1 if GRM(é’Z',SZZ’) = 1,

(0, 8>;) =
(0, J) 0 otherwise.

The training objective of RLPT is defined as
jRLPT(H) = E(5<i,82i)ND5,ONW9T(O7 SZi)'

This objective is optimized with GRPO (Shao et al.,
2024). During training, trajectories that lead to the
correct next segment are reinforced, while others
are suppressed, fostering RL on general data.

3.3 Training

Cold-Start. We employ a cold-start stage for
RLPT to establish basic reasoning and instruction-
following capabilities through supervised fine-
tuning on instruction-following data.

Next-Segment Reasoning. For NSR, we use sen-
tences as the default segment unit. We conduct pre-
liminary studies on using LLMs to extract steps but
observe no clear improvements. Sentence segmen-
tation is performed using the NLTK toolkit (Bird,
2006). Starting from the 1B pre-training corpus,
this process yields 23M sentences. After filtering

out sentences shorter than 16 tokens, longer than
256 tokens, or with preceding context exceeding
2048 tokens, we retain 9M sentences. Each sen-
tence, together with its preceding context, serves
as an RL training example.

4 Experiments

4.1 Experimental Setup

We compare RLPT with two lines of work. The
first line is mainstream next-token prediction train-
ing, referred to as NTP (Sec. §4.4). The second
line consists of concurrent work that also applies
RL to general text data, including RPT (Dong
et al., 2025) and RLP (Hatamizadeh et al., 2025)
(Sec. §4.5). For comparisons with NTP, we evalu-
ate performance under both continual pre-training
and post-training settings. In the continual pre-
training setting, models are trained on 1B tokens of
pre-training data (Sec. §3.1). In the post-training
setting, models are initialized from the continual
pre-training checkpoint and further trained on the
MATH training dataset (Hendrycks et al., 2021b)
using RLVR, to assess the impact of different con-
tinual pre-training methods on post-training perfor-
mance. For comparisons with concurrent work, we
focus on continual pre-training performance.

4.2 Implementation

Experiments are conducted on Qwen3-1.7B-Base
and Qwen3-8B-Base, as well as Llama3.2-3B-
Instruct. For the cold-start stage, we train on 100K
internal instruction-following examples for two
epochs using a batch size of 1024 and a learning
rate of 1 x 10~° with a cosine scheduler; results
are reported in Appx. A.1. For next-segment rea-
soning, we adopt a batch size of 1024, a maximum
response length of 8192, and a constant learning
rate of 1 x 1075, For each prompt, we sample
8 outputs with a temperature of 1.0 and optimize
using GRPO. Training is performed for 512 steps,
covering 6% of the 1B pre-training data. We em-
ploy gpt-oss-120b (OpenAl, 2025), with 5.1B
active parameters and low reasoning effort, as the
GRM. For NTP, models are also initialized from
the cold-start checkpoint and trained on the same
pre-training data for one epoch using a learning
rate of 1 x 10~% with a cosine scheduler. For post-
training via RLVR, we adopt the same hyperparam-
eters as RLPT, except that models are trained on
MATH for two epochs with a batch size of 128.
The reproduction of RPT follows the original pa-
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Model MMLU MMLU-Pro GPQA

AIME25 MATH500 GSMS8K AMC23

Minerva Average

Qwen3-1.7B-Base 41.97 21.73 23.36 3.75 46.88 58.89 25.94 11.21 29.21
+ NTP 58.26 37.49 18.43 3.75 61.08 75.55 28.75 24.31 38.45
+ RLPT 61.28 41.68 26.01 7.08 66.45 77.20 35.00 26.06 42.59

Qwen3-8B-Base 48.93 42.11 30.56 6.67 64.63 79.37 45.00 25.74 42.87
+ NTP 75.25 60.54 35.73 17.50 80.95 87.56 58.75 38.88 56.89
+ RLPT 78.81 65.08 42.55 19.58 85.75 90.17 68.75 41.08 61.47

Llama-3.2-3B-Instruct ~ 61.93 36.79 26.26 1.67 42.05 68.16 22.19 14.20 34.16
+ NTP 57.46 33.55 17.55 1.25 42.00 67.71 18.13 12.91 31.32
-+ RLPT 62.36 38.50 20.83 0.83 48.50 72.33 25.94 18.06 35.92

Table 1: Continual pre-training performance, with the best result highlighted in bold for each model scale.

Foundation MMLU MMLU-Pro GPQA AIME25 MATHS00 GSM8K AMC23 Minerva Average
Qwen3-1.7B-Base 58.08 36.49 25.13 5.00 65.75 81.25 36.88 27.62 42.02
-+ NTP 60.19 40.24 21.72 7.50 66.88 80.73 42.50 26.98 43.34
-+ RLPT 61.98 43.01 24.87 5.00 69.88 80.42 40.63 28.49 44.28
Qwen3-8B-Base 73.75 56.72 36.11 16.25 81.05 92.17 66.88 38.42 57.67
+ NTP 76.05 63.27 40.53 20.00 85.73 91.81 65.63 43.34 60.79
+ RLPT 79.48 67.59 46.84 21.25 88.95 92.10 73.44 43.47 64.14
Llama-3.2-3B-Instruct ~ 61.63 34.15 15.78 0.00 48.40 79.95 27.81 19.39 35.89
+ NTP 60.44 37.41 24.24 1.25 48.40 72.87 28.44 18.29 36.42
+ RLPT 62.24 39.67 23.99 2.50 53.10 74.72 28.44 20.59 38.16

Table 2: Post-training performance of models initialized from the foundation models listed in the table, under the
same post-training procedure. The best result at each model scale is highlighted in bold.

per. Specifically, low-entropy tokens are filtered
based on Qwen3-1.7B-Base using a threshold of
1.0, and the model is trained with the same settings
as RLPT, initialized from the cold-start checkpoint.

4.3 Evaluation

We evaluate model performance on a suite of bench-
marks, including MMLU (Hendrycks et al., 2021a),
MMLU-Pro (Wang et al., 2024), GPQA-Diamond
(Rein et al., 2024), GSMS8K (Cobbe et al., 2021),
MATH-500 (Hendrycks et al., 2021b), AMC23
(MAA, b), Minerva Math (Lewkowycz et al., 2022),
and AIME25 (MAA, a). We adopt the Pass @k met-
ric, which measures the probability that at least one
correct solution appears among k independent sam-
ples (Chen et al., 2021):

(")

(%)
For all models, we sample n = 4 responses for
MMLU, MMLU-Pro, and GPQA-Diamond, and

Pass@k =E,.p |1 —

n = 8§ for other benchmarks, using temperature
0.7, top-p 0.8, top-k 20, and a maximum length of
8192, and report Pass@1 by default.

4.4 Comparison with NTP

Continual Pre-training. We report the continual
pre-training results in Tab. 1. As shown, RLPT out-
performs NTP across multiple benchmarks, achiev-
ing average benchmark performance improvements
of 4.14, 4.58, and 4.60 on Qwen3-1.7B-Base,
Qwen3-8B-Base, and Llama-3.2-3B-Instruct, re-
spectively. These results indicate the effectiveness
of RLPT as a continual pre-training method. No-
tably, NTP can even degrade performance, as evi-
denced by the performance drop on Llama-3.2-3B-
Instruct, despite using the same training data as
RLPT. We attribute this distinction to properties
of RL that favor generalization while mitigating
catastrophic forgetting (Shenfeld et al., 2025).

Post-training. We report the post-training results
in Tab. 2. As shown, RLPT achieves better perfor-
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Method MMLU MMLU-Pro GPQA

AIME25 MATHS500 GSMS8K AMC23 Minerva Average

RPTT (Dong et al., 2025) 55.09 35.40 20.33 7.50 62.63 77.65 28.75 24.54 38.99
RLP! (Hatamizadeh et al., 2025)  52.18 30.80 27.02 5.02 58.48 74.48 31.25 21.19 37.55
RLPT 61.28 41.68 26.01 7.08 66.45 77.20 35.00 26.06 42.59

Table 3: Continual pre-training results on Qwen3-1.7B-Base across RPT, RLP, and RLPT. t: results reproduced
by ourselves under the identical training setting; *: results reported from the original paper, trained with the same
amount of data. All methods are evaluated under the same evaluation setting.

(a) Training Reward

(b) Response Length

(c) Performance

—— Qwen3-8B-Base
—— Qwen3-1.7B-Base
0.15

Score
o
j
15
Length

0 128 256 384 512 [ 128
Step

256 384 512 0 128 256 384 512
Step Step

Figure 3: Training dynamics of RLPT. (a) Training reward during RL optimization. (b) Response length over
training steps. (c) Average benchmark performance measured by Pass@1.

| —e— 1P
—8— RLPT

Performance

0 50 100 150 200
GPU Hours

Figure 4: Performance of RLPT and NTP under
matched training compute. Results report the averaged
benchmark performance measured by Pass@1.

mance than the baselines, with average improve-
ments of 0.94, 3.35, and 1.74 on Qwen3-1.7B-
Base, Qwen3-8B-Base, and Llama-3.2-3B-Instruct,
respectively. The gains are more pronounced for
larger models, such as Qwen3-8B-Base, indicating
the potential of RLPT for improving stronger foun-
dation models. These results suggest that RLPT
more effectively learns from pre-training data and
provides a stronger foundation for post-training.

4.5 Comparison with Concurrent Work

We compare RLPT with concurrent work, includ-
ing RPT and RLP. Both methods employ RL to
train the model to reason before next-token predic-
tion, whereas RLPT targets next-segment predic-
tion. As shown in Tab. 3, RLPT outperforms these
approaches. We attribute this advantage to our

segment-level objective, which is more training-
efficient since each segment comprises multiple
tokens, and more reasoning-intensive, as predicting
the next segment generally requires deeper reason-
ing than predicting the next token.

4.6 Analysis

Training Dynamics. We present the training dy-
namics in Fig. 3. The training reward increases
steadily throughout optimization (Fig. 3a), accom-
panied by consistent improvements in benchmark
performance (Fig. 3c). More interestingly, we ob-
serve a mild form of test-time scaling behavior on
Qwen3-8B-Base, where the response length gradu-
ally increases as training progresses (Fig. 3b), al-
though the effect is weaker than that reported in
RLVR (Guo et al., 2025). We attribute this differ-
ence to the fact that pre-training data is generally
less reasoning-intensive than the competitive prob-
lems used in RLVR.

Training Compute. RLPT requires substantially
more training compute than NTP. Specifically, one
epoch of NTP on Qwen3-1.7B-Base consumes 51
GPU hours, whereas one epoch of RLPT requires
26,126 GPU hours, corresponding to an approxi-
mately 512 % increase in compute cost. This over-
head constitutes a fundamental limitation of RLPT.
To assess the value of RLPT, we further compare
the performance of NTP and RLPT under matched
GPU-hour budgets. As shown in Fig. 4, RLPT still
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(c) Performance
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Figure 5: Comparison between Strict Reward and Prefix Reward in RLPT on Qwen3-1.7B-Base. (a) Training
reward during RL optimization. (b) Fraction of prompts for which all 8 sampled rollouts receive zero reward. (c)

Average benchmark performance measured by Pass@1.

outperforms NTP. This difference can be attributed
to the catastrophic forgetting exhibited by NTP dur-
ing continual pre-training (Luo et al., 2025). In con-
trast, RLPT mitigates forgetting through RL-based
learning and continues to benefit from training data,
as reflected by its performance gains.

Model Reward Model Average

Qwen3-1.7B-Base - 29.21
+ NTP - 38.45
+ RLPT Qwen3-1.7B 41.08
+ RLPT Qwen2.5-1.5B-Instruct  41.49
+ RLPT gpt-0ss-120b (AS.1B) 41.69

Table 4: Average benchmark performance of RLPT with
different generative reward models. All reward models
yield consistent performance gains.

Reward Modeling. Our initial approach adopts
a strict reward that requires the predicted sentence
to convey exactly the same semantic content as the
ground-truth sentence. In practice, however, this
formulation proves to be overly rigid. Natural lan-
guage semantics are highly diverse, and there often
exist multiple plausible next sentences that may
convey more or less information than the ground-
truth sentence, making exact semantic equivalence
difficult to satisfy. To mitigate this limitation, we
adopt a relaxed prefix reward (Sec. §3.2) following
Dong et al. (2025). This reward assigns a score of
1 when the predicted sentence conveys the same se-
mantic information as the prefix of the ground-truth
continuation, i.e., the text following the preceding
context. As shown in Fig. 5, the prefix reward leads
to higher training rewards, fewer all-wrong cases,
and improved benchmark performance. A limita-
tion of RLPT is its reliance on a relatively strong
reward model. By default, we use gpt-oss-120b
with 5.1B active parameters. To assess this de-

pendence, we additionally evaluate RLPT using
weaker reward models, including Qwen3-1.7B and
Qwen2.5-1.5B-Instruct, with all reward model set-
tings trained for 128 steps. As shown in Tab. 4,
RLPT achieves performance gains across all re-
ward models, suggesting that it does not critically
depend on strong reward models.

Case Study. We present a case study of RLPT
in Tab. 5. As shown, the model summarizes the
context, hypothesizes the next continuation, and
reasons step by step before producing the predicted
next sentence within the designated tags. This ex-
ample illustrates how RLPT trains the model to
acquire reasonable behaviors from general data,
which may support more generalizable reasoning
capabilities (Han et al., 2025).

5 Related Work

Training Paradigms. The progress of language
models has been fundamentally driven by scaling
training compute, either through large-scale pre-
training based on next-token prediction (Brown
et al., 2020; Touvron et al., 2023; Liu et al., 2024;
Yang et al., 2025), or more recently through post-
training with RL (Guo et al., 2025; xAl, 2025;
Olmo et al., 2025). These two lines of research
each exhibit distinct strengths and limitations. Pre-
training excels at acquiring extensive knowledge
and general skills, but often suffers from data inef-
ficiency (Ruan et al., 2025). In contrast, RL-based
post-training effectively incentivizes reasoning be-
haviors and generalization capability (Chu et al.,
2025; Lai et al., 2025; Shenfeld et al., 2025), but
is constrained by the limited scale of post-training
data due to its reliance on human annotation. In
contrast to both paradigms, RLPT applies RL di-
rectly to general pre-training data, thereby combin-
ing their complementary advantages. An earlier
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Prompt

Complete the text provided under ### Context by predicting the next most probable sentence.
You should first provide your step-by-step reasoning.
Then, provide only the predicted next sentence enclosed within <answer> and </answer> tags.

### Context

## Solutions for exercises “C” in September, 2001

In this page, the sketch of the solutions and final results are published. To achieve the maximum score, more
detailed solutions are needed.

C. 635. In an arithmetic class, pupils are asked how many legs a hen, six dogs, and seven palpigradis have in
total. Alex says 46, Ben says 52, Cecilia says 66, Dora says 78, and Edith says 82. Who is right?

Solution. If the number of legs of a palpigradi is z, then the total number of legs is 2+6-4+7x = 7(z+3)+5.
Thus, the remainder of the number of legs divided by 7 is 5.

### Your Output Format

Step-by-step reasoning about what the next sentence should be.
<answer> The predicted next sentence. </answer>

GT 82 is the only number out of 46, 52, 66, 78, and 82 that leaves a remainder of 5 when divided by 7, therefore
only Edith can be right.
Response  Step-by-step reasoning:

¢ The previous sentence is about the mathematical formulation of the problem by letting x represent the
number of legs of a palpigradi, and deriving the total number of legs as an expression in terms of x and
showing that the total number of legs = 5 (mod 7).

* The natural continuation of this line of reasoning would be: since the answer to the question should be
congruent to 5 modulo 7 (i.e., leave a remainder of 5 when divided by 7), we can quickly check which of

the given answers satisfies this condition.

* Without doing the actual division, we can actually compute each answer modulo 7:
— 46 for Alex: 46 + 7 = 6 remainder 4 — 46 = 4 mod 7 # 5
— 52 for Ben: 52 + 7 =7 remainder 3 — 52 = 3 mod 7 # 5

66 for Cecilia: 66 + 7 =9 remainder 3 — 66 = 3 mod 7 # 5

— 78 for Dora: 78 +7 =11 remainder | — 78 = 1 mod 7 # 5
— 82 for Edith: 82 + 7 =11 remainder 5 — 82 = 5 mod 7
* Hence, only Edith’s answer is congruent to 5 modulo 7, meaning it is the correct answer.

So the predicted next sentence should confirm Edith’s answer as the correct one based on this modulo 7 check.
<answer> Only Edith’s answer (82) satisfies this condition, as 82 = 5 (mod 7), so she is right. </answer>

Table 5: Case study of RLPT. The response is generated by a Qwen-8B-Base model trained with RLPT.

work, Quiet-STaR (Zelikman et al., 2024), shares
a similar motivation, but relies on short reasoning
tokens, for example 16 tokens, and requires archi-
tectural modifications to support optimization. The
most closely related approaches to our work are
RPT (Dong et al., 2025) and RLP (Hatamizadeh
etal., 2025), both of which apply RL to general text
data with a next-token reasoning objective, while
RLPT targets at next-segment reasoning.

Reinforcement Learning in LLMs. RL has be-
come a central approach for improving LLMs.
Early applications focused on aligning model out-
puts with human feedback, i.e., RLHF (Bai et al.,
2022; Ouyang et al., 2022; Mu et al., 2024), typi-
cally using neural reward models trained on human-
annotated preference pairs. More recently, RL has
been used to incentivize reasoning behaviors by
leveraging rule-based reward functions that evalu-
ate outputs against verifiable answers, i.e., RLVR
(Guo et al., 2025; Team et al., 2025; Liu et al.,
2025). Despite these advances, both directions

depend on human annotation, which limits the ap-
plication of RL to the post-training stage. In con-
trast, RLPT derives reward signals directly from
pre-training data, removing the need for human an-
notation and enabling RL to scale effectively over
large-scale general data.

6 Conclusion

This work introduces RLPT, which applies RL to
pre-training data to leverage the advantages of both
learning from general data and RL. By deriving re-
ward signals from raw text via a next-segment rea-
soning objective, RLPT teaches models to develop
reasonable trajectories for predicting the next seg-
ment conditioned on the preceding context. Experi-
mental results show improvements across multiple
benchmarks under both continual pre-training and
post-training settings, underscoring the potential of
training LL.Ms with RL on general data. We hope
this work will inspire further research on more gen-
eral RL-based training, advancing LLM training
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from an “AlphaGo” stage toward an “AlphaZero”
regime (Silver et al., 2017, 2018; Han et al., 2025),
with reduced reliance on human demonstration and
greater dependence on self-exploration.

Limitations

We acknowledge several limitations of this work,
many of which stem from the relatively under-
explored nature of reinforcement learning on large-
scale pre-training data.

Data. Pre-training corpora exhibit highly imbal-
anced data quality: a substantial portion of the data
is noisy or provides limited reasoning value, while
only a small fraction demonstrates strong reason-
ing characteristics, which are the primary targets of
RLPT. As a result, reinforcement learning on such
data can be inefficient, since the model must sam-
ple multiple outputs per prompt and reason about
the next segment even when the underlying data
is weakly informative. Future work could explore
data selection or filtering strategies to identify and
extract the most valuable, particularly reasoning-
intensive, subsets from large-scale pre-training cor-
pora before applying reinforcement learning.

Method. RLPT relies on a generative reward
model, which incurs additional computational over-
head during training. Moreover, as with many
learned reward functions, this design may be sus-
ceptible to reward hacking, potentially constraining
the scalability and robustness of the approach.

Experiments. Due to computational constraints,
our experiments are limited to models of up to 8B
parameters. Extending the investigation to larger
models, and in particular to mixture-of-experts ar-
chitectures (Du et al., 2022; Dai et al., 2024), re-
mains an important direction for future work.
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A Appendix

A.1 Cold-start Results

We report the performance after the cold-start stage
in Tab. 6. As shown, cold-start improves the perfor-
mance of Qwen3-1.7B-Base and Qwen3-8B-Base,
while slightly degrading performance on Llama-
3.2-3B-Instruct, which has already undergone ex-
tensive post-training (Grattafiori et al., 2024). No-
tably, RLPT clearly outperforms both the origi-
nal models and their cold-start counterparts, indi-
cating that it effectively learns from pre-training
data through the proposed next-segment reasoning
objective. We further report post-training perfor-
mance initialized from different foundation models
in Tab. 7. As shown, RLPT consistently outper-
forms the baseline models, highlighting its poten-
tial for building stronger foundation models.

A.2 Information About Use Of Ai Assistants

In this work, AT assistants are used solely for writ-
ing support, such as improving grammar and read-
ability. All Al-assisted edits have been carefully
reviewed by the authors. The Al assistants did not

contribute to any scientific content, experimental
design, analysis, or conclusions of this work.
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Model MMLU MMLU-Pro GPQA AIME25 MATH500 GSMS8K AMC23 Minerva Average

Qwen3-1.7B-Base 41.97 21.73 23.36 3.75 46.88 58.89 25.94 11.21 29.21
+ Cold-start 59.39 38.70 19.19 8.33 62.85 77.02 30.31 24.45 40.03
+ RLPT 61.28 41.68 26.01 7.08 66.45 77.20 35.00 26.06 42.59

Qwen3-8B-Base 48.93 42.11 30.56 6.67 64.63 79.37 45.00 25.74 42.87
+ Cold-start 75.50 62.39 39.27 18.33 83.95 88.95 61.56 39.66 58.70
+ RLPT 78.81 65.08 42.55 19.58 85.75 90.17 68.75 41.08 61.47

Llama-3.2-3B-Instruct ~ 61.93 36.79 26.26 1.67 42.05 68.16 22.19 14.20 34.16
+ Cold-start 59.02 35.25 17.93 0.00 45.33 69.77 25.00 14.98 33.41
+ RLPT 62.36 38.50 20.83 0.83 48.50 72.33 25.94 18.06 35.92

Table 6: Continual pre-training performance, with the best result highlighted in bold for each model scale.

Foundation MMLU MMLU-Pro GPQA AIME25 MATHS00 GSM8K AMC23 Minerva Average
Qwen3-1.7B-Base 58.08 36.49 25.13 5.00 65.75 81.25 36.88 27.62 42.02
+ Cold-start 60.25 40.29 20.58 5.42 66.80 79.96 36.25 25.78 41.92
-+ RLPT 61.98 43.01 24.87 5.00 69.88 80.42 40.63 28.49 44.28
Qwen3-8B-Base 73.75 56.72 36.11 16.25 81.05 92.17 66.88 38.42 57.67
+ Cold-start 75.67 64.31 42.93 24.17 86.63 92.11 65.94 43.43 61.90
+ RLPT 79.48 67.59 46.84 21.25 88.95 92.10 73.44 43.47 64.14
Llama-3.2-3B-Instruct ~ 59.77 35.86 17.68 0.83 51.95 73.12 28.13 18.93 35.78
+ Cold-start 61.63 34.15 15.78 0.00 48.40 79.95 27.81 19.39 35.89
+ RLPT 62.24 39.67 23.99 2.50 53.10 74.72 28.44 20.59 38.16

Table 7: Post-training performance of models initialized from the foundation models listed in the table, under the
same post-training procedure. The best result at each model scale is highlighted in bold.
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