From Data-Centric to Sample-Centric: Enhancing LLM Reasoning via
Progressive Optimization

Xinjie Chen'?, Minpeng Liao**, Guoxin Chen?, Chengxi Li?
Biao Fu?, Kai Fan?*, Xinggao Liu'*

1Zhejiang University

2Alibaba Group Tongyi Lab

{xinjiechen, 1xg}@zju.edu.cn
{minpeng.1lmp, chenguoxin.cgx, xiji.lcx, fubiaobiao.fu, k.fan}@alibaba-inc.com

Abstract

Reinforcement learning with verifiable rewards
(RLVR) has recently advanced the reasoning
capabilities of large language models (LLMs).
We investigate RLVR from a sample-centric
perspective and introduce LPPO (Learning-
Progress and Prefix-guided Optimization), a
framework of progressive optimization tech-
niques. Our work addresses a critical ques-
tion: how to best leverage a small set of trusted,
high-quality demonstrations, rather than sim-
ply scaling up data volume. First, motivated
by how hints aid human problem-solving, we
propose prefix-guided sampling, an online
data augmentation method that incorporates
partial solution prefixes from expert demon-
strations to guide the policy, particularly for
challenging instances. Second, inspired by how
humans focus on important questions aligned
with their current capabilities, we introduce
learning-progress weighting, a dynamic strat-
egy that adjusts each training sample’s influ-
ence based on model progression. We estimate
sample-level learning progress via an exponen-
tial moving average of per-sample pass rates,
promoting samples that foster learning and de-
emphasizing stagnant ones. Experiments on
mathematical-reasoning benchmarks demon-
strate that our methods outperform strong base-
lines, yielding faster convergence and a higher
performance ceiling, with these gains prov-
ing robust across diverse model architectures,
scales, and reinforcement learning optimizers.

1 Introduction

Large Language Models (LLMs) have achieved
significant advancements in complex reasoning,
largely attributed to the paradigm of Reinforcement
Learning with Verifiable Reward (RLVR) (Gao
et al., 2024a; DeepSeek-Al et al., 2025; Kimi et al.,
2025). RLVR employs verifiable rewards to ef-
fectively guide solution exploration, and its po-
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tential was notably highlighted when Deepseek-
R1-zero (DeepSeek-Al et al., 2025) demonstrated
a pathway to enhance LLM reasoning via RLVR
without necessitating supervised fine-tuning (SFT).
This has spurred a considerable volume of research
focused on advancing RLVR methods. Current ef-
forts focus primarily on data curation (Hu et al.,
2025; Albalak et al., 2025; Li et al., 2025; Ye et al.,
2025), reward design (Hu et al., 2025; Liu et al.,
2025; Xie et al., 2025; Aggarwal and Welleck,
2025), or refinement of core RL algorithms (Liu
et al., 2025; Yu et al., 2025; Yuan et al., 2025a;
Hu, 2025) from foundational RL methods like PPO
(Schulman et al., 2017), GRPO (Shao et al., 2024),
and REINFORCE (Ahmadian et al., 2024). For
example, Hu et al. (2025) and Yu et al. (2025) filter
out samples with either excessively high or zero
pass rates based on the roll-out results of each prob-
lem. Li et al. (2025) proposes a learning impact
measurement to select more valuable samples for
training. Yu et al. (2025) and Liu et al. (2025)
make improvements on the biased optimization of
sequence length in GRPO. Meanwhile, Yuan et al.
(2025b) addresses issues in PPO via value pretrain-
ing and decoupled-GAE.

Despite recent advances, most existing methods
either treat all training samples uniformly or rely on
static heuristics, missing the opportunity to further
exploit the potential of individual samples. While
acquiring additional data can improve performance,
data collection is often expensive or impractical. In
such cases, it becomes critical to maximize the
learning contribution from each available sample.

In contrast, human learners naturally focus more
on challenging problems, and when faced with par-
ticularly difficult tasks, they seek hints or guidance
from teachers or textbooks to acquire new tech-
niques. As high-quality reasoning data become
increasingly scarce, fully utilizing every available
training instance is more important than ever. Thus,
the central question extends from “How can we

2227

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 2227-2242

July 2-7, 2026 ©2026 Association for Computational Linguistics



mPO Training Pipeline \
Sample Batch Sample with prefix from PG-Sampling

Initial Rollout

& pass rate

LLM
Reward Compute

PG-Sampling

Rollout
—4%1 :
Reward|Compute
Rollout
Advantage
Compute

Compute reward
N prefix ranch —

Pass rate

Yes

Compute Weighted

Save pass rate for next step

Advantage with
LP-Weighting

Policy Update
&
Online Curation

\ Regular path

PG-Sampling

LP-Weighting )

507 w LP-Weighting

Reward Cumpute

( Advartaoe Cormmire )

Advantage Compute

Rollout

| N ——

Figure 1: Overview of the proposed sample-centric RLVR framework. Left: the overall training pipeline. Each
batch first undergoes an initial rollout to compute rewards and pass rates; samples with zero pass rate are revisited
through prefix-guided augmentation, and sample-wise learning progress is used to compute weighted advantages
for policy updates. Top right: PG-Sampling injects partial expert solution prefixes for hard questions to guide
exploration. Bottom right: LP-Weighting up-weights improving samples, keeps plateauing samples near neutral,
and down-weights degrading samples according to learning progress.

collect more data?” to “How can we best leverage
a small set of trusted solutions, especially when the
policy gets stuck?”

To address this, we extend our focus from a
purely data-centric paradigm to also include a
sample-centric perspective. Specifically, we pro-
pose Learning-Progress and Prefix-guided Opti-
mization (LPPO), a sample-centric approach to re-
inforcement learning that aims to make the most
of each solution-annotated sample, dynamically
adjusting the optimization focus throughout train-
ing according to each sample’s learning trajectory.
Figure 1 provides an overview of this framework,
illustrating how PG-Sampling and LP-Weighting
are integrated into the RLVR training pipeline.

First, to better guide exploration on difficult
problems, we propose Prefix-Guided Sampling
(PG-Sampling)—a data augmentation technique
that uses partial solution prefixes from expert mod-
els. Unlike supervised learning or behavior cloning,
PG-Sampling mimics the process of learning from
a hint rather than from complete solutions. In-
spired by human learning, this approach allows
the model to benefit from high-quality guidance
while preserving the exploratory advantages of re-

inforcement learning, striking a balance between
the limitations of supervised fine-tuning and the
instability of pure RL.

Second, also motivated by the human learning
process—where attention is often directed toward
important questions in accordance with their cur-
rent capabilities, we introduce Learning-Progress
Weighting (LP-Weighting), which dynamically
adjusts each sample’s influence based on the dy-
namics of RL training progress. Unlike uniform or
static weighting, LP-Weighting tracks per-sample
progress and prioritizes those where the model is
improving, allocating resources more efficiently
and accelerating convergence.

Our contributions can be summarized as follows:

* Inspired by the human learning process,
we propose LPPO (Learning-Progress and
Prefix-guided Optimization), a novel sample-
centric framework for RLVR that combines
two complementary strategies: PG-Sampling
and LP-Weighting.

* We demonstrate through comprehensive ex-
periments on reasoning benchmarks that our
approach, LPPO, outperforms strong RLVR
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baselines.

* We empirically show that our approach
achieves faster convergence and exhibits
robust generalization, delivering consistent
gains across diverse model sizes, architectures,
and RL optimizers.

2 Related Work
2.1 RLVRin LLMs

Reinforcement Learning with Verifiable Reward
(RLVR), where the reward is computed by a rule-
based verification function, has been shown to be
effective in improving the reasoning capabilities
of LLMs. The most common practice of RLVR
when applying reinforcement learning to LLLMs on
mathematical reasoning datasets is to use answer
matching: the reward function outputs a binary sig-
nal based on whether the model’s answer matches
the gold reference answer (Gao et al., 2024b;
DeepSeek-Al et al., 2025; Kimi et al., 2025; Zeng
et al., 2025a; Wen et al., 2025; Song et al., 2025).
This reward design obviates the need for com-
plex outcome-based or process-based reward mod-
els, offering a straightforward yet potent approach.
The efficacy of RLVR is further bolstered by al-
gorithmic advancements in reinforcement learn-
ing. These include optimizations to value functions
or policy updates within PPO (Schulman et al.,
2017) (e.g., VinePPO (Kazemnejad et al., 2024),
VCPPO (Yuan et al., 2025b), VAPO (Yue et al.,
2025)), methods for stabilizing and accelerating
GRPO (Shao et al., 2024) (e.g., DAPO (Yu et al.,
2025), Dr. GRPO (Liu et al., 2025), SRPO (Zhang
et al., 2025)), and the integration of diverse algo-
rithmic components (e.g. REINFORCE++ (Hu,
2025)). Unlike these efforts, we focus on the tempo-
ral learning dynamics of individual samples within
RLVR, which is an overlooked aspect.

2.2 Data Curation for LLM Post-Training

Data curation for LLM post-training has been ex-
tensively studied (Ivison et al., 2025), with a signif-
icant focus on strategies for supervised fine-tuning
(SFT), also known as instruction tuning. These
strategies encompass LLM-based quality assess-
ments (Chen et al., 2024c), leveraging features
derived from model computations (Ivison et al.,
2023), gradient-based selection techniques (Xia
et al., 2024), expert iteration based on Monte Carlo
methods (Chen et al., 2024a; Zhang et al., 2024;
Chen et al., 2024b), and knowledge distillation

from expert model (Ye et al., 2025). Another line
of research (Muldrew et al., 2024; Das et al., 2024)
investigates data selection for human preference
datasets within the Reinforcement Learning from
Human Feedback (RLHF) paradigm (Ouyang et al.,
2022). While data curation is well-established for
SFT and RLHEF, strategies specifically for RLVR
are comparatively less explored. One notable at-
tempt is LIMR (Li et al., 2025), which selected
1.4k examples from an 8.5k set for RLVR to match
the performance of using the full set. Meanwhile,
other studies (Fatemi et al., 2025; Wang et al.,
2025) show that RLVR with very few examples
can still improve performance, though with slower
convergence. While insightful, most of these ap-
proaches focus on static data selection. More dy-
namic strategies, such as reverse curriculum rein-
forcement learning (Xi et al., 2024), offer a form
of pre-set guided exploration, but leave online,
sample-centric data augmentation for challenging
samples largely unaddressed.

3 Methodology

3.1 From Data-Centric to Sample-Centric

While data-centric strategies are critical for LLM
training and post-training efficiency (Kaplan et al.,
2020; Hoffmann et al., 2022; Zha et al., 2025),
their effectiveness is limited by the scarcity and
cost of high-quality reasoning data. A sole reliance
on acquiring more data thus encounters diminish-
ing marginal returns, which motivates a pivot to-
wards a “sample-centric” strategy. This approach
aims to maximize learning efficacy from a given
dataset by optimizing how each sample is used,
a principle exemplified by methods like curricu-
lum learning (Bengio et al., 2009; Narvekar et al.,
2020), active learning (Xu et al., 2013), hard ex-
ample mining (Smirnov et al., 2018), and sample
weighting (Zhou et al., 2022). Given the data con-
straints in complex reasoning, we argue such a
sample-level focus is crucial.

Within the RLVR framework, we therefore pro-
pose two sample-centric methods: (1) Prefix-
Guided Sampling, a data augmentation strategy
that utilizes partial expert solution prefixes to guide
model exploration on challenging samples; and (2)
Learning-Progress Weighting, a mechanism that
adjusts the training influence of samples based on
the model’s learning progress on each.
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3.2 Prefix-Guided Sampling

To better guide the exploration process, particu-
larly for challenging problems, we introduce Prefix-
Guided Sampling (PG-Sampling). This data aug-
mentation strategy is inspired by partially observ-
able reasoning trajectories. The technique involves
guiding the policy by providing partial solutions as
hints for difficult training samples. These prefixes
are sampled from successful solutions generated
by expert models.

Unlike RLVR using problem-answer datasets
D = {q,a}, PG-Sampling requires datasets D, =
{q, Sexp,q» a}, where Seyp, 4 denotes the expert so-
lution for a problem ¢. Thus, let Qo be the set
of problems for which such expert solutions Sexp,q
are available. From this set, a problem ¢ € Qg is
deemed “challenging” at a given training epoch ¢ if
its pass rate falls at or below a predefined threshold
el
For a challenging problem ¢ € (s, a prefix
Spre,q 18 generated from its expert solution Sexp 4 =
(y1,92,---,yn), where M is the total number of
tokens in the expert solution. The desired length of
prefix, L, is determined by:

Ly=|A-M] (1)

where A is a truncation ratio randomly sampled
from a uniform distribution X (Buin, Bmax) 2> ||
means L, is further clipped to the last newline
character to ensure the prefix ends at a complete
line. The prefix Spre 4 then consists of the first L,
tokens of Sexp 4

Spre,q = (yla Y2y, pr) (2)

The policy 7y then generates the remainder of
the solution Srem 4 as follows:

Srem,q ~ 779('|q %) Spre,q) (3)

where @ denotes token sequence concatenation.
Specifically, the solution derived from Siem g is
evaluated for the reward signal of RL training.
PG-Sampling guides the model using partial ex-
pert solutions, encouraging it to complete the re-
maining and thus balancing self-exploration with
learning from examples. Unlike prior RLVR data
curation methods that focused only on selection,
PG-Sampling emphasizes augmenting and guiding
'e. = 0inour experiments, indicating that PG-Sampling is
applied to problems the model fails to solve without guidance.
2We set Bmin = 0.3, Bmax = 0.8 in our experiments.

challenging cases. While our approach of using
partial trajectories shares a surface-level similarity
with curriculum-based methods like Reverse Cur-
riculum Reinforcement Learning (Xi et al., 2024),
our online, sample-centric triggering mechanism is
fundamentally different. A detailed comparison is
provided in Section 2.2.

3.3 Learning-Progress Weighting

We introduce Learning-Progress Weighting (LP-
Weighting), a method to dynamically re-weight
each sample’s advantage estimate in reinforcement
learning. This re-weighting is implemented by ap-
plying a dynamic scaling factor, which is itself de-
termined by the model’s learning progress on that
sample—specifically, its improvement (e.g., pass
rate) between adjacent epochs. The objective is to
thereby amplify the influence of training samples
where the model is actively improving and dimin-
ish that of samples where learning has stagnated or
degraded.

For each sample (indexed by ¢), we track the Ex-
ponential Moving Average (EMA) (Hunter, 1986)
of its pass rate at epoch ¢, denoted as p;(t). The
raw pass rate, pass_rate;(t), derived from a finite
number of rollouts, can exhibit high variance. The
application of EMA helps to smooth these random
fluctuations, providing a more stable assessment of
the learning state:

pi(t) = a-pass_rate;(t)+(1—a)-pi(t—1) (4)

where « is the smoothing factor. The initial p;(0)
is set to the pass rate observed at the first epoch.

Based on the smoothed pass rate, the learning
progress for sample ¢ at epoch ¢, denoted A;(t),
is defined as the first-order difference of its EMA
pass rate:

Ai(t) = pi(t) —pi(t = 1) (5)

This learning progress A;(¢) is then used to com-
pute a dynamic weight w;(¢) for sample i:

wi(t) = O'(/ﬂ'/ . Al(t)) -+ b (6)

where o represents the sigmoid activation function,
x and b are factors that control the sensitivity and
bias of the final weight to the learning progress.>
The dynamic weight w;(t) is used during the RL

3We set k=8.0 and b=0.5 in our experiments.
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policy update phase to adjust the advantage esti-
mate A; for sample i. The weighted advantage,
denoted as A;-, 1s calculated as:

Alternatively, w;(t) can also be used as a sampling
probability to determine if sample 7 is selected for
the current training batch.

The LP-weighting method can be easily inte-
grated with Group Relative Policy Optimization
(GRPO) (Shao et al., 2024). The policy my is opti-
mized by maximizing the following objective:

Fircrro(6) = E [g: ~ P(Q). {0}y ~ oy, (O] )]

(3
% is the probability
ratio for output o; j, of question g;. For each ques-
tion g; (drawn from a data distribution of questions
P(Q)), it performs rollouts with a group of size G,
{0;x}$_, from the old policy 7g,,,(O | g;). To en-
courage broader exploration, the KL. penalty term
is omitted from the objective.

In our context, the question g; serves as the con-
ditioning input to the policy 7g; thus, the policy
is conditioned on the actual content of question ¢;,
analogous to ¢ in the original GRPO formulation.
The term A; i 18 the LP-weighted advantage for
output o; of question g;, calculated in the same
way as Eq. (7).

Intuitively, if A;(t) < 0, it indicates that the
policy rollouts for the i-th problem at epoch ¢ per-
form worse than in the previous epoch. In such
cases, we prefer not to emphasize these regressions
during policy updates, avoiding reinforcement of
“stagnant” or “degraded” solutions. Conversely,
this mechanism, samples with positive learning
progress (i.e., A;(t) > 0) receive higher weights,
correspondingly increasing their contribution to
model parameter updates. To prevent the complete
neglect of persistently challenging samples and to
mitigate potential catastrophic forgetting, a mini-
mum lower bound b is set for the weights w;(t),
which is indicated in Eq. (6).

The LP-Weighting method aims to automatically
direct the model’s optimization focus towards sam-
ples where it is making substantial learning gains.
This dynamic adjustment strategy is expected to

where p; 1(0) =

G
é Zmin (plk(ﬁ)/l;k, clip(pix(0),1 — €, 1+ E)A;k)}
k=1

enhance the overall efficiency and convergence per-
formance of the training process, particularly when
encountering training bottlenecks.

3.4 Detailed Training Algorithm

Integrating PG-Sampling and LP-Weighting into
the RLVR training pipeline introduces several dis-
tinctions from the standard RLVR process. These
are primarily centered around data preparation,
batch construction, sample weighting, and online
data curation:

Data Preparation The training data is catego-
rized into two types: standard RLVR data denoted
as D, and specialized data designated for PG-
Sampling, D, (as detailed in Section 3.2). The
D,,, dataset comprises challenging problems, each
accompanied by an expert solution. It is also fea-
sible to conduct training using only D, in which
case all problems processed during training are
equipped with expert solutions.

Batch Construction with PG-Sampling At each
training step, samples in the current batch undergo
an initial rollout to calculate their pass rates. Sam-
ples with non-zero pass rates proceed with standard
RL operations (e.g., advantage calculation, policy
updates). Conversely, "difficult" samples from D),
(those with zero pass rate) are augmented with a
partial expert solution prefix and then stored for
inclusion in the new batch for re-evaluation during
the subsequent training step. This ensures these
prefix-augmented difficult samples are revisited to
maximize learning.

LP-Weighting Calculation For each sample ¢ in
a training batch, its pass rate pass_rate;(t) is used
to update its EMA pass rate p;(¢), subsequently
determining the learning progress A;(t) and the
dynamic weight w;(t), as detailed in Section 3.3
(Eq. 4 to 6). During the policy update phase (e.g.,
using GRPO), these dynamic weights w;(t) are
applied to the advantage values of their respective
samples (Eq. 7).

Online Data Curation To maintain training ef-
ficiency and focus on more instructive examples,
samples that achieve very high or very low pass
rates will be excluded from the current batch and
the next training epoch #. This adaptive data cura-
tion strategy allows the model to concentrate com-

“We exclude samples with a 100% or 0% pass rate during

sampling, and exclude samples with a 100% pass rate for the
next epoch in our experiments.
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putational resources on more challenging or less
frequently solved problems, thereby optimizing the
learning process. We use this strategy in all our
experiments, including the GRPO baseline.

The pseudocode of proposed algorithm is de-
tailed in Appendix A.

4 [Experiments

4.1 Experimental Setup

Datasets Training Data: Our training dataset is
intentionally small and curated for quality. It com-
prises: 1. The dataset with expert solutions,
denoted as D, in Section 3.2, consists of the
same 817 examples as used in LIMO (Ye et al.,
2025). These examples are high-quality mathe-
matical problems selected from sources such as
NuminaMath (Li et al., 2024) and historical AIME
problems (1983-2023) (Veeraboina, 2023). They
were specifically chosen based on their difficulty,
generality, and diversity in required mathematical
knowledge, thereby designed to elicit complex rea-
soning and accompanied by detailed step-by-step
solutions provided by expert models (DeepSeek-
Al et al., 2025; Huang et al., 2024). 2. Level 3-5
problems from the MATH dataset (Hendrycks
et al., 2021), following the setup used in Liu et al.
(2025). These slightly easier problems establish
foundational skills and ensure broader competency,
preventing over-specialization on the hardest tasks.

Evaluation Benchmarks: We evaluate on a di-
verse set of mathematical reasoning benchmarks:
AIME24, AIME25, MATH-500 (Hendrycks et al.,
2021; Lightman et al., 2024), AMC23 (Li et al.,
2024), MinervaMath (Lewkowycz et al., 2022),
and OlympiadBench (He et al., 2024).

Base Model To ensure consistency with prior
studies, we use Qwen2.5-Math-7B (Yang et al.,
2024) as our base model for RL fine-tuning, chosen
for its strong mathematical reasoning abilities. To
verify the generalizability of our methods, we also
include experiments on different models, such as
Qwen2.5-Base-14B and Llama-3.2-3B-Instruct.

Evaluation Metrics Following the settings in
(DeepSeek-Al et al., 2025; Liu et al., 2025; Chu
et al., 2025), the primary evaluation metric is
pass@ I, which is defined as the percentage of prob-
lems for which the model generates the correct final
answer. To ensure fair comparisons, all reproduc-
tion results from third-party (Hochlehnert et al.,
2025) or our own, which are tagged with T in Table

1, are averaged over three runs (avg @3). Detailed
implementation settings are provided in Appendix
B.

4.2 Main Results

Comparison Methods The proposed sample-
centric methods are benchmarked against 7B mod-
els. Our direct RLVR baseline applies GRPO (Shao
et al., 2024) to the Qwen2.5-Math-7B model (Yang
et al., 2024). We further compare our results with
several contemporary 7B models fine-tuned using
RLVR without additional supervised fine-tuning
beyond their initial pre-training, including Eurus-
2-7B-PRIME (Clui et al., 2025), Oat-Zero-7B (Liu
et al., 2025), OpenReasoner-Zero-7B (Hu et al.,
2025), SimpleRL-Zero-MATH-7B (Zeng et al.,
2025b), GPG-7B (Chu et al., 2025), and LIMR-
7B (Li et al., 2025). For broader context, the
performance of the base Qwen2.5-Math-7B and
its instruction-tuned version, Qwen-2.5-Math-7B-
Instruct, are also presented. For a fair and compre-
hensive comparison, results for external methods
sourced from reproductions and original publica-
tions/papers are both presented.

Table 1 presents the main performance com-
parison on zero-shot pass@] across six mathe-
matical reasoning benchmarks. Compared to the
direct GRPO baseline, applying LP-Weighting
alone consistently improves performance across
all benchmarks, lifting the average score to 46.8%
(+2.5%). This demonstrates the general effec-
tiveness of dynamically adjusting sample influ-
ence based on learning progress. Integrating PG-
Sampling on top of LP-Weighting yields further
significant gains, achieving the highest average
score of 48.8% among all listed models. This
combined approach substantially outperforms the
GRPO baseline (+4.5%) and also surpasses LP-
Weighting alone (+2.0%), highlighting the strong
additive benefit derived from using prefix guidance,
particularly on challenging problems (e.g., boost-
ing AIME24 score from 30.0% to 40.0%).

Our best model, LP-Weighting + PG-Sampling,
also achieves the highest average performance
among all strong contemporary 7B models. Specif-
ically, it achieves the strongest results on AIME24,
AIME2S5, and Minerva among our reproduced com-
parisons. While some specialized models show
higher performance on individual benchmarks, our
approach shows strong overall performance and
generalization.
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Model (7B) AIME24 AIME25 AMC23 MATH-500 Minerva OlympiadBench Average Samples (k)
Qwen-2.5-Math-7B-Instruct { 15.7 10.7 67.0 82.9 35.0 41.3 42.1 -
Qwen2.5-Math-7B (Base) 20.7 8.7 56.2 64.3 17.3 29.0 327 -
Eurus-2-7B-PRIME 26.7 - 57.8 79.2 38.6 42.1 - 150
Eurus-2-7B-PRIME 17.8 14.0 63.0 80.1 37.5 439 42.7 150
Oat-Zero-7B 43.3% - 62.7 80.0 30.1 41.0 - 8.5
Oat-Zero-7B 28.0 8.8 66.2 79.4 34.4 43.8 43.4 8.5
OpenReasoner-Zero-7B 17.9 15.6 - 81.4 - - - 129
OpenReasoner-Zero-7B { 19.7 15.7 59.5 83.9* 31.6 47.6* 43.0 129
SimpleRL-Zero-MATH-7B 24.0 - 70.0 80.2 37.5 39.0 - 8.5
SimpleRL-Zero-MATH-7B { 22.7 10.7 62.2 76.9 30.1 39.3 40.3 8.5
GPG-7B 333 - 65.0 80.0 342 424 - 17
GPG-7B 26.7 10.0 75.0% 79.8 39.3 44.7 459 17
LIMR-7B 325 - 63.8 78.0 - - - 1.4
LIMR-7B t 30.7 7.8 62.2 76.5 34.9 39.3 419 1.4
Qwen2.5-Math-7B + GRPO (Baseline) 30.0 10.0 62.5 80.7 39.4 43.1 443 9.2
+ LP-Weighting (Ours) 36.7 16.7* 64.1 81.0 39.6 429 46.8 9.2
+ LP-Weighting + PG-Sampling (Our LPPO) 40.0 16.7* 69.2 82.0 41.5% 43.5 48.8* 9.2

Table 1: Zero-shot pass@ [ performance of 7B models on six mathematical reasoning benchmarks. { indicates
results obtained from reproductions. Bolded values denote the best reproducible results, and asterisked* values

represent the best results among all reported results.
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Figure 2: Ablation studies of our proposed LP-Weighting and PG-Sampling.

4.3 Ablation Studies

In Figure 2, we examine how different sample-
centric methods influence the accuracy trajectories
on four mathematical benchmarks throughout train-
ing. All curves are EMA-smoothed with o =0.9
and raw fluctuations are therefore slightly underes-
timated.

Early-stage acceleration (Epoch I) During the
first epoch (<60 steps), the two strategies that in-
clude PG-Sampling dominate the baseline on every
benchmark, while the LP-ONLY variant follows the
baseline closely. Because LP-Weighting requires
the pass rates from the previous epoch to compute
dynamic advantages, its weights are still uniform at
this stage; consequently, the optimization policies
of PG and PG+LP are identical, and the visible
oscillation stems solely from the randomly drawn
reasoning prefixes and the training noise.

Mid-/late-stage gains (Epoch 2+) From step
~60 onwards, the influence of LP-Weighting man-
ifests as a steeper slope and lower variance: sam-

ples that achieve higher improvement on pass rates
are up-weighted, which filters noisy gradients and,
once a hard question starts to yield improvement,
quickly amplifies its influence. The compound vari-
ant consequently outperforms all others, showing
that the two techniques are complementary rather
than redundant.

Building on above observations, we now exam-
ine how the two mechanisms steer learning dynam-
ics: Fast start. PG-Sampling appends a solution
prefix, giving an immediate accuracy jump and re-
ducing exploration steps; Reliable finish. From
epoch 2 onward, LP-Weighting shifts attention to-
ward samples that raise pass rates, filtering gradient
noise and lifting the ceiling. Used jointly, the two
mechanisms drive the quick convergence and high
accuracy on every benchmark.

4.4 Experiment Analysis

LP-Weighting Boosts Positive Sample Train-
ing Fig. 3(a) shows that models trained with LP-
Weighting achieve higher average rewards over
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Figure 3: Training dynamics under GRPO: (a) average reward, and (b—d) proportions of improving, plateauing, and
degrading samples for the baseline GRPO, GRPO + LP-Weighting, and GRPO with reversed LP-Weighting.

Model (7B) AIME24 AIME25 AMC23 MATHS500 Minerva OlympiadBench Average
pass@]
Qwen2.5-Math-7B + GRPO (Baseline) 30.0 10.0 62.5 80.7 39.4 43.1 443
+ LP-Weighting 36.7 16.7 64.1 81.0 39.6 429 46.8
+ LP-Weighting + PG-Sampling (3,in=0.1, 31142=0.5) 36.7 133 70.0 81.9 40.0 444 47.7
+ LP-Weighting + PG-Sampling (8,in=0.2, Bma2=0.65) 36.7 13.3 65.8 83.4 419 43.7 475
+ LP-Weighting + PG-Sampling (5,,in=0.3, Bmaz=0.8) 40.0 16.7 69.2 82.0 415 435 48.8
pass@3
Qwen2.5-Math-7B + GRPO (Baseline) 30.0 10.0 67.5 82.0 40.6 46.2 46.1
+ LP-Weighting 36.7 16.7 70.0 84.0 435 46.8 49.6
+ LP-Weighting + PG-Sampling (5,,in=0.1, Bq2=0.5) 36.7 133 75.0 83.2 423 47.1 49.6
+ LP-Weighting + PG-Sampling (3,,,in=0.2, 542=0.65) 36.7 16.7 72.5 844 419 46.0 49.7
+ LP-Weighting + PG-Sampling (3,,,in=0.3, Sma2=0.8) 40.0 16.7 72.5 83.8 46.0 46.6 50.9

Table 2: Comparison of model performance across six mathematical reasoning benchmarks. Results are reported
using pass@ [ and pass @3 metrics for different variants of PG-Sampling strategies.

time than both the GRPO baseline and the reversed-
weighting variant, indicating more effective learn-
ing. Fig. 3(b) shows that under LP-Weighting the
fraction of improving samples steadily decreases,
suggesting the model converges as more samples
are learned. Conversely, Fig. 3(c) shows that the
proportion of plateauing samples (those with sta-
ble performance) rises with LP-Weighting, reflect-
ing that many examples have reached a learning
plateau. In Fig. 3(d), the proportion of degrad-
ing samples (those losing performance) falls under
LP-Weighting, implying increased robustness and
fewer regressions. Together, these results indicate
that LP-Weighting helps the model retain high-pass-
rate samples and accelerates training by prioritizing
samples with active learning signals.

Diversity We examine how PG-Sampling affects
the diversity of generated solutions using pass @k
metrics. Table 2 reports both pass@ 1 (avg@3) and
pass@3. All methods achieve higher pass @3 than
pass@], as expected, and PG-Sampling does not
collapse this gap. In fact, LP-Weighting alone al-
ready widens the pass @3 margin over the baseline,
and adding prefix-guided sampling maintains or

even slightly enlarges it. For example, the (0.3, 0.8)
PG-Sampling setting boosts pass@3 in line with
pass@ ], indicating that multiple distinct correct
answers remain available. In short, PG-Sampling
preserves rich solution diversity: its accuracy gains
come with sustained improvements in pass@3,
showing that the model continues to generate a
variety of valid solutions for each problem.

Impact of 3 We investigate how the truncation
ratio range (Smin, Smax) in PG-Sampling affects
accuracy. As shown in Table 2, all PG-Sampling
variants with LP-Weighting outperform both the
RLVR baseline and LP-Weighting alone. Expand-
ing the prefix range generally improves results,
with the widest range (0.3, 0.8) achieving the best
performance. Narrower ranges still help but less so.
This indicates that longer prefixes better guide the
model, though gains taper off at extremes. In prac-
tice, a moderate-to-large [ range provides the best
balance between effectiveness and exploration.

Impact of x We sweep the slope multiplier
k € {4,8,12}, analytically fixing the bias at
b = 0.5 so that the expected weight E[w;] in
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Method / k

AIME24  AIME2S5

AMC23 MATH-500 Minerva OlympiadBench Avg

Qwen?2.5-Math-7B + GRPO (Baseline) 30.0 10.0 62.5 80.7 39.4 43.1 443
+ PG-Sampling + LP-Weighting (k=4) 43.3 16.7 65.0 82.2 42.2 44.6 49.0
+PG-Sampling + LP-Weighting (x=8) 40.0 16.7 69.2 82.0 41.5 435 48.8
+PG-Sampling + LP-Weighting (k=12) 40.0 13.3 68.3 82.8 41.5 44.0 48.3

Table 3: Effect of the LP-Weighting scaling factor x on pass@ 1 metric.

Setting Baseline +LPPO A (pp)
Qwen-2.5-14B + GRPO 42.7 45.0 +2.3
Llama-3.2-3B-Instruct + GRPO 253 27.9 +2.6
Qwen-2.5-Math-7B + REINFORCE++ 44.6 48.7 +4.1

Table 4: Robustness of LPPO across scale, architecture,
and learner. Without extra tuning, LPPO consistently
boosts pass@ 1 over larger parameter budgets, alterna-
tive backbones, and REINFORCE-style learners.

Eq.6 is centred around 1—preventing either easy
or hard samples from being systematically over-
or under-emphasised. As Table 3 shows, every
LP-Weighting variant surpasses the RLVR base-
line, and the macro average changes by at most
0.7 pp, demonstrating that LP-Weighting is largely
insensitive to this hyper-parameter.

LPPO under Diverse Scenarios. To verify that
our LPPO generalises beyond the original Qwen-
2.5-Math-7B setup, we replicate RLVR training
in three orthogonal settings without retuning any
hyper-parameters: (i) a larger backbone with
Qwen-2.5-14B, (ii) a different backbone family
using Llama-3.2-3B-Instruct, and (iii) an alterna-
tive policy-gradient learner (REINFORCE++). Ta-
ble 4 summarises the results, while per-benchmark
breakdowns are deferred to Appendix E. Across
all variants, LPPO consistently yields +2—4 pp ab-
solute improvements in pass@ [, demonstrating
robustness to model scale, backbone architecture,
and RL optimiser choice.

5 Conclusion

We present LPPO, a sample-centric framework for
RLVR. LPPO unites LP-weighting to focus on ex-
amples that drive improvement with PG-Sampling
to provide hints for problems the policy cannot
solve. By concentrating computation and inject-
ing guidance on demand, LPPO shortens training
time and consistently outperforms all baselines.
Furthermore, it delivers consistent 2—4 pp pass@1
accuracy gains across diverse backbones, archi-
tectures, and learners. These results confirm that
fine-grained, sample-level control offers a practical
route to stronger mathematical reasoning LLM:s.

Limitations

While our LPPO demonstrates clear advantages
on mathematical reasoning benchmarks, several
limitations remain. First, our experiments are con-
ducted primarily on mathematical reasoning tasks
with relatively small, high-quality expert-annotated
datasets; the generalizability of these methods to
broader reasoning domains or more diverse tasks re-
quires further investigation. Second, PG-Sampling
relies on the availability of expert solutions for
challenging problems, which may not always be
feasible for other tasks. Lastly, the overall improve-
ments are bounded by the underlying model capac-
ity and the difficulty of the evaluation benchmarks,
and may not directly translate to real-world appli-
cations. We leave these directions for future work.
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Algorithm 1 Integrated Training Process with Proposed LPPO

Require: Standard RLVR dataset D, PG-sampling subset D,,, initial policy parameters 6, EMA decay «, LP-weighting

sensitivity «, LP-weighting bias b
Ensure: Updated policy parameters 6
1: // 1. Initialize EMA of pass rates
2: Initialize EMA of pass rates p;(0) < 0 for all samples %
3: forepocht = 1to T do

4 // 2. Compute pass rates

5 for each sample ¢ in D U D,4 do

6: Roll out current policy g on sample ¢ to compute pass_rate, (t)

7 Compute reward r; for trajectories from sample ¢

8 if 0 < pass_rate;(t) < 1 then

9: Add these trajectories (with reward ;) to the batch for policy update
10: end if
11: end for
12: // 3. PG-Sampling for difficult samples
13: for each sample 7 in D,4 with pass_rate;(t) = 0 do
14: Generate a prefix Spr,; for sample 4 according to Eq. 1 and Eq. 2
15: Generate the remaining sequence (suffix) Srem,; for this prefix using Eq. 3
16: Compute reward r; for trajectories from sample ¢
17: Add these prefix-guided trajectories (Srem,i, With reward r;) to the batch for policy update
18: end for
19: // 4. Update pass-rate statistics and LP weights
20: for each sample 7 in batch do
21: Update EMA of pass rate: p;(t) < (1 — a)pi(t — 1) + a pass_rate, (¢) > (Corresponds to Eq. 4)
22: Compute learning progress: A;(t) < pi(t) — pi(t — 1) > (Corresponds to Eq. 5)
23: Compute LP-weight: w;(t) < o(k - A;(t)) + b > (Corresponds to Eq. 6, where o is the sigmoid function)
24: end for
25: //'5. Compute weighted advantages
26: for each sample ¢ and rollout index k do
27: Weight the advantage: Afbk — wi(t) Aig > (Corresponds to Eq. 7)
28: end for
29: // 6. Policy update
30: Update policy m¢ via GRPO > (Corresponds to Eq. 8)
31: // 7. Online data curation
32: Remove (or skip) consistently solved samples (with pass_rate,(t) = 1.0) in D U D, from training
33: end for

system system

Please reason step by step, and put
your final answer within \\boxed{}.
user

{question} {question}
assistant assistant
{answer} {solution_prefix} + {answer}
N\ J J

Please reason step by step, and put
your final answer within \\boxed{}.
user

Figure 4: Prompt template.

A Integrated Pipeline with Our LPPO

This section details the integrated progressive
optimization RLVR pipeline that combines PG-
Sampling and LP-Weighting to improve sample
efficiency and training dynamics. The full algo-
rithm is summarized in Algorithm A.

Figure 5: Prompt template for PG-Sampling.

B Additional Experiment Settings

Implementation Details We use the verl (Sheng
et al., 2025) pipeline for RL fine-tuning and evalu-
ation. By default, the coefficients for entropy loss
is set to -0.001. For training rollouts generated
via vVLLM (Kwon et al., 2023), we set the sam-
pling temperature to 1.0. The optimizer uses a
learning rate of 1 x 1076 and a weight decay co-
efficient of 0.01. We use a training batch size of
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128, a mini-batch size of 64, and generate 32 roll-
outs per sample. To accommodate potentially long
sequences required by PG-Sampling, we set the
maximum prompt lengths to 5000 tokens each, and
the maximum response length is also 5000. Con-
sidering that the Qwen2.5-Math-7B model has only
a 4096 context length by default, we expand this
to 10,000. We store the model checkpoint every 5
steps for evaluation. Each experiment is trained for
300 steps on 8 A100 GPUs. The details of prompt
and reward design are shown in Appendix B.

Prompt We use the same template as Qwen-
MATH 3, shown in Fig. 4, for our training and
evaluation. For PG-sampling, which combines the
solution and the problem for difficult questions, we
inject the prefix solution_prefix into the prompt
for training, as shown in Fig. 5.

Reward Design We focus exclusively on the
model’s reasoning ability, not on exposing its entire
chain of thought; hence we do not adopt the for-
mat reward for Deepseek-R1 (DeepSeek-Al et al.,
2025). To minimise the risk of reward-hacking
that can arise from elaborate scoring schemes, we
employ a deliberately minimal, rule-based metric.

The sole component is mathematical correctness,
denoted Rpuh; no extra credit is awarded for for-
matting or auxiliary details. After the model pro-
duces its final answer, an automatic verifier checks
equivalence with the ground truth:

1, if the answer is completely correct,
Rmath = .
0, otherwise.

Accordingly, the total reward is simply

R = Rmath .

C Efficiency Gains via Online Data
Curation

Online data curation dynamically excludes both
solved and overly difficult samples, allowing com-
putation to focus on informative ones. Each use-
ful sample is revisited more frequently within the
same wall-clock time, amplifying the effect of LP-
Weighting. As illustrated in Fig. 6, this process nar-
rows the active set over time compared to the base-
line, leading to faster convergence and improved
synergy with LP-Weighting.
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Instruct

=3
S
!

©
S
L

-
S
!

w.0 Online Data Curation

The Ratio of Activate Data (%)
o0
f=]

with Online Data Curation

D
<
L

0 50 100 150 200 250 300
Step

Figure 6: The Ratio of Active Data during Training.

D Further Exploration on PG-Sampling

KL Divergence Although not optimized, the KL
divergence between the policy and reference mod-
els is monitored to gauge exploration. As shown
in Fig. 7, the PG-Sampling variant diverges from
the reference distribution more rapidly after around
150 updates, indicating that injecting a prefix after
the question encourages greater exploration. Af-
ter step 250, both curves reflect similar distances
from the reference, but not necessarily similar poli-
cies. Combining the results in Fig. 2 and Fig. 7,
we observe that although the PG-Sampling strategy
does not further increase exploration divergence,
its performance improves significantly. This in-
dicates that PG-Sampling utilizes the exploration
budget more efficiently and guides the policy to-
ward higher-value regions of the solution space.

0.030 1

0.025

0.020 4

Loss

/

300151
—
N r)
0.0101 /
0.005{ A~ — GRPO
7 GRPO with PG-Sampling
0.0001 ! : : - ; - -
0 50 100 150 200 250 300
Step
Figure 7: The KL Divergence with/without PG-

Sampling (EMA smoothed with a=0.9).

Ratio of PG-Sampling Augmented Samples
Figure 8 shows the ratio of PG-Sampling aug-
mented samples during training. Due to the pres-
ence of online data curation, the proportion of sam-
ples affected by the PG-Sampling strategy grad-
ually increases as the training proceeds, rising
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steadily from an initial value of around 6% and
eventually reaching approximately 11% at step 300.
This gradual growth occurs because online data
curation continuously filters out samples that be-
come too easy, leaving behind those challenging
instances that trigger the PG-Sampling augmenta-
tion. As a result, the proportion of prefix-guided
samples within each training batch gradually in-
creases over time.

11

0 100 200 300
Step

Figure 8: Ratio of PG-Sampling augmented samples
over training steps.

Does PG-Sampling Induce Expert-Like Rea-
soning? The PG-Sampling strategy incorporates
expert-generated partial solutions as inputs, poten-
tially prompting the model to imitate the expert’s
reasoning pattern even without explicit SFT loss.
To examine whether this sampling technique leads
to outputs that closely align with expert solutions,
we use the all-MiniLM-L6-v2 model (Wang et al.,
2020) to measure the semantic similarity between
the model-generated and oracle expert solutions.

Figure 9 illustrates the cosine similarity between
the embeddings of model-generated solutions and
oracle expert solutions, comparing training with
and without PG-Sampling. Notably, the similarity
curves for both methods exhibit similar trends and
convergence behaviors. This observation indicates
that incorporating expert solution prefixes does not
inherently make the model’s generated outputs sig-
nificantly closer to expert reasoning styles. Con-
sequently, the primary benefit of PG-Sampling is
enhancing exploration efficiency rather than pro-
moting imitation of expert solutions.

Lexical Marker Analysis. We further examine
whether PG-Sampling simply induces imitation of
the surface lexical style of expert solutions. Specif-
ically, we compare the relative frequencies of se-
lected discourse and reflective markers in expert so-
lutions from the training set and in model-generated

outputs from the baseline and LPPO models. As
shown in Table 5, the baseline and LPPO mod-
els exhibit highly similar marker distributions, and
both differ markedly from the expert solutions. In
particular, markers such as wait, maybe, perhaps,
and let me, which appear in expert solutions, are
absent from both model outputs. These results
complement the semantic-similarity analysis above
and suggest that the gains of PG-Sampling are not
primarily driven by imitation of the surface lexi-
cal style of expert solutions, but rather by more
effective exploration during RL training.

E LPPO under Diverse Scenarios

This appendix complements Section 4.4 in the main
text; the complete numerical results are listed in
Table 6 for easy cross-reference.
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Figure 9: The Similarity between Oracle Expert Solution with/without PG-Sampling.

Marker Expert (%) Baseline (%) LPPO (%)

SO 27.75 32.23 31.36
but 21.59 3.31 2.54
wait 12.33 0.00 0.00
therefore 10.57 10.74 11.02
if 7.93 22.31 24.58
let’s 5.73 28.93 27.97
let me 5.29 0.00 0.00
maybe 3.96 0.00 0.00
perhaps 2.64 0.00 0.00
because 2.20 2.48 2.54
Total 100.00 100.00 100.00

Table 5: Relative frequencies of selected discourse and reflective markers in expert solutions from the training set
and in model-generated outputs from the baseline and LPPO models. Percentages are normalized within the selected
marker set for each source. The close similarity between the baseline and LPPO outputs, together with their clear
differences from the expert solutions, provides additional evidence that LPPO does not merely imitate the surface
lexical style of expert demonstrations.

Setting AIME24 AIME25 AMC23 MATH-500 Minerva Olympiad Avg.
Larger backbone: Qwen-2.5-14B
Baseline (GRPO) 13.3 13.3 57.5 79.9 47.3 44.7 42.7
+LPPO 13.3 20.0 62.5 82.2 46.0 46.1 45.0
Different backbone: Llama-3.2-3B-Instruct
Baseline (GRPO) 16.7 3.3 25.8 58.0 24.9 23.1 253
+LPPO 20.0 6.7 35.0 57.8 25.0 23.0 27.9
Different learner: Qwen-2.5-Math-7B + REINFORCE++
Baseline 26.7 10.0 60.8 81.2 45.3 43.7 44.6
+LPPO 43.3 13.3 65.0 81.0 45.5 44.0 48.7

Table 6: Pass@1 accuracy (%) of LPPO across diverse scenarios. LPPO consistently brings +2—4 pp absolute
improvements over each corresponding baseline without any hyper-parameter retuning.
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